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Abstract 

Radiant floor heating systems (RFH) offer significant 

potential for studying and developing energy flexibility 

strategies for buildings and their interaction with smart 

grids. Efficient design and operation of RFHs require 

several critical decisions on design and control variables 

to maintain comfortable thermal conditions in the space 

and floor surface temperatures within the recommended 

range. In this context, frequency domain techniques can 

assist in finding optimal design parameters prior to the 

performance of numerical finite difference simulations. 

This paper discusses the application of frequency 

domain techniques to the design and control of hydronic 

RFHs. Transfer function analysis is used to determine 

the optimal thickness of a concrete slab (including 

different types of concrete) that minimises air 

temperature fluctuations. Then, this paper discusses the 

use of a transfer function to calculate the delay between 

the radiant floor heating input and the zone air 

temperature. An application of this transfer function to 

a case study is presented.  

Introduction 

Non-optimal material selection with regards to building 

type and energy supply system can lead to excessive 

energy consumption. Building energy models are useful 

tools to analyse the building designs and materials 

selections in order to avoid the unnecessary energy 

consumption in our buildings. The developed building 

energy models can also be utilized in various building 

operation and control design applications, including 

passive solar design and thermal mass control strategies 

(Candanedo and Athienitis 2010) to optimize the 

building operation. While nearly all modelling 

approaches can be used for any of those purposes, 

certain modelling techniques provide valuable 

information during early stages of design and can guide 

us in choosing the optimum material for the building 

from the thermal performance point of view. 

Frequency domain techniques have been shown to be a 

useful tool for the design analysis on a relative basis 

(Athienitis and Santamouris 2002). By means of the 

frequency domain modelling techniques important 

building transfer functions can be obtained and studied 

and for this usually no simulation is required. Also, it 

has been shown to be a practical tool for building 

simulation and deriving simplified grey-box building 

models (Saberi Derakhtenjani et al. 2015, Wang and Xu 

2006, Xu et al. 2007). Frequency domain techniques are 

especially useful for periodic analysis of phenomena 

inside a building. The weather-related inputs affecting 

energy consumption inside a building such as solar 

gains, exterior temperature and heating/cooling sources 

are cyclic phenomena and can be modelled by means of 

frequency domain techniques assuming periodic 

conditions in the calculations. There have been a 

number of studies on the application of frequency 

domain techniques to analyse building thermal 

dynamics and control applications  including modelling 

and design of building-integrated thermal energy 

storage (BITES) (Chen et al. 2013a, Chen et al. 2013b) 

and active pipe-embedded building envelope (Xie et al. 

2015) as well as designing and implementing control 

strategies (Athienitis et al. 1990 and Chen et al. 2014). 

However, the full potential of frequency domain 

techniques in analysing different designs and control 

strategies for buildings is far from being reached; this 

may be partly attributed to the unfamiliarity of building 

engineers with frequency domain analysis.  

This paper focuses on the application of frequency 

domain techniques for designing and controlling of 

hydronic radiant floor heating systems. It is discussed 

how frequency domain techniques can be utilized in 

analysing different thicknesses considered of the 

concrete radiant floors and finding the optimum 

thickness. Also it is demonstrated how building transfer 

functions can aid in designing the controlling strategies 

for zones with RFH. Radiant floor heating systems have 

been receiving considerable attention recently due to the 

multiple advantages they offer such as improved 

thermal comfort and lower energy consumption. The 

use of radiant heating leads to improvement in the 

efficiency of low-temperature heat sources: condensing 

oil or gas boilers, heat pumps and solar collectors 

assuring lower fuel or electric energy consumption 

(Werner Juszczuk 2018). Moreover, radiant systems 

operate quietly and save space. However, compared to 

conventional systems, radiant systems has several added 

complexities such as the delayed transient heat 

conduction within the system itself, combined surface 

convection and radiation from/to the system, and a 

drastically different resulting thermal environment, 
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which make them difficult to model and integrate in a 

comprehensive simulation. By means of frequency 

domain techniques and studying important transfer 

function over a certain frequency range, useful 

information can be obtained to design and control of the 

radiant floor heating systems. 

Frequency Domain Model 

This section presents the methodology to develop 

frequency domain models for a thermal zone. A thermal 

network for a zone is considered which represents the 

heat transfer between room surfaces, indoor and outdoor 

temperatures. Walls are modeled using the two-port 

Norton-equivalent representation. This representation 

gives an exact solution assuming 1-D heat conduction 

inside the wall (Athienitis et al. 1990). The level of 

detail in the thermal network depends on how radiation 

and convection heat transfer are modeled in the room 

interior zone. Combined radiative-convective heat 

transfer coefficients are often assumed which can be 

represented by a star network as shown in Figure 1.a. 

This network is used when there are small differences 

between the surfaces and room air temperature and 

when the heating source is mainly convective. However, 

in zones with high level of solar gains or in rooms with 

radiant heating systems, using combined heat transfer 

coefficients can produce significant error in the results. 

In those cases, convective and radiative heat transfer 

needs to be modeled separately (Figure 1.b). The 

convective and radiative coefficients are calculated as: 

3

i1 i c,i ijconvective   ,  radiative (4 )i ij mU Ah U A F T    

where Ai=area of surface i, hc,i=convective heat transfer 

coefficients of surface i, Fij
*=radiant heat exchange 

factor between surfaces i and j and Tm= estimated mean 

temperature. 

 

 

Figure 1: Thermal network for frequency domain 

considering a) combined heat transfer coefficients 

(top), b) separate modelling of convective and 

radiative exchanges (bottom). 

In the thermal networks shown in Figure 1, all the walls 

and elements with thermal mass are modelled using the 

two-port Norton-equivalent subnetwork which consists 

of the wall self-admittance, Ys, and an equivalent source, 

Qeq=Yt×Text, which represents the effect of an external 

temperature on the surface temperature. This 

representation eliminates all the middles nodes of the 

wall and gives an exact solution for one-dimensional 

heat conduction inside the wall without spatial 

discretization. The wall self-admittance (Ys) and transfer 

admittance (Yt) are calculated using the following 

equations (please see the appendix for more details): 
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Building transfer functions  

In this section derivation of the building transfer 

functions for the detailed frequency domain model is 

presented for which the thermal network is shown in 

Figure 1.b. Node (1) represents the air inside the zone. 

Energy balance at node (1) gives: 

 
1

a o 1 o 1,J1 1 J1 aux

J1

( ) ( )
dT

C U T T U T T Q
dt

       (2) 

In which U0 is the infiltration conductance between 

indoor air and outdoor air, U1,J1 are the convective 

conductances between the air node and other surfaces 

(J1=2, 3,…,8), Ca is the thermal capacitance of the room 

air, T is temperature and Qaux is the auxiliary source at 

the air node (which can be equal to zero). Using Laplace 

transform, equation (2) will be: 

eq

1

a 1 o 1 1,J1 1 J1 aux o o

J1

( ) ( ) ( ( ) (s)) ( ) ( )

Q

Q

sC T s U T s U T s T Q s U T s    
  

where s is the Laplace variable. Now, considering the 

floor (node (2)), the energy balance equation yields: 

2

s,2 2 ref 2,J2 2 J2 sg,2 eq,2 rad,2

J2
radiant 0 C solar gain
source

( ( ) T ( )) ( ( ) (s))

Q

Y T s s U T s T Q Q Q

 

       

where J2=1,3,4,…,8 and U2,J2 are the radiative 

conductances between floor and other surfaces. The 

energy balance for all the nodes can be written in the 

form below: 
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or : 

 8 8 8 1 8 1  Y T Q   (3) 

Where Y is the admittance matrix, T is the temperature 

vector and Q is the source vector. Elements of equation 

(3) are in term of the Laplace variable s and can be 
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calculated at different frequencies (s = jωn, j=√(-1),  

ωn=2πn/p, p = 24 h, n = harmonic number). An 

important parameter is the impedance matrix Z=Y-1 

which contains building transfer functions at different 

frequencies:

 

i 1 1

i,j 1,1 1,2

j 1 2

                   ,    ,          
T T T

Z Z Z
Q Q Q

      

The impedance transfer function represents change in 

temperature of node i resulting from the effect of the 

source Qj at node j. Thus, considering equation (3), 

temperature of node i for each frequency will be 

calculated as: 

 
8

i i,j j

j=1

T Z Q   (4) 

Studying important building transfer function provides 

much insight into building thermal dynamics and we can 

evaluate design alternatives on a relative basis without 

detailed simulations.  

In the next section, application of this methodology for 

a thermal zone with radiant floor heating system is 

demonstrated. The thermal zone considered in this study 

is a 3m×3m×3m office room. The ceiling and walls 

(except from the font wall) have 10cm of insulation 

giving thermal resistance of R32 (RSI 5.64 m2K/W) for 

each wall. The front facing wall has an approximate 

thermal resistance of R5 (RSI 0.88 m2K/W). The floor 

is made of concrete and represents the main thermal 

mass in the zone. A detailed frequency domain model 

(Figure 1.b.) is developed for the room 

Transfer Function for Design Analysis 

Frequency domain modeling approach is a useful tool 

for the design analysis on a relative basis. In this section 

the utilization of this tool is demonstrated. 

Effect of floor concrete thickness on air 

temperature fluctuations for different types of 

concrete  

Thermal properties of the concrete vary with age, 

temperature and humidity (Marshal 1972). Therefore, a 

wide range of thermal properties can be obtained 

depending on the conditions. However, the approach 

that is presented here can be applied to the relative 

analysis of any types of concrete (and thermal mass in 

general) once thermal properties are known. Here 

thermal performance of two types of concrete based on 

ASHRAE values are evaluated: light-weight and 

normal-weight concrete. Thermal properties of those 

concretes are shown in Table 1. 

TABLE 1: THERMAL PROPERTIES OF TWO TYPES 

OF CONCRETE. 

Thermal Property Normal-

weight 

concrete 

Light-weight 

concrete 

Conductivity (W/mK) 1.7 0.51 

Specific heat (J/kgK) 800 800 

Density (kg/m3) 2200 1400 

 

Transfer function Z1,2 (=T1/Q2) shows the effect of 

combined heat sources acting on the node 2 (floor 

surface) on the node 1(inside air temperature). The 

magnitudes of Z1,2 versus different frequencies for the 

light-weight concrete of different thicknesses are shown 

in Figure 2: 

 

Figure 2: Magnitudes of transfer function Z1,2 (i.e. air 

to heat input at the floor surface) for different 

thicknesses of light-weight concrete. 

The magnitude corresponding to 5-cm shows a 

significant difference in comparison with the other 

thicknesses for the first three harmonics, confirming a 

significant impact for the time scales of 24, 12 and 8 

hours. The fundamental (first) harmonic is particularly 

useful. The magnitude of the first harmonic is plotted in 

as a function of floor thickness.  

 

Figure 3: Magnitude of the first harmonic for Z1,2 (air 

temperature to heat input at the floor surface) as a 

function of concrete thickness (light-weight concrete). 

It is interesting to observe that a 15-cm thickness yields 

the minimum room air temperature fluctuation for a 

given heat source on the floor (floor solar gain or radiant 

floor heating).  

Now, if we assume a specific solar gain profile (for 

example a simple half sinusoidal profile with peak of 

1100 W at noon) for the floor as shown in Figure 4, then 

the approximate daily air temperature swing due to the 

floor solar gain can be calculated by multiplying the 

magnitude of the first harmonic of the transfer function 

Z1,2 and first harmonic of floor solar gain profile, Q2 as: 
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1,2 2(1) (1)Tair Z Q     (5) 

By means of Fourier transform, the magnitude of the 

first harmonic for solar gain profile (Figure 4) can be 

calculated and is equal to 270 W. 

 

Figure 4: Floor solar gain profile. 

Therefore, the temperature swing for each thickness is 

calculated from equation (5) and shown in Figure 5: 

 

Figure 5: Approximate air temperature swing due to 

floor solar gain for different lightweight concrete 

thicknesses. 

For the normal-weight concrete the magnitudes of 

different thicknesses at each frequency are shown in 

Figure 6. 

 

Figure 6: Comparison of transfer function Z1,2  

magnitudes for different thicknesses of normal-weight 

concrete. 

Figure 7 shows that for the normal weight concrete the 

optimum thickness is 20cm. Also, compared to the light-

weight concrete, much smaller air temperature swings 

due to floor solar gain is observed as shown in Figure 8. 

Therefore, it is demonstrated how air temperature swing 

due to a specific floor heat gain source can be calculated 

by analysing the transfer function Z1,2 and the floor heat 

gain profile in frequency domain.  

 It should be noted that the optimum thickness is 

calculated to minimize air temperature swing in the 

zone. However, in real design other criteria and 

parameters should be considered and evaluated as well 

including the building usage type, practicality of 

considering certain thicknesses for the concrete slab, 

etc.  

 

Figure 7: Magnitude of the first harmonic for transfer 

function Z1,2 for different thicknesses of normal weight 

concrete. 

 

Figure 8: Room air temperature swing due to floor 

solar gain. 

Derivation of the transfer function Z1,aux  

Another useful transfer function to study is the one that 

shows the effect of the radiant floor heating, inserted 

under the concrete slab, directly on the zone air 

temperature. Here derivation of this transfer function for 

the case when we have floor-heating pipes at the bottom 

of the slab is described.  

As mentioned in the previous section, Z1,2 is the transfer 

function between the zone air temperature and the 

source at node 2 (floor surface), Z1,2=T1/Q2. The source 

Q2 represent the summation of all the heating sources 
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that are present at node 2 including solar radiation and 

the effect of the radiant floor heating when transferred 

to the surface of the floor (Qrad). Therefore, it can be 

written as: 

 2 ,2sg radQ Q Q    (6) 

where Qsg,2 represent the floor solar gain and Qrad is the 

transferred floor heating (Qaux) to the surface. Figure 9 

shows the schematic of the floor. 

 

Figure 9: Schematic of floor heating. 

In the frequency domain modelling methodology 

explained earlier, by using the Norton-equivalent 

representation all the intermediate nodes are eliminated 

and the effect of the external temperature, which can be 

the basement temperature for example, is represented by 

the equivalent source Qeq=-Yt×Tb (please see the 

appendix for more details). Here since the pipes are 

located at the bottom and auxiliary load is inserted at the 

bottom of the floor slab, using the energy balance 

equation, the temperature of the node Taux can be 

represented as an equivalent temperature (similar to sol-

air temperature): 

 
ins

aux b aux 2

2

,    floor area
R

T T Q A
A

     (7) 

Therefore, by means of equation (7) we can consider 

Taux as the external and equivalent temperature and by 

using the transfer admittance of the floor, the equivalent 

source representing the effect of the basement 

temperature and the auxiliary load on the floor surface 

temperature is defined as: 

 
ins

rad eq t aux t b aux

2

( ) ( )
R

Q Q Y T Y T Q
A

        (8) 

Then, we know from the definition that: 

 1 1

1,2

inssg,2 rad
sg,2 t,2 b aux

2

( )

T T
Z

RQ Q
Q Y T Q

A

 


 

  (9) 

 ins

1 1,2 sg,2 1,2 t,2 b 1,2 t,2 aux

2

( ) ( ) ( )
R

T Z Q Z Y T Z Y Q
A

       (10) 

Now in the above equation let us put all the sources to 

zero except Qaux. Then, we will have: 

 
t,2 ins1

1,aux 1,2

aux 2

Y RT
Z Z

Q A

 
   

 
  (11) 

Equation (11) calculates transfer function Z1,aux at 

different frequencies with which the effect of radiant 

floor heating source on the room air temperature can be 

studied. 

As expected, as the floor thickness increases the 

magnitude of the transfer function Z1,aux decreases 

(Figure 10). 

 

Figure 10: Comparison of transfer function Z1,aux 

magnitudes for different thicknesses of normal-weight 

concrete. 

An important information that can be obtained from this 

transfer function is the delay between the heat input 

from the radiant floor and its effect on the zone air 

temperature. This delay can be estimated by looking at 

the phase angle of the fundamental harmonic of the 

transfer function Z1,aux. This information is very useful 

when designing the control strategies for a zone with 

radiant floor heating system. This is validated for a case 

study described in the next section. 

RFH Experiment 

The Solar Simulator-Environmental Chamber (SSEC) 

laboratory is an experimental facility located at 

Concordia University in downtown Montreal, Canada. 

This facility allows accurate and repeatable testing of 

solar systems and advanced building envelopes under 

standard test conditions with well-simulated solar 

radiation and indoor plus outdoor conditions. The 

temperature test range of the environmental chamber is 

-40°C to +50°C.  

The perimeter zone test cell (PZTC) is (very similar to 

the thermal zone presented in the previous sections) a 

3m×3m×3m office placed inside the environmental 

chamber and it has a radiant floor heating system. The 

side and back walls and ceiling consists of 10cm of 

insulation with thermal resistance of R32 (RSI 5.64 

m2K/W). The front wall is a BIPV/T façade with 

approximately R5 (RSI 0.88 m2K/W) thermal 

resistance. The floor is made of an 8cm thick concrete 

with R10 (RSI 1.76 m2K/W) insulation under the 

hydronic system pipes in addition to a R32 (RSI 5.64 

m2K/W) layer at the bottom. Therefore the total thermal 

resistance under the concrete slab and hydronic pipes is 

R42 (RSI 7.4 m2K/W).  The pipes of the radiant floor 

system are made of conventional cross-linked 

polyethylene (PEX), and have an external diameter of 

1.75cm. The pipes are installed in a “foam matrix” of 

Tb

Concrete

Insulation

Tfloor

Qaux

Taux

QSg,2

Qrad
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insulating material that also facilitates keeping them in 

place. The pipes have an approximate separation of 15 

cm between them. A mechanical room provides 

controlled flow rate of fluid (propylene-glycol and water 

mixture) for the radiant floor. The schematic of the 

SSEC and PZTC is shown in Figure 11. 

 

 

Figure 11: Schematic of SSEC with PZTC and radiant 

floor. 

Figure 12 shows the piping configuration of the radiant 

floor before the concrete was poured (left) and final look 

of the radiant floor slab (right). 

 

Figure 12: Radiant floor before (left) and after (right) 

pouring the concrete. 

Considering the physical properties of the PZTC, the 

magnitude and phase angle of the transfer function Z1,aux 

was calculated at different frequencies using equation 

(11). Figure 13 shows the phase angles of Z1,aux at 

different frequencies. 

 

Figure 13: Phase angles of transfer function Z1,aux. 

As it can be observed from Figure 13, the phase angle 

of the fundamental harmonics is -73.02º with negative 

sign indicating the delay. Therefore, considering the 

period of one day for the first harmonic, the magnitude 

of the delay in unit of time is calculated as: 

 73.02 24h / 360 4.9 h     (12) 

which means that there will be about 4.9 hours of delay 

between the heat input from the hydronic system of the 

concrete slab and the PZTC air temperature. Using the 

experimental measurements, we can observe this delay 

between the hydronic floor heat input and the zone air 

temperature. As shown in Figure 14, when the PZTC air 

temperature setpoint is suddenly raised at t = 17.1, the 

thermostat commands the controller to immediately 

increase the radiant heat input. However, as calculated 

from the transfer function Z1,aux (i.e., the transfer 

function between room air and heat input) there is a 

delay of approximately 4.9 hours between the peak 

heating power and its full effect on the room air 

temperature peak. It should be noted that the zone 

thermostat used pulse-width modulation to control the 

air temperature; this fact accounts for the smaller 

“heating peaks”. 

 

Figure 14: Delay between the radiant floor heat input 

and PZTC air temperature. 

The result shows that in a zone that is mainly heated by 

a radiant floor system, when it is desired to reach a 

specific zone air temperature at a specific time, the 

controller of the heating system needs to be designed in 

such a way that considers this delay. 

The same procedure can be applied to determine Z2,aux, 

the transfer function between the floor surface 

temperature (T2) response and the heat source (Qaux): 

 
t,2 ins2

2,aux 2,2

aux 2

Y RT
Z Z

Q A

 
   

 
  (13) 

It was observed that the phase angle of the first harmonic 

for the Z2,aux is -62º meaning 62º×24h/360º≈4.1h of 

delay between the radiant floor heating and floor surface 

temperature. This is confirmed by the experimental 

measurements (Figure 15). This information can be 

quite useful to design the appropriate control strategy. 
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Figure 15: Delay between the radiant floor heat input 

and floor surface temperature. 

Conclusion 

This paper presented an application of frequency 

domain techniques for the design and control of zones 

with RFHs. It was shown that the analysis of critical 

transfer functions provides useful information on the 

thermal dynamics of RFHs, without needing to perform 

time-domain simulations. This information is 

particularly useful in the early design stages and in the 

development of control strategies. 

It was observed that there exists an optimum floor slab 

thickness that minimises air temperature fluctuations. 

Interestingly, slabs thicker than necessary may be 

counterproductive, as they may result in large room 

temperature swings (e.g., when high solar gains are 

present). When the properties of the concrete are known, 

frequency domain analysis can be efficiently applied to 

find the optimum thickness for that specific concrete.  

Then, derivation of the transfer function between the 

room air temperature and the radiant floor heating 

source (Z1,aux in this paper) is carried out for the case 

when the pipes are located at the bottom of the slab. The 

analysis of Z1,aux is useful to calculate the delay between 

the heat injection and its effect on the air temperature. 

This delay was calculated using the geometry and 

material properties of a case study, and later confirmed 

with experimental measurements. The paper also 

discussed how this information would be useful for 

designing the control strategies of zones with radiant 

floor heating systems.  

Future studies will include the design and application of 

predictive control strategies for zones with radiant floor 

heating systems by means of information obtained from 

the introduced transfer functions. Also, when radiant 

floor control is done through surface temperature 

instead of the air temperature, reduced cycling of 

heating system and improved energy flexibility is 

expected which will be examined in the future tests. 
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Appendix 

The procedure to obtain the transmission matrix (also 

known as the cascade matrix) of heat transfer for one 

dimensional homogenous wall in Laplace domain is 

described here. Consider a slab as shown in figure below 

with two surfaces (exterior and interior) named surface 

1 and 2: 

 

The 1-D Fourier conduction law is applied as follows:  

 

2

2

( , ) ( , )T x t T x t
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  (14) 

where α is thermal diffusivity and equals to: pk C .  

Applying the Laplace transform to the equation above 

assuming the initial condition ( , 0) 0T x t   , 

transforms the partial differential equation to an 

ordinary differential equation: 
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for which the solution is obtained as: 

1 2( , ) cosh( ) sinh( )x xT x s C e C e M x N x          

(16) 

Where /s  . Then, for the heat flux we will have: 

 ( , ) sinh( ) cosh( )
dT

q k q x s Mk x Nk x
dx

          

 (17) 

Applying last two equations to each surface gives: 
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or in the matrix form it can be written as: 
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  (18) 

in equation (18) , the matrix TR is the transmission 

matrix for the slab. Equation (18) is the exact theoretical 

solution for the one-dimensional heat transfer that 

relates the temperatures and heat fluxes on the two 

surfaces of the slab to each other. 

Now by rearranging equation (18) we will have: 
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2 2
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 (19) 

and the respective admittance transfer functions are 

obtained as: 
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Actually if we consider the transmission matrix in 

equation (18) as: 

TR
A B

C D

 
  
 

 

Then it can be shown that: 

 1,1 1,2/   ,  ( ) /Y D B Y BC AD B     (22) 

In the case when there is negligible thermal mass (an 

insulation layer) the TR matrix for the layer will be 

equal to: 

1 1/

0 1

u 
 
 

 

where u is the insulation u-value. Therefore, in the case 

where we have an insulation layer on the exterior 

surface of the slab, the transmission matrix will be: 
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l l k u
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Then, the admittance transfer functions will be obtained 

as: 
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Then using the above transfer functions we can find the 

Norton-equivalent thermal network for a multilayered 

wall as shown below: 

 

 

Figure 16: Multi-layered wall (left) and equivalent 

thermal network (right). 
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Abstract 

This paper explores the novel building performance 

simulation domain of pest modelling. Despite extensive 

knowledge on pest management in agriculture, pest 

behaviour and their impact in epidemiology, building 

science currently has no computational formulas, 

algorithms or simulation tools to quantify the 

vulnerability of the built environment in relation to pests. 

Therefore, it is not possible for planners and the many 

other different stakeholders involved in the construction 

industry to project scenarios to study future operation of 

buildings in relation to pest prevention and control. A 

comprehensive literature review is presented to provide a 

high level outline of this new area in building performance 

simulation. Findings are used to discuss transferability of 

different types of pest models and approaches from other 

areas to the built environment, pointing out avenues for 

future research. 

Introduction and background 

Ecological imbalance, climate change, rapid urbanization 

and growth have been responsible for an increase in the 

number of pest borne diseases and pest damage to 

buildings. Pests are a major problem for humans. They 

pose a risk to the health of building occupants via the 

spread of bacteria, viruses and parasites; they cause 

damage to building structures, fabric and content, and 

increase fire risks by gnawing electricity cables. 

However, despite being a recognized public health 

problem by the World Health Organisation (WHO) and 

many governments, pest control remains mainly in the 

hands of private companies which benefit from a market 

of around $18bn (Rentokil 2015). These companies tend 

to approach the pest problem using strategies of ‘building 

inspection – advice – treatment (mostly chemical) – 

building maintenance program’ whereas pests are actually 

a systemic problem which also needs to be dealt at the 

level of ‘legal action, education, institutional capacity, 

building and research at international, national and local 

levels’ (Bonnefoy et al., 2008).  

The literature provides a comprehensive list of what 

attracts pests to the built environment. It also shows a 

comprehensive amount of information related to pest 

control, whereas pest modelling and the presence of pests 

are mainly documented in the domains of biogeography, 

epidemiology and agriculture. However, so far these 

models and approaches have not been taken up within the 

domain of building science: pest modelling is not an 

active area that attracts efforts within the building 

performance simulation community. Thus there are no 

tools to project scenarios for planners and different 

stakeholders in the construction industry to design and 

operate buildings in relation to pest infestation prevention 

and pest control. As a result, architects engineers and 

other key actors in building design lack access to a 

comprehensive approach to design pests out of buildings. 

The aim of this paper is to provide an initial high level 

outline of a new area in building performance simulation: 

The simulation of pest vulnerability of the built 

environment. We propose to reach this aim through a 

comprehensive literature review, presenting and 

discussing current models for simulating pests in the 

outdoor environment (at a descriptive level and to 

quantify results of interventions), followed by methods to 

gauge the effect of interventions undertaken to control 

pests inside buildings, finishing with a set of guidelines to 

pest proof buildings at the level of building envelope and 

immediate surroundings (Figure 1).  

 

 

Figure 1: Current types of pests simulation models 
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Methodology 

The authors undertook a systematic review of the 

literature related to pest modelling followed by a 

qualitative Thematic Analysis on the content of these 

articles. Thematic Analysis is a ‘qualitative data-

reduction and sense-making effort that takes a volume of 

qualitative material and attempts to identify core 

consistencies and meanings’ (Patton 2002). This type of 

analysis enabled the construction of a classification 

system to order the different modelling approaches in 

terms of what is transferrable to the built environment 

according to the following set of criteria: 

 Environment being modelled 

 Data used to produce the model; 

 Purpose of the modelling. 

There are mainly two types of environment being 

modelled when pests are involved: ‘Outdoor 

environments’, with modelling resolution varying from 

regional to neighbourhood scale and ‘Indoor 

environments’, which focus on pest populations inside 

buildings. Outdoor models are mainly spatial and are 

normally implemented via GIS. 

Models can be mainly divided into those which deal with 

insects and those which deal with mammals, but the type 

of species being modelled varies significantly. However, 

the data used to produce these models tends to mainly 

come from traps, normally used to detect the presence or 

absence of pests, in combination with a series of 

environmental and anthropogenic features such as 

climate, vegetation/crop, urban characteristics, socio-

economic level, sanitation, etc. Variations in combining 

these different types of data and data sources depend on 

the purpose and scale of the modelling as well as the type 

of species being modelled. 

The purpose of modelling varies depending on different 

disciplines. Models from biogeography and conservation 

of bio-diversity tend to be descriptive, and are designed to 

quantify pest distribution, size of population, severity of 

infestation, etc., whereas models from biosecurity and 

agriculture tend to be used for risk assessment, 

monitoring, control, gauging future incidence, etc. 

Models from epidemiology and public health normally 

focus on connecting the incidence of different illnesses 

directly to pest population decay and are used mainly to 

control and monitor different types of interventions, from 

the use of chemicals to sanitation. 

The following sections explores pest modelling in relation 

to the aforementioned themes preparing a discussion in 

terms of what is transferable to the built environment. 

Descriptive models of the outdoor 

environment 

Since the early 90’s, GIS has been used to ‘produce maps 

that predict the probability of detecting species over a 

given area’ (Sacchi et al., 2008) without the need to 

undertake direct surveys to be used in planning pest 

control operations and surveillance. The possibilities of 

combining different types of information (all 

geographically referenced) and data types of different 

nature including variations throughout time, enables more 

sophisticated probabilistic models to be developed based 

on geostatistics.  

Classically defined as ‘the study of spatially continuous 

processes using partially discrete observations at a finite 

number of locations’ (Diggle et al., 2013), geostatistical 

models address spatio-temporal data sets and are normally 

focused on predictions. They are widely used in 

epidemiology and agriculture and comprehend a series of 

different methods or algorithms. Spatio-temporal 

distributions can be linked with other parameters which 

affect or explain pest behaviour and therefore may be 

useful to inform prevention, enhancing the effectiveness 

of pest control strategies. Information to produce these 

maps tend to come from spacialization of data collected 

from multiple traps, sometimes in combination with 

thematic maps, landscape and climate based models. 

Models based on data coming from traps 

There are different discussions as to what is the best way 

to distribute traps: randomly, in a grid, in specific habitats, 

etc. and also different discussions and algorithms to 

extrapolate data from traps and spatially distribute them.  

Petrovskii et al. (2014) explore the extrapolation of 

population density from single traps based on the use of 

Brownian motion and Levy flights models to investigate 

random walks for insect movement around a trap. This 

method is limited to extrapolating population densities to 

only the vicinity of the trap. 

The FAO/IAEA Programme (2006) proposes the use of 

Inverse Distance Weighted (IDW) models, spline and 

Kriging as suitable interpolation methods for pest 

distribution in agriculture when traps are evenly 

distributed in a single grid. These algorithms provide 

reasonably accurate results if the population distribution 

is homogenous. 

Petrovskii et al. (2014) explore the projection of pest 

density population over a certain area by proposing that 

the interpolation of data collected from several traps can 

be done via numerical integration using whatever method 

provides the fastest convergence rate, when the 

distribution of the population is simple. However, if the 

population distribution is patchy and with complicated 

spatial patterns, the accuracy of the integration will 

heavily depend on the location of nodes, in the grid where 

traps are installed, in relation to the position of the 

patches. As these patches are for the vast majority 

unknown, the authors propose that population density 

could be estimated based on a ‘probabilistic integration 

across a group of fields or habitats with similar 

properties’, based on a small number of randomly 

distributed traps. 

Thematic maps 

Traweger and Slotta- Bachmayr (2005) present a study to 

assess the suitability of urban environments to support rats 

using a combination of landscape characteristics maps 
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correlated with literature data on foraging and habitat, 

validating predictions through the use of randomly 

distributed traps. Sacchi et al. (2008) propose a GIS 

model of the distribution of rats based on the interpolation 

of data coming from non-poisonous baits, placed over 

suitable habitats in an urbanised area, in combination with 

thematic maps. 

Tamayo-Uria et al. (2014) present an example of using 

the Log-Gaussian Cox Process to provide a description of 

rat sighting in an urban area of Madrid, coupled with a 

conditional intensity function which connects variation of 

sighting through time with potentially useful explanatory 

variables. They conclude that the intensity of sightings is 

inversely proportional to the age of the building and its 

distance to vegetated areas, markets and cat feeding 

stations and that sighting is also affected by seasonal 

variations. 

Landscape and climate models 

According to Petrovskii, et al., (2014), the ‘environment 

is known to affect the population dynamics in space and 

time through a variety of specific factors such as 

landscape structure, seasonality and solar cycles, weather 

conditions on both global and regional scales, etc.’ In 

order to understand if variations in the population come 

from landscape properties, weather conditions or are 

dependent on self-regulation mechanisms, data from traps 

tend to be combined with landscape, climate and other 

thematic features. 

Sutherst (2014) provides a comprehensive literature 

review on different models considering the climate 

mainly focusing on those which take into account animal 

physiological responses to climate, climatic factors which 

affect the occurrence of species and correlations between 

pest populations and plant growth. He explains the 

development of CLIMEX which uses soil moisture to 

simulate a plant growth index which together with 

parameterised temperature and moisture response 

functions can be used to describe growth conditions for 

insects. CLIMEX has a temporal resolution of 1 week and 

works in different latitudes, climate zones, seasons and is 

suitable for tracking migration routes. Sutherst warns 

against species modelling based on trap data only and 

notes that input from experts who understand the 

requirements and behaviour of the species is crucial to 

guarantee valid results. The vast majority of landscape 

and climate based models are developed to assess pest 

management in agriculture and there are several types of 

these models, such as: 

 Phenological models, which focus on how cyclic 

and seasonal natural phenomena affect pest life 

cycle (Caffarra et al. 2012). 

 Physiologically based demographic models which 

are ‘models for population dynamics based on 

physiological responses at individual level to 

environmental driving variables’ (Gilioli et al., 

2016), i.e. development, fecundity and mortality rate 

functions. 

 Combinations of crop growth models with pest life 

models which can be found in Shirley et al. (2001), 

Donatelli et al. (2017) to cite a few.  

Predictive models of interventions in the 

outdoor environment 

Pest control is normally assessed in terms of economic 

and ecologic losses pests may cause. Quantitatively, this 

means keeping pest population bellow certain thresholds, 

which in agriculture are defined based on the cost of 

taking action versus the costs involved in production 

losses. The two main indices used to judge when control 

actions should be undertaken are (Georgescu and Zhang, 

2010): 

 The Economic Injury Level (EIL) defined as the 

‘lowest pest density which causes economic 

damage’, i.e. a minimum point at which pest 

population needs to be held under control, rather 

than reaching extinction. 

 Economic threshold (ET) level, defined as the 

‘lowest pest density at which control measures 

should be taken so that the EIL is not exceeded’. 

These thresholds can be achieved either using low 

environmental impact methods or high environmental 

impact methods. However, decisions related to 

management and control can become quite complicated 

when several pests and several crops are being 

considered, because a multitude of potential actions are 

available. As result, it is also possible to find literature on 

decision support system models to aid farmers and 

agricultural technicians to take effective actions (see for 

instance del Aguila et al., 2015). These models are 

basically expert systems sometimes with a certain degree 

of Artificial Intelligence within them.  

Models of low environmental impact  

Low environmental impact control methods are defined as 

the ones used to ‘minimize the damage caused to non-

target organisms’ (Georgescu and Zhang, 2010), parts of 

the ecosystem which are not the pest being monitored and 

controlled. These methods include mechanical 

interventions such as traps, barriers, etc. and biological 

methods such as using biological insecticides, predators, 

inserting sterile pest individuals to avoid pest breeding, 

spreading pest specific related diseases, etc. (ibid.).  

In the literature, most models designed to gauge pest 

control interventions using low environmental impact 

methods are developed to be used in agriculture. Most of 

these models seem to be based on Impulsive differential 

equations as these are seen as appropriate mathematical 

representations to describe decline of pest population after 

an intervention happens; these are impulsive events such 

as the introduction of predators, diseases, etc. (Akman et 

al., 2015). According to Georgescu and Zhang (2010) 

there are normally two types of models: time dependent 

models, used when pest controls are implemented on a 

time-basis strategy; and state dependent models, used 
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when controls are implemented every time the size of the 

population reaches the economic threshold. Georgescu 

and Zhang (2010) present a model designed to gauge 

interventions based on releasing, at a constant rate, 

ineffective pest individuals, contaminated with a specific 

pest disease, together with natural predators. An 

impulsively perturbed differential model is introduced 

with a prey dependant functional response, i.e. ‘a 

functional response which depend on the size of the prey 

population’ (ibid.). Wang et al. (2011) also use impulsive 

differential equations to examine the predator-prey 

interaction ‘describing the interaction between the pest 

and natural enemy with impulsive and periodic enemy 

releases’. Akman et al. (2015) propose impulsive 

differential equations to accommodate fluctuations in pest 

birth rates based on environmental and climatic factors 

affecting egg production. Fluctuations in birth rates 

provide further refinements to models such as the one 

proposed by Georgescu and Zhang (2010) and can also be 

added to in models which simulate chemical 

interventions.  

Murray et al. (2014) propose a Bayesian Network model 

to graphically represent the environment for rabbits’ 

persistence integrating climatic, environmental (including 

habitat) and management variables. The model is used to 

produce GIS spatial risk maps considering how 

susceptible habitats are to be colonised and how suitable 

they are for rabbits to persist. The conditional probability 

model and dependencies between variables were 

assembled based on data collected from a workshop with 

experts. Since management variables were included, 

scenarios of different types of natural interventions can be 

assessed: the consequences of using barriers/fences in 

rabbit’s distribution; the effectiveness of shooting, baiting 

and warren ripping in the ability of the rabbit’s population 

to persist; as well the effects of different specific types of 

disease control and predators.  

Models of high environmental impact 

High environmental impact methods are defined as the 

ones using chemical pesticides to control or eradicate pest 

populations. The use of pesticides is seen as economically 

effective because ‘the costs of chemical products and their 

application is usually lower than the economic losses 

caused by pests’ (del Aguila et al., 2015). 

Despite efforts on the exploration of new selective 

chemical pesticides and the application of chemicals 

considering specific stages of pest development, the 

persistent use of pesticides is still seen as a problematic 

control measure. It often leads to the emergence of pest 

resistant populations and there is no proof it is efficient to 

control pests under continuous or permanent states of 

migration (Stejskal 2002). Furthermore, the use of 

chemical pesticides is ‘a major threat to beneficial insects, 

which are sometimes more affected by pesticide spraying 

than targeted pests’ (Georgescu and Zhang, 2010). 

Therefore, it is not uncommon to find studies which focus 

on modelling the use of low environmental impact 

methods together with chemicals when reaching 

appropriate economic thresholds. 

An important component of these models is that the 

frequency of natural enemy releases cannot coincide with 

that of the pesticide application, especially when 

pesticides also affect the population of predators. Tang et 

al. (2011) explores in detail three different possibilities of 

combinations of pesticide spray and predator release: 

spraying pesticide more often than releasing predators, 

releasing predators more often than spraying pesticides or 

releasing predators frequently, and using pesticides only 

when is the pest population still reaches the economic 

threshold. They model these possibilities while varying 

initial pest densities, releasing rate and amount of 

predators and pesticides, using impulse differential 

equations.  

Mamedov and Udalov (2002) have developed 

CENOCON, a tool to run several models for the different 

agents involved in simulating an ecosystem. Agents are 

mainly plants and animals. Plants grow and animals 

move, eat and breed. Within this ecosystem, ‘individuals 

interact with each other establishing and developing the 

community as a whole’. Organisms have individual and 

population specific parameters (e.g. they are herbivorous 

or carnivorous, etc.). The program generates a virtual 

space in which a grid of cells is set up with plant seeds 

randomly distributed throughout them. The ecosystem 

then follows a grow development path according to data 

provided for each agent. The model is used to investigate 

the optimal moment to introduce chemicals to specifically 

kill two types of pests minimising harmful effects on 

beneficial predators. Six agents were involved in the 

simulation and chemicals were applied at two different 

dates in relation to predator colonization (before and 

after). 

Zhang and Swinton (2009) suggest combining pesticide 

spray with predator release and present a bio-economic 

study in which predator-prey interaction combined with 

crop growth and yield damage are evaluated in an 

optimization framework. The result of integrating 

biological with economic models produced a new 

threshold: ‘the natural enemy-adjusted economic 

threshold (…) defined as the pest population density 

threshold at which insecticide control becomes optimal in 

spite of the opportunity cost of injury to natural enemies 

of the target pest’. A Lotka-Volterra (predator-prey) 

equation is used to describe predator population density 

changes over discrete time periods combined with a yield 

response function and a crop revenue objective function. 

When looking at simulation with chemical interventions 

only, the literature presents a wide range of software 

developed to ‘simulate volatile pesticide transport by 

including a description of the volatilization process at the 

soil-air interface’ (Luo et al., 2012). However, little is 

known in relation to the effects of emission reduction 

strategies in the efficacy of pest control strategies. Luo et 

al. (2012) propose a simulation model, validated through 

experimental measurements, to assess several emission 

reduction strategies and their effect in pest reduction. First 

order decay reaction models are used to gauge fumigant 

fate by considering different degradation rates at the 

liquid, gas and solid states and a logistic dose response 
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curve is proposed to evaluate organism exposure to 

pesticides and organism mortality.  

Models gauging pest control interventions 

inside buildings   

Quantitative threshold to act in relation to pest control are 

different when pests are inside buildings as there are 

implications for human health, which cannot easily be 

measured in terms of economic impact. Ideally, the aim is 

full pest eradication but since realistically this is 

unachievable, epidemiology and public health focuses on 

the threshold between persistence and extinction, gauging 

it in terms of the impact of chemical treatments in pest 

populations, through the combination of field experiments 

with statistical models. Epidemiology models tend to 

gauge interventions in terms of population decay and 

health improvements whereas public health studies are 

more focused on population decay and environmental 

building conditions.  

Two different approaches to interventions are normally 

present in this case: The fully chemical approach, which 

consist in using pesticides to control pests, and the 

integrated management approach which combines 

building maintenance with sanitation and low toxicity 

interventions (e.g. baits).  

Models of fully chemical approach 

By far the dominant approach is the use of chemicals, with 

insecticides targeting insects such as mosquitoes and 

cockroaches, and rodenticides targeting rodents such as 

mice, rats and squirrels. These pesticides are typically 

applied with the following methods: spraying for flying 

insects, surface treatment for crawling insects, fumigation 

for pests that live inside materials, and baiting for rodents 

(MacFarlane et al., 2007). 

An examples of modelling the fully chemical approach 

can be found in Rivault and Cloarec (1995) who present a 

study on the impact of using regular insecticide spray 

against cockroaches in council flats in France, measuring 

impact in terms of seeing / counting dead bodies using 

multivariate principle component analysis to explain 

cockroach density as function of environmental 

conditions (mainly related to residents and flat 

characteristics). 

Kass et al. (2009) compare interventions using chemicals 

with integrated pest management to eradicate cockroaches 

and mice in urban houses, measuring the impact of each 

intervention in terms of pest population decay (through 

sighting and trap counts) and urinary mouse protein and 

cockroach allergens in dust samples. Linear regression, 

Poisson regression and logistic regression were used in 

data analysis. They observed that the apartments in which 

integrated pest management was used presented 

significantly lower amounts of cockroaches and sustained 

this lower counts for a long time period. 

Models of Integrated pest management (IPM) 

The increasing concern about the impact of pesticides on 

building occupants and a broad overview of knowledge 

about their impact on human health is presented in Kim et 

al. (2017). Effects range from short term irritation of skin 

and eyes, headache and nausea to life-threatening and 

long-term conditions such as asthma, diabetes and cancer. 

As a result, Integrated Pest Management (IPM) strategies, 

which are approaches that aim at pest control while at the 

same time reducing the use of pesticides (Valenti et al., 

2018) are gradually being adopted in the built 

environment. Typically, IPM strategies follow a 

systematic process that involves prevention, monitoring, 

pest identification and pest management, and employing 

pesticides only as last resort (Kalmar et al., 2014).  

Rabito et al. (2017) used regression analysis to model the 

correlation of a reduction in cockroach populations in low 

income housing with reduction in asthma symptoms in 

children. The study comes from an epidemiology 

perspective and the hypothesis is that people are prone to 

adopt an integrated pest management approach when 

preventive actions and low cost interventions clearly 

connect the presence of pests with ill health.  

More complex studies are presented by Stejskal 2002 and 

Rees (2003). Stejskal (2002) makes a distinction between 

the impact of interventions in local and meta-population 

of cockroaches. ‘The basis of the meta-population theory 

is that a set of small unstable populations can create one 

stable large meta-population’. As a result, the traditional 

pest management approach of eradicating specific sites is 

insufficient to control meta-populations, meaning 

pesticides treatment also needs to be applied to ‘all 

suitable refuges that can be recolonized’. The theory 

suggest pest distribution inside buildings is uneven and 

that ‘the density-dependent allocation of pesticide 

treatment create partial refuge for pests’. Thus any 

analysis on the impact of interventions should consider 

checking the effects on local and meta-population, 

especially considering the fragmentation of the built 

environment and the difficulty in accessing all potential 

infested sites (ibid.). The persistence of a meta-population 

changes the threshold control point: ‘Meta-population 

persistence requires that, for a given extinction rate, the 

colonisation rate exceeds a threshold value, and that for a 

given colonisation rate the extinction rate is smaller than 

the threshold value’ (Hansel, 1991 in Stejskal, 2002). 

From this study, one can infer that models of spatial pest 

distribution inside buildings could be an interesting step 

further in the study and implementation of IPM in the built 

environment.  

This idea is pursued by Rees (2003) who presents a study 

in which insect traps are used to monitor the presence, 

source of infestation and spatial distribution of pests in 

commercial grain storages. Contour maps, using a 

geographical mapping program, were produced to 

indicate the frequency distribution of moths in industrial 

plants in relation to their internal layout (i.e. position of 

packing machines, product storage bins, etc.) The findings 

were important in the planning of targeted control 

measures, especially in relation to guaranteeing treatment 

could reach breeding and harbourage areas.  

Another interesting study is presented by Valenti et al. 

(2018) who propose a non-chemical approach to pest 

control by exploring the use of fan heaters to increase 
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inside air temperatures on flour mills, controlling pest 

infestation through the combined effect of killing by 

dehydration and altering reproductive patterns. They use 

thermal modelling and CFD to assess temperatures and 

heat distribution, connecting the indoor environment with 

the building envelope in terms of their potential in 

maximising building response to a non-chemical 

treatment. 

These three studies suggest that pest distribution inside 

buildings could be seen as analogous to pest distribution 

on the outside, where the inside is actually a microcosms 

of the urban habitat, with the last work proposing non-

chemical interventions can also be trialled indoors. 

Pest proofing the building envelope – No 

models 

Whereas the approach to pest management on the inside 

of buildings always considers some kind of chemical 

treatment, pest control at the level of the building 

envelope is mainly passive. Design guidelines (Geiger 

and Cox, 2012; Simons 2005; UK Chartered Institute of 

Environmental Health, 2018), recommend ensuring that 

immediate surroundings of buildings are not pest-friendly 

ecosystems, and that buildings and their conditions are 

unattractive to pests. Their focus is mainly on ensuring 

that each common construction assemblage (e.g. 

foundations, slabs, roofs, etc.) is designed considering: 

 Maximum gap sizes to exclude several different 

types of pests, with specific recommendations for 

sealants (e.g. use stainless steel meshes in soffit 

vents, use stainless steel wool and fire block foam, 

etc.); 

 The selection of pest resistant materials, which not 

only prevent them from entering the building but 

also deny them harbourage when they reach the 

inside (e.g. avoid spray foams as they are favourites 

for rodents, prefer pressure treated wood, use 

stainless steel meshes, etc.);  

 The possibility of being inspected from time to time 

by inhabitants and professionals to early detect pest 

incidence (e.g. provide access to foundations, false 

ceilings, wall voids etc.); 

 To avoid moisture conditions inside building 

materials to prevent pests to flourish (e.g. proper 

guttering, ventilation of cavity spaces, vapour 

barriers, etc.);  

 Minimise spaces within construction assemblages 

which can be used for pest harbourage (e.g. false 

ceilings, wall cavities, false bottoms under cabinets, 

etc.); 

 Eliminate potential building materials that can be 

used to provide shelter (e.g. rigid foam insulation 

used for termites to burrow); 

 Specific slabs and foundation design in relation to 

expansion joints (e.g. use of monolithic concrete 

pours, termite resistant meshes, etc.) 

Despite being potentially costly, many of these guidelines 

clearly pose conflicts with other design goals or 

compliance codes (Geiger and Cox, 2012), as many places 

for sheltering pests are actually created by modern 

methods of construction and building envelope 

improvements for energy efficient purposes (e.g. wall 

cavities, pipe insulation, etc.). Besides that, pests actually 

like similar habitat conditions as human beings and 

therefore will benefit and flourish in buildings where 

humans feel comfortable. 

Transferability to the built environment, 

synthesis and discussion  

From recommendations of pest proofing the building 

envelope, it is possible to see that a pest simulator for the 

built environment would need to include outdoor models 

as well as indoor models because succeeding in 

intervening and controlling the indoor environment are 

dependent on how pest friendly the outdoor environment 

is. Thus, when examining each of the aforementioned 

examples in terms of what is transferable to the built 

environment it is apparent that a pest simulator would 

need at least an outdoor environment model, 

comprehensive enough to describe and predict pests 

presence, and an indoor environment model, to enable 

interventions and IPM scenarios to be simulated and 

assessed when specific epidemiology or public health 

thresholds are reached. This situation calls for integrated 

pest models posing questions in relation to how the 

building envelope is to be taken in consideration in each 

of these models. Could it be treated analogously to heat 

transfer models and act as a filter? As the building shell is 

not only a barrier but also a source of food and harbourage 

for some pests, how could these be taken into account if 

the building is considered only as a filter? 

Another issue to be discussed is also what kind of 

mathematical models would be appropriate to describe 

and predict pests in the outdoor environment and simulate 

results of interventions and control in the inside when the 

literature is actually inconclusive in relation to these? 

From Figure 2, it can be seen that similarities and 

differences in model characteristics are predominantly 

related to modelling purposes rather than on the type of 

mathematical models used. Descriptive models differ 

among themselves depending on model input data 

whereas predictive models and models gauging effects of 

chemical interventions differ according to the various 

characteristics of each type of intervention, regardless of 

them happening on the indoor or outdoor environment. 

Analogous to the latter, integrated pest management 

models differ based on mechanisms applied to pest 

population or meta-population control. Decisions in 

relation to which mathematical models to use are 

multifactorial and open to future research. 
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Figure 2: Literature review synthesis 

 

Conclusions and future work 

Despite being standard practice in agriculture and public 

health, IPM has been slower to become accepted in 

facility management (Geiger and Cox, 2012) because it is 

costly and requires special training. By examining 

recommendations of pest proofing strategies for building 

envelopes and integrating them with a synthesis of the 

current state of the art in pest modelling in other domains, 

the authors expect to open a whole new area to be 

explored in building performance simulation. 

A high level outline of the features of a simulator to assess 

pest vulnerability in the built environment would initially 

include the following: 

 Making use of outdoor model representations 

(spatial and georeferenced) as well as 

comprehensive model data sets, allowing constant 

updating in terms of pest presence (e.g. from trap 

data, sighting, etc.) correlated with additions of 

different environmental and anthropogenic factors 

which affect them (e.g. microclimate, fine grained 

land use, socio-economic distribution, different 

levels of sanitation, etc.). Connect these models with 

models which gauge different levels of interventions 

starting from the gradual implementation of passive 

measures followed by low environmental impact 

measures (mechanical interventions, and biological 

methods) up to the use of chemicals.  

 Produce indoor models with spatial representations 

of building layout and room usage to accommodate 

the uneven distribution of pests inside buildings 

which, as in outdoor models, accept to be correlated 

with different factors related to pest presence such 

as: layout (as analogous to land use), temperature 

and humidity (as analogous to climate), cleanliness, 

presence or absence of food, etc. (as analogous to 

other anthropogenic data) so that interventions to be 

simulated can be assessed in terms of prevention, 

control and impact of chemical usage. 

Each of these models would need to be pest specific 

raising a series of question for future work in relation to 

how the building envelope should be taken into account 

and consequently what mathematical models should be 

used to address presence, probability, prevention, 

treatment and control depending on pest preference for 

specific types of food and harbourage (which can happen 

indoors and/or on the building envelope itself) as well as 

size and ability to penetrate the building shell.  

Besides that, whereas thresholds for indoor models can 

potentially be directly transferred from epidemiology and 

public health, the same is not true for the outdoor 

environment in which known thresholds come primarily 

from agriculture (EIL and ET). Thus, another important 

question for future work that this study unfolds is what 

would be an acceptable threshold for intervention in an 

outdoor urban environment for each different type of pest 

so a balance between outdoor and indoor interventions 

can also be simulated.   
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Abstract 

Some building energy software consider heat flux as 

being 1-D and are not able to consider the dynamic 

thermal effects of multidimensional details. We have 

proposed a new equivalent wall method: 

multidimensional geometries are replaced by 1-D three-

layer walls. Equivalent walls of six thermal bridges of a 

building are validated for realistic boundary conditions 

(average error on heat flux < 0.5 W/m, error on energy 

transferred < 0.5%). By using those equivalent walls in 

energy simulation of the studied building,  impact of 

thermal bridges on cooling needs is multiplied by three 

and heating/cooling power can be quite different (15/22% 

of the maximal value), compared to a classic evaluation. 

Introduction 

In the light of the urgency of reducing the use of fossil 

fuels and the greenhouse gas emissions, a strong focus is 

given to the building energy performance due to the 

significant contribution of the building sector in the 

energy consumption of the European Union (40% of the 

primary energy). Energy simulation tools are needed to 

evaluate, predict and optimise building energy needs via 

numerical simulations. Those tools must be improved as 

some hypotheses have been made to ease and accelerate 

the computing process but lead to some inaccuracies. 

Our work focuses on thermal bridges, multidimensional 

details of the building envelope and responsible for 4% up 

to 39% of the heat losses of a building (Martin et. al, 

2012). In most of building energy software, heat flux is 

considering as being 1-D and a 1-D time series model is 

commonly used to solve the heat conduction problem 

(Karambakkam et al., 2005). The steady-state additional 

heat flux through a multidimensional detail is easily taken 

into account in this kind of software whereas the real 

dynamic effects are not considered. That can lead to 

inaccurate results, mainly if the inertia of the thermal 

bridge is different from that of the clear wall (Kosny and 

Kossecka, 2002), and they can cause a wrong sizing of 

heating and cooling systems. 

According to some studies (Kosny and Kossecka, 2002; 

Martin et al., 2011; Viot et al., 2015; Baba and Ge, 2016), 

there is no simplified or approximated method correctly 

evaluating the heat flux through any multidimensional 

geometry in dynamic conditions. In order to avoid a 

multidimensional modelling integrated to the building 

simulation over one year, their proposition is to use a 

reduced model. Moreover, this model must be simple to 

integrate into any building energy simulation software 

and require as low computational resources as possible. 

Keeping these objectives in mind, we have developed a 

mixed equivalent wall method. In this paper, this method 

is presented and applied to six thermal bridges of a low-

energy building. Accuracy of their equivalent walls is 

studied in realistic boundary conditions and the impact of 

the thermal bridges modelling on the numerical 

evaluation of building energy needs is analysed. 

Some studies (Ge and Baba, 2015 and 2017) have been 

already performed on heavy structured buildings, as the 

most critical case is high levels of insulation and thermal 

mass with high disparity in thermal properties at the 

junctions. In their studies, the equivalent wall method has 

better results than a classic method (using the linear 

thermal transmittance Ψ of the thermal bridge), however 

the difference with the yearly heating and cooling loads 

of their 3-D modelling is quite significant. Another type 

of building, a light structure, is studied in this paper.   

Method 

Mixed equivalent wall method 

Principle of the equivalent wall method is to replace the 

multidimensional detail by a 1-D multilayer equivalent 

wall (Figure 1): they must have the same thermal 

behaviour (Martin et al., 2012). To define the equivalent 

wall, which is a continuous model, the thermal resistance 

and the heat capacity of each layer must be determined, 

and then the physical properties (k, ρ, c) are deduced to be 

introduced in the building energy software. According to 

the literature (Martin et al., 2012; Kosny and Kossecka, 

2002) and our own experience (Quinten, 2018), the 

optimum between accuracy and calculation time is a 

three-layer equivalent wall. 

 

Figure 1: 2-D detail is replaced by a 1-D equivalent 

wall. 
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In our method, two notions are mixed: the structure 

factors’ theory (Kossecka and Kosny, 1997) and the wall 

response in the frequency domain. All equations, details 

and references about the theory can be found in a previous 

paper (Quinten and Feldheim, 2019). 

According to Kossecka and Kosny, two structures with 

the same values of thermal resistance R, heat capacity C 

and structure factors (ϕii, ϕie, ϕee) have similar thermal 

characteristics, even if they can be different in details. 

These five numbers must be identical for the 

multidimensional detail and its equivalent wall. The 

structure factors impose conditions on the values of 

response factors of the 1-D equivalent wall and are linked 

to the values of Rj and Cj (j = 1, 2, 3 in this case). 

Values of R1, R2, R3, C1, C2 and C3 are to be determined 

and there are four equations (respect of the values of R, of 

C and of two structure factors, the third one being linked 

to the other two structure factors): two parameters are free 

and an infinity of 1-D wall respects these equations. The 

selected equivalent wall is the one, among this infinity, 

minimising an objective function F, which compares its 

thermal response to that of the initial geometry in 

harmonic conditions. Those harmonic conditions are a 

sinus indoor temperature (unit amplitude, 24h-period) and 

a sum of nine harmonics of different periods and 

amplitudes, representative of the climate of Brussels 

(Belgium), for outdoor temperature (Quinten and 

Feldheim, 2018). Only the heat flux through the inside 

surface is studied, as it is the one used in the energy 

balance of the building, and the objective function F 

compares this flux over time for the real geometry (qi) and 

for the equivalent wall (qi’) via Eq. (1) (t = 0h corresponds 

to 1st January 00:00, the results are analysed from t = 400h 

to avoid influence of initial conditions). 

 𝐹 =  √∑ (𝑞𝑖(𝑡)² − 𝑞𝑖′(𝑡)²)𝑡=2000ℎ
𝑡=400ℎ  (1) 

Our mixed method can be summarised in four steps: 

1) Calculation of the thermal resistance, heat capacity and 

structure factors of the 2-D/3-D detail by performing a 

steady-state simulation thanks to a simulation software. 

2) Calculation of the response qi(t) to harmonic boundary 

conditions for the 2-D/3-D detail by performing a 

dynamic simulation thanks to a simulation software. 

3) Determination of the equivalent wall thanks to a 

homemade MATLAB script: a high number of 

combinations of R2-R3 values are tested and, for each 

combination, the values of R1, C1, C2 and C3 are deduced 

to respect the values of R, C and structure factors. The 

response qi’(t) to harmonic boundary conditions is then 

calculated (thanks to the transfer functions in the 

frequency domain, deduced from those in the Laplace 

domain (Pipes, 1957)) and the objective function F is 

determined. The equivalent wall minimising the F-value 

is selected. 

4) Determination of physical properties (k, c) of each 

layer of the equivalent wall, from the values of their 

thermal resistance and heat capacity and by fixing the 

value of their thickness and their density (ρ). 

Presentation of the building and the thermal bridges 

The studied building is a fictitious one. It is a two-storey 

detached house (simple rectangular shape) and each 

storey is divided in four equal parts by internal walls. Its 

characteristics are those of a passive house (good thermal 

insulation and air-tightness) and they are listed in Table 1. 

Heat flux is really 1-D on 43% of the outside envelope 

surface area. 

Table 1: Geometrical and thermal characteristics of the 

studied fictitious building. 

V Afloors Aloss Awindows n50 

m³ m² m² m² h-1 

558 2x87 414 27.2 0.6 

Uwall Uroof Ufloor slab Uwindow gglazing 

W/m²K W/m²K W/m²K W/m²K - 

0.175 0.121 0.126 0.57 0.585 

The following hypotheses are made for the building 

modelling: 

• A one-zone model is used (single indoor air 

temperature); 

• Ground temperature is 10°C, whatever the depth; 

• Door, chimney, gutter, cables, slight slope of the 

roof, etc. are not considered; 

• Bricks are perfectly joined; 

• Air- and water-tightness membranes are not 

modelled (no thermal influence); 

• Solar protections are used in summer; 

• No superposition of thermal bridges is assumed; 

• Outside the thermal bridges’ areas, the layer 

made-up of insulation and wood studs can be 

replaced by an equivalent layer (thermal 

properties are deduced by an area weighting of 

those of both materials). This procedure has been 

validated by Karambakkam (2005) and the good 

accuracy of this simplification has been verified. 

Six thermal bridges are selected and analysed: roof – 

external wall junction (TB1, Figure 2), intermediate floor 

– external wall junction (TB2, Figure 3), floor slab – 

external wall junction (TB3, Figure 4), window frame – 

external wall junction (TB4, Figure 5), internal wall – 

external wall junction (TB5, Figure 6) and corner (TB6, 

Figure 7). They are 2-D thermal bridges, but for some 

ones a slice of the detail (L = 0.2 m) is studied. Materials 

are listed in Table 2. 

 

 

Figure 2: TB1: Roof – external wall junction. 
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The floor slab – external wall junction (TB3) is a 

particular case with three zones of temperature: it is in 

contact with outdoor temperature, indoor temperature and 

ground temperature. The thermal bridge is divided into 

two parts by using a methodology proposed by Aguilar et 

al. (2014). An equivalent wall is determined for each part 

(upper part and lower part, Figure 4), the corresponding 

boundary conditions are applied, and the contribution of 

each part is summed. 

 

Figure 3: TB2: Intermediate floor – external wall 

junction. 

 

 

Figure 4: TB3: Separation of the floor slab – external 

wall junction (upper part – lower part). 

 

 

Figure 5: TB4: Window frame – external wall junction. 

 

Figure 6: TB5: Corner. 

 

 

Figure 7: TB6: Internal wall – external wall junction 

(symmetry is considered). 

Table 2: Materials of the studied building. 

Number Material 

1 Brick 

2 Air 

3 Fibreboard of wood 

4 Rockwool 

5 OSB panel 

6 Wood 

7 Plaster 

8 Concrete 

9 Tiling 

10 Polyolefin foam 

11 Reinforced concrete 

12 Cement-based screed 

13 Aerated concrete 

14 Polyurethane 

15 Frame (wood) 

Properties of the six thermal bridges are listed in Table 3. 

Table 3: Properties of the thermal bridges. 

 Ψ L R C 

 W/m.K m m².K/W kJ/m².K 

TB1 -0.039 37.4 8.30 156 

TB2 0.044 37.4 4.42 458 

TB3 up. 
0.021 37.4 

5.39 258 

TB3 low. 6.49 1139 

TB4 0.048 68 3.05 267 

TB5 -0.107 16.9 9.66 217 

TB6 0.005 2x16.9 5.24 300 

 S1-D ϕii ϕie ϕee 

 m²/m - - - 

TB1 1.90 0.214 0.059 0.668 

TB2 0.86 0.448 0.053 0.446 

TB3 up. 0.61 0.118 0.063 0.756 

TB3 low. 0.90 0.056 0.010 0.924 

TB4 0.62 0.183 0.065 0.687 

TB5 1.50 0.074 0.039 0.848 

TB6 0.31 0.244 0.057 0.641 
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Validation of equivalent walls 

In order to check if the thermal bridges and their 

equivalent walls have the same thermal behaviour, 

evolutions over time of heat fluxes through the inside 

surface are analysed in the same conditions (from t = 0h 

to t = 2000h). Hourly meteorological data of Brussels 

(Belgium) are used for the outdoor temperature Te and the 

solar heat flux (south orientation, a solar absorption factor 

of 0.75 is used). A realistic variable indoor temperature Ti 

is used (Figure 8). Standard values of surface heat transfer 

coefficients are fixed (Ui = 8 W/m²K, Ue = 23 W/m²K). 

These boundary conditions are different from those used 

to define the equivalent wall. Time step is 1h. 

  

Figure 8: Environment temperatures over time. 

Numerical simulations of heat conduction problems are 

performed with the COMSOL Multiphysics software 

(2015). For dynamic simulations, meshing consists of 

triangular elements and quadratic shape functions are 

used: the number of degrees of freedom is between 5000 

and 150000 for the 2-D and 3-D studied geometries. The 

initial condition is 20°C in the entire domain. 

The following error indicators are used to quantify the 

accuracy of the model over the 2000h-period (the results 

for the initial 2-D/3-D geometry are the reference): 

• εav: average error on heat flux over the studied 

period [W/m]; 

• εmax: maximal error on heat flux over the studied 

period [W/m]; 

• E: relative error on the temporal integral value of 

heat flux over the studied period (rectangle rule) 

[%]. 

Moreover, the results of a classic 1-D evaluation of the 

heat flux through the thermal bridge are also compared: a 

dynamic evaluation is performed for the 1-D clear wall 

(without thermal bridge) and the linear transmittance Ψ 

(static contribution) of the 2-D thermal bridge of length L 

is added via Eq. (2). 

 𝑞𝑖,𝑐𝑙𝑎𝑠𝑠𝑖𝑐(𝑡) = 𝑞𝑖,1𝐷(𝑡) + 𝛹 × 𝐿 × (𝑇𝑒(𝑡) − 𝑇𝑖(𝑡)) (2) 

Building energy simulation 

Three thermal bridge models are used to evaluate the 

building energy performance: 

• No consideration of thermal bridges effects; 

• Static modelling of thermal bridges, via their Ψ-

value (the total contribution of the thermal 

bridges is 2.615 W/K); 

• Dynamic modelling of thermal bridges, by 

replacing the thermal bridges by their equivalent 

walls.  

Building energy simulations are performed with the 

TRNSYS17 software (2012) and the time step is 1h. 

Considering a time step of ten minutes, there is a 

difference on yearly energy needs of some tenths of a 

percent but the relative differences between results of the 

three models are similar. 

Hourly meteorological data of Brussels (Belgium) are 

used. Heating set point is 20°C from 6:00 to 9:00 and from 

16:00 to 22:00 during the week and from 8:00 to 22:00 

during the weekend, and it is 16°C the rest of the time. 

Cooling set point is always 25°C. Heating power is 

limited to 4 kW and cooling power to 2 kW. Heating 

system is switched off from 1st May to 30th September. 

Daily average value of internal gains is around 600W 

(variation according to occupancy), mechanical 

ventilation rate is 0.35h-1 and the air leakage rate is 

0.024h-1 in real conditions (corresponds to the result of a 

blower-door test respecting the passive label). For the 

ventilation system, there is a heat recovery device 

(effectiveness = 85%) without any by-pass. 

For each thermal bridges modelling, heating and cooling 

energy needs, overheating, energy power and evolution of 

indoor temperature are analysed in three cases: without 

any system, with heating and cooling systems and with a 

heating system only. “Without any system” means that 

only solar heat flux, outdoor temperature and air 

infiltration are taken into account as solicitations (no air 

ventilation, internal gains and heating/cooling systems). 

The reference case is the one without thermal bridges 

effects. 

Results 

Validation of the equivalent walls 

Evolutions over time of heat fluxes through inside surface 

of real detail and of its equivalent wall are compared to 

the classic evaluation (1D+Ψ), for each thermal bridge of 

the building, on Figures 9-14. Results are zoomed on the 

1200h-1368h period (20th February to 26th February). 

Curves of the equivalent walls are almost superimposed 

to that of the multidimensional details. There is a slight 

gap in two cases, the window frame – external wall 

junction (Figure 12) and the internal wall – external wall 

junction (Figure 14), without significant time lag. 

 

Figure 9: Inner heat flux over time, models of roof – 

external wall junction (TB1). 
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Figure 10: Inner heat flux over time, models of 

intermediate floor – external wall junction (TB2). 

 

Figure 11: Inner heat flux over time, models of floor slab 

– external wall junction (TB3). 

 

Figure 12: Inner heat flux over time, models of window 

frame – external wall junction (TB4). 

 

Figure 13: Inner heat flux over time, models of corner 

(TB5). 

Results are less accurate for the classic evaluation: 

amplitude of variations of heat fluxes is higher for some 

cases and is lower for the other ones. 

Error indicators for equivalent walls and classic 

evaluations (1D+Ψ) are listed in Table 4.  

 

 

Figure 14: Inner heat flux over time, models of internal 

wall – external wall junction (TB6). 

Less accurate results are obtained for the window frame – 

external wall junction (TB4), but they remain satisfactory:  

a fraction of the heat flux is quickly transmitted through 

the frame part and the other fraction of heat flux is 

transmitted through the wall with a higher time constant. 

When there exist thermal phenomena with very different 

time constants, one 1-D equivalent wall could be 

insufficient to correctly model the reality. An average 

error of 0.4 W/m is obtained for the equivalent wall and 

of 0.6 W/m for the classic evaluation. Value of heat flux 

integral is largely better for the equivalent wall: an error 

of 0.05% against an error of 9% for the classic way. 

Table 4: Accuracy of thermal bridge models: error 

indicators. 

 Model εav εmax E 

- W/m W/m % 

TB1 
Equiv 0.15 0.69 0.01 

1D+Ψ 1.48 10.4 17 

TB2 
Equiv 0.13 1.03 0.09 

1D+Ψ 4.29 16.2 5.4 

TB3 
Equiv 0.10 0.86 0.51 

1D+Ψ 1.95 9.50 0.47 

TB4 
Equiv 0.42 2.01 0.05 

1D+Ψ 0.62 2.93 8.9 

TB5 
Equiv 0.09 0.77 0.04 

1D+Ψ 1.05 6.08 8.4 

TB6 
Equiv 0.11 0.51 0.28 

1D+Ψ 0.37 2.09 2.2 

For the equivalent walls of other thermal bridges, average 

and maximal errors are lower than 0.15 W/m and 1 W/m 

respectively. The maximal error on value of heat flux 

integral is 0.5%. Average error on inner heat flux is 3 to 

35 times higher for a classic evaluation and error on 

integral value can reach some percent (17% in the worst 

case). 

Average errors can be multiplied by the length of each 

thermal bridge and the total error of each method is 

estimated by summing the contribution of each thermal 

bridge. Total average error is 51 W for the equivalent wall 

method and 361 W for the classic method (multiplying 

factor of 7 and difference of about 300 W). 

These results validate our equivalent wall method in 

conditions different from the training data and confirm a 

more accurate evaluation of the thermal bridges effects 

than with a classic consideration. 
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Impact of the thermal bridges modelling on building 

thermal behaviour 

A first analysis is performed for a simulation without any 

system to evaluate the natural reaction of the building to 

external variations of solar heat flux and air temperature. 

That can highlight the differences of building behaviour 

induced by the three thermal bridge models. Evolutions of 

indoor temperature for each model and of outdoor 

temperature are shown on Figure 15 (zoomed view on the 

beginning of the year). 

On Figure 15, variations of outdoor temperature are 

largely higher than those of indoor temperatures. High 

level of walls insulation, inertia of some concrete layers 

and the contact with the ground at constant temperature 

participate to smooth indoor temperature. 

Indoor temperature without considering the thermal 

bridges is almost always higher than that with static 

thermal bridge model (maximal difference of 0.2°C) and 

their dynamic seems similar. 

 

Figure 15: Outdoor and indoor temperatures over time – 

no system. 

By comparing the results between the cases with static 

thermal bridges and dynamic thermal bridges, yearly 

average indoor temperatures are close (16.2 and 16.1°C) 

but variations of indoor temperature seem slightly lower 

and slower by using the dynamic model (for example, the 

average slope is -0.08°C/h over the first 80 hours and the 

temperature is between 2.1 and 28.8°C over the year while 

these values are -0.09°C/h and between 1.9 and 29.2°C 

for the static model). 

These observations tend to conclude that the global inertia 

of the building is slightly higher, in this case, if the 

dynamic behaviour of thermal bridges is considered. 

A simulation with air infiltration, ventilation, internal 

gains and heating and cooling systems is performed to 

evaluate the difference in energy needs of the building for 

the three studied models. Yearly heating and cooling 

energy needs are listed in Table 5. Energy needs are 

divided by floor area (2 x 87.22 m²). Given the results of 

the previous section, the real dynamic effects of thermal 

bridges are well considered with our equivalent wall 

method: using this method improves evaluation of the 

impact of thermal bridges on the building energy 

behaviour and it might reasonably be assumed that the 

results are then more accurate, compared to using a static 

consideration or no consideration of thermal bridges. 

Table 5: Yearly heating and cooling needs according to 

TB model. 

 Heating energy needs 

Without 

TB 

Static 

TB 

Dynamic 

TB 

kWh/m² kWh/m² kWh/m² 

Yearly 8.66 9.15 

+5.7% 

9.04 

+4.4% 

 Cooling energy needs 

Without 

TB 

Static 

TB 

Dynamic 

TB 

kWh/m² kWh/m² kWh/m² 

Yearly 7.75 7.53 

-2.8% 

7.07 

-8.8% 

In Table 5, energy needs are very low (considering that 

the passive label requires yearly heating energy needs 

lower than 15 kWh/m²): 8.7 kWh/m² for heating and 7.8 

kWh/m² for cooling, without considering the thermal 

bridges effects. 

About 90% of the heat losses of the building are heat 

losses through walls or windows and the thermal bridges 

increase by about 5% the heating energy needs: static and 

dynamic models lead to a similar result. Dynamic model 

of thermal bridges leads to slightly lower heating energy 

needs, due to a low increase of global inertia of the 

building in this case. 

At the opposite, the thermal bridges decrease the cooling 

energy needs: that seems logic as heat losses are increased 

and thus the risk to overtake 25°C is reduced (only when 

outdoor temperature is higher than indoor temperature, 

the thermal bridges can increase overheating, but it is 

quite unusual). Their impact is multiplied by 3 if their 

dynamic effects are considered (-9%), compared to the 

case where the static effects are considered (-3%). 

Dynamic model of thermal bridges leads to lower cooling 

energy needs, also due to a slight increase of global inertia 

of the building. 

On Figure 16 and 17, evolutions of heating and cooling 

powers over a week are shown for the simulations with 

static and dynamic models of thermal bridges (the red 

curve is the difference between the values of both cases).  

 

Figure 16: Heating energy power over a week: 

comparison of TB models. 
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Figure 17: Cooling energy power over a week: 

comparison of TB models. 

On Figure 16, difference of heating power between both 

curves is quite balanced and the positive and negative 

differences are compensated over the year. It is observed 

that this difference reaches up to 600 W (15% of the 

maximal heating power) and average difference is around 

150 W (considering only the hours during which a heating 

power is needed over the year). 

On Figure 17, it is observed that difference of cooling 

power reaches up to 450 W (22.5% of the maximal 

cooling power) and average difference is around 80 W 

(considering only the hours during which a cooling power 

is needed over the year). 

A last analysis is performed by cancelling the cooling 

system to study the problems of overheating. Degree 

hours of overheating are listed in Table 6, for different 

threshold temperatures. 

Table 6: Degree hours of overheating of the building for 

some threshold temperatures, according to TB model. 

Threshold Without 

TB 

Static 

TB 

Dynamic 

TB 

°C °C.h °C.h °C.h 

23 20421 19601 

-4.0% 

18647 

-8.7% 

25 12974 12325 

-5.0% 

11542 

-11.2% 

26 9822 9255 

-5.8% 

8522 

-13.2% 

28 4681 4306 

-8.0% 

3787 

-19.1% 

In Table 6, it is observed that taking into account the 

thermal bridges decreases overheating. It is the same 

justification as for the decrease of cooling needs (both are 

linked). 

By using a temperature threshold of 23-28°C, the number 

of degree hours of overheating decreases by about 4-8% 

if a static model of thermal bridges is used and by around 

9-19% if a dynamic model of thermal bridges is used, 

compared to the case without thermal bridge. Higher is 

the temperature threshold, higher is the impact of the 

model of thermal bridges. 

The impact of thermal bridges on degree hours of 

overheating is multiplied by 2 to 2.5 if the dynamic model 

is used instead of the static model. Dynamic model of 

thermal bridges leads to a lower value of degree hours of 

overheating, again due to a slight increase of the global 

inertia of the building. 

Conclusion 

Aim of this paper was to evaluate the impact of using the 

equivalent wall method, for thermal bridges modelling, on 

energy needs of a particular building, with high levels of 

thermal insulation and air-tightness. 

Principles of our equivalent wall method are linked to the 

structure factors and to the heat fluxes in the frequency 

domain. This method allows to consider the dynamic 

thermal effects of multidimensional geometries in any 

building energy software considering the heat flux as 

being 1-D: evaluation of energy needs of a building is then 

more precise and the sizing of energy systems is more 

reliable. Moreover the thermo-physical properties of each 

layer of equivalent walls are easy to introduce into those 

software, and they are valid for any boundary condition 

or time step. 

Six thermal bridges of a fictitious wooden-structure house 

are studied: heat flux is 1-D on only 43% of the external 

surface area. In dynamic and realistic boundary 

conditions, equivalent walls have a thermal behaviour 

very close to that of the real details and are validated with 

boundary conditions (hourly weather data, with solar heat 

flux) different from those (harmonic signals, without solar 

heat flux) used to define the equivalent wall. They are 

more accurate than the classic 1-D evaluation, as the total 

average error on heat flux through the thermal bridges is 

seven times lower. 

This building has very low yearly heating and cooling 

energy needs (< 10 kWh/m²). Using a static or dynamic 

modelling of thermal bridges in energy simulation of this 

building is compared. The dynamic model of thermal 

bridges leads to a lower value of degree hours of 

overheating and lower heating/cooling energy needs: this 

is due to a higher global inertia of the building (light 

structure), in this case, by considering the dynamic effects 

of the thermal bridges. 

Between both cases, there is no significant difference in 

heating needs. The impact of thermal bridges on yearly 

cooling needs is multiplied by three by using the dynamic 

model, even if the absolute difference remains quite low 

(80 kWh). Nevertheless, a quite significant difference can 

exist for the required power by the systems at a particular 

moment: this difference reaches up to 15% of the maximal 

value for heating power and up to 22.5% for cooling 

power. 

Of course, before generalising the conclusions, impact of 

thermal bridges modelling must be studied on other types 

of building (depending on thermal insulation level, 

renovated or new building, heavy or light structure, etc.). 

Ideally, those results should be compared to those of a 3-

D dynamic modelling. 

To improve the results when phenomena with very 

different time constants occur in real geometry, two 1-D 

equivalent walls in parallel could be used. 
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Moreover, an adaptation is needed to use our equivalent 

wall method for a multizone model of the building as the 

heat flux transferred through the thermal bridge to the 

whole building can be correctly calculated but not the 

repartition of the flux to each impacted room. Some 

developments are under way and the first results are 

encouraging. 

A last interesting improvement is to create an inventory 

or general rules to determine the equivalent walls of 

various configurations of 2-D/3-D details. 

Nomenclature 

A, surface area [m²] 

c, specific heat [J/kg.K] 

C, heat capacity [J/m².K] 

e, outdoor/exterior (subscript) 

E, error on value of heat flux integral [%] 

F, error function [W] or [W/m] 

g, solar factor [-] 

i, indoor/interior (subscript) 

k, heat conductivity [W/m.K] 

L, length [m] 

n50, air leakage rate (Δp = 50 Pa) [h-1] 

qi, heat flux through inside surface  [W/m] 

R, thermal resistance [m².K/W] 

t, time [h] or [s] 

T, temperature [°C] 

TB, thermal bridge 

U, heat transfer coefficient [W/m².K] 

V, volume [m³] 

ε, error on heat flux value [W/m] 

Ψ, linear thermal transmittance (thermal bridge) [W/m.K] 

ρ, density [kg/m³] 

ϕii, ϕie, ϕee, structure factors [-]  
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Abstract 

A new holistic approach of system optimization 

based on the reduction of simulation period rather 

than the model itself is a current subject of interest in 

the domain. This paper starts by comparing precision 

and efficiency of the reduction approaches used in 

the literature, the clustering approach and the 

iterative method are found to be the most practical.  

Further analysis is performed on the iterative 

approach. It proved its efficiency in estimating 

annual performance while monthly performance not 

accurately estimated. Moreover, a parametric 

analysis is done on this approach to validate its 

stability and showed that it is sensitive to the size and 

thermal inertia of the system and therefore not 

capable to be generalized but requires further 

enhancement. 

Introduction 

Globally, the building sector is one of the largest 

consumers of energy and accounts for about 40% of 

the total energy consumption (Pérez-Lombard, Ortiz 

and Pout, 2008). Energy consumption and demand 

of services increase with the growth in economy and 

population rising the building energy demand to the 

levels of transport and industry. 

However, the building sector offers significant 

potential for improved energy efficiency with high-

performance envelops and energy-efficient systems. 

From this point, the interest in building design 

optimization has become the trend of the domain. 

Optimization algorithms have been used because of 

the need for energy system designs that minimize 

costs and environmental impact. Studies have been 

done on many parameters that play a role on the 

building performance and may improve its impacts.  

Yet, performing holistic approaches on buildings, 

which takes into consideration both the envelope and 

the systems, leads to the complexity of models under 

study, especially when analyzing heat networks in 

the case of multiple buildings i.e. districts or blocks, 

leading therefore to unfeasible computational time 

expenses. Usually, this issue is solved by reducing 

the complex models into simplified ones, as for 

example neglecting some decision parameters, using 

analogical RC models or proposing meta-models 

such as artificial neural networks or kriging models. 

A new holistic approach that might solve those 

doubts is a current case of interest. It is based on the 

reduction of period of simulation rather than the 

model itself. The approach evaluates annual 

performance starting from a short sequence of 

typical selected days as representatives of other 

similar ones as shown in Figure1. 

 

Figure 1: The relation between the complexity of 

the case study and the type of time sequence used 

for simulations. 

However, several questions rise concerning the 

credibility of this method and its capability to 

estimate annual performances from a reduced period 

of time. How much computational time can be 

economized? Is it applicable to all case studies or 
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limited to specific ones by itself? Is the short 

sequence stable enough to assess, starting from 

certain criteria, other ones not taken into 

consideration when constructing the short sequence? 

What about the criteria that are related to the 

dynamism of a simulation, such as thermal inertia? 

To try to reply to all those questions and other, this 

paper starts by presenting the main approaches find 

in the literature regarding their method of 

functionality and the comments put by the 

researchers. One of those approaches is then selected 

for further assessments by analyzing its 

performances and performing parametric analysis to 

assess its stability in system model studies. Finally, 

the conclusion wraps up the lessons learnt and 

implements several perspectives for future research 

work  

Sequence Reduction Methods 

The literature contains various methods to select a 

representative set of historical periods. The process 

starts by the original annual data and ends in a short 

sequence that will be later used in system study, 

system characterization or system optimization. The 

selection criteria depend on the evaluated attributes. 

Usually weather data and load curves are taken into 

consideration. Other criteria could be used such as 

maximum power and internal temperature. These 

selection criteria can have several profiles such as 

temporal curves, cumulative curves, scatter of points 

or unitary recordings. 

The methods can be grouped in three large 

categories: Heuristic Methods, Iterative Methods 

and Grouping Algorithms.  

Heuristic Methods 

When finding an optimal solution is impossible or 

impractical, heuristic methods can be used to speed 

up the process of finding a satisfactory solution. The 

heuristic method is a problem solving that employs 

a practical method, not guaranteed to be optimal but 

sufficient for reaching an immediate goal. The idea 

behind most of simple heuristic methods is to select 

a number of periods with different load and/or 

meteorological conditions in order to capture a 

variety of different events, Figure 2. Belderbos 

(2015), Fripp (2012) and Hart (2011) reduced the 

data size of building performance by selecting 

specific days that contain hours with extreme 

meteorological and load events to characterize 

typical system behavior.  

 
Figure 2 Heuristic method in typical day selection. 

Iterative Methods  

The iterative method is an approach that searches for 

the best solution after repeating the same action 

several times and comparing the quality of results in 

each iteration, Figure 3. There are many examples in 

the literature that use this method for day selection, 

either directly by implementing iterations or 

indirectly through performing graphical methods as 

the work done by Ortiga, Bruno and Coronas (2011) 

or through performing Mixed Integer Linear 

Programing (MILP) based iterations. 

 
Figure 3: Iterative method in typical day selection. 

The French Commission of Alternative Energies and 

Atomic Energy (CEA) has developed an iterative 

method that reduces a whole year into twelve days 

and was used for testing a solar combisystem. The 

method was called Short Cycle System Performance 

Test (SCSPT), which selects the short sequence 

based on the energy demand and energy stored in the 

system. Results were very promising and the 

sequence was able to reproduce the annual 

performance with a good degree of accuracy 

applicable for different models (Albaric, Nowag, and 

Papillon, 2008). 

Grouping Algorithm 

More advanced approaches to select a representative 

set of historical periods employ grouping algorithms. 

Days with similar attributes are grouped into clusters 

followed by day selection of each group, Figure 4. 

While clustering algorithms were the most preferred 

in studies (Fazlollahi and Maréchal, 2014; Menegon, 

Soppelsa, and Fedrizzi, 2017; Ribault, 2017), some 

studies employed discriminant analysis, to achieve 

grouping (Balachandra., 1999). 
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Figure 4: Grouping method in typical day selection. 

Extrapolation of Results 

The process of time reduction is also directly related 

to the way of extrapolation of the results found by 

the selected days. The adequacy of the extrapolated 

results and their proximity to the real values are the 

indicators for the success or failure of the method. 

Extrapolation is usually performed by two main 

methods: multiplying the obtained results by a 

proportion or multiplying the obtained results by the 

weight of the group represented by a day. While the 

former is usually used in heuristic and iterative 

approaches, it is simpler yet less accurate logically 

than the latter. Multiplying by a proportion is the 

multiplication of the results of a short simulation 

sequence by a single scalar depending on the number 

of days in the short sequence, so it gives the same 

effect for all the days of the sequence regardless of 

their real representation. On the other hand, 

extrapolation by actual group weight multiplies each 

value by a unique scalar that depends only on the 

weight of the group it came from. This way of 

extrapolation is inevitable in clustering algorithms 

where the scalar depends on the size of each cluster 

Comparison of the Methods 

In the literature, it is noticeable the predilection by 

the researchers into using clustering algorithms 

rather than other methods, with a special interest in 

the K-means clustering method. This interest is due 

to its good performance in achieving the objective. 

The computational time expense was least in 

heuristics and clustering algorithms. Analysis done 

by researchers showed the importance of considering 

peak periods for improving the accuracy of the study 

where adding them as isolated clusters will represent 

the days with extreme demands and therefore 

enhance the obtained results. Heuristic method is the 

simplest one of reduction algorithms where no 

difficult coding with complicated math equations is 

required through the procedure. However, when it 

comes to the precision of the obtained results after 

simulating the short sequence and comparing its 

compatibility with the annual sequence, the 

performance of the heuristic approach is the worst 

(Kotzur L. and Markewitz P.(2018)). Expecting 

precise results from a heuristic method requires high 

experience by the operator to get an efficient 

sequence and not wasting time by trial and error. 

This is not found in clustering and iterative cases 

where it is left for the computer to do all the trials 

and give finally the selected sequence, with a higher 

precision, and a shorter period. 

On the other hand, the diversity of the case studies 

found in the literature does not make us able to favor 

a method over another. The efficiency of the method 

is directly related to the system studied or optimized. 

However, it was shown that the same method could 

be used to study several case studies, which is a 

major benefit in the sake of defining a new approach 

to be used in optimization studies. Where in such 

studies, continuous modification of model 

parameters takes place throughout the optimization 

procedure. Therefore, the use of an approach that 

shows stability despite the modifications is 

necessary.  

For that reason, further study was done on the 

iterative approach SCSPT to assess its stability and 

parametric analysis was performed to define its 

efficiency. 

Case Study 

The solar combisystem model tested is presented in 

Figure 5 and is explained by Cheze D. et al (2014). 

It supplies energy for a two story residential building 

constructed in Le Bourget du Lac, France.  

 

 
Figure 5: Solar combisystem model. 

Assessment of SCSPT 

 In order to build the short sequence, SCSPT uses 

three monthly climate criteria in addition to several 

monthly performance criteria as attributes for the 

calculation of the selection criteria. The three 

selection criteria are: 

 A “Target Ambient Temperature” T’amb 

calculated from the monthly ambient 

temperature (Tamb), the monthly space 

heating energy consumption (Qheating) for 

the heating season and the monthly internal 

temperature (Tint) for the cooling season. 

 

 A “Target Total Irradiation Sum” G’coll on 

the collector’s surface calculated from the 

monthly total solar irradiation sum (Gcoll), 

the monthly energy stored in the tank (Qsto), 

the electrical energy needed (Qaux) for the 
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heating season and the energy need for 

cooling (Qcooling) in the cooling season. 

 

  A “Target Total Horizontal Irradiation 

Sum” G’hor calculated from the monthly 

total horizontal irradiation sum (Ghor) and 

the monthly internal temperature (Tint). 

  

The algorithm then searches for real annual days that 

would have the closest criteria to those three criteria 

by calculating a global error  and limiting it to a 

threshold . 

These steps are repeated continuously for each 

month until constructing the 12 days simulation 

sequence. 

In order to assess the efficiency of the SCSPT 

algorithm, we analyzed three criteria used in the 

calculation of the selection criteria:  

 

 Electrical energy needed Qaux 

 Energy stored in the Tank Qsto 

 Energy for space heating Qheating 

 

Those three criteria would give an idea about the 

energy aspect of the system.  

We also analyzed a forth criterion that was not used 

in the selection process 

 

 Collector’s temperature Tcoll 

 

This criterion would give an idea about the durability 

of the system through the distribution of the 

collector’s temperature over the sequence, which is 

also a performance criterion under interest in model 

studies.  

Analyzing the results of the reference model with a 

collector surface of 9.3 m² and a storage tank volume 

of 0.8 m3, it is clear from Figures 6-8 that the SCSPT 

algorithm is able to estimate very closely the annual 

sum of the energetic criteria with errors inferior to 

10%. However, reproducing similar values to the 

monthly ones is not very efficient where there is 

always noticeable gaps in the plots and the 

coefficient of determination (R²) ranged between 

0.59 and 0.68. Moreover, despite the temperature of 

the collector was not taken into consideration while 

the development of the SCSPT method, Figure 9 

shows that it is still able to predict the annual 

recordings of the collector’s temperature with a 

relatively good precision and an R² of 0.827. 

However, the discrepancies in the estimation of 

picks might be reasoned by the adopted method of 

extrapolation. In SCSPT, extrapolation is done by a 

scalar of 365/12, thus giving equal weights to all 

representative days which is not the case in reality 

and might lead to over prediction. 

 
Figure 6: Estimation of the electrical energy. 

 
        Figure7: Estimation of the energy stored in 

Tank. 

 
     Figure 8: Estimation of the space heating energy. 

 
  Figure 9: Estimation of the recorded temperatures 

of the collector. 
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Generalization Assessment 

In order to check if the approach still works upon 

changing of the case study, a generalization 

assessment is required. Therefore, a parametric 

analysis is done using Latin Hypercube Sampling 

(LHS) as a statistical method of sampling. The 

surface of the solar collector and the volume of the 

storage tank were modified. The aim is to assess the 

stability of the approach and verify that the generated 

sequence is still capable in estimating the annual 

performances. The study consists in generating three 

new short simulation sequences of 12 days for three 

new solar combisystem models (modifying the 

surface of collector S and the volume of the storage 

tank V). Then, for each short sequence, the 

parametric modification is performed. Therefore, 

four cases in total to generate the short sequence 

were tested.  

 Case 1(Reference): V=0.8 m3 S=9.3 m²  

 Case 2: V=1.3 m3  S=20m² 

 Case 3: V=0.6 m3  S=5m² 

 Case 4: V=0.3 m3  S=17.5m² 

 

Table 1 shows the different samples that were tested 

for each case with “Sample 7” being the sample of 

the original model.  

Table 1: Different samples studied in the 

parametric analysis. 

Sample Collector 

Surface  

(m²) 

Storage Volume  

(m
3
) 

1 7.5 0.3 

2 17.5 0.3 

3 5 0.5 

4 12.5 0.5 

5 17.5 0.7 

6 20 0.7 

7 9.3 0.8 

8 7.5 0.9 

9 12.5 0.9 

10 15 0.9 

11 5 1.1 

12 20 1.1 

13 7.5 1.3 

14 17.5 1.3 

15 10 1.5 

 16  12.5 1.5 

 

 

Figures 10-14 show respectively the results obtained 

in each case for total auxiliary energy estimation 

Qaux, Energy stored in tank estimation Qsto, Space 

heating estimation Qheat recorded hours of collector 

temperature above 45°C estimation and the recorded 

hours of collector’s overheating estimation 

(collector temperature >100°C). Each tested short 

sequence is assigned a shape on the plots i.e. Short 

Sequence 1: “X”, Short Sequence 2: “+”, Short 

Sequence 3: “●” and Short Sequence 4: “▲”. The 

different samples from Table 1 are listed in an 

increasing order of the volume of the tank. They are 

assigned colors in order to have a visual idea about 

the effect of the modifications on the accuracy of the 

obtained results. The positions of the results obtained 

in the case of original models on which the short 

sequence was generated for each of the four cases are 

denoted “SS” as in Short Sequence and indicated on 

the figures. 

The plots show that the accuracy varies for each case 

and the method does not work for all system models. 

More precisely for systems with large equipment 

which was witnessed in Case 2. For the other cases, 

the estimation of the selection criteria (Qaux, Q 

stored in tank and Q space heating) were very good 

estimated with errors inferior to 10%. It was 

noticeable from Figures 10, 11, 12 and 13 that better 

energy demand estimation is achieved in the case of 

smaller storage volumes. This might be due to 

thermal inertia of the tank, the smaller the tank is the 

lesser the thermal inertia is.  Moreover, despite the 

temperature of the collector was not taken into 

consideration while the development of the SCSPT 

code, Figure 13 shows again that it is still able to 

predict the recordings of the annual performance 

despite the precision is not very high with errors 

exceeding slightly the 10% limit. The shift from the 

bisector in the figures could be improved by 

changing the method of extrapolation to a better one. 

However, Figure 14 shows that SCSPT does not 

allow the prediction of the durations of the 

collectors’ overheating in all cases and for all 

samples. 

 
Figure 10: Parametric analysis results of electrical 

energy need estimation Qaux. 
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Figure 11: Parametric analysis results of energy 

stored in tank estimation. 

 

Figure 12: Parametric analysis results of space 

heating energy estimation. 

 
Figure 13: Parametric analysis results of 

estimating temperature of collector above 45°C. 

 
Figure 14: Parametric analysis results for collector 

overheating instants estimation. 

Assessing the solar collector’s overheating is 

considered interesting in the case of system design 

because of the idea it gives about the durability of 

the system. The overheating phenomenon affects 

severely the life of the solar panel due to the high 

pressure and temperature condition that can damage 

the system over time. Therefore, having the ability 

of estimating it will give the ability of designing 

models that avoid the phenomenon of stagnation. 

However, as shown in figure 14, the SCSPT method 

is unable to predict it. For example, estimation of the 

recorded hours of overheating of Sample 12 for 

Case1 is shown in Figure 15.  

 
Figure 15: Distribution of the collectors’ temperature in 

Sample 12. 

The phenomenon of overheating took place mostly 

in systems with equipment that are oversized, when 

the collector’s area is very big compared to the 

volume of the tank and the withdrawal of hot water.  

The phenomenon of thermal inertia of the large  tank 

might be standing behind this failure in predicting 

the instants of high temperature. Where it is difficult 

for an approach that is based on several discrete days 

to estimate a physical phenomenon that takes a 

period of several consecutive days to attain stability. 

Therefore, an improvement in the selection criteria 

adding days with more sun exposure might cover the 

effect of thermal inertia and would give a more 

realistic case for simulation. 

Computational time expenses 

The main purpose in using short simulation 

sequences in building simulation studies is the 

reduction of the computational time expenses. It was 

noticed when recording the time of simulation the 

major impact of this approach. An annual simulation 

with Trnsys of the model showed in Figure 5 took 

about 19 minutes. On the other hand, a simulation on 

the 12 days sequence took 41 seconds. The time of 

reduction was reduced by about 28 times. Similarly, 

a complete parametric analysis of 16 cases (Table 1) 

took about four and a half hours for an annual 

simulation while 15 minutes for an analysis based on 

the short simulation sequence. This great reduction 
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in time of simulation was accompanied by a good 

annual sum prediction of the studied criteria but less 

accurate monthly estimations as shown in the 

previous figures. So, using such concept in 

optimization studies, but with enhanced approaches 

capable of estimating both annual and monthly 

values and applicable on different case models will 

be a breakthrough in this domain for its reduction of 

the computational time expenses. 

 

Discussion 

Thanks to the statistical study and the parametric 

analysis performed, we were able to have a general 

yet rich overview on one of the considered to be 

“developed” approaches used in the concept of 

model simulation by short cycle sequences. And 

therefore have the ability to clarify some of the many 

questions that we presented them in the beginning of 

this paper. We can say that the method is indeed 

capable to economize a lot of time of simulation in 

addition to estimating the annual sum or global value 

of several performance criteria considered important 

for any system model assessment. However, it is 

found to be unreliable when it comes to partial or 

monthly estimations and in estimating criteria which 

were not taken into consideration when developing 

the short sequence. That in addition to not being able 

to overpass the effect of thermal inertia. So, the 

method might be used, as it is, if the aim is to study 

very complex and specific models without oversized 

equipment, which usually have high computational 

time expenses, but with relatively low thermal 

inertia, so it won’t impact severely the accuracy of 

the obtained results. Moreover, while the 

generalization of the method was not found to be an 

option, modifying the way of selection and 

extrapolation by freeing the way of day selection 

from the empirical equations it is based on, might 

improve the quality of the sequence making it more 

stable upon parametric modifications.  

Conclusions and Future Work 

Performed in the literature, multi-criteria building 

simulation based on short sequence has proved its 

efficiency in the domain of buildings and in reaching 

realistic performance. Short sequence could be 

found by different approaches that can be classified 

into three categories: Iterative, Heuristics and 

Grouping methods.  

Parametric analysis after sampling with Latin 

Hypercube Sampling (LHS) had shown the ability of 

the iterative approach SCSPT in predicting annual 

performance of the energetic criteria of a solar 

combisystem. However, the approach did not work 

for all cases especially cases with large equipment. 

And the results were found to be unstable when 

simulating same sequence on different models or 

same model on different sequences. In addition to 

that, some important criteria in such studies such as 

durability of the solar collectors by estimating 

moments of overheating could not be achieved. On 

the other hand, the issue of thermal inertia was also 

detected through the study, which would cause a 

problem in estimating the performance of models 

with high thermal inertia such as the summer 

comfort. So, the SCSPT method as it is, was found 

to be not stable and sufficient for such system models 

studies and further analysis is recommended. 

This research work showed the advantage of the 

concept of model simulation based on short cycle 

sequences in the terms of the reduction of 

computational time expenses. Therefore, the domain 

of optimization might be a good field of interest 

where continuous varying of parameters takes place 

while searching for the optimal model. However, 

further improvements should be done in order to 

achieve better accuracy. For example, the criteria 

under interest should be used as selection criteria or 

performance criteria for better estimation by the 

reduction method. Therefore, the methods developed 

should cover a wider range of attributes than the ones 

covered by SCSPT. In addition to that, a better 

method of extrapolation is recommended for a fair 

representation of the temporal events and therefore a 

better prediction of the monthly and annual 

performances. From this point, the iterative approach 

and the clustering algorithm are chosen for the 

development of a new hybrid approach estimated to 

be capable of reproducing annual performance of 

building model. While the iterative approach will be 

responsible of dividing continually the annual data 

into portions of noticeable variations, the clustering 

algorithm will search for the center in each portion. 

Extrapolation will later be done based on the weight 

of each group so each group will be fairly 

represented. On the other hand, it is expected that 

thermal inertia might pose a problem in good annual 

estimation especially in the case of buildings’ 

envelopes. Therefore, this phenomenon will be 

under examination through the coming studies. 
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Abstract

Building facades regulate important building func-
tions, such as daylighting provision, glare protection
and solar heat gain management. Switchable facade
elements in combination with a control strategy must
be considered in order to dynamically balance these
functions, which are of varying relevance, depending
on the time of day and season. This paper presents
an overview of the Fener tool, which was specifically
developed for the design and evaluation of innovative
fenestration systems and their control. The Fener
tool is a building simulation program that couples
daylighting and thermal calculations on a time-step
basis, including thermal inertia calculations. This
makes the tool particularly useful to assess innova-
tive control strategies that depend at the same time
on thermal and daylighting variables. The tool can
calculate the impact of a fenestration system on the
daylight availability, glare risk, thermal comfort and
energy demand of a room. In this study, the Fener
tool is used to develop control strategies for an inno-
vative angle-selective and switchable textile technol-
ogy. The control strategies are specific to the use of
the building. Two different building uses are anal-
ysed: an office and a hospital ward.

Introduction

The design and evaluation of facade technologies
is a specific problem within building performance
simulation. The building facade provides many
functions to building occupants, such as daylight
provision, glare protection, solar heat gain manage-
ment, visual contact with the outside and privacy
(Kuhn, 2017), which are crucial for the building to
be comfortable and energy efficient. The problem is
that some of these functions are rather difficult to
represent numerically. The reason for this difficulty
is twofold. On the one hand, these functions respond
to complex optical and thermal processes involving
semi-transparent fenestration materials and compo-
nents. On the other hand, many of these functions
depend on a subjective perception of comfort and
well-being.

In addition, some of these functions act in opposing
directions. Therefore, the design of fenestration
technologies and control strategies can only aim to
balance the different functions without maximizing
all of them simultaneously. Goal-oriented design of a
building facade requires the dynamic quantification
of these functions, taking into account the use of the
building, its orientation and the climatic conditions
of the location. Given the difficulties of quantifying
some these functions in practice, the decision about
a fenestration system and a control strategy for a
certain building application is often made based on
qualitative assessment of some of these functions.
The risk of miscalculating or ignoring some of the
crucial functions of building facades is that initially
planned functions may not play a role in practice,
if the day-by-day use of the fenestration system
is completely different to the plan (Kuhn et al.,
2001). The consequences can vary from sub-optimal
performance of the facade to the replacement of
the whole facade system if, for example, a severe
glare problem is detected during the operation of the
building.
Specific building simulation tools have some
advantages over generally applicable build-
ing simulation platforms such as Open Studio
(www.openstudio.net), Diva plug-in for Rhino
(diva4rhino.com) and IDA-ICE (www.equa.se). The
use of specific simulation tools for a given problem in
building performance evaluation requires background
knowledge, which is crucial to being able to interpret
the results of the simulation. The scope of these
specific tools is also more closely related to the
assumptions made to develop them. The number
of input parameters is also smaller and thus the
accumulated uncertainty of the simulation results is
reduced (Calleja-Rodriguez et al., 2013).
A fenestration system has a first-order impact on
one room and a secondary effect at the building level
through the HVAC system. Therefore, a room is a
suitable domain for a simulation tool that aims to
evaluate facade technologies. The tool must also be
able to represent the complex thermal and optical
processes that occur in fenestration systems, and
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implement state-of-the-art models for visual and
thermal comfort. An essential feature of specific
simulation tools is also their ability to simulate
advanced control strategies, because these are crucial
to correctly balancing the different building functions
provided by fenestration systems.
EnergyPlus (Crawley et al., 2001), the most widely
used building simulation tool, implements a day-
lighting module based on the radiosity method
(Winkelmann, 1983). Although this method is
accurate enough in many applications, it has been
largely overtaken by the daylight coefficient method
(Reinhart and Herkel, 2000) and the three-phase
method (Ward et al., 2011), the latter being more
appropriate for the simulation of control strategies
for fenestration systems. The possibility to couple
EnergyPlus with daylighting simulations (either
three-phase method or daylight coefficient) is of-
fered by Open Studio and Diva plug-in for Rhino.
These tools couple the output of an annual daylight
simulation with a thermal model of the building,
which is sufficient to simulate control strategies that
depend only on optical variables, such as outdoor
irradiance, daylighting and glare indexes. However,
for control strategies that additionally depend on
thermal variables such as the indoor air temperature,
a time-step coupling between the thermal problem
and the daylighting/optical problem is required. One
tool that offers this time-step coupling is DALEC
(Werner et al., 2017). This tool offers a very high
computational speed at the price of restricting the
number of available building configurations to be
simulated. The thermal model of the fenestration
system is based on a layer-by-layer approach (EN
13790), which has important limitations as explained
later on in the text.
This paper gives an overview of Fener, a tool that
has been specifically developed for the design and
evaluation of fenestration systems and their control
(Bueno et al., 2015, 2017). Fener is a building
simulation engine based on the three-phase method
(Ward et al., 2011) and a detailed energy balance of
one room. It calculates simultaneously the heating
and cooling energy demand of the room, thermal
comfort metrics, daylighting metrics and daylight
glare indexes. Outward visual contact and privacy
can also be taken into account through the control
strategy. The tool provides significant flexibility and
accuracy in the definition of fenestration systems
and is very powerful in testing innovative control
strategies for them.
A case study is presented to illustrate one of the
applications of the Fener tool. Advances in the
fabrication of textiles have made it possible to de-
sign switchable, angle-selective textiles for building
applications. The Fener tool is used in this study to
develop suitable control strategies for one of these
textile shading devices. The control strategies are

FENER 
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system
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Figure 1: Diagram of the Fener tool.

specific to the use of the building, depending on a
set of requirements for the facade functions. Two
scenarios are considered: an office and a hospital
ward. For this case study, control strategies with
different levels of complexity are compared.

The Fener tool

A diagram of the Fener tool is shown in Fig. 1. In
the following sections, the different Fener modules are
described. The Fener tool has been evaluated against
reference simulation engines, such as EnergyPlus and
Radiance, and against measurements in a number of
studies (Bueno et al., 2015, 2017; Katsifaraki et al.,
2017).

Daylighting module

The Fener tool uses the three-phase method (Ward
et al., 2011) for daylighting calculations. The three-
phase method applies a matrix formalism to link the
radiance at the sky dome (including the sun) with
predefined sensor points in the room. The model di-
vides the light transport into three ”phases”: out-
door, indoor and transmission through the facade,
each one of them represented by a matrix of daylight
coefficients. This division makes the model partic-
ularly useful to simulate control strategies because
only the transmission matrix may need to change at
each timestep, whereas the outdoor and indoor ma-
trices remain constant during the simulation. The
method is also very computationally efficient and re-
quires only one time-consuming task to generate the
outdoor and indoor matrices through the Radiance
program rcontrib. The dynamic simulation is then
run entirely in a Python environment and consist of
matrix multiplication calculations.
The three-phase method relies on Bi-directional Scat-
tering Distribution functions that have a predefined
resolution for the incoming and outgoing light direc-
tions (transmission matrix). Without a predefined
resolution, the matrix formalism cannot be applied.
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Figure 2: Incoming light directions according to the
Klems’ formalism.

An extensively used matrix format is known as the
Klems format and consists of a matrix of 145 incom-
ing light directions by 145 outgoing light directions
(Fig. 2). The Fener tool implements the Klems ma-
trix format although higher resolution formats could
be implemented in the future.
The three-phase method is preferred to the five-phase
method, because the former has been proven to per-
form sufficiently well for daylighting calculations (Lee
et al., 2018). The five-phase method is an extension of
the three-phase method that enhances the direct ra-
diation calculation. The five-phase method requires,
in addition to the Klems transmission matrix, a more
advanced, tensor-tree BSDF format, which allows an
adaptive resolution of light directions depending on
the rate of change of light intensity in the BSDF.
The tensor-tree BSDF can also be replaced by a ge-
ometrical model of the fenestration system. Both a
tensor-tree and a geometrical model of a fenestration
system including light-scattering or light-redirecting
components are difficult to obtain.
The three-phase method is applied to calculate illumi-
nance values at a user-specified grid of horizontal sen-
sors, which are then used to analyse the daylighting
conditions in the room. Metrics such as the Daylight
Autonomy (Heschong et al., 2013) and the number of
hours for which the workplane illuminance is above
a threshold can be then calculated. The illuminance
at a user-specified control sensor is passed to a light-
ing control algorithm in order to obtain the electric
lighting demand.

Glare module

The Fener tool offers two options to quantify glare
risk throughout a year:

• Vertical illuminance at eye level.

• The Enhanced Simplified DGP method
(Wienold, 2009).

In both cases, the illuminance at a user-specified grid
of vertical sensors is calculated by the three-phase
method (see previous section for a description of the
three-phase method). Each vertical sensor represents
a view position and direction where glare risk will be
assessed.
The Enhanced Simplified DGP method is based
on the Daylight Glare Probability (DGP) index
(Wienold and Christoffersen, 2006), a metric that
can be calculated with the Radiance-based program
evalglare. The DGP accounts for two possible
sources of glare: 1) light saturation at eye level and
2) the effect of light contrast in the field of view pro-
duced by small and intense glare sources. For the
Enhaced Simplified method, the evalglare program
requires the vertical illuminance at eye level and a
simplified luminance map of the field of view, which
can be calculated with the Radiance program rtrace.
This simplified image neglects the ambient bounces of
light rays, i.e. it uses only the direct component of
the light sources, but it has been shown to preserve
the relevant information required to capture the con-
trast effect of the DGP method.
The calculation of the simplified image requires a
tensor-tree BSDF or a geometrical model of the fen-
estration system, which adds substantial complexity
to the model. The rendering process is also a time-
consuming task (it takes a few seconds for one image).
This is still acceptable for dynamic calculations but
makes Fener simulations slow (simulation of one year
takes a few hours).
Alternatively, the vertical illuminance can be used
as a glare metric. The calculation of vertical illu-
minances with the three-phase method is very com-
putationally efficient (simulation of one year takes a
few minutes). Vertical illuminance at eye level ac-
counts only for the saturation effect of glare, neglect-
ing the contrast effect. However, the method seems
to perform well compared to the DGP except for dim
light conditions where the solar disk is in the field of
view without being completely blocked by a shading
device (Konstantzos and Tzempelikos, 2017). It is
then up to the modeller to decide whether the occur-
rence of such conditions during one year can affect the
glare risk assessment of the shading device. In critical
scenarios, the Enhanced Simplified Method must be
used.

Thermal module

Fener also uses the three-phase method to calculate
the transmitted solar radiation, as well as the fraction
of it that is absorbed by each of the indoor surfaces
of the room (Bueno et al., 2015). For this calcula-
tion, not only the luminance from the sky dome is
required but also the radiance. Likewise, the BSDF
of the fenestration system has to be provided for both
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the visible and the solar spectral ranges.
In addition to the optically transmitted solar radia-
tion, fenestration systems absorb solar radiation and
transmit it as heat to the indoor environment by con-
vection and radiation. The ability of a fenestration
system to prevent solar heat gains is represented by
its Directional Solar Heat Gain Coefficient (DSHGC)
or angle-dependent g-value, which is a measure of the
total fraction of incident solar irradiance that is trans-
mitted into the building through a fenestration sys-
tem for different incoming directions. The DSHGC
can be reliably measured with a solar calorimeter un-
der stationary laboratory conditions (Kuhn, 2014).
The DSHGC of a fenestration system does not pro-
vide information about whether the absorbed solar
irradiance will be transmitted to the indoor environ-
ment via convection or radiation. However, the con-
vection/radiation split is crucial for the prediction of
indoor thermal conditions. To calculate the surface
temperature on the room-facing surface of the fenes-
tration system and, therefore, the convection/radia-
tion split, the Fener tool uses the Kuhn model (Kuhn
et al., 2011) in the version presented by (Bueno et al.,
2017). This model consists of replacing a real com-
plex fenestration system by a virtual two-layer system
with the same thermal and optical performance.
In this way, the Fener tool avoids the conventional
layer-by-layer approach to represent the heat trans-
fer through fenestration systems, making it generally
applicable to a wide range of systems. The layer-by-
layer approach, which is implemented for example in
the ISO 15099 and the EN 13790 standards, relies on
a number of assumptions that are not justified in the
case of three-dimensional structures, air- permeable
layers and deviations from ideal geometries, which
are common features in commercial daylighting and
solar-control systems.
The energy balance method is used in the Fener tool
to calculate the thermal conditions in the room. An
energy balance is solved at each indoor surface ac-
counting for the convective heat exchange with the
indoor air, the radiative heat exchange with other
surfaces and with internal heat gains, and the con-
ductive heat flux towards the interior of the sur-
face. The tool applies conventional models to obtain
the heat transfer coefficients at the surface (DOE,
2016). To model the transient conductive heat trans-
fer through opaque elements (i.e. walls, ceiling and
floor), the tool implements a conduction transfer
functions method (Mitalas and Stephenson, 1967),
which is computationally more efficient than the al-
ternative finite differences method.
The tool solves a sensible and latent energy balance at
the indoor air node to calculate its temperature and
humidity. The cooling and heating energy demand
is calculated as the amount of additional energy that
has to be provided to the air node in order to keep
the temperature between cooling and a heating set-

points. The relative humidity of the air is used in
the thermal comfort module in order to estimate the
heat losses of the human body through the skin and
respiration.

Thermal comfort module

Complex fenestration systems affect the thermal
comfort of occupants in a room through various
mechanisms:

• By increasing or decreasing the mean radiant
temperature of a room if the indoor surface tem-
perature of the facade system is different from
other surface temperatures of the room.

• By increasing or decreasing the air temperature
of the room by convection from the interior sur-
face of the facade system.

• By direct transmitted solar radiation incident on
the human body.

The thermal comfort module implemented in Fener
is based on the ASHRAE 55 and the ISO 7730 stan-
dards. It uses a seven-point thermal scale, known as
the predicted mean vote (PMV), to predict the mean
value of votes by a large group of persons. It also cal-
cuates the Predicted Percentage of Dissatisfied (PPD)
index. The PMV and PPD methods are based on a
heat balance at the skin of the human body.
The effect of the direct transmitted solar radiation
on a human body can be calculated as an increment
in the predicted mean vote, which is proportional to
the directly transmitted solar radiation (Hodder and
Parsons, 2007).
The perceived mean radiant temperature in a room
depends on the occupant position in the room. Five
different occupant positions are evaluated in the tool.

Input parameters

The Fener tool needs the following information as in-
put parameters:

• Hourly weather data in epw format.

• The geometrical configuration of the room.

• Position and orientation of illuminance sensors
in the room.

• Layer-by-layer thermal properties of opaque con-
structions.

• Occupation profiles.

• Internal heat gains, split into convective and ra-
diative, latent and sensible components.

• Illuminance setpoint for electric lighting demand.

• Infiltration/ventilation measured in air changes
per hour (ACH)

• Cooling and heating thermal setpoints for the
calculation of building energy demand.
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• The geometrical configuration of outdoor ob-
structions.

Additionally, the tool requires the following data for
every fenestration system to be simulated:

• U-value.

• Directional Solar Heat Gain Coefficients
(DSHGC).

• Bi-directional Scattering Distribution Functions
(BSDF) for the solar spectral range for irradiance
calculations.

• BSDF for the visible spectral range for daylight-
ing and visual comfort calculations.

Case study

In this section, the Fener tool is used to develop
shading control algorithms for a new shading tech-
nology. Recent improvements in the fabrication
of textiles make it possible to manufacture textiles
with enhanced functionality for architectural applica-
tions. The German project TextilKFFS is developing
switchable and angle-selective shading devices on the
basis of a new textile structure. Within this project,
control strategies for these new shading devices must
also be developed in order to exploit their enhanced
functionally.
This case study comprises two different scenarios, an
office and a hospital ward. For each scenario, two
control algorithms with different levels of complexity
are compared. The goal is to understand the benefit
of adding complexity to the control algorithms for the
new shading technology.
The boundary conditions of the two scenarios are in-
dicated in Table 1. For this case study, the office
and hospital ward have the same geometrical config-
uration and boundary conditions, except for the oc-
cupation profile. While the office is occupied from
8h to 18h, the hospital room is continuously occu-
pied. The room has one external facade with two
windows (Fig. 3). While the lower window primarily
provides glare protection, view contact to the out-
side and solar heat gain management, the upper one
is primarily responsible for daylighting. A grid of
horizontal sensors is used to evaluate the daylight-
ing conditions in the room. Likewise, vertical illumi-
nance sensors are used to evaluate glare at eye level.
A heat-mirror double glazing unit is used in combi-
nation with a switchable textile shading device. The
textile shading device has two different modes of oper-
ation, unblocked and blocked, associated with a maxi-
mum normal-hemispherical transmittance of 30% and
22%, respectively, as well as relatively low cut-off an-
gles (Fig. 4).

A workflow for developing control algorithms for
fenestration systems was proposed by (Bueno et al.,
2018). According to this workflow, the first step is to
determine the relevant functions of the fenestration
system for each specific building application. In this

Table 1: Boundary conditions of the office and hos-
pital ward considered in the case study.

Building type Office
Hospital

Location Frankfurt
Orientation South
Glazing ratio 80%
Room dimensions (LxDxH) 4m x 5m x 3m
Occupation Office: 8-18

(weekdays)
Hospital: 24h

Infiltration/ventilation 0.6ACH/0.2ACH
Internal heat gains 12 W m−2

Cooling thermal setpoint 26◦C/30◦C
Heating thermal setpoint 21◦/17◦C

Figure 3: Sketch of the room under study.

case study, the most important function for the office
scenario is determined to be glare protection, while
daylighting and solar heat gain management are also
to be included. On the other hand, for the hospital
scenario, daylighting and visual contact to the outside
have highest priority, while solar heat gain manage-
ment and privacy during the night are also relevant
functions.
For each of these functions, a control variable has to
be defined. Additionally, a set of metrics is selected
to evaluate the ability of the different control algo-
rithms to fulfil each of the facade functions (Table 2).
To calculate these metrics, extreme situations, such
as the same room with opaque or completely trans-
parent windows, have to be defined as upper limits
for daylight autonomy, cooling and heating energy
demand. As a result, the range for all of the selected
metrics is between 0% and 100%, with 100% being
the best value for the given function.
The developed control algorithms together with the
chosen thresholds for each of the controlling variables
are described in Tables 3 and 4 for the office and hos-
pital rooms, respectively.
In the office scenario, the lower window remains un-
shaded when the maximum vertical illuminance is
lower than 2700 lux and the room air temperature is
lower than 23◦C. The shading device is activated in
the blocked mode when the maximum vertical illumi-
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Figure 4: Direct hemispherical transmittance of the
switchable shading device for its blocked and unblocked
states. Optical profiles are plotted as a function of the
polar angle (θ) for zero-azimuth angle (φ = 0◦).

nance exceeds 3500 lux. The upper window is covered
with the shading device in the unblocked mode when
the average horizontal illuminance is higher than 2000
lux and the maximum vertical illuminance is lower
than 2700 lux. When the latter is higher than 3500
lux, the shading device is activated in the blocked
mode. When the office is vacant, the control al-
gorithm operates in the energy-efficiency mode as a
function of the indoor air temperature.
In the hospital scenario, the lower window is covered
with the shading device in the unblocked mode when
the room temperature is higher than 23◦C, whereas
the shading device is retracted completely when the
temperature is lower than 23◦C. The upper window
is not covered by the shading device unless the av-
erage horizontal illuminance is higher than 200 lux
and the interior room air temperature is higher than
23◦C (unblocked mode). During the night, both win-
dows are covered by the textile shading device in the
blocked mode in order to give privacy to the patients.
The advanced control algorithms for the office and the
hospital ward that have just been described are com-
pared with basic control algorithms, in which only the
most important function is controlled (Tables 3 and
4).
The results of the comparison are shown in Table
5. It can be seen that for both the office and the
hospital ward, the basic control strategy is able to
maximize the metric that corresponds to the con-
trolled function. The advanced algorithm, on the
other hand, achieves better scores in all the other
functions. For the office, the advanced control algo-
rithm achieves similar glare protection to the basic
control algorithm. However, the daylighting perfor-
mance for the hospital ward with the advanced con-
trol algorithm is significantly poorer than that with
the basic control. Nevertheless, both the advanced
and the basic control algorithms achieve good perfor-
mance of the rooms, with scores greater than 70% for
all functions.

Table 2: Selected metrics to evaluate each of the fa-
cade functions in the case study. The transparent and
opaque windows has the same thermal properties as
the original window but 100% transmittance and 0%
transmittance, respectively.

Function Control
variable

Metric

Daylight
provision

Average
hori-
zontal
illumi-
nance

= (Hours with average horizon-

tal illuminance > 400 lux)/(

Hours with average horizontal il-

luminance > 400 lux for trans-

parent window)

Glare
protec-
tion

Maximum
vertical
illumi-
nance

= (Hours with maximum vertical

illuminance < 3500 lux)/(Total

number of daylight hours)

Solar
heat
gain
manage-
ment

Indoor
air tem-
perature

= 1- (annual heating energy de-

mand)/(annual heating energy

demand for opaque window)

= 1- (annual cooling energy de-

mand)/(annual cooling energy

demand for transparent window)

Conclusion

Building simulation tools that are specifically de-
signed to address certain building performance prob-
lems have advantages with respect to generally appli-
cable building simulation programs. An example of
such a tool is Fener, which was specifically developed
to support the design and evaluation of fenestration
technologies and their control. The tool can calcu-
late the impact of a fenestration system on daylight
availability, glare risk, thermal comfort and energy
demand of a room.
Compared to state-of-the-art building energy mod-
els, such as EnergyPlus, Fener offers a time-step cou-
pling between daylighting and thermal simulations.
Fener also uses Bi-directional Scattering Distribution
Functions (BSDF) and Directional Solar Heat Gain
Coefficients (DSHGC) as input information in order
to optically and thermally characterize fenestration
systems. Alternative optical and heat transfer mod-
els for fenestration systems, which overcome some of
the limitations of conventional models, are also im-
plemented in the tool.
In this study, some of the features of the tool have
been illustrated with a case study. The Fener tool is
applied to develop and evaluate control strategies for
a new shading device technology, based on switchable
and angle-selective textiles. The control strategies are
designed to meet a set of requirements concerning
facade functions. Two scenarios are analyzed: an of-
fice, where glare protection and energy efficiency must
be guaranteed, and a hospital ward, where views to
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Table 3: Control algorithm for the office. The table
shows the conditions under occupation that must be
fulfilled in order to have the window states indicated
in the last two columns for the upper and lower parti-
tions. In case of no occupation, the control algorithm
is in the energy-efficiency mode, i.e. the shading de-
vice is retracted when the room temperature is below
23◦C. Otherwise the shading device is activated in the
blocked mode. The different window states are the fol-
lowing: 0 - unshaded glazing unit, 1 - shading device
activated in the unblocked mode and 2 - shading de-
vice activated in the blocked mode.

Advanced algorithm
Max. Max. Room Mean Low. Upp.
vert. vert. air hor. win. win.
illu. illu. temp. illu. state state
>2700 >3500 >23◦C >2000

lux lux lux
0 0 0 0 0 0
0 0 0 1 0 0
0 0 1 0 1 0
0 0 1 1 1 1
1 0 0 0 1 0
1 0 0 1 1 1
1 0 1 0 1 0
1 0 1 1 1 1
1 1 0 0 2 0
1 1 0 1 2 1
1 1 1 0 2 1
1 1 1 1 2 2

Basic algorithm
0 0 - - 0 0
1 0 - - 1 1
1 1 - - 2 2
0 0 - - 2 2
1 0 - - 2 2
1 1 - - 2 2

the outside and daylighting must be optimized. Con-
trol strategies of different complexity are compared
in terms of daylight provision, glare protection and
solar heat gain management.
The study shows the benefits and limitations of
adding complexity to the control algorithm in order
to balance different facade functions.
An interface of the Fener tool is available through
a web server https://fener-webport.ise.fraunhofer.de.
The web-interface offers the user predefined building
scenarios, for which the three-phase method matrices
have already been calculated. With a few inputs in a
user-friendly environment, new fenestration technolo-
gies can be quickly tested under different climate and
building scenarios. The simulations of the webtool
are run remotely on one of Fraunhofer ISE’s servers.

Table 4: Control algorithm for the hospital ward. The
table shows the conditions that must be fulfilled in or-
der to have the window states indicated in the last two
columns for the upper and lower partitions. The dif-
ferent window states are the following: 0 - unshaded
glazing unit, 1 - shading device activated in the un-
blocked mode and 2 - shading device activated in the
blocked mode.

Advanced algorithm
Mean Mean Room Lower Upper
hor. hor. air window window
Illu. Illu. temp. state state
> 200 > 2000 > 23◦C

lux lux
0 0 0 0 0
0 0 1 1 0
1 0 0 0 0
1 0 1 1 1
1 1 0 0 0
1 1 1 1 2

Basic algorithm
0 0 - 0 0
1 0 - 1 0
1 1 - 1 1

Table 5: Comparison of the annual performance of
the shading device for two different control strategies
(advanced and basic) for two different building uses
(office and hospital).

Office Hospital
Function advanced basic advanced basic
Daylight
provision

92% 87% 84% 95%

Glare
protec-
tion

70% 72% - -

Solar
heat gain
man-
agement
(Heating)

76% 71% 84% 75%

(Cooling) 92% 85% 88% 83%
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Abstract 
This paper aims to introduce the development of a 
simplified dynamic building energy simulation screening 
tool aimed to support early stage building design and 
feasibility studies while considering the lack of resources 
typical of those stages of the design process. The structure 
and main characteristics of the tool are discussed, 
providing insight on how they can benefit the integrated 
design process of more sustainable buildings. Results 
generated by the tool are shown to be comparable with the 
results of the simplified models, proving to be useful in 
the integration of energy aspects during the initial stages 
of building design. 
Introduction 
For a few years now, we’ve seen the constant raise in 
popularity for the concept of zero carbon buildings (ZCB) 
and its various interpretations as one of the main 
approaches in order to reduce CO2 emissions in the 
construction sector. Although the definition of ZCBs can 
take many different shapes, focusing on carbon emissions 
(ZCB) or energy consumption (ZEB); accounting for on-
site or off-site energy generation (NZEB) or allowing a 
certain level of energy consumption (nZEB), the 
movement toward more sustainable buildings is now 
apparent.  
Most countries already have national or international 
regulations in place, such as Europe with the EPBD 
(European Parliament, 2010) and its recent amendment 
(European Parliament, 2018), or Japan with targets set for 
2020 and 2030 (METI, 2010). Other countries are 
developing such policies with short term targets, such as 
China (Zhang, 2018). Finally, in countries where there is 
no push from governments, a bottom up approach can be 
seen, with independent organizations and virtuous local 
authorities setting the path for the adoption of such 
standards. 
The trend toward ZCB is inevitably leading to an increase 
in complexity in the design and operation of buildings, 
pushing their performance to the limit and integrating 
multiple systems and technology (Athienitis et al., 2010). 
This consequently leads to the need of performance 
optimization, something that can only be achieved by 
adapting the design process by applying a more integrated 
approach, through what is commonly defined IDP, 
integrated design process, and the use of advanced tool 
such as building performance simulation, particularly in 

the phases when they can achieve the best results, such as 
the first phases of the design process  (Ferrero et al., 
2015). 
A multitude of simulation tools are currently available, 
providing the users with the possibility of preforming 
advanced simulation to support the design process of the 
building, to name a few, EnergyPlus, ESP-R, IES-Ve and 
various others offer robust and validated code with a 
range of interfaces and output complexity. Nonetheless, 
many of such simulation tools are not suitable for the 
diffused integration of building performance simulation 
within the design process, particularly when looking at 
early stage design. 
Two major obstacles are seen that prevent the 
implementation of BPS in those stages, the lack of 
appropriate tools and the lack of resources (Attia et al., 
2013; Ostergard et al., 2016).  
Lack of tools is self-explanatory, as there is a clear 
perception from the end-users that none of the tools 
currently available are suitable for them, lack of resources 
can instead be traced back to the significant amount of 
time and information required to develop a building 
model, perform simulations and post process the output in 
order to obtain useful results, and this becomes more and 
more relevant when trying to apply such tools in the 
earliest stages of building design, when the process needs 
to be quick and iterative, time is scarce, and most of the 
information required for the use of complex tools has not 
been defined yet. This is not to the fault of the available 
tools, as most of them are not designed to be used during 
early stage design, when resources are very limited, and 
are better suited for the later stages of building design 
when BPS can validate the decisions made and help in 
optimizing the operations of the building. 
Other projects have attempted to tackle this issue, with 
various degrees of success. Available details on existing 
tools have been carefully analysed by the authors, coming 
to the conclusion that none is currently available and 
easily accessible that can provide a general solution for 
the integration of BPS in early stage design, as they are 
either too complex, only tackle specific aspects of  the 
problem or are only partially validated, particularly in 
relation to the use of simplified modelling to describe 
complex cases.  
Table 1 below shows a non-exhaustive list of some of the 
most promising tools identified during the research and 
for each provide a short list of the reasons why they are 
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still considered not suitable for the implementation during 
early stage building design. 

Table 1: List of Similar simulation tools considered 

MIT Design 
Advisor 

- Focused on a specific aspect,  
- Limited on inputs,  
- Strong model hypotheses,  
- Partially validated 

ZEBO b1 - Focused on a specific type of building, 
- Not web-based 

Opt-E Plus - Focused on optimization,  
- Not available to public,  
- High time requirements due to the 

number of simulations,  
- Not web-based 

H.E.N.K. - Limits in the simulation code,  
- Lack of information,  
- Not available to public,  
- Not web-based 

Based on this initial assessment, what is needed in order 
to facilitate the implementation of BPS in the early stages 
of building design is a tool that is: readily accessible, easy 
to understand and use, fast, flexible enough to describe a 
significant number of cases, but at the same time able to 
deliver results within an acceptable accuracy range. This 
brief assessment does not take into account more detailed 
tools, such as DesignBuilder, Openstudio, IES-Ve as they 
are defined in order to be used in later stages of the 
building design. 

The proposed solution 
The proposed screening tool solves the above-mentioned 
dilemma by providing a quick and easy way to perform 
simplified energy simulation to evaluate different design 
options, fast enough to be used in early stage design while 
still able to provide useful information to fuel the decision 
process. The tool has no intention to substitute more 

complex flexible solutions already available on the 
market, such as EnergyPlus or Ies-Ve, but rather 
complement them covering stages in which the use of 
those tools cannot be justified. 
In order to create such a tool, some essential steps have 
been taken including: the selection of a suitable 
simulation code, the definition of a simplified building 
description model, the definition of all logics required to 
automatically generate the simplified model, and the ones 
required to postprocess the results into a usable form, and 
the definition of a series of databases containing the 
information required to run the simulation usually 
unavailable during early stage design. Lastly, all the 
required infrastructure and the various interfaces have 
been developed in order to provide the user with an easily 
accessible and user-friendly tool.  
The first step of the project has been the selection of the 
most suitable simulation code to support the definition 
and testing of the building description model and finally 
to be integrated in the proposed platform. Various codes 
have been initially considered and used to test the 
developed models, but finally the authors selected the 
well-known and renowned EnergyPlus as the underlying 
simulation engine (Crawley et al., 2004; Henninger et al., 
2010). 
A conceptualized scheme of the workflow and structure 
used for the development of the platform can be seen in 
Figure 1, highlighting an additional novelty aspect of the 
proposed tool, its nature as a web platform, as the only the 
input and results interfaces, identified as front end, are 
processed by the user device, while all backend processes, 
such as model generator, simulation, and postprocessing, 
are taken care of by the server.   
The definition of the building description model has been 
discussed in detail in previous publication by the authors 

Figure 1: Workflow of the tool and its subsystems 
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(Picco et al., 2015). The simplified model has been 
obtained by applying a series of well-defined 
simplifications steps to a series of detailed models in order 
to identify the main sources of deviation on the selected 
outputs. The result of this process is a simplified 
description model that was subsequently implemented in 
the proposed tool. Interesting to be noted, between the 
eight defined simplification steps, two simplifications 
generating the most significant deviations are the ones 
related to the thermal zoning of the buildings and to the 
operational parameters of the various floors such as 
internal loads and scheduling. Arguably, those two 
aspects are the ones that prove to be most difficult to 
correctly take into account in any simulation, and even 
more in the early stages of the design of the building, 
when it is expected available details and resources would 
be insufficient in order to correctly model them at an 
appropriate level of detail, often resulting in simplified 
zoning of the building and the need to make strong 
assumptions on the operations of the building. 
Conversely, all steps related to the geometric definition of 
the model proved to be less significant in term of resulting 
deviation in the results. 
Despite the numerous simplifications applied, all case 
studies analysed during the research show total deviations 
equal or below 16.2%, (Picco, 2014) well below what was 
defined as an acceptable margin of accuracy of 20% at the 
beginning of the project. This threshold has been defined 
by the authors and, although not directly related, can be 
compared to the recommended acceptable value of mean 
bias error for detailed and calibrated simulation models as 
presented in the Measurement and Verification guidelines 
from DOE (DOE, 2008) and ASHRAE guidelines (2014) 
equal to 10%. 
Despite the simplicity and rapidity, results are given with 
an acceptable margin of accuracy compared to detailed 
simulations. The proposed tool will help the design 
process evolve toward an integrated approach and adapt 
to the foreseeable changes in regulations and market 
demand of low- and zero-carbon buildings. 
The structure of the tool, the interfaces and the databases 
are further discussed in the following chapters. 
The Tool 
The proposed tool is a fully web-based platform, currently 
available in closed alpha stage to selected users and 
accessible through any of the major web browsers. As 
only the interfaces need to be processed by the user 
device, it is envisioned the platform will be accessible 
from any device with only minor adaptations, including 
tablets, smartphones and other operative systems, for 
which none of the simulation codes may even be 
available. 
Once the user inputs all the required information in the 
input interface, the inputs are packaged and sent to the 
server, the model generator proceeds to read them, collect 
the additional required details and creates the simulation 
model, EnergyPlus is then used to run the simulation. 
Output from the simulation code is postprocessed and the 
obtained results are sent back to the user interface for 

display in automatically generated graphs and charts 
ready to be used to inform the design process. 
The previously defined description model has been fully 
implemented in the discussed screening tool without any 
significant alteration aside of the minor required 
adaptation in order to allow a more streamlined automatic 
generation of the model, as discussed below while 
analysing the required computational logics. As shown in 
the results section, those minor changes do not have any 
significant impact in the generated results. A detailed list 
of all inputs required for the simplified model has been 
previously published in a separate paper by the author 
(Picco et al., 2016). The next four sections will analyse 
each one of the four crucial components that allow the tool 
to operate and their impact in the facilitation of the use of 
building performance simulation during early stage 
design. 
The Input Interface 
The first element the user will come into contact with is 
the input interface. It is essential for the interface to be as 
user-friendly as possible, easy both to understand and use, 
in order to allow the average user to access the potential 
benefits that building performance simulation might 
bring. 
It is expected for the average user to have a general 
understanding of the thermal behaviour of buildings and 
the underlying physics and terminology, while not 
necessarily being comfortable in using complex 
simulation tools. Required information needs to be clearly 
displayed and explained to the user, for this reason, the 25 
entries required in order to perform the simulation have 
been divided in five categories: General, Geometry, 
Windows, Construction and HVAC. Figure 2 below 
provides an example of the displayed interface in its 
current form, showing the Geometry entry section.  
The input process has also been streamlined, to guide the 
user through the input phase. Each entry field is 
characterized by a clear name and associated help 
function. Numeric fields also display unit, minimum and 
maximum values, default values already placed in the 
required fields and buttons to increase and decrease the 
value. Database selection fields instead allow the user to 
access dropdown menus to select the correct entry. 
The location database is an exception as, to streamline the 
process and help the user in selecting the most appropriate 
weather file, the selection can be made with the support 
of a map displaying all available weather data with its 
relative positioning on the map. 
Default values, where appropriate, can immediately help 
the user gaining a better understanding of the required 
input and provide a useful resource when no information 
is available for the current project, although all data 
entries have been defined in order to make this eventuality 
as rare as possible, as the level of detail required for the 
screening tool should always be available at any stage of 
the design process. 
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The help function is essential to provide the user with a 
clear definition of the required data and how to retrieve it 
if needed, additionally a list of typical values can be 
provided to further help in case the information is not 
available or not yet defined, providing a useful device to 
test the impact of variations in such values following 
available guidelines. 
Displaying maximum and minimum values is also useful 
in order to avoid or limit gross errors and to perform an 
initial automatic check while the model is being 
generated.  
The Automated model generation 
Possibly the most complex part of the development of the 
platform has been the development of all the required 
code to ensure the collected data coming from the 
interface is adequately processed and used to generate a 
suitable building description model to be simulated 
through EnergyPlus. This does not include all code that 
necessarily needs to be developed for the functioning of 
the web-platform itself, which is in its own way an 
extensive and complex piece of work, although more akin 
to the field of computer science, but only the rules and 
algorithms that have been defined and implemented in 
order to be able to automatically run a simulation starting 
only from the entries required in the input interface. 
A series of template files have been defined, containing 
all the static information that needs to be included in an 
EnergyPlus input data file (IDF), with one being the main 
starting template and the others being combined in order 
to generate all possible models that are currently 
supported by the tool. Those templates also contain all the 
required connections to the rules and algorithms 
developed to allow for dynamic information coming from 
the interface to be included in the model, with over 100 
connection points between the different templates and the 
main template file being almost 1000 lines long. 

The entirety of the code developed in order to translate all 
the information provided by the input entries to the 
dynamic fields included in the templates amount to a total 
of 1241 lines, defined following principles of robustness, 
understandability, reliability and maintainability and 
carefully tested in order to avoid any foreseeable errors 
that would result in an unusable IDF model for 
EnergyPlus, or even worse, an incorrect one, leading to 
unreliable results. 
The majority of such rules relate to the translation of 
numerical values entered by the user to the connected 
numerical values that need to be included in the input data 
file, ranging from surface coordinates, to material 
properties, to schedule values. 
In addition to that, a portion of such rules relates to the 
loading of additional information from one of the five 
defined databases, themselves containing additional rules 
and connections for dynamic fields where necessary. The 
five databases are further detailed in the following sub-
chapter. 
Finally, additional functionalities have been included in 
the platform in the form of a backend interface allowing 
easy maintenance of the code and database, including its 
continuous development and expansion and pre-emptive 
testing of any new entry from the development team. 
The Databases 
Databases are one of the essential components of the tool, 
as they contain all the information that is usually not 
available during early stage design at the level of detail 
require to perform dynamic simulations, or would 
otherwise require too much time to input in the simulation 
model, making the results useless in the context of 
integrated design. 
Although the detailed content of the databases is not 
discussed in this paper, as it will be object of separate 
publications, a brief overview of the various databases is 
provided below. 

Figure 2: Input Interface Example 

________________________________________________________________________________________________ 

________________________________________________________________________________________________ 
Proceedings of the 16th IBPSA Conference 
Rome, Italy, Sept. 2-4, 2019

 
1299

 

 
  



In its current form, five databases have been implemented 
in the platform: Location, End Use, Underground End 
Use, Structural type and Type of Windows. Each database 
has been implemented following the concepts of 
robustness, modularity and flexibility. New entries can be 
easily added to each database and/or modified as required 
through the previously mentioned backend interface. 
Before becoming available to the end user, each is 
automatically tested to ensure no errors are generated. 
Results Interface 
Final step of the proposed workflow is the display of 
readily useable results to the user. This is delivered by the 
combination of the results postprocessor, managed in the 
backend of the platform by the server, and the results 
display interface, located on the user device. 
Results coming from the simulation engine, are usually 
not readily usable in the design process, and they need to 
be processed by a building performance simulation expert 
in order to be a useful input to the design process, this 
poses an obstacle to the proposed approach and therefore 
a post processing phase has been defined.  
This is even more relevant as the use of a simplified model 
poses the need to interpret the results based on the 
assumptions used in the definition of the simplified model 
itself, and therefore an unexperienced user might find 
additional obstacles in gaining useful insight from 
interpreting the direct output from the simulation code, all 
assumptions are instead taken into account by the result 
post-processor, delivering readily usable information. 
The result post-processor takes the csv file generated by 
EnergyPlus as an input, generates all the values required 
to populate the predisposed result charts and send them to 
the user device to use in the results display interface. 

In its current form, the platform displays results in four 
separate charts directly within the web interface, 
additionally each chart can be downloaded in various 
formats. Each chart is not only displayed as a picture, but 
is instead a fully interactive chart, users can highlight the 
preferred results, interrogate the chart to immediately 
obtain hourly or daily values and change the displayed 
timeframe of yearly chart to increase readability. Report 
Timestep of results in the displayed charts is 
automatically adapted to the requested timeframe, ranging 
from hourly for a day timeframe to daily values for yearly 
view. 
Figure 3 below shows the first of those charts, 
representing the thermal energy needs of the buildings 
throughout the year, both in term of heating and cooling, 
useful to understand the behaviour of the building 
throughout the year. 
Other displayed results include the thermal power curves 
of the building, to identify the energy loads on the 
required plant, the maximum required capacity expected 
and the number of hours a certain capacity load is 
exceeded throughout the year, useful to pre-size the 
thermal plants in the building and understand the impact 
of different technologies and sizing options. Temperature 
distribution throughout the year for an average room 
within the building is also displayed in a separate chart at 
hourly level to allow user to gain insight on the comfort 
conditions within the building and how it behaves 
throughout the year when compared to the outdoor 
temperature considered for the simulation. 
Lastly, a summary of the energy needs of the building, on 
monthly basis is displayed in a chart and associated table 
to allow immediate understanding of the energy needs for 
heating and cooling throughout the year and allow easy 

Figure 3: Example of Results on daily timestep 
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and quick comparisons between different design options, 
as shown in Figure 4. 
Additional options to allow the user to directly download 
the output files generated as an output by  EnergyPlus, a 
summary of the entries received by the model generator, 
and the output of the result post-processor have been 
included in the platform, although access to such files to 
all users is currently being evaluated as, due to the 
previously mentioned underlying assumptions required to 
interpret the results, this might generate unneeded 
confusion and reduce the usability of the platform. 

Overview of Results 
As an example of application of the tool, one of the 
previously developed case studies, used for the validation 
of the simplified model descriptor, has been simulated 
through the final version of the proposed web platform, 
some deviation in results is expected compared to the 
simplified model simulations, previously run manually in 
EnergyPlus, due to the adaptations to the description 
model required to streamline the automatic generation of 
the model, and the generalization of the database entries 
to be used in the web platform such as the building end 
use and structural type. 
Table 2 below shows the input entries used to perform the 
simulation through the developed interfaces, the building 
is a medium size private clinic located in Bergamo, Italy, 
with an approximate total floor area of 5000m2 distributed 
on 5 floors, of which one below ground, below average 
thermal characteristics of the envelope and complex floor 
shape. Due to the nature of the model, all required 
information was available and therefore none of the 
entries was kept to its default values.  
For the purpose of this paper, total heating and cooling 
energy needs for the building are taken into consideration 
as the parameters to compare between the different 

models. Absolute values for those parameters can be seen 
in Table 3 below. 

Table 2: Input data for example of application 

Entry id Value Unit 
location_city_id_input Bergamo [IT] - 
orientation -70.8 ° 
end_use Hospital - 
n_floors_above_ground 4 - 
length_east_west_front 53.4 m 
length_south_north_front 83.5 m 
floor_to_floor_height 3.5 m 
average_floor_surface 1124 m2 
underground_floor Yes - 
underground_floor_use Hospital - 
type_of_windows Double Clear - 
total_east_facing_surface 59.1 m2 
total_south_facing_surface 230.4 m2 
total_north_facing_surface 130.3 m2 
total_west_facing_surface 125.0 m2 
structural_type Masonry - 
roof_transmit 1.729 W/m2K 
external_walls_transmit 1.570 W/m2K 
ground_floor_transmit 1.348 W/m2K 
underground_walls_transmit 1.570 W/m2K 
t_heating_setpoint 22.5 °C 
t_cooling_setpoint 28.0 °C 
t_heating_setback 18.0 °C 
t_cooling_setback 28.0 °C 
heatrecovery_efficiency 0.0 % 

The detailed model is defined as a highly detailed model 
developed for the case study, including highly detailed 
geometry, zoning, material properties, and internal loads 
distribution, calibrated based on monitored energy 
consumption form the building. The simplified model is 
defined as the end result of the simplification process, as 

Figure 4: Example of Summary Results 
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defined in previous papers by he author, defining the 
simplified model descriptor. Finally, the “Final Tool 
model” is the model automatically generated by the 
proposed tool, in all aspects similar to the Simplified 
model with the exception of few minor changes to 
streamline the model generation process. 

Table 3: Summary of model outputs 

Model Heating 
[kWh] 

Cooling 
[kWh] 

Detailed Model 791,075 128,102 
Simplified Model 769,473 110,219 
Final Tool Model 753,134 110,076 

Results obtained by the final tool are comparable to the 
ones obtained by the Simplified model, settling a total 
deviation compared to the detailed model equal to 4.8% 
for the Heating loads and 14.0% for the cooling loads, 
differences between simplified model, manually 
modelled in EnergyPlus, and final tool model, 
automatically generated by the platform, are in the range 
of 2% in the in the worst case, and related to the definition 
of geometric elements to facilitate the automatic 
generation of the model, most relevant of which being the 
definition of the dimensions of roof and ground floor. 
Both results are considered acceptable as within the 
previously established accuracy margin of 20%.  

Conclusion 
Building performance simulation is a fundamental 
instrument to support the design of new buildings thanks 
to its ability to allow a better understanding of the 
expected performances of different design options. The 
constant increase in standards and necessity of designing 
increasingly efficient buildings is making it a necessity to 
integrate such analyses in the design process of buildings, 
with a particular focus at the initial stages of building 
design, when the most impact can be achieved. This 
approach is still not widespread in the industry, due to the 
lack of resources and suitable tools. 
The proposed platform aims to tackle this issue by 
providing a way to integrate building performance 
simulation in the design process, particularly during early 
design, thanks to its easiness of use, limited time 
requirements and ability to perform the analyses with a 
limited number of inputs, compatible to what might be 
available at that stage of the design. 
Thanks to the use of a validated simulation code, coupled 
with the developed and tested simplified description 
model, the final tool is capable of delivering results with 
limited deviation compared to a detailed model of the 
building, below what has been defined as an acceptable 
accuracy margin of 20%, as shown in this paper and 
previously published case studies. 
Based on the first observed results and collected feedback 
from industry, the authors believe that the proposed 
solution will have a significant impact in facilitating the 
integration of building performance simulation in the 
design process of building, with a particular focus on 
early stage design and feasibility studies, providing an 
instrument to obtain useful information to fuel the design 

process and by consequence allowing the industry to 
move toward the constant improvement in building 
performances. 
Additionally, the platform has the great potential to be 
used as an educational tool, allowing both students and 
the general public to better understand the thermal 
behaviour of buildings and the impact of different design 
choices while requiring a limited initial level of 
knowledge, providing an approachable entry point to 
building performance simulation concepts. 
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Nomenclature 
𝑍𝑍𝑍𝑍𝑍𝑍,  Zero Carbon Buildings; 
𝑍𝑍𝑍𝑍𝑍𝑍,  Zero Energy Buildings; 
𝑁𝑁𝑍𝑍𝑍𝑍𝑍𝑍,  Net Zero Energy Buildings; 
𝑛𝑛𝑍𝑍𝑍𝑍𝑍𝑍,  Nearly Zero Energy Buildings;   
𝑍𝑍𝐸𝐸𝑍𝑍𝐸𝐸,  European Performance of Buildings Directive; 
𝐼𝐼𝐸𝐸𝐸𝐸,  Integrated Design Process; 
𝑍𝑍𝐸𝐸𝐵𝐵,  Building Performance Simulation; 
𝐼𝐼𝐸𝐸𝐼𝐼,  Input Data File; 
𝑍𝑍𝐵𝐵𝐶𝐶,  Comma Separated Value; 
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Abstract 

Building energy systems are complex because of their 

nonlinear behaviour and stochastic environmental 

interactions. Thus, their efficiency depends on both 

component design and control strategy. Aiming for high 

efficiencies over the whole lifecycle, we apply Product 

Lifecycle Management and Digital Twin Design to 

HVAC systems, initially using an energy recovery 

ventilation (ERV) simulation model.  

We develop a Digital Twin Prototype in Modelica of the 

ERV unit to predict physical system behaviour. Verifying 

functionality and suitability, we set up a Digital Twin 

Instance (DTI) by calibrating the model against 

measurement data of the physical twin. DTI and physical 

twin communicate via MQTT interfaces with each other.  

The approach enables DTIs to calculate predictions for 

different scenarios per instance, which increases systems’ 

efficiency significantly. In conclusion, this framework 

allows an application of innovative and predictive control 

and maintenance strategies to HVAC systems. 

Introduction 

Digitalization of energy systems enables the application 

of sophisticated control strategies increasing operational 

efficiencies significantly (Afram, 2014). Unlocking the 

entire potential, there is an urgent need to design systems 

carefully by simultaneous consideration of functional 

requirements and control strategies with digital interfaces 

in early development stages (Dongellini 2017; Poppi, 

2016). However, integral descriptions that face these 

concepts for HVAC systems do not exist, yet. On the one 

hand, an integral product development approach 

regarding the whole lifecycle is required. We propose 

Product Lifecycle Management to be suitable (Stark, 

2015). On the other hand, the digital twin approach has 

proven great suitability for complex system designs and 

their operation (Grieves, 2017). A combination of both 

concepts for HVAC Systems has currently not been found 

in literature. 

Building energy systems are complex because of their 

nonlinear behaviour and stochastic environmental 

interactions (Staffel, 2012). Furthermore, HVAC systems 

make up the majority of commercial building energy 

consumption, and are directly responsible for maintaining 

the health and wellbeing of occupants in Germany 

(Arbeitsgemeinschaft Energiebilanzen e.V., 2017). 

However, their efficiency strongly depends on both 

component design and control strategy (Afram, 2014). 

Aiming for high efficiencies, we apply systematically 
Digital Twin Design (DTD) to HVAC systems, initially 

using a detailed model of an energy recovery ventilation 

(ERV) unit. 

Thereby, this work contributes to the application of the 

digital twin approach to HVAC systems by example of an 

energy recovery ventilation unit considering Product 

Lifecycle Management: 

 We combine the approaches of Product Lifecycle 

Management and Digital Twin Design (DTD) to 

demonstrate its potential for the use in realistic, 

manufacturing applications in Chapter 2. 

 In Chapter 3, we show the modelling approach of the 

ERV unit in Modelica and a room model to apply it 

to a use case. We calibrate the ERV model using 

measurement data. 

 A use case of predictive maintenance is evaluated in 

Chapter 4 were we evaluate different energy 

consumptions due to different maintenance 

strategies. 

 Finally, we summarize and conclude our findings. 

Digital Twins in Product Lifecycle 

Management 

Product Lifecycle Management (PLM) is a production 

engineering approach for the holistic control and 

administration of product-related information along the 

entire products’ lifecycle. Methods, models and tools 

(especially IT systems) support the product development 

process and the product usage phase in order to increase 

productivity and efficiency. PLM integrates all data and 

information collected along the product lifecycle. (Stark, 

2015) 

The first use of the term in literature dates back to the 

beginning of the 21st century. A uniform definition of the 

exact components that a PLM system must present in 

order to be declared as such does not exist. Previous 

applications refer mainly to physical products and 

processes (Tao, 2018). In the context of this work, PLM 

is to be additionally implemented for virtual models in the 

context of digital twins. (Stark, 2015) 

PLM distinguishes between fife phases of products’ 

lifecycle. In the planning phase, a product is defined on 

the basis of customer requirements, market analyses, 

innovative ideas and knowledge from former products. A 

preliminary design is carried out in which technical 
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parameters and functions are defined. These are 

concretized in the create-phase by first models or 

prototypes. In the build phase, production is finally 

started based on the defined product design. The 

following use of the product is described in the sustain 

phase. This also includes services such as maintenance 

and repair. Ultimately, the disposal phase after the end of 

use includes processes for disposal or recycling. (Yoga 

Mule, 2012)  

At the moment, there is no standardized definition of what 

exactly a digital twin is. A widespread understanding 

describes the term digital twin as an intelligent, digital 

image of a real product or process. Against this 

background, a separate approach to the implementation of 

a digital twin will be developed within the presented 

framework. The first approaches to the implementation of 

a digital twin come from the field of aeronautics and space 

technology. In this context, NASA in particular should be 

mentioned as a "pioneer" in the development and use of 

digital twins. Their intention to use digital twins is to 

monitor the functional condition of an aircraft or space 

shuttles as an overall system as well as individual 

components. (Schleich 2017; Tuegel, 2011) 

 NASA defines a digital twin e.g. as follows: "A Digital 

Twin is an integrated multiphysical simulation of a 

vehicle or system actually built, using the best available 

physical models, sensor technologies, fleet history, etc., 

to reflect the life of the corresponding flying twin 

(Schleich, 2017). Grieves, who worked in an advisory 

capacity for NASA, is considered the founder of the term 

digital twin, which he describes in the context of PLM 

(Grieves, 2014). It defines a digital twin as "a set of virtual 

information that completely describes a potential or 

actually manufactured physical product from the micro 

atomic plane to the macro geometric plane". (Grieves, 

2017) 

Combining both approaches, PLM and digital twins, and 

applying them to HVAC systems, we propose Digital 

Twin Design. 

Digital Twin Design has PLMs’ fife phases. These phases 

are combined with digital twin definitions. Regarding 

(Grieves, 2017), we combine three PLM phases with 

existing digital twin definitions: 

Create phase       Digital Twin Prototype (DTP) 

Build phase         Digital Twin Instance (DTI) 

Sustain phase      Digital Twin Aggregate (DTA) 

In addition, we propose two further Digital Twins to be 

on PLM phases: 

Dispose phase     Digital Twin Knowledge (DTK) 

Plan phase          Digital Twin Concept (DTC) 

The first step in product development is the creation of a 

Digital Twin Concept (DTC). The conception takes place 

in the PLM plan phase. It comprises the entire planning 

and design of a concept for the implementation of a digital 

twin for HVAC systems. Based on customer needs, 

market analyses and individual ideas, goals are derived 

which are pursued by the implementation of a digital twin. 

Once these objectives have been defined, a requirements 

analysis can be carried out to define product 

characteristics, functions and operating strategies. 

Besides former typical requirements such as physical 

concepts, in this phase requirements for the virtual model 

need to be set up.  

 

Figure 1: Applying Product Lifecycle Management and 

digital twins to Digital Twin Design for HVAC systems. 

The first requirement of the virtual model is the definition 

of model’s inputs and outputs. Applied to HVAC systems, 

typical inputs are measurement data points like volume 

flows, temperatures and pressure levels. Based on this 

inputs our model needs to predict outputs. Typically these 

are power consumptions e.g. of fans, pumps or heaters. 

If inputs and outputs are defined, a second requirement 

needs to be met. Regarding the application it has to be 

defined, which level of accuracy the model should has. In 

general, we can distinguish between 

 black box, 

 grey box and 

 white box model.  

Black box models are mathematical models, whereas grey 

box models use physical equations and some simplifying 

assumptions to represent physical system behaviour. 

White box models are a perfect description of the physical 

system. With an increasing level of detail, calculation 

durations of model predictions increase as well. 

Consequently, the trade-off between accuracy and 

simulation speed needs to be clarified in an early design 

stage. (Mueller, 2016) 
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Creating the Digital Twin Prototype (DTP) in the PLM 

create phase, a simulation model of the HVAC system 

must be created. In addition to modelling, the subsequent 

parameterization of the model is also carried out in the 

DTP phase. In our use case of an ERV system, we need 

simulation models of heat exchangers, ventilators, air 

filters, heater, cooler, temperature control, sources, sinks 

and the target room. Therefore, we use Modelica because 

of both modelling of dynamic systems as well as a high 

degree of modularity and reusability. 

After modelling all components, a parametrisations needs 

to be done. For this purpose, safe, known parameters are 

transferred into the model. In particular, geometric 

boundary conditions must be taken into account, such as 

heat-transferring surfaces, wall thicknesses, room 

dimensions, etc. The materials used for the individual 

components are also among the parameters known in 

many applications.  

Assumptions can be made for parameters that are not 

known or are subject to uncertainties. However, it must be 

borne in mind that this creates uncertainties in the overall 

system, which can lead to a deviation between simulation 

and measured values. Due to uncertain parameters, a 

subsequent calibration is of enormous importance when 

modelling real systems. With the completion of the 

simulation model, the prototype of the digital twin exists. 

The mentioned calibration of the simulation model is 

intended as a transition to the build phase according to 

DTD. 

The creation of a Digital Twin Instance (DTI) in the PLM 

build phase requires a calibrated simulation model and a 

communication structure between physical and digital 

twins. The calibration of the simulation model serves to 

map selected output variables of the real system through 

the simulation. Any deviations between measured values 

and simulation results should be as small as defined in the 

planning phase.  

Several methods exist for the calibration of HVAC 

systems. Bayesian calibration has proven to be suitable 

for dynamic systems. This is mainly due to the good 

predictability of output variables, so that there is a high 

probability that measured values will be well represented 

by the simulation after calibration (Li, 2017).  

The disadvantages of the high complexity and numerous 

required simulations are accepted. There is a promising 

approach in the literature for the implementation of 

Bayesian calibration (Chong, 2018):  

1) Generate/procure measurement data  

2) Sensitivity analysis/parameter testing  

3) Generate simulation results  

4) Combining measurement data and simulation results in 

Gaussian process 

5) Distribution determination (Markov Chain Monte 

Carlo method) 

6) Check convergence and assess the accuracy of the 

calibrated model.  

In the course of the development of the DTD approach, a 

(partially) automated implementation of this 

methodology for digital twins is considered to be 

promising. A practical implementation for the simulation 

model of the ventilation system has not yet taken place. 

The existing data basis was not sufficient in this respect. 

Instead, a manual calibration of the model is carried out. 

The target values of the model and therefore for 

calibration are power consumption of the fan (Pel) on the 

one hand and the effectiveness of the heat transfer in the 

cross-flow heat exchanger (𝜀Cross) on the other hand. 

Measured values from the manufacturer were available in 

this respect. For several operating points, different 

volume flows per stage and related power consumptions 

are available. The calibration was conducted fitting the 

heat transition coefficient of supply air, heat exchanger 

material and exhaust air in order to match the both target 

values. 

The Root Mean Square Error (RMSE) is used as the 

criterion for assessing the quality of the calibration. The 

RMSE is calculated as follows (Mehdiyev, 2016): 

 𝑅𝑀𝑆𝐸 =  √
∑(𝑦sim−𝑦Meas)2 

𝑛
.  (1) 

First, 𝑛 simulation  results 𝑦sim are generated with the 

non-calibrated model. By comparison with 

measured 𝑦Meas values, a deviation for the target values 

can be determined. The lower the RMSE the better a 

calibration was conducted. With this calibrated model, 

Digital Twin Design is ready to use. 

In order to exploit the benefit of a Digital Twin Design, 

digital and physical twins are constantly exchanging data. 

Ensuring this requirement, an infrastructure is required on 

which communication can take place. In the following, 

we will show how such a communication interface can be 

implemented to enable data transfer between digital and 

physical instances as well as data storage in a cloud. 

Based on the results of extensive literature research, 

MQTT (Message Queuing Telemetry Transport) has 

proven to be suitable for implementing communication 

structures for IoT applications. (HiveMQ, 2019)  

Notably, low demands on the digital infrastructure, such 

as network and bandwidth, make the almost universal use 

of the digital twin possible. In addition, an enormous 

number of end devices can participate in this 

communication structure. The intention of executing 

several instances of the digital twin in parallel, MQTT has 

many advantages. Hirmer et al. (Hirmer, 2016) present an 

approach for the implementation of an architecture for 

automated communication for IoT environments. The 

easily scalable communication protocol MQTT is used. 

Hence, the access to sensor data of physical systems is 

realized. Communication with digital instances takes 

place on a publish/subscribe architecture. Haag and 

Anderl (Haag, 2018) describe the implementation of a 

digital twin based on an MQTT architecture.  

In addition to the communication between the physical 

and digital instance, a link is provided to display data and 

results in real time via a graphical user interface. Based 
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on this implementation, potentials with regard to 

monitoring and the resulting ease of use for users can be 

derived.  

The MQTT-Broker as central instance for communication 

manages the data transfer between physical and digital 

instances as well as the storage of data in a cloud. All 

subscribers (terminals) send requests to the MQTT broker 

using the commands publish and subscribe, which ensures 

their implementation. Data is made available by publish, 

while data is requested by subscribe.  

Meeting requirements of communication services, the 

Quality of Service (QoS) level should be at least 1, as this 

ensures that data arrives. In order to ensure that the data 

arrive exactly once, QoS level 2 must be selected, which 

however results in increased data traffic due to increased 

communication. If the resource requirement plays a minor 

role due to increased data traffic, this disadvantage can be 

ignored and level 2 can be implemented. (HiveQM, 2019) 

With regard to communication with the physical instance, 

an approach to implementation has been developed as part 

of further work. A transfer of the developed approach to 

the DTD is planned, but must still be tested in practice. To 

implement communication on the part of the digital 

instances, an MQTT-Dymola interface is currently under 

development at the Institute for Energy Efficient 

Buildings and Indoor Climate (EBC) at RWTH Aachen 

University. This is to serve as an interface to read 

simulation results from Dymola (Modelica) and to 

introduce parameters into Dymola.  

The implementation of the communication interface 

completes the build phase. A functional instance of the 

Digital Twin (DTI) is available. In the following, the 

developed DTD approach provides for the aggregation 

and execution of several instances the sustain phase.  

The simultaneous execution of several DTIs is necessary 

to achieve some of the objectives of the DTC. In the PLM 

sustain phase several DTIs are aggregated to Digital Twin 

Aggregate (DTA). To enable simultaneous, stable 

execution of the aggregates, a suitable software 

environment is required. In this respect, known 

approaches were examined within the scope of this work 

and a theoretical implementation possibility was 

integrated into the DTD approach developed.  

Virtual machines are a well-known advocate for creating 

an environment in which software can be run in isolation. 

Due to some disadvantages of virtual machines, 

especially in the areas of efficiency and performance, 

alternatives have gained in importance in recent years. An 

example of this is Docker (Bauer, 2018).  Docker uses 

containers to create an environment in which software can 

be run in isolation. Hence, Docker is suitable for the 

implementation of the DTD approach in the DTA phase 

due to simple possibilities for instantiating processes.  

Individual instances in the Docker containers can simulate 

different scenarios. These can vary in many ways. 

Various weather data are just as conceivable as simple 

parameter variations. These include, for example, a 

decreasing mass flow due to leakages or additional 

internal heat gains due to deviating user interaction. This 

corresponds to carrying out various case studies. In 

addition, more extensive instances can also be executed, 

such as complete annual simulations. As mentioned in the 

description of the DTC phase, the implementation of the 

DTD approach pursues several objectives like operational 

optimization or predictive maintenance.  

On the one hand, the digital twin can be used to optimize 

the operation of the physical Twin. Different scenarios of 

the DTIs are of central importance here. Due to the 

simulations of the DTIs’ carried out parallel to the real 

operation, simulation results are available for various 

parameters under the currently prevailing boundary 

conditions. Based on these results, the digital twin can 

determine the optimal scenario for the operation and 

transfer the parameters used to the real system via the 

developed communication structure. The implementation 

of the ERV system looks as follows:  

Parallel to the operation of the real system, several 

instances are executed that simulate different scenarios. 

An instance recreates the current operation of the real 

system. The other instances vary single or multiple 

parameters, such as air mass flow or pressure drop due to 

the use of a new air filter. Different scenarios lead to the 

fact that the instances deliver different simulation results. 

Within the framework of operational optimisation, the 

efficiency of the operation can be determined based on 

predefined assessment variables (e.g. consumption of 

electrical energy).  

Through the communicated comparison between the 

individual instances, the most efficient operating point 

can be determined. The instance that simulated it, 

transfers the operating parameters to the real system in 

real time, so that it is executed at the optimum operating 

point. The required valuation parameters can be very 

complex in this context. Accordingly, the realization of a 

digital twin for operational optimization is a complex 

process. Nevertheless, the idea in connection with 

resource-saving energy supply in the HVAC sector seems 

to be promising for the creation of more efficient systems.  

Another possible use of the digital twin is predictive 

maintenance. This is closely related to the ability of the 

digital twin to monitor the operation of the real system. 

The digital twin as a virtual image of the real system has 

the current operating data of the system at its disposal. 

This makes it possible to monitor the functionality and 

ensure operation in real time. Based on the evaluation of 

current operating data, the digital twin can draw 

predictive attention to maintenance and repair measures. 

Problems can thus be recognised in advance and ideally 

solved before they become acute.  

By implementing predictive maintenance, maintenance 

routines can be planned and downtimes are avoided 

consequently. Both technical and personnel resources can 

thus be used in an optimised manner. As a result, an 

increase in the life cycle efficiency of products is 

achieved. (Schreiner, 2018)  

The prerequisite for implementing predictive 

maintenance is simulation models that provide results in 

real time and predictively. In addition, the simulation 
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models must have the ability to predict malfunctions 

based on characteristic values. (Schreiner, 2018) 

Large amounts of data are generated during the entire 

sustain phase of the digital twin. Following the DTD, all 

operating data of the digital twin are stored. After the end 

of the use in the DTA phase, a data collection is available 

which is finally used in the last phase of the life cycle.  

The last step of the product life cycle (PLM dispose 

phase) is the disposal of the product. Since the digital twin 

has processed, generated and stored an amount of data and 

information in the course of its life cycle, Digital Twin 

Knowledge (DTK) phase provides evaluation and 

utilization of the data. In the following, some ideas are 

shown, how and for which purpose the evaluation of the 

data generated and stored over the entire life cycle can 

take place. During the operation of the Digital Twin 

Aggregate, generated operational data is stored in a cloud 

via the implemented communication structure. The data 

thus generated over the entire life cycle can be analysed 

after active use in the DTK phase. Various software 

fundamentals are required for the entire data evaluation 

process. (Meier, 2018) 

At its core is an architecture that provides an environment 

for cloud computing a database that can manage 

generated time series data from simulations and sensor 

readings, and a user interface that enables real-time 

monitoring of operational data. Such an architecture 

ensures that data generated over the lifecycle of the digital 

twin can be meaningfully stored, managed and used.  

PLM is a closed loop process. After the last phase, the 

cycle starts again from the beginning. In the DTD, the 

entire available data basis is consequently transferred to a 

new life cycle via the evaluation step. This integration 

takes place in the form of information, experience and 

knowledge. This step accounts for a large part of the 

added value of using a digital twin. Based on the 

transferred information, a second generation of the real 

product or the corresponding digital twin can be 

produced, for example. With the help of evaluation as part 

of the DTK phase, both positive and negative 

characteristics of the first generation can be evaluated. 

The aim for the second generation should be to eliminate 

negative aspects and to strengthen positive aspects.  

The DTK phase thus leads to improved products and 

associated digital twins. To illustrate the DTD, an ERV 

system will be evaluated using dynamic simulation 

models, in order to be able to simulate various scenarios 

for the operation and thus demonstrate the applicability of 

the DTD. Ultimately, this approach is intended to identify 

previously hidden potentials with regard to energy and 

resource efficiency in the life cycle of HVAC systems.  

Modelling and Calibration 

Within this work, DTD is applied to an ERV system in 

order to evaluate its potential of predictive maintenance. 

Therefore, dynamic simulation models are necessary. 

These are developed in Modelica and Dymola as 

compiler. The ERV system is shown in Figure 2. 

 

Figure 2: ERV system in Modelica consisting of a 

ventilator, cross flow heat exchanger, filter, heater, 

cooler and a room model. 

The core component of the ventilation system is the heat 

exchanger. This is designed as a cross-flow heat 

exchanger. To create the simulation model for the 

ventilation system, a heat transfer model is integrated for 

cross-flow design. According to the Association of 

German Engineers (VDI), the following equation applies 

to the effectiveness of heat transfer in cross-flow heat 

exchanger with fluid mixed on both sides (VDI, 2013): 

 𝜀Cross =  
1

1

1−𝑒−𝑁𝑇𝑈+
𝑅

1−𝑒−𝑅∗𝑁𝑇𝑈−
1

𝑁𝑇𝑈

  (2)  

This effectiveness calculation 𝜀Cross is implemented as a 

function in Modelica using the number of transfer units 

(NTU) and heat capacity flow R. In addition, the 

manufacturer's instructions state that the heat-transferring 

surface is made of paper. In this respect, a new record is 

implemented for paper, which converts the material 

properties into Modelica.  

An existing room from the Modelica Buildings model 

library is used as the room model (Wetter, 2019). This 

model offers various possibilities for parameterization. 

These include: geometric dimensions of the room wall, 

floor and ceiling materials external and internal heat gains 

port for reading in weather data. The current room 

temperature is implemented by means of an energy 

balance over the room.  

The filter is modelled as pressure drop ∆𝑝 (in Pa) between 

inlet and outlet of the filter. Assuming particles to be in 

the air, the filter is getting defiled over time 𝑡 by dust feed. 

Hence, it pressure drop increases time-dependently 

described as follows (Trox, 2012) 

            ∆𝑝 = 6 ∗ 10−14 ∗ 𝑡2 − 4 ∗ 10−7 ∗ 𝑡 + 70.       (3) 

For the other components simple energy and mass 

balances are introduced to describe the physical behaviour 

of the system. 

Regarding the calibration of the system, five ventilation 

stages are used. In order to meet these target values for all 

five ventilation stages and the associated volume flows, a 

third-degree polynomial is stored, which takes into 

account the volume flow dependence of the pressure 

losses in the model. This results in an acceptable 

calibration quality of 0.861 W based on a determined 

RMSE. Table 1 summarises the associated electrical 

performances.  
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Table 1: Calibration of electric output power. 

Stage Pel,sim  

[W] 

Pel,meas 

[W] 

𝚫Pel  

[W] 

1 163 165 -2 

2 91 90 1 

3 42 41 1 

4 21 22 1 

5 15 14 1 

In the second step, the effectiveness of the heat transfer is 

calibrated against the measured values given for the five 

ventilation stages. As before, the generated simulation 

results are compared with the manufacturer data. It can be 

stated that the effectiveness of the simulation is 

underestimated. This is due to the calculation of (VDI, 

2013). Real efficiencies are therefore better than the 

calculated ones. For the model, the effectiveness must be 

corrected upwards in the course of calibration. Based on 

the individual deviations between simulated and 

measured efficiencies, a mean deviation is determined, 

with which the correction of the calculation is made in the 

model. This allows a quality of 0.021 to be achieved on 

the basis of the RMSE. Table 2 shows the associated 

efficiencies.  

Table 2: Calibration of effectiveness. 

Stage 𝜺𝐂𝐫𝐨𝐬𝐬,𝐬𝐢𝐦 𝜺𝐂𝐫𝐨𝐬𝐬,𝐦𝐞𝐚𝐬 𝚫𝜺𝐂𝐫𝐨𝐬𝐬 

1 0.921 0.9 0.021 

2 0.904 0.880 0.024 

3 0.858 0.855 0.003 

4 0.797 0.815 -0.018 

5 0.746 0.775 -0.029 

In all cases, we have a well modelled and calibrated 

Digital Twin Instance that can be studied regarding 

predictive maintenance. 

Predictive Maintenance of Filter systems 

As shown in Figure 2, the ventilation system has a filter 

to cut off particles from the air that is delivered in the 

room. During operation, the filter is filled with particles. 

The pressure drop increases. To ensure the adjusted mass 

flow, the ventilation systems’ power consumption 

increases. 

A typical maintenance action would be to exchanger the 

filter. Using DTD we study different schedules to find the 

best time for an exchange. During operation, we consider 

four different scenarios for annual simulations. Herein, 

different criterions must be met for an exchange: 

1) Exchange every year (Baseline scenario) 

2) Exchange at 150 Pa pressure drop 

3) Exchange at 200 Pa pressure drop 

4) Exchange every 2.5 years 

Assuming a price for electrical power of 29.5 ct/kWh and 

55 € per exchanger, we calculate for a lifecycle of ten 

years total operation costs and energy consumption. 

Referred to the baseline scenario, the results are shown in 

Figure 3. (Farr, 2006; Statistische Bundesamt, 2018)  

Exchanging the filter once a year, the lowest electric 

consumption is archived with 3827 kWh. The total costs 

are 1129 €.  

However we calculated the lowest electric energy 

consumption in the baseline scenario, it is not the scenario 

with lowest total costs. Scenario 2 and 3 show lower total 

costs by about 5 to 6 % savings. Simultaneously, the 

energy consumption increases by about 6 to 10 %. Both 

the highest electric consumption as well as the highest 

total costs is archived with scenario 4. Here, total costs 

increase by about 1 % and electric energy consumption 

increases about 30 %.  

 

Figure 3: Total costs and electric energy consumption of 

four different Digital Twin Aggregates. 

These fictive scenarios indicate the potential of DTD. If 

we can provide the digital twin with measurement data 

and apply fault detection, filter exchanges can be 

predicted and both total costs and electric consumption 

can be decreased significantly.  

Using these results, Digital Twin Design shows potential 

for the whole systems’ lifecycle efficiency. Applying this 

to other, more sophisticated control and maintenance 

scenarios higher savings can be reached, respectively. 

Hence, we showed that DTD, consisting of PLM and 

digital twins, was successfully applied to HVAV systems 

and the lifecycle efficiency could be increased due to 

predictive maintenance.  

Conclusion 

This work shows that Digital Twin Design can be applied 

to HVAC systems using Product Lifecycle Management 

and digital twins for life cycle analysis. On the basis of 

five life cycle phases, Digital Twin Concept, Digital Twin 

Prototype, Digital Twin Instance, Digital Twin Aggregate 

and Digital Twin Knowledge, the presented approach 

serves as a detailed framework for the implementation of 

a digital twin to a whole product lifecycle.  

To demonstrate the feasibility of the developed approach, 

a grey box model of a ventilation system was created and 

manually calibrated. In addition, a communication 

structure based on MQTT was presented. 

The potential of predictive maintenance with various 

routines with regard to air filter replacement for the 

ventilation system was successfully demonstrated. These 

are based on the existence of an optimum of energy 

consumption and total costs. Savings of total costs up to 

10 % are predicted using filter exchanges at a pressure 

loss of 200 Pa. By integrating a digital twin for HVAC 

systems, it is therefore possible to increase lifecycle 

efficiency in terms of both energy and total costs.  

0 2000 4000 6000

2,5 years
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150 Pa

1 year

Total costs [€] Energy consumption [kWh]
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Due to the complexity and interdisciplinary of the topic of 

digital twin, not all phases of the DTD approach could be 

tested for applicability and practicability in this work. 

Consequently, there is a need for continued research 

work, particularly in the areas of machine communication 

and software technology.  

Overall, the full potential of digital twins is not exhausted, 

yet. Rather, the technology is still in its infancy. In the 

future, further developments in and with digital twins are 

to be expected. Their use is highly likely to multiply in the 

coming years, as the basic infrastructure for 

implementation is already in place.  

In addition, some interesting approaches and ideas for the 

use of digital twins have already emerged. Only the 

implementation in practice is still open in many cases. It 

will also be exciting to observe the extent to which new 

business models with digital twins will occur. The market 

for applications with digital twins is, in any case, almost 

endlessly large in all sectors as digitalization progresses. 
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Abstract 

The U.S. Department of Energy supports the development 

of commercial building energy codes and standards by 

participating in industry review, update processes, and 

providing technical analyses to support both published 

model codes and potential changes. In support of 

ANSI/ASHRAE/IES Standard 90.1 and International 

Energy Conservation Code, 16 commercial prototype 

building models were developed that cover 80% of the 

commercial building floor area in the United States for 

new construction, including both commercial buildings 

and mid- to high-rise residential buildings, across all U.S. 

climate zones. Of these, the small, medium, and large 

office buildings take about 12% of total commercial 

building floor area. 

Currently, small, medium, and large office prototype 

building models have simplified, single space type, while 

other building types includes more detailed space types. 

As such, the office prototype could not be easily used to 

properly assess changes (i.e. measures applied) to 

difference spaces commonly found in an office. This work 

has added new space types to the small and medium 

office, with properties based on several vintages of 

ASHRAE Standard 90.1 in different climate zones, and 

compared energy use of these newly-improved models 

with that of the original models. 

Introduction/Background 

The U.S. Department of Energy (DOE) supports the 

development of commercial building energy codes and 

standards by participating in industry review, update 

processes, and providing technical analyses to support 

both published model codes and potential changes. DOE 

publishes its findings to ensure transparency in its 

support, and to make its analysis available for both public 

review and use. In conjunction with this effort, DOE’s 

flagship building energy model (BEM) tools consist of the 

open-source EnergyPlus simulation engine and 

OpenStudio. These tools allow a user to modify a 

building, estimate energy use, and new releases are 

typically downloaded by over 20,000 users. 

As part of DOE's support for ANSI/ASHRAE/IES 

Standard 90.1 (ANSI/ASHRAE/IES, 2016) and 

International Energy Conservation Code (IECC) 

(International Code Council, 2015), researchers at Pacific 

Northwest National Laboratory (PNNL) apply a suite of 

prototype buildings covering approximately 80% of the 

commercial building floor area (PNNL, 2013; Goel et al., 

2014) in the United States for new and existing 

construction, including mid- to high-rise residential 

buildings, across all U.S. climate zones. These prototype 

buildings–derived from DOE's Commercial Reference 

Building Models (Deru et al., 2011)–cover all Reference 

Building types (except for supermarkets), and an 

additional prototype representing high-rise apartment 

buildings. As Standard 90.1 and IECC are updated every 

three years, PNNL makes modifications to the 

commercial prototype building models with extensive 

input from ASHRAE 90.1 Standing Standards Project 

Committee (SSPC) members and other building industry 

experts. 

The prototype models include 16 commercial building 

types in 17 climate locations (across all 8 U.S. climate 

zones) for recent editions of Standard 90.1 and IECC. The 

current combination results in an overall set of 2,176 total 

building models (in EnergyPlus Version 8.0). Small and 

medium office were selected as the most common types 

of building, which has simplified space type in current set 

of prototype building model suites. As such, the small and 

medium office prototype could not be easily used to 

properly assess changes (i.e. measures applied) to 

difference spaces commonly found in a small and medium 

office. This work has added new space types to the small 

and medium office, with properties based on Standard 

90.1, and compared energy use of this newly-improved 

models with that of the original models.  

While the Prototype Building Models were originally 

defined as EnergyPlus input files, redefining them as 

OpenStudio models, which in turn can generate 

EnergyPlus input files, has several advantages. First, 

OpenStudio allows measure-based modification of 

buildings for defining ASHRAE 90.1-compliant baseline 

models, analysis of retrofit options, cloud-based 

computation, and reporting of energy-based analysis. 

OpenStudio also has the ability to write these models to 

file formats for other simulation engines, including 

ongoing efforts to write buildings that can run in the 

Modelica-based “Spawn” program that could potentially 

start replacing EnergyPlus in 3-5 years. The tradeoff for 

such flexibility is that EnergyPlus and OpenStudio-

written EnergyPlus files may have slightly different 

results which require comparison and characterization.  
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Use cases 

The authors are part of a multi-lab team working to 

incorporate a new set of prototype commercial building 

models developed in collaboration with the ASHRAE 

Advanced Energy Simulation Working Group, supporting 

low-energy building design through Standards 90.1 and 

189.1. OpenStudio Standards is a collection of Measures 

and resources that automate the construction of prototype 

building models (e.g., office, hospital, primary school) as 

well as the transformations associated with ASHRAE 

Standard 90.1 Appendix G “Performance Rating 

Method”, a commonly exercised transformation that 

supports code compliance, LEED certification, and utility 

incentive calculations. OpenStudio Server allows vendors 

and users to combine seed models—either prototypical or 

specific—with Measures in a large-scale computing 

environment to quickly and systematically specify and 

organize large scale analyses such as uncertainty analysis 

model calibration, design optimization, or stock level 

measure analysis. The authors outline several of the 

intended uses that were considered in the definition of the 

improved small and medium office prototypes: 

• Space Types 

o The traditional office models did not 

support the enhanced detail afforded by 

additional space types (e.g. offices, 

conference rooms, restrooms). By adding 

more detail via space types, building energy 

modelers gain greater specificity over 

building attributes. 

• Measures 

o Measures specific to individual space types 

can more accurately quantify energy, 

demand, or water savings opportunities. 

• HVAC control 

o Different space types allow specification of 

(customizable) occupancy schedules in a 

way that allows customizable control over 

HVAC control algorithms. This could 

include VAV operation with relevant 

equipment specification and occupancy. 

• Demand response 

o The growing interest in demand reduction as 

part of the value proposition for energy 

efficiency requires more specific details 

related to occupancy and equipment to 

provide ranges on the grid services specific 

equipment may be able to provide.  

 

Methods 

Original small and medium office prototype 

The small office building model is a 1-story building with 

511m2 (27.7m x 18.4m) of conditioned floor area, as 

shown in Figure 1. The building has four perimeter zones, 

and one core zone with perimeter zone depth of 5m. The 

building has also unconditioned attic space. Window-to-

wall ratio is approximately 24.4% for South and 19.8% 

for the other tree orientations. The window dimensions for 

all facades is 1.8m x 1.5m. The construction of the 

exterior walls and roof are wood-frame walls, and attic 

roof with wood joist, respectively. The foundation type is 

unheated slab-on-grade with 0.2m concrete slab poured 

directly on to the earth. The building HVAC system is air 

source heat pump systems with gas furnace as back up. 

The system is constant volume single zone system, which 

has one unit per occupied thermal zone. The HVAC 

system capacity is autosized per design day. The building 

has thermostat setpoint temperature for 23.9C and 21.1C 

for cooling and heating, respectively. The thermostat 

setback setpoint temperature is 29.4C and 15.6C for 

cooling and heating, respectively 

The medium office prototype model is also one of 16 

building types for the prototype models. The medium 

office building model is a 3-story building with 4978.6m2 

(49.9m x 33.3m) of conditioned floor area, as shown in 

Figure 1. Each floor has four perimeter zones, and one 

core zone with perimeter zone depth of 4.6m. Window-

to-wall ratio is approximately 33%, and the ribbon 

windows are evenly distributed along four facades. The 

height of the window is 1.3m. The construction of the 

exterior walls and roof are steel-frame walls, and built-up 

roof (i.e., roof membrane + roof insulation + metal 

decking), respectively. The foundation type is unheated 

slab-on-grade with 0.2m concrete slab poured directly on 

to the earth. The building HVAC system is a packaged 

DX air conditioning unit with gas furnace, and VAV 

terminal box with electric reheating coil provides 

conditioned air to each zone. The building has thermostat 

setpoint temperatures are the same with the small office 

prototype building. Further details regarding the small 

and medium office prototype building model can be found 

in Building Energy Codes Programs (Building Energy 

Codes Programs, 2019). 

 

 

Figure 1: 3D rendering of the original small office (top) 

and medium office (bottom) prototype building models. 

 

As described earlier, the typical office building contains 

various space types such as open office, enclosed office, 
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conference room, restroom, and corridor, but the existing 

small and medium office prototype has a uniform space 

type, which is defined as “office” as shown in Figure 2. 

As the prototype model has this single space type, the 

lighting power density, plug load, occupancy, ventilation 

rate, and their schedules are also uniform throughout the 

entire building.  

 

 

Figure 2: Original office prototype model layout-small 

office (top) and medium office (bottom). 

 

Update for Space Types 

The original small and medium office prototype was 

developed based on building characteristics found in 

National Commercial Construction Characteristics (NC3) 

database (Richman et al., 2008). Originally, the NC3 data 

set was developed to help provide answers to questions on 

current commercial design practices, which are important 

inputs to analyze regarding commercial building energy 

consumption. The data set is populated with over 130 

possible building characteristics for 340 buildings from 

across the United States. The building characteristics 

were extracted from sets of real building plans and 

specifications acquired from the F.W. DODGE Plans 

Service Division of McGraw Hill. These represent 

buildings that were in the bid process during the summer 

of 2001 through the spring of 2007. 

Table 1 shows the detailed space type and area fraction 

for the small and medium office prototype models, which 

was originally developed by PNNL based on the data 

from NC3. The updated OS small and medium office 

prototype building model follows the space types and 

their % space areas defined in Table 1. Once space types 

are assigned for the corresponding space area, typical 

small and medium office building plans (Chiara et al., 

2001; GSA, 2019; GSA, 2012) were reviewed to define 

the new space allocations to the original office model. In 

case of medium office model, assigning the spaces to each 

floor, the following were considered to assign the spaces 

to each floor: 

1. All spaces are allocated in the same manner for mid 

and top floors 

2. The core zone space is the same for all floors. For the 

perimeter zone, the bottom floor has a lounge and 

classroom. Due to the presence of additional spaces 

for the bottom floor, the open and enclosed office 

spaces were reorganized accordingly. 

 

In this new small and medium office prototype model, 

building envelope (i.e., wall, roof, and windows) thermal 

properties and HVAC system type remain the same with 

the original medium office prototype building models. 

The HVAC system capacity will be auto-sized and 

therefore may be different from the original model. Given 

one VAV box for each space, the total number of VAV 

boxes has increased in the new model. The number of 

AirLoopHVAC (i.e., AHU) remains the same: one for 

each floor. 

 

Table 1: Space types and area fractions for major zones 

of the updated small and medium office. 

Space Area Fraction 

Small Office 

(511.0 m2) 

Medium Office 

(4,979.6 m2) 

Office - open plan 15% 42.40% 

Office - enclosed 29% 18.70% 

Corridor/Transition 12% 9.10% 

Conference Meeting/ 

Multipurpose 

8% 5.20% 

Stairway 3% 3.70% 

Lobby 6% 3.70% 

Restrooms 4% 3.60% 

Electrical/Mechanical 2% 3.00% 

Active storage <50 & 

>1000 ft2 

14% 5.20% 

Active storage 50-1000 ft2 1.90% 

Lounge/Recreation 2% 1.80% 

Dining Area - 0.90% 

Classroom/Lecture/Training - 0.60% 

Food Preparation1 - 0.40% 

1 Combined with dining area 

 

The number of occupants, plug load density (W/m2), 

lighting power density (W/m2), and ventilation load are 

varied based on the space type as defined in ASHRAE 

Standard 90.1 and 62.1. However, the schedules for 

occupancy, lighting power, and plug loads remain the 

same with the original model. 

Figure 3-4 illustrate the new prototype floor layout for 

ground floor, and mid/top floors, respectively. Figure 5 

shows the 3D rendering of the new prototype office 

building models.  

Once all the building characteristics for the prototype 

small and medium office buildings were defined, the 

prototype building model was generated in automated 

way. An OpenStudio Measure was used to automatically 

generate the small and medium office prototype building 
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for 16 climate locations and 4 building standards (Roth et 

al., 2016). This measure, OpenStudio-Standards, provides 

mechanisms to add new building types, and its building 

characteristics. Additionally, the measure automatically 

assigns and models all 90.1 building standard 

requirements. By using an OpenStudio Measure, the 

OpenStudio-Standards can be used to generate 

OpenStudio Prototype Buildings using all OpenStudio 

workflows. 

 

 

Figure 3: New small office prototype model layout. 

 

 

Figure 4: New medium office prototype model layout – 

ground floor (top), mid and top floors (bottom). 

 

Results 

Input Comparison 

Tables 2 to 5 compare the input values for the original 

prototype models and the updated models for different 

vintages of the ASHRAE 90.1 standard. The variables 

include lighting power, ventilation rate, occupancy, and 

electrical equipment power per area. As previously 

mentioned, the original model has a single uniform space 

type, office, and there is only one input value per each 

category. The updated model has various space types, and 

each space type has different input values based on the 

definitions from the ASHRAE 90.1 and ASHRAE 

62.1(ANSI/ASHRAE/IES, 2016).  

 

 

 

Figure 5: 3D rendering of the new small (top) and 

medium (bottom) office prototype building models. 

(bottom) office prototype building models. 

 

The last four rows of each table show the area/occupancy 

weighted average input value for the new prototype 

building model and percentage increase compared to the 

original model. It appears, in general, the average input 

value for the new model is comparable with the original 

single input value with less than 10% differences The 

lighting power is slightly increased whereas the plug load 

is decreased for all vintages. As a result, it is expected that 

the effects of lighting and plug load on total building 

energy consumption is compensated.  The ventilation rate 

introduced to the building is slightly increased (10% ~ 

29%) except for the ventilation rate for 2004 vintage (new 

0.91 L/s-m2 vs. original 0.51 L/s-m2) for medium office 

model, new 1.07 L/s-m2 vs. original 0.51 L/s-m2 for small 

office model). Due to largely increased ventilation rate in 

this vintage, it is expected there would be increased 

cooling and heating energy use, and this is discussed 

further in next section - output comparison.  

 

Output Comparison 

Table 6 and Figure 6 compare the annual total energy use 

for the original OS small and medium office building and 

the newly developed OS small and medium office 

buildings for the selected climate zones and ASHRAE 

90.1 standard vintages. The selected regions to compare 

the results are ASHRAE US climate zone 2A, 3B, 4A, 5A, 

and 6A. Given the changes in the occupancy density, 

lighting and plug load, and OA ventilation rates in the new 

prototype building model, the energy uses for two 

different models show close agreement. In general, the 

energy use for the new model is slightly higher than the 

original. 
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Table 2: Lighting, ventilation, occupancy, and elec. 

equipment per area for ASHRAE 90.1-2004. 

 

Table 3: Lighting, ventilation, occupancy, and elec. 

equipment per area for ASHRAE 90.1-2007.  

 

Table 4: Lighting, ventilation, occupancy, and elec. 

equipment per area for ASHRAE 90.1-2010.   

 

Table 5: Lighting, ventilation, occupancy, and elec. 

equipment per area for ASHRAE 90.1-2013.  

 

 

As discussed previously, the new models for ASHRAE 

90.1-2004 show higher energy use than the original model 

in case of small and medium office building. This is 

mainly caused by increased OA ventilation loads 

compared to the original model. The increased ventilation 

loads results in increased heating and cooling energy use 

and the results shows a trend of regional impact. The 

percent difference between the two models ranges from 5-

20% (5-10% if the 2004 vintage outlier is excluded) for 

medium office buildings, and 0 to 10% for small office 

buildings (0-8% if the 2004 vintage outlier is excluded) 

and this difference is somewhat significant in cold and hot 

climate such as 2A and 6A in general. 

 

Discussion 

In this new prototype model development, there was no 

attempt to match the energy use for the new prototype 

building models to the energy use of the original building 

models. Since the new model has more space types and 

associated space attributes, the energy use for the new 

model should be expected to be different. However, we 

perform an energy use comparison analysis between the 

new and original prototype building models to ensure 

reasonable trends and patterns in comparing the small and 

medium office across climate zones and for different 

vintages (i.e., 2004, 2007, 2010, and 2013) of the 

ASHRAE 90.1 standard.  

Current discrepancies in energy use are mainly due to 

more space types and space specific lighting, plug power 

densities, ventilation rates. In addition, the number of 

HVAC system units and VAV boxes are increased (and 

individual system capacities were reduced) as more 

number of thermal zones were modelled, which would 

impact to the cooling and heating end energy use.  

This paper is mainly focused on U.S. typical office 

buildings as the main objective of this work is to update 

the current U.S. office prototype building models with 

various space types, so that users can have more 

Prototype Space Type

Lighting 

per Area 

(W/m
2
)

Ventilatio

n per 

Area 

(L/s*m
2
)

Ventilation 

per Person 

(L/s*person)

Occupancy 

per Area 

(people/m
2
)

Electric 

Equipmen

t per Area 

(W/m
2
)

Original
WholeBuilding - Md 

Office
10.76 0.51 - 0.05 8.07

Original
WholeBuilding - Small 

Office
10.76 0.51 - 0.06 6.78

Storage 8.61 0.76 - - -

Stair 6.46 0.25 - - -

Restroom 9.69 0.25 - - 2.91

OpenOffice 11.84 0.00 9.44 0.06 10.33

Lobby
3 13.99 0.00 7.08 0.11 2.91

Elec/MechRoom 16.15 0.76 - - 2.91

Corridor 5.38 0.25 - - 3.12

Conference 13.99 0.00 9.44 0.54 10.76

ClosedOffice 11.84 0.00 9.44 0.05 9.36

Dining 9.69 0.00 7.08 0.11 10.76

Classroom 15.07 0.00 8.00 0.38 10.00

Weighted Average - Md 

Office
11.09 0.91 - 0.07 7.64

Weighted Average - 

Small Office
10.87 1.07 - 0.08 6.46

Percentage Increase- Md 

Office [%]
3 80 33 -5

Percentage Increase- Sm 

Office [%]
1 110 31 -5

Updated

Prototype Space Type

Lighting 

per Area 

(W/m
2
)

Ventilatio

n per 

Area 

(L/s*m
2
)

Ventilation 

per Person 

(L/s*person)

Occupancy 

per Area 

(people/m
2
)

Electric 

Equipmen

t per Area 

(W/m
2
)

Original
WholeBuilding - Md 

Office
10.76 0.46 - 0.05 8.07

Original
WholeBuilding - Sm 

Office
10.76 0.51 - 0.06 6.78

Storage 8.61 0.61 - - -

Stair 6.46 0.30 - - -

Restroom 9.69 0.30 - - 2.91

OpenOffice 11.84 0.30 2.36 0.06 10.33

Lobby 13.99 0.30 2.36 0.11 2.91

Elec/MechRoom 16.15 0.61 - - 2.91

Corridor 5.38 0.30 - - 3.12

Conference 13.99 0.30 2.36 0.54 10.76

ClosedOffice 11.84 0.30 2.36 0.05 9.36

Dining 9.69 0.30 2.36 0.11 10.76

Classroom 15.07 0.61 4.72 0.38 10.00

Weighted Average - Md 

Office
11.09 0.51 - 0.07 7.64

Weighted Average - 

Small Office
10.87 0.56 - 0.08 6.46

Percentage Increase- Md 

Office [%]
3 11 33 -5

Percentage Increase- Sm 

Office [%]
1 10 31 -5

Updated

Prototype Space Type

Lighting 

per Area 

(W/m
2
)

Ventilatio

n per 

Area 

(L/s*m
2
)

Ventilation 

per Person 

(L/s*person)

Occupancy 

per Area 

(people/m
2
)

Electric 

Equipmen

t per Area 

(W/m
2
)

Original
WholeBuilding - Md 

Office
9.69 0.46 - 0.05 8.07

Original
WholeBuilding - Sm 

Office
9.69 0.43 - 0.06 6.78

Storage 6.78 0.61 - - -

Stair 7.43 0.30 - - -

Restroom 10.55 0.30 - - 2.91

OpenOffice 10.55 0.30 2.36 0.06 10.33

Lobby 9.69 0.30 2.36 0.11 2.91

Elec/MechRoom 10.23 0.61 - - 2.91

Corridor 7.10 0.30 - - 3.12

Conference 13.24 0.30 2.36 0.54 10.76

ClosedOffice 11.95 0.30 2.36 0.05 9.36

Dining 7.00 0.30 2.36 0.11 10.76

Classroom 13.35 0.61 4.72 0.38 10.00

Weighted Average - Md 

Office
10.23 0.51 - 0.07 7.64

Weighted Average - 

Small Office
10.12 0.56 - 0.08 6.46

Percentage Increase- Md 

Office [%]
6 11 33 -5

Percentage Increase- Sm 

Office [%]
4 29 31 -5

Updated

Prototype Space Type

Lighting 

per Area 

(W/m
2
)

Ventilatio

n per 

Area 

(L/s*m
2
)

Ventilation 

per Person 

(L/s*person)

Occupancy 

per Area 

(people/m
2
)

Electric 

Equipmen

t per Area 

(W/m
2
)

Original
WholeBuilding - Sm 

Office
8.83 0.43 - 0.06 6.78

Original
WholeBuilding - Md 

Office
8.83 0.46 - 0.05 8.07

Storage 6.78 0.61 - - -

Stair 7.43 0.30 - - -

Restroom 10.55 0.30 - - 2.91

OpenOffice 10.55 0.30 2.36 0.06 10.33

Lobby 9.69 0.30 2.36 0.11 2.91

Elec/MechRoom 4.52 0.61 - - 2.91

Corridor 7.10 0.30 - - 3.12

Conference 13.24 0.30 2.36 0.54 10.76

ClosedOffice 11.95 0.30 2.36 0.05 9.36

Dining 7.00 0.30 2.36 0.11 10.76

Classroom 13.35 0.61 4.72 0.38 10.00

Weighted Average - Md 

Office
10.01 0.51 - 0.07 7.64

Weighted Average - 

Small Office
10.01 0.56 - 0.08 6.46

Percentage Increase- Md 

Office [%]
13 18 19 13

Percentage Increase- Sm 

Office [%]
13 22 47 -20

Updated
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flexibility in modeling in many use cases. However, 

authors believe that the same methodology can be 

similarly applied to other countries to develop a new 

prototype office building models with their own energy 

code.  

 

Table 6: Annual energy use comparison between the 

original and new OS prototype small office building 

(top) and medium office building (bottom). 

 

 

 

Conclusion 

This paper discussed the updated the small and medium 

office prototype models with inclusion of new space types 

based on definitions in existing standards. Given the 

different space types and layout, the simulated energy use 

for the updated models show relatively close agreements 

with the use of the original office models except 

ASHRAE 90.1-2004 version. With the updated large 

office model (not discussed in this paper), all three office 

models with detailed spaces types will be provided in 

OpenStudio as measures, which will be compatible with 

all future versions of EnergyPlus as well. The updated 

models are expected to provide more flexibility in 

modeling occupancy behaviour per space types, and 

detailed analysis of retrofit solutions, HVAC system 

design and operation, as well as grid demand response 

study.  

 

 

 

Figure 6: Annual energy use comparison between the 

original and new OS prototype small office building 

(top) and medium office building (bottom). 
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Abstract 

Recently, Energy Recovery Ventilator (ERV) has been 

installed to secure energy saving and Indoor Air Quality 

(IAQ) in multi-residential building. A lot of effort has 

been devoted to the development of various types of ERV 

systems for the purpose of improving heat exchange 

efficiency, preventing condensation problems in the 

elements, and increasing usability etc. Among various 

ERV systems, a ventilation system using a new concept 

called Alternating Ventilation (AC ventilation) such as Bi-

directional Heat Recovery Ventilator (BdHRV) has been 

developed and broadly installed.  

The performance of a heat (sensitive / latent / enthalpy) 

recovery ventilators are defined as a fixed value by 

measurement under specified indoor and outdoor 

conditions, and this value used as input data for the energy 

simulation.  

However, the heat exchange efficiency of Bi-directional 

Heat Recovery Ventilator (BdHRV) in which air supply 

and exhaust process are repeated over a period of time and 

heat is accumulated in the exhaust mode through the heat 

storage element and heat is released in the supply process 

is not constant but varies with time. 

In this study, the transient heat exchange efficiency of 

BdHRV was measured with test chamber measurement. 

The simulation method considering the transient heat 

exchange characteristics of BdHRV has been proposed. 

The effect of ventilation with BdHRV on heating/cooling 

energy usage are analyzed.  

Introduction 

Ventilation is the process of supplying air to or removing 

air from a space for the purpose of controlling indoor air 

contaminant levels, humidity, or temperature within space 

(Ashrae 2016). Ventilation is the most effective approach 

to providing acceptable indoor air quality and to increase 

the work performance (Wargocki et al., 1999; Daisey, 

Angell, and Apte, 2003). However, there is a trade-off 

between energy saving and ventilation or IAQ in 

contemporary building practice. Increasing the ventilation 

rate will improve the indoor air quality, but increased 

ventilation rate will contribute to an increase of the 

cooling and heating loads on buildings (Choi et al., 2018). 

Two main strategies exist in contemporary building 

practice that allow to reconcile these opposing interests, 

namely the use of heat recovery units and implementation 

of demand controlled ventilation (Laverge et al., 2011).  

Especially in residential building, where central HVAC 

system is rarely equipped, split-type air-conditioner is 

commonly installed. However, split-type air-conditioner 

is not able to introduce the fresh air. Due to this reason, 

application of energy recovery ventilator (ERV) is one of 

ideal solution to this issue in residential building and ERV 

comes into widespread in Europe and Asia countries 

(Fehrm, Reiners, and Ungemach, 2002; Zhou, Wu, and 

Wang, 2007; Dieckmann, Roth, and Brodrick, 2003; Liu 

et al., 2010; Han et al., 2013). 

Heat recovery term is referring to an air-to-air heat or 

energy recovery system which is defined as the process of 

recovering energy (heat/mass) from a stream at a high 

temperature to a low temperature stream that is effective 

and economical to run (Riffat and Gan, 1998). A typical 

heat recovery system in building consists of ducts for 

incoming fresh air and outgoing stale air, a heat exchanger 

core, where heat or energy is transferred from one stream 

to the other and two blower fans; one is to exhaust stale 

air and supply fresh air via the heat exchanger core 

(Mardiana-Idayu and Riffat, 2012). 

While in industries, it is abbreviated as HRV (heat 

Recovery Ventilation) or ERV (Energy Recovery 

Ventilation) and became a general use within them. There 

are many different types of heat recovery systems are 

available for transferring energy from the exhaust air to 

the supply air or vice versa (Fehrm, Reiners, and 

Ungemach, 2002; El-Baky and Mohamed, 2007; Juodis, 

2006). Specifically, heat recovery or air-to-air heat 

recovery systems are made in various types, sizes, 

configurations and flow arrangements. There are many 

types of heat recovery units which are in use in building 

applications and these types of heat recovery systems are 

depending on the heat exchanger core (ex. Fixed-plate, 

run-around, Rotary wheel) (Mardiana-Idayu and Riffat, 

2012; ASHRAE 2000).  

Conventional ventilators need two sets of incoming and 

outgoing airstreams to exchange energy simultaneously. 

Usually, four ducts are connected to an HRV, i.e., for 

outside air (OA), supply air (SA), return air (RA), and 

exhaust air (EA). Ductworks are complicated and 

troublesome, especially when there is not enough clear 

space above a ceiling panel for the supply and exhaust 

ducts to cross each other (Han and Kwon, 2006). 
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Moreover, frost formation in exchangers is common in 

cold regions where the outdoor temperature is below -

10oC for the majority of the cold season. And it can lead 

to some critical problems, such as partial or blockage of 

air flow passages, increase in pressure drop through the 

exchanger or decrease in air flow rate, increase in electric 

power of the fans and decrease in the heat transfer rate 

between the two air streams and draught in the space due 

to low supply air temperatures (Nasr et al., 2014). 

Various advanced ventilation systems, control methods 

and material of element cores have been studied and 

developed to solve these problems, improve the heat 

exchange efficiency of the ERV system and increase the 

usability. Vapour permeable core material such as 

polymerized paper advances in the vapour transfer to 

separate moisture from the vapour / air mixture owing to 

their strong affinity to the water molecule are 

suggested(Zhang and Niu, 2001; Nasif et al., 2010; 

Huizing, 2016; Beattie et al., 2018; Pan et al., 1978). 

Hybrid ventilation using heat storage material was 

proposed by (Kwon et al., 2013) to reduce the ventilation 

load. Also ductless HRV system using heat storage 

material which is favourable for remodellig have been 

proposed(Ireland).   

Han introduced an inhaling/exhaling heat recovery 

ventilator using the concept of Alternating Current 

ventilation and investigated its effects on ventilation 

performance of a room with measurement and 

Computational fluid dynamics simulations(Han and 

Kwon, 2006). A breathing HRV is an HRV of a new kind 

using the concept of Alternating-Current (AC) ventilation. 

AC ventilation is ventilation with the airflow directions 

reversed periodically. It has the advantage of using a 

single-duct system for both supply and exhaust purposes. 

The thermal storage medium is charged during an exhaust 

process and discharged during a supply process. Figure 1 

compares the mechanisms of conventional DC ventilation 

and AC ventilation. 

This kind of Bi-directional Heat Recovery Ventilator 

(BdHRV) shows its own variable efficiency due to the 

characteristics of the system. Han and Kwon didn’t focus 

on its efficiency, but more focused on to investigate the 

system parameter and ventilation efficiency. And in this 

paper, heat exchange efficiency of BDHRV showed 

between 10~100% according to the parameter (Han and 

Kwon, 2006).  

However, as a prescriptive method to investigate heat 

exchange efficiency, the performance of a heat (sensitive 

/ latent / enthalpy) recovery ventilator is defined as a fixed 

value by measurement under specified indoor and outdoor 

conditions and entered as input data for the energy 

simulation method (Ashrae 2013; "KS B 6879-Heat 

Recovery Ventilators"  2017). 

In this study, seasonal variable efficiency of BdHRV 

using the concept of AC ventilation were defined with test 

chamber measurement. With experimental results, 

simulation methodology considering the characteristics of 

the AC ventilation system has been proposed and its effect 

on heating/cooling energy usage are compared with the 

prescriptive method.  

Variable efficiency of Bi-directional Heat 

Recovery Ventilator (BdHRV) 

Conventional ventilators such as fixed plate type need two 

sets of incoming and outgoing airstreams to exchange 

energy simultaneously. This corresponds to Direct 

Current Ventilation (DC Ventilation), which is a 

ventilation with constant air flow and direction. Usually, 

four ducts are connected to an HRV unit. On the contrary, 

BdHRV using AC ventilation is a way to recover heat 

using a single duct, using alternating ventilation to 

separate the supply and exhaust processes over time. In a 

 

Figure 1 : Concept of Fixed-plate HRV and Bi-directional HRV 
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sense, it is quite similar to a rotary type heat regenerator 

(Han and Kwon, 2006). The concept of AC ventilation 

coupled with a heat storage mechanism can be found 

elsewhere. Old adobe huts consist of porous mud walls 

through which air can be infiltrated or exfiltrated 

depending on the indoor-outdoor pressure difference. In 

winter, cold outdoor air is warmed up while blowing in 

through a warmed porous wall on the windward side. 

When the wind direction changes, warm indoor air heats 

the wall back up while blowing out through the wall. The 

same principle can be found in the human respiration 

process. While air is inhaled and exhaled, heat is stored 

and retrieved to and from the respiratory tract walls. The 

mechanism prevents cold air getting deep into lungs 

directly (Han and Kwon, 2006).  

BdHRV proposed in this study is consist of single duct, 

back flow prevent damper and heat storage medium for 

both supply and exhaust purposes. Accordingly, it is 

possible to reduce the unit price and installation cost of the 

material through the single duct, and to prevent the 

condensation by blocking the inflow of air when the 

system is not operated by the backflow prevention damper. 

In addition, it is possible to expect reduction of indoor 

heating and cooling load and ventilation load by using 

heat recovery element (composed of alumina, synthetic 

metal, charcoal, etc.).  

Then, how the heat exchange efficiency of ERV/HRV are 

quantified? The heat or enthalpy exchange performance of 

conventional Air to Air energy recovery heat exchangers 

can be calculated from the temperatures, humidity, and 

flow rate. According to ASHRAE Standard 84(84: 2013) 

and AHRI Standard 1060(AHRI 2018), the effectiveness 

of the heat or enthalpy of a system can be expressed by the 

conditions of the supply air (SA), return air (RA), and 

outdoor air (OA) as follows: 

𝜀 =
�̇�𝑠(x1 − x2)

�̇�𝑚𝑖𝑛(x1 − x3)
 (1) 

where, 𝜀 is the sensible or total effectiveness [-], x1 is 

the OA temperature [°C] or enthalpy [kJ/kg], x2 is the 

SA temperature [°C] or enthalpy [kJ/kg],  x3 is the RA 

temperature [°C] or enthalpy [kJ/kg], �̇�𝑠 is the supply air 

flow rate [m3/h], and �̇�𝑚𝑖𝑛 is the lower of the exhaust or 

supply air flow rate [m3/h]. The two air flow rates had 

approximately equal values for the ventilation system in 

this study. Assuming the same flow rate across the 

ventilation system, the sensible effectiveness can be 

expressed as 

𝜀𝑠 =
𝑇𝑂𝐴 − 𝑇𝑆𝐴

𝑇𝑂𝐴 − 𝑇𝑅𝐴

× 100 [%] (2) 

and the latent effectiveness as 

and the total effectiveness as 

𝜀𝑇 =
ℎ𝑂𝐴 − ℎ𝑆𝐴

ℎ𝑂𝐴 − ℎ𝑅𝐴

× 100 [%] (4) 

where 𝜀𝑠  is the sensible effectiveness, 𝜀𝑙  is the latent 

effectiveness, 𝜀𝑇  is the total effectiveness, 𝑇  is the 

temperature of air, 𝑊 is the humidity ratio of air, and ℎ 

is the enthalpy of air. The subscript 𝑂𝐴 is used for the 

outdoor air, 𝑆𝐴 for the supply air, and 𝑅𝐴 for the return 

air. 

This means, heat exchange efficiency is defined as a fixed 

value for fixed indoor and outdoor temperature / humidity 

conditions. In addition, fixed efficiency values are entered 

to the input conditions simply on the energy simulation to 

evaluate the annual energy consumption of the heat 

exchange ventilation system (Klein et al., 2009).  

Table 1: Measurement conditions 

 

Indoor condition Outdoor condition 

Drybulb, 
oC 

Wetbulb, 
oC 

Drybulb, 
oC 

Wetbulb, 

oC 

Cooling 24±0.3 
17±0.2 

(49.6%) 
35±0.3 

24±0.2 

(40.3%) 

Heating 22±0.3 
13.9±0.2 

(40.0%) 
2±0.3 

0.4±0.2 

(75.1%) 

 
Figure 2 : Measurement configuration 

Table 2: Summary of instrumentation 
Model Purpose Specifications Locations 

CHINO 

(PT100 A Class) 

Drybulb temperature 
Measurement range of -30 to +70°C, accuracy of ±0.1°C, 

resolution is 0.1°C. Exhaust/supply air for the 

ventilation system, 

Outdoor air, 

Indoor air 

Wetbulb temperature 
Measurement range of -30 to +70°C, accuracy of ±0.1°C, 

resolution is 0.1°C. 

YOKOGAWA 

MX100 

Data logger 

(Data acquisition unit) 

Voltage range of -60.00 to 60.00 mV accuracy of ±0.05%, 

resolution is 0.01 mV. 

YOKOGAWA 

WT-333 

Power meter 

(Energy consumption) 

DC power measurement accuracy 0.1% of reading +0.2% of 

range 
System 

𝜀𝑙 =
𝑊𝑂𝐴 − 𝑊𝑆𝐴

𝑊𝑂𝐴 − 𝑊𝑅𝐴

× 100 [%] (3) 

EA RA

SAOA

AHUAHU

One-way 

Duct system

Temperature/Humidity 

measurement
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However, this AC ventilation system is expected to have 

a variable value of heat exchange efficiency rather than a 

fixed value in the process of storing and discharging heat 

due to the characteristics of the system. If wrong 

efficiency is entered considered to the simulation method 

to evaluate the annual energy consumption, it can be 

results in significant error(Choi et al., 2018). 

Variable heat exchange efficiency of fixed-plate ERV 

according to indoor and outdoor conditions under actual 

operating conditions were defined with field 

measurement(Choi et al., 2018). However, there is not yet 

a definition on its efficiency in AC ventilation systems 

which shows the transient efficiency.  

Quantification of Efficiency on Bi-directional 

Heat Recovery Ventilator (BdHRV) 

Experimental setup 

In this study, to evaluate the performance of the 

ventilation system, the experiments were performed 

according to the standard of KS B 6879 which defines the 

measurement method for evaluating the performance of 

the Energy Recovery Ventilation system("KS B 6879-

Heat Recovery Ventilators"  2017).  

HRV was installed in a chamber composed of indoor and 

outdoor sides, and the points of dry bulb temperature and 

wet bulb temperature were as shown in Figure 2. The 

power consumption of the system was also measured to 

obtain the input data of the simulation and the 

specification of measurement instruments are illustrated 

in Table 2. The airflow of the system was fixed at 

150CMH and the experiment was performed. The heat 

exchange efficiency test conditions and details of the 

measuring equipment are shown in Table 1-2. 

Experimental results 

The results of the heat exchange efficiency test of the bi-

directional heat recovery ventilator are shown in Figure 3-

4. The indoor / outdoor temperature is shown to be 

constant as described in Table 1. Since separated supply 

process and exhaust process are periodically performed at 

intervals of 120 seconds through the heat storage element, 

the temperature of the supply air linearly changes 

according to the mode operation. And the heat exchange 

efficiency also changes accordingly.  

In cooling season, the warm outside air temperature decr

eases while pass the heat storage medium, which is coole

d through the exhaust process. When the system turns to 

the supply process, cooled supply air flow to indoor and 

it increases with the time. Because this transient operation 

condition, heat exchange efficiency is gradually lowered 

as time passes in the supply process. And this results are 

shown in Figure 3.  

In the same way, it can be seen that the heat exchange 

efficiency is gradually lowered with the passing of the 

cold outside air through the warmed heat storage medium 

during the heating season. And the tendency of variable 

heat exchange efficiency in heating season is illustrated in 

Figure 4. 

To summarize the results, the measurements showed that 

the heat exchange efficiency was not constant because of 

the inherent characteristics of BdHRV, which appears to 

be periodically. The transient heat exchange efficiency 

according to the elapsed time on heating and cooling 

Figure 3 : Temperature by location and Variable heat exchange efficiency - coolng season  

Figure 4 : Temperature by location and Variable heat exchange efficiency - heating season  
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season vary between about 62.90% and 100% and 69.48% 

and 85.94%, respectively in constant indoor and outdoor 

conditions.  

 

Simulation 

Simulation conditions 

To evaluate the effect of a variable heat exchange rate, the 

measured variable effectiveness was incorporated into 

simulation. Simulation condition is illustrated in Table 4.  

Trnsys software was used in conjunction with Trnflow to 

analyze the air flow according to the characteristics of the 

bi-directional HRV operating the exhaust process and the 

supply process separately (Hiller et al., 2002; Klein et al., 

2009). In other words, airtightness performance at the 

tight level defined by (Tamura, 2008) was implemented to 

realize inflow and outflow of air according to the pressure 

difference condition. To compare the reasonable heating 

and cooling load of each cases, air flow rate was set to 15 

CMH in terms of the 0.5 ACH of the room. Also, the time 

step was narrowly defined at intervals of 4 seconds in 

order to appropriately consider the system to be operated 

repeatedly at intervals of 120 seconds. Indoor condition 

was defined as experimental condition. weather condition 

data of Seoul area was used for outdoor condition. 

Two cases were analyzed in this study to compare the 

heating load and heating energy consumption of the 

building depending on either fixed or variable heat 

exchange efficiency of the ERV and it is shown in Figure 

3. 

Case1 involves constant heat exchange effectiveness, as 

per the conventional simulation method. Also Case1 

represents the heat exchange effficiency which is defined 

with the prescriptive measurement method. This means 

that both the AC ventilation and the DC ventilation can 

only be achieved when the efficiency is quantified by the 

conventional measuring method. The heat exchange 

efficiency performance of Case1 is derived from the 

results of the actual fixed-plate heat exchanger test report 

results which is similar to the mean value of the variable 

heat exchange value (Case2). Comparison between Case1 

and Case2 has the symbolic meaning, error that simulator 

and performance evaluation agency can make with the 

conventional method- both on simulation and 

measurement. 

 As a conventional simulation method (Case1) for ERV 

modeling in energy building simulation, fixed heat 

exchange efficiency values (Sensible, Latent, Total) are 

entered as input data, which is the performance test results 

provided by the manufacturers. Using the fixed 

efficiencies of ERV, the supply air temperature and 

humidity of ERV are determined by simple calculation as 

a function of Eqs. (2)-(4). Case 2 represents variable heat 

exchange effectiveness based on the measurements 

performed in this study. Main consideration on simulation 

methods are as : (1) Intentional / Unintentional airflow 

rate (Indoor and Outdoor), (2) Airflow direction, (3) 

Implementation of variable efficiency on simulation 

method and (4) Validation with the measurement results. 

Simulation results 

The variation efficiency values defined by the measure 

were implemented in the simulations, and the difference 

from the measurement results was shown to be RMSE 

0.328 (0.57% error rate).  

Simulation results on Indoor air, Outdoor air, Supply air 

and the sensible heat exhchange efficiency of each cases 

are shown on Figure 5-6. In Case1, the sensible heat 

exchange efficiency and supply air temperature are 

constant due to the application of the fixed efficiency. On 

the other hand, the result of Case2 shows the supply air 

temperature which varies with the elapsed time due to the 

implementation of the variable efficiency. 

And as mentioned in the simulation condition section, 

envelope condition in simulation was designed to 

Table 3: Case configuration 

 ERV system Sensible heat exchange efficiency 
Power 

consumption 
Air flow rate  

Case1 
Fixed-plate 

(DC ventilation) 

74 % (cooling) 

79% (heating) 
68 W 

15 CMH 

-Ideal heating 

system 

(COP : 3.3)  

-Ideal cooling 

system 

(COP : 3.7)  

Case2 
Bi-directional 

(AC ventilation) 

62.90~100.00% (cooling) 

69.48~85.94% (heating) 

supply: 44 W 

exhaust: 46 W 

(Measured) 

    

  

Table 4: Simulation conditions 

Weather data Seoul.TMY2 

Simulation du

ration 

Cooling August 

Heating January 

Indoor conditi

on 

Cooling 

DT=24°C and 

RH=50% 

(WT=17.03 °C) 

Heating 

DT=22°C and 

RH=40% 

(WT=13.6 °C) 

Heat gain Person 
Sensible heat : 65 W, 

Latent heat : 55 W 

Lighting 4.3 W/m2 

Equipment 6 W/m2 

Infiltration 

0.55 cm2/m2@10Pa (Tight)  

(Orme, Liddament, and Wilson 1998; 

Tamura 2008) 

Time step 4 sec 
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determine the air flow rate and direction according to the 

pressure difference. So it is possible to analyze the airflow 

rate and direction according to each mode 

operation(supply process, exhaust process). The designed 

air supply volume is just the same in both cases. However, 

in Case2, the final airflow rate due to the increase with 

infiltration and exfiltration are about 5 CMH higher than 

Case1, as shown in Figure 7. This means that in case of 

Case2, unintentional airflow rate is higher than Case1. 
This is the effect of an increase in pressure differential 

between internal and external, as a result of the operation 

of AC ventilation, which operates by separating the supply 

process and exhaust process repeatedly.  

Energy consumption and heating and cooling load of 

Case1 and Case are compared in Figure 8-9. In heating 

season, heating load has increased slightly, due to the 

increase in the infiltration load. As explained above, 

unintentional ventilation was introduced in the exhaust 

process during the BdHRV was operating(Case2).  

Despite the increase in final outdoor air intake and indoor 

airflow, energy consumption of Case2 decreased by 8.1% 

in heating due to the low Fan operation. And total energy 

consumption decreased by 19.4% in cooling season. 

These results are symbolically indicative of the errors that 

may be caused by the performance evaluation agency and 

the simulation methodology that define the performance 

of the heat exchange ventilation system in a conventional 

manner. 

Conclusion 

In this study, the characteristics and performance 

evaluation of BdHRV using the concept of alternating 

current ventilation (AC ventilation) was performed 

differently from the fixed-plate heat recovery ventilator 

using the general direct current ventilation (DC ventilation) 

concept. The efficiency of BdHRV varies with time 

depending on the characteristics of operating the supply 

process and the exhast process separately. In addition, 

simulation method that implements the performance of 

BdHRV is proposed and quantitatively evaluated the 

effect on the energy usage when the prescriptive 

simulation method is applied. 

In order to examine the energy usage according to the 

system operation, it is necessary to precede the step of 

quantifying the efficiency which varies with time through 

experiments. The existing ERV system measurement 

method defines the efficiency at a fixed value in fixed 

indoor / outdoor temperature / humidity environment. 

However, in order to measure the efficiency considering 

the characteristics of BdHRV in this study, it was possible 

to define the efficiency with time by continuous 

measurement. The results show that the efficiency varies 

with time, and this is different by season. The 

measurement results suggest a problem with the 

measurement method that defines the performance of 

various heat exchange ventilation systems as fixed values. 

In order to implement the performance of BdHRV on a 

simulation, a different methodology was needed than the 

existing method of inputting fixed efficiency values 

 
Figure 5 : Variable heat exchange efficiency and Temperature by location – Cooling season 

 
Figure 6 : Variable heat exchange efficiency and Temperature by location – Heating season 

22

24

26

28

T
e
m

p
e
ra

tu
re

 
[o

C
]

60

70

80

90

100

0 100 200 300 400 500 600 700

E
ff

ic
ie

n
c
y
 [

%
]

Elapsed time[second]

T
em

p
er

a
tu

re
 [

o
C

]
E

ff
ic

ie
n

cy
 [

%
]

Elapsed time [second]

Cooling season

Indoor Temperature

Outdoor Temperature

Supply Air Temperature (Case1)

Sensible Heat exchange efficiency (Case1)

Supply Air Temperature (Case2)

Sensible Heat exchange efficiency (Case2)

-6

0

6

12

18

24

T
e
m

p
e
ra

tu
re

 
[o

C
]

60

70

80

90

100

0 100 200 300 400 500 600 700

E
ff

ic
ie

n
c
y
 [

%
]

Elapsed time[second]

E
ff

ic
ie

n
cy

 [
%

]
T

em
p

er
a

tu
re

 [
o
C

]

Elapsed time [second]

Heating season
Indoor Temperature

Outdoor Temperature

Supply Air Temperature (Case1)

Sensible Heat exchange efficiency (Case1)

Supply Air Temperature (Case2)

Sensible Heat exchange efficiency (Case2)

________________________________________________________________________________________________ 

________________________________________________________________________________________________ 
Proceedings of the 16th IBPSA Conference 
Rome, Italy, Sept. 2-4, 2019

 
1323

 

 
  



directly as input data. Therefore, the variable heat 

exchange efficiency of BdHRV was newly created and 

applied to the simulation. In order to implement the 

characteristics of BdHRV properly, the following two 

items are considered in the preparation of the simulation 

model: (1) efficiency that changes with time, (2) the 

supply mode and exhaust mode are operated periodically 

according to time Operational logic. Variable efficiency 

module is implemented through simulations focusing on 

the exchange efficiency of sensible heat, which changes 

with time, and the change of supply and exhaust mode at 

intervals of 120 seconds. The error rate compared with the 

measured results is about 0.6%. In order to consider the 

influence of the BdHRV on the characteristics of the 

separate operation of the exhaust mode and the air supply 

mode, the air flow of the building was modeled, and the 

flow direction and the flow rate of the indoor/outdoor air 

were changed according to the pressure difference. 

Finally, the effect of energy consumption on the 

simulation method was compared. Compared with the 

results obtained by the prescriptive simulation method, the 

results of the simulation using the proposed method show 

that the energy consumption is reduced about 8.1% in 

heating season and 19.4% in cooling season. 

Therefore, the characteristics of the heat exchange 

ventilation system showing the variable efficiency rather 

than the fixed efficiency according to the operation mode 

and the material diversification of the total heat exchange 

ventilation system were confirmed.  In addition, it has 

been confirmed that the efficiency and operation plan 

should be implemented in consideration of the inherent 

characteristics of the system rather than simply inputting 

the fixed efficiency value in the simulation. 

As a further study, efficiency of Bi-directional Heat 

Recovery Ventilation system under real condition and 

heat transfer issues in duct space will be analysed. 
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Figure 7 : Comparison of airflow rate with the operation of HRV  

 

Figure 8 : Comparison of heating and cooling load between the two cases 

 
Figure 9 : Comparison of energy consumption between the two cases   
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Abstract 

Energy modelling is a powerful tool to predict building 

physical performance. However, current simulation tools 

are not able to mimic perfectly the operation of real 

HVAC systems. Testing real HVAC equipment under the 

loads of a virtual model makes it possible to analyse their 

dynamic behaviour under quasi-realistic conditions. New 

methods are needed to exchange information between 

building modelling tools and laboratories where real 

systems are tested. Within this context, the present study 

focuses on the implementation of a data communication 

chain to perform real-time building simulation in 

EnergyPlus with hardware-in-loop (HIL) integration in a 

semi-virtual testing laboratory (SEILAB). A feature of 

SEILAB is that it allows operating real equipment under 

the energy demand/production of a dynamic virtual 

building model. A residential building model created with 

EnergyPlus has been coupled with a real water-to-water 

heat pump, an on-site weather station and a photovoltaic 

system. This communication is based on the use of 

Functional Mock-up Interface for Co-Simulation (FMI). 

The EnergyPlus model has been wrapped into a 

Functional Mock-up Unit (FMU) that communicates with 

the laboratory by means of LabVIEW. The latter provides 

a graphical interface of SEILAB to manage the real 

equipment. Coupling between EnergyPlus and LabVIEW 

requires Python’s scripts as a bridge for communication. 

Introduction 

Energy consumption due to heating and cooling needs is 

a large portion in residential and commercial buildings. 

Therefore, the reduction of energy use would be mostly 

valuable for improving the performance of such 

buildings. Because of the increasing implementation of 

heat pumps in installations around the world, it is 

necessary to investigate on strategies for their better 

integration and regulation. Laboratory testing on the 

integration of heat pumps using different strategies is 

required as there is a lack of experimental studies that 

investigate the effect of control operation on these 

systems (Waddicor, 2016). Laboratory experimentation 

using a hardware-in-loop (HIL) configuration improves 

tests repeatability, allowing operating the heat pump as if 

it was installed in a real facility under different conditions. 

HIL simulations present several advantages compared to 

field tests as they require less effort on the implementation 

and they allow more accuracy in the measurements. 

Therefore, conclusions can be drawn with less time and 

effort under several different scenarios. 

The connection between the heat pump and the model is 

done using communication protocols that allow data 

transfer between the real equipment and a simulation 

model that reproduces the thermal loads of a virtual 

building. Few studies address the design and definition of 

communication methods between the different heating 

systems. El-Baz et al. (2018), after a comprehensive 

review about HIL implementation, present a HIL system 

of a heat pump testbed, controlled with a LabVIEW 

program and its data communication protocol with a 

building model built in SimulationX, a Modelica based 

program. It shows that the HIL system is able to maintain 

realistic dynamics. However, there are no studies that deal 

with a HIL heating system and the open software 

EnergyPlus, which is widely used in the building 

simulation community. Jones et al. (2013) who replaced 

the basic heat pump EnergyPlus object with a user-

defined component based on quadratic equations gave a 

hint about this possible coupling.  

This paper presents the methodology used for connecting 

an EnergyPlus building model to a real heat pump under 

a HIL configuration and the results of a two days’ 

experiment performed in a semi-virtual testing laboratory 

(SEILAB), which features are described by Péan et al. 

(2019). During the experiment, real-time weather data and 

photovoltaic (PV) power production are provided to the 

simulation model. The entire communication chain is 

based on the use of the Functional Mock-up Interface 

(FMI) for Co-Simulation (Modelisar Consortium, 2010), 

on LabVIEW software (2018) and it could be 

implemented in other laboratories due to the 

standardization of the process. 

Methods 

Figure 1 represents the general scheme of the overall 

configuration. The real elements are the weather station, 

the PV installation and the water-to-water heat pump. 

Those components communicate with the building model 

implemented in EnergyPlus. The EnergyPlus model has 

been wrapped into a Functional Mock-up Unit (FMU) that 

communicates with the laboratory using LabVIEW. The 

latter provides a graphical interface of the laboratory to 

manage the real equipment. Coupling between 

EnergyPlus and LabVIEW requires Python’s scripts as a 

bridge for communication. 
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An experiment of two days has been performed to 

evaluate the behaviour of the data communication chain 

and to identify the opportunities and limitations of this 

solution. The experiment has been performed in a winter 

period, in particular on December 18th-19th and with a 

simulation time resolution of three minutes.  

 

Figure 1: General schematic of overall configuration 

A detailed description of each component, the 

communication between them and the results of the 

experiment is presented in the following sections. 

Building and systems description 

Building model developed in EnergyPlus environment 

represents a residential building located in Tarragona, 

Spain. It is representative of a Spanish multi-story 

building of the period from 1991 to 2007 and it follows 

the building code NRE-AT-87, which building typology 

is described by Tejero et al. (2018). It consists in four 

identical dwellings of two thermal zones, each one with a 

different occupancy level. In addition, occupancy, 

appliances and lighting consumptions follow stochastic 

profiles that differentiate each dwelling behavior, 

resulting in different energy demands. Regarding 

domestic hot water (DHW) profiles, they are based on the 

European standard (EN16147, 2011). It provides the 

energy consumption for different daily DHW usages and 

tapping profiles. In the present study, tapping cycle 

“medium” and equivalent DHW temperature of 60°C has 

been selected and adapted to the occupancy and 

simulation time step. 

Heating is covered by means of a centralized water-to-

water geothermal heat pump system that provide hot 

water for the indoor fan coil units (two units per dwelling) 

and the DHW. The DHW system is composed by four 

storage systems, one for each household, that are 

modelled by a four node stratified tank. Heating loop 

circuit from the heat pump is connected to the bottom half 

part of the tanks and electrical heaters are placed on the 

top part acting as auxiliary systems. This configuration 

allows maintaining the recommended criterion regarding 

DHW temperature (60ºC). Space and DHW heating is 

controlled on three levels: 

 Fan coils: thermostat temperatures of the thermal 

zones are compared with the actual temperatures 

sensed with the Energy Management System (EMS) 

sensors of EnergyPlus. A temperature hysteresis 

control with a deadband of 0.5°C is implemented 

with an internal program. The heat provided by the 

fan coils is directly managed with the EMS actuator 

Fan Coil Air Mass Flow Rate to mimic an on-off 

two-stages control. In addition, in order to 

communicate wih the heat pump, each time step the 

fan coils launch a binary signal, one if heating is 

needed in the zone or zero for the contrary case. 

 DHW storage tanks: storage tanks present two 

thermostats, one in the top part (Node 1) and the 

other in the middle bottom part (Node 3). In this 

case, the EnergyPlus internal control is used. Node 

1 temperature is controlled by an electrical heater 

and by an hysteresis control with a dead band of 2°C. 

On the other hand, the bottom part is connected with 

the heat pump loop and is controlled by an hysteresis 

control with a dead band of 5°C. As for the fan coils, 

storage tanks launch a binary signal to the heat pump 

based on the bottom part control. 

 Heat pump: the heat pump presents two controls. An 

external one which come from the simulation and an 

internal one. The external one, called “heat pump 

status”, is a global signal that is generated as 

summation of each individual binary signals that 

comes from the fan coils and from the storage tanks. 

If this global signal is greater than one, hot water 

flows through the main heating loop and the 

simulation sends an ON signal to the heat pump. On 

the other hand, the internal signal operates according 

to the condenser inlet temperature setpoint. In 

particular, when the condenser inlet temperature 

reaches the setpoint, the heat pump compressor is 

switched off. 

A PV installation is included in the system. The real PV 

installation has a peak power of 3.75kWp but, for the 

purpose of the simulation, the power introduced to the 

building model has been scaled up to 10.8kWp to simulate 

a nearly Zero Energy Building (nZEB). Moreover, the 

building is equipped with a 10kWh community battery 

connected to a DirectCurrentWithInverterDCStorage 

load center. In order to enhance photovoltaic self-

consumption, the EnergyPlus storage operation scheme 

used is TrackFacilityElectricDemandStoreExcessOnSite. 

Figure 2 shows the geometry of the building while Table 

1 summarizes the main features of the building and its 

systems, highlighting the real and simulated elements. 

 

Figure 2: Geometry of the building model 
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Table 1: Main building model features 

Building model features Real / Simulated 

Location Tarragona, Spain Real weather data 

Year of 

construction 
1990 

Simulated 

Constructive 

features 

Following the 

building code 

NRE-AT-87 

Number of 

dwellings 
4 

Surface 

area/dwelling 
104.3 m2/dwelling 

Heating unit 

Centralized 

geothermal heat 

pump 

Real water-to-

water heat pump 

Heat sink Ground Borehole Simulated 

Heat Emission 

units 
Fan-coil units Simulated 

DHW system 
Dwelling tank + 

electrical backup 
Simulated 

Electric battery 10kWh Simulated 

Electric vehicle 24kWh Simulated 

PV system 10.8kWp 3.7kWp (real) 

The main objective of the building model is to simulate 

the virtual components that are not present in the 

laboratory environment. 

Emulated systems in the Semi-virtual Energy 

Integration Laboratory (SEILAB)  

The objective of the communication interface between the 

model and the heat pump is to operate the laboratory 

equipment under a HIL configuration. Within this 

environment, the heat pump is operated under the 

dynamic thermal loads of the building that is implemented 

and simulated in the EnergyPlus model. The operation of 

the heat pump under dynamic loads allows characterizing 

its performance under quasi-realistic conditions that  

reproduce its behavior in real world scenarios.  

The laboratory thermal test benches are used to emulate 

the ground thermal source and the building loads that are 

connected to the heat pump. This is done by means of a 

set of hydraulic loops equipped with the necessary 

controllers and sensors that allow for monitoring and 

controlling temperature and water flow in all the circuits 

(Table 2). Flow and temperature are controlled to 

reproduce the thermal energy profiles from the building 

model by means of circulation pumps equipped with 

frequency inverters, magnetive-inductive flow meters and 

high-speed modulating control valves provided with 

magnetic actuators. This control is done by means of 

valves that act by diverting water flow through by-pass 

lines, and heat exchangers that provide the heating and 

cooling requirements for each test bench to emulate heat 

sources and sinks. The electricity consumed by the heat 

pump is measured with a Siemens Sentron PAC3100 

analyzer with an accuracy of ±1% for the power 

measurement. The schematic of the laboratory 

experimental set up is shown in Figure 3. 

 

Table 2: Precision specifications for laboratory 

temperature, water flow and pressure sensors 

Parameter  Units  Device  Precision  

Temperature  K  Pt 100  ±0.25 K   

Water flow   m3/h  Induction flowmeter  ±0.2-0.5%  

Pressure   bar  Pressure transmitter  ±1%  

 

 

Figure 3: Scheme of laboratory set up for testing. 

A fixed capacity water-to-water heat pump is used in the 

experiments performed in the SEILAB to provide heat to 

cover the heating and DHW needs of the virtual building. 

The DYNACIAT LGP 120V heat pump installed in 

SEILAB is fully instrumented for the characterization of 

the thermal properties of the refrigerant and hydraulic 

circuits. The heat production and electrical energy 

consumption from the heat pump are measured and 

controlled by means of high precision measurement and 

control elements installed in the laboratory test benches. 

The technical characteristics of the heat pump used for the 

project are described in Table 3. 

Table 3: Technical characteristics of the heat pump 

under study. *Performance data according to EN14511  

Parameter Value 

Net heating capacity*: 40.5 kW 

Net power input*: 10.1 kW 

Net COP* 4.02 kW 

Compressor type Hermetic scroll (2900 rpm) 

Refrigerant type: R410A 

Electrical supply type 3-phase AC 50Hz-400V  

Evaporator type: Brazed-plate heat exchanger 

Evaporator flow range: 3.5-11.2 m3/h 

Evaporator water outlet 

temperature range: 

-10°C/+18°C 

Condenser type: Brazed-plate heat exchanger 

Condenser flow range: 3.1-8.5 m3/h 

Condenser water outlet 

temperature range: 

30°C/55°C 

Dimensions 1.2mx0.798mx0.883m 

Weight 240 kg 

On the roof platform of the SEILAB building, a 

meteorological station is placed to obtain measurements 

of outdoor ambient. The meteorological station measures 

dry bulb temperature, relative humidity, wind direction, 

wind speed, global solar radiation and diffuse solar 
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radiation.  The station communicates in real-time with the 

laboratory via Modbus protocol and has a data logger for 

a backup of data. More information about the 

measurement instruments can be found in Table 4. 

Table 4: Precision specifications for weather station 

equipment 

Measurement Brand Units Range Accuracy 
Wind speed Gill m/s 0-60 

m/s 

±2% at 12 m/s 

Wind direction Gill ° 0-359 ° ±3° at 20m/s 

Dry bulb 

temperature 

Campbell 

Scientific 

°C -

39.2°C 

to 

+60°C 

±0.2% at 20°C 

Relative 

humidity 

Campbell 

Scientific 

% 0.8 to 

100% 

RH 

±1% RH at 

20°C 

Global 

Radiation 

Kipp&Zonen W/m2 0-2000 

W/m2 

<20 W/m2 at 

80° with 1000 

W/m2irradiance 

Diffuse 

radiation 

Delta-T 

Devices 

W/m2 0-2000 

W/m2 

±2% of 

incoming 

radiation 

The PV system is placed on the roof of the building of the 

laboratory (Figure 4). The PV system consists of 14 

polycrystalline solar panels, brand model REC FV 

245Wp as it is shown in Figure 4. It has a total area of 

23.1m2 and a total peak power installed of 3.75kWp. The 

PV system is connected to an inverter of the brand SMA 

model SB 3600 TL with the technical specifications 

described in Table 5. 

 

Figure 4: PV system on the roof of the SEILAB building 

The tests performed in SEILAB are supervised and 

controlled by a data acquisition and control system 

created with the software LabVIEW.  Communications 

between the supervisory system and the laboratory 

components are based on Modbus RTU, through RS485 

connections and on Modbus TCP/IP. The communication 

with the heat pump equipment is done via Modbus RTU, 

while the communication with the meteorological station 

and the PV installation is done via Modbus TCP. 

Table 5: PV system operation values 

Input (DC) 

Max. DC power (at cos φ = 1) 3880 W 

Max. input voltage 750 V 

MPP voltage range / rated input voltage 175 V to 500 V / 

400 V 

Output (AC) 

Rated power (at 230 V, 50 Hz 3680 W 

Max. AC apparent power 3680 VA 

Nominal AC voltage / range 220 V, 230 V, 240 

V / 180 V to 280 V 

AC power frequency / range 50 Hz, 60 Hz / −5 

Hz to +5 Hz 

Rated power frequency / rated grid voltage 50 Hz / 230 V 

Max. output current 16 A 

Max. efficiency / European Efficiency 97 % / 96,4 % 

EnergyPlus integration with the Functional Mock-up 

Interface 

To perform the real-time data exchange with the 

laboratory, the EnergyPlus model has been wrapped into 

an FMU using the EnergyPlusToFMU software package 

(Release 2.0.3, available on 

http://simulationresearch.lbl.gov/). As explained by Pang 

et al. (2016), this software reads the EnergyPlus input file 

(IDF), the Input Dictionary file (IDD), the weather file 

(EPW) and generates an FMU that is ready for co-

simulation. To interface EnergyPlus with the Functional 

Mock-up Interface (FMI), the IDF file has to be 

configured using a specific model called 

ExternalInterface:FunctionalMockupUnitExport. This 

model allows adding new objects that work in the same 

way of the basic EnergyPlus schedules (To:Schedule),  

EMS actuators (To:Actuator) and EMS variables (To: 

Variable) objects, as explained by Pang et al. (2012) and 

in the ExternalInterfacesApplicationGuide of 

EnergyPlus. 

In this study, the objects To:Variable and To:Actuator are 

used to provide external inputs to the model such as real-

time weather data, PV production, temperatures setpoints 

and heat pump variables. On the other hand, the object 

From:Variable is used to export EnergyPlus time step 

calculation results. Figure 5 represents the architecture of 

the integration between the software acting in a master 

and slave configuration.  

Meanwhile the procedure to exchange variables such as 

setpoints schedules or weather data is quite 

straightforward and already discussed by Pang (2016), the 

HIL co-simulation with a real heating unit and real 

renewable energy system present some points that is 

worth to discuss. EnergyPlus HVAC systems need to be a 

closed loop. This means that it is not possible to remove 

the heat pump object from the model and simply exchange 

data with the real heat pump temperature and power 

sensors, as it could be implemented in other dynamic 

simulation software as TRNSYS, as explained by Fuentes 

et al. (2018). To overtake the obstacle, the heat pump 

object has been replaced with a UserDefined component. 

This is a custom component available in EnergyPlus that 

can be programmed using the EMS. By the use of EMS 

variables, actuators and the external interface, it is 

possible to exchange the main variables of the heat pump. 

The EnergyPlus model provides temperatures and mass 

flows that have to be transferred to the heat pump 

evaporator and condenser inlets from the borehole and the 

building heating distribution system, respectively. Then, 

after the time step in which the real equipment is under 

operation, outlet temperatures and mass flows are 

transferred to the simulation model. These are the mass 
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flows and inlet temperatures to the borehole and the 

heating distribution system coming from the outlet of the 

evaporator and condenser, respectively.  

 

Figure 5: Master and Slave integration to communicate 

EnergyPlus with the laboratory equipment 

Figure 6 represents a schematic of the process, showing 

how the temperatures measured at the outlet of the real 

heat pump condenser and evaporator overwrite 

UserDefined’s internal variables and pass the values to 

system nodes. On the other hand, system node 

temperatures resulting from the simulation loop are sent 

to the real equipment.  

 

Figure 6: UserDefined Heat Pump in EnergyPlus 

Regarding the PV production, EnergyPlus does not allow 

using the actuator called On-Site Generator Control 

Requested Power directly with Generator:Photovoltaic 

object to overwrite the renewable energy production. To 

do that, PV object has been successfully replaced with 

Generator:MicroTurbine object, which allows 

overwriting the production of the model with an external 

value provided through the FMU. In this way, the 

externally measured renewable energy is imposed as 

generator requested energy and it can be injected in the 

electrical load distribution centre of EnergyPlus. Table 6 

shows the most relevant variables exchanged between the 

model and the laboratory. Those one that are “from” 

EnergyPlus are outputs of the FMU meanwhile those one 

that are “to” EnergyPlus are inputs of the FMU. On the 

other hand, setpoints, which are set through the lab, can 

be either fixed, variables through schedules or variables 

along time depending on the result of basic/advanced 

control actions. 

 

Table 6: Exchanged variables between SEILAB and 

EnergyPlus 

Variable From To 

Inlet condenser 

temperature 

EnergyPlus SEILAB 

Outlet condenser 

temperature 

SEILAB EnergyPlus 

Inlet evaporator 

temperature 

EnergyPlus SEILAB 

Outlet evaporator 

temperature 

SEILAB EnergyPlus 

Heat pump status EnergyPlus SEILAB 

Outlet condenser 

temperature setpoint 

EnergyPlus SEILAB 

Bottom water tank 

setpoints 

External EnergyPlus 

Air zone temperature 

setpoints 

External EnergyPlus 

Weather data SEILAB EnergyPlus 

PV power SEILAB EnergyPlus 

FMU connection with Python and LabVIEW 

In this project there are two data flows, one that 

communicates the data from the laboratory’s sensors and 

real equipment to the FMU model, and the other that 

communicates the data from the model to LabVIEW. 

Coupling project’s FMU with LabVIEW directly 

presented some difficulties. There are certain libraries for 

using FMU and LabVIEW, but, depending on the 

licenses, the type of FMU has to be model exchange. The 

solution adopted here uses Python as the FMU master. 

Using the Python platform Anaconda and the library 

FMUpy, a script for command the FMU is created. The 

values of the start_time, step_time and stop_time of the 

script and the simulation model must be the same. For the 

communication between Python and LabVIEW, a TCP/IP 

communication port is generated. This port is used for the 

data exchange between the model and the laboratory. 

The procedure is described within the following points 

and represented in Figure 7: 

 First: Python, actuating as a server, creates the 

TCP/IP connection in a specific port of the computer 

and initializes the simulation model. The model 

starts with the warming up. Once the model has 

finished the warming up, there is a delay of time of 

the time step of the simulation (three minutes). 

 Second: After these three minutes, LabVIEW sends 

an array of data (measured values) to Python through 

the TCP/IP line. 

 Third: The data is received by the Python script, 

each value is separated and assigned to the 

corresponding variable. Then a time step is 

performed in the simulation model. 

 Forth: This time step generates the outputs from the 

simulation. Those outputs are aggregated into an 

array and sent by TCP/IP port. 

 Fifth: LabVIEW gets the outputs from the 

simulation and assigns these values to the 

corresponding variables. 
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 Sixth: After a delay of the time step, it returns to the 

second step of the process until it reaches the stop 

time defined in the FMU. 

The delay of the time step is needed to synchronise the 

simulation with the real-time. All the data exchanged are 

stored in a local database in LabVIEW. 

 

Figure 7: Communication scheme between FMU, Python 

and LabVIEW 

Results 

In this section, the results of the experiment are presented. 

The test was performed during two days in December, 

starting at 00:00h of 18th and finishing at 00:00h of the 

20th. The analysed variables aim to show that the 

exchange of data between the building model and the real 

equipment is working properly, and the performance of 

the building simulation is the expected one. 

After the experiment execution, a problem has been 

identified with the initialization of the setpoint 

temperature of the zones, which is an input of the FMU. 

Despite there is a field in the FMU code to define the 

initial value of the input variables 

(ExternalInterface:FunctionalMockupUnitExport:To:Act

uator, Initial Value), EnergyPlus seems not using this 

value in the warm up process of the simulation. As a result 

of this problem, the initial value of the zones is 5-7ºC 

(instead of 18ºC), and the simulation needs around 24h to 

stabilize the temperature to the setpoint of the zone (18ºC 

at night and 21ºC during the day). However, after this first 

period of simulation, that could be accelerated through the 

python script, zones temperatures perfectly follow the 

setpoint and the hysteresis control programmed with the 

EMS. 

The evaluation of the experiment is done for a period 

when the simulation is already stabilized, and the shown 

results correspond to the late first and second day 

experiment (December 18th and 19th). However, graphs 

are time-scaled according to the level of accuracy that 

authors consider the appropriate one. In particular, heat 

pump operation is shown for a four-hour period 

meanwhile zone temperatures, fan coils power and DHW 

demand for one day and the PV behaviour for the first 

hours of the morning. 

The evolution of the heat pump condenser variables is 

shown in Figure 8. The heat pump receives the external 

signal for operation (heat pump status), while its internal 

control decides whether to start or stop the heat pump 

compressor depending on the inlet temperature of the 

condenser. The internal setpoint of the heat pump on the 

condenser side is 50°C, which value comes from the 

FMU. Tcond.in setpoint is the temperature that the 

laboratory has to emulate, representing the loss in 

temperature of the fluid due to the heating demand of the 

building. This temperature setpoint is achieved with the 

flow of the fluid through a heat exchanger (test benches). 

This operation is controlled by a PID loop control that 

commands a high precision control valve. On the other 

hand, the inlet temperature from the fan coils to the 

condenser is controlled by the regulation system in the 

laboratory with little deviation with respect to the 

setpoint. The temperature lift between the inlet and outlet 

temperatures of the condenser is approximately 4°C. 

 

Figure 8: Evolution of temperatures at the condenser of 

the heat pump 

Similarly, the evolution of the variables in the evaporator 

are shown in Figure 9, in particular the inlet and outlet 

temperatures. The control of the inlet temperature from 

the ground source is good with values between 10 and 14 

℃. 
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Figure 9: Evolution of temperatures at the evaporator of 

the heat pump 

 

Figure 10: Evolution of COP, thermal and electrical 

power of heat pump 

The trends of the thermal and electrical power variables 

are shown in Figure 10. The fixed-capacity heat pump 

operates in an on-off cycling trend in stages from 20 to 45 

minutes approximately. The electrical power 

consumption is between 10 and 12kW, while the COP 

value oscillates near four. 

Figure 11 shows the thermal behaviour of the first floor 

dwelling for one-day experiment. Both day and night 

zones temperatures, the common setpoint and the outdoor 

air temperature are represented in the left-axis. These data 

are complemented with the thermal load of the fan coils, 

represented in the right-axis. The figure shows how the air 

temperature of the zones are able to follow the setpoint, 

which value is an input of the FMU. Additionally, it is 

possible to relate the behaviour of the air zone 

temperatures to the heat provided by the fan coils. It can 

be observed three different levels of thermal power, 

according to the temperature of the two zones: the fan 

coils are switched-off, there is one fan coil working 

(around 3kW), and there are two fan coils working 

(around 6kW). Moreover, the slight delay with which 

temperatures follows the setpoint during setpoint 

variation highlights zones capacitance. 

 

Figure 11: Temperatures and thermal power of the 

thermal zones of the first floor dwelling 

Figure 12 shows the thermal behaviour of the hot water 

storage tank of the first floor dwelling and its associated 

DHW draw profile. Average tank temperature, node 1 

(top tank) temperature setpoint and node 3 temperature 

setpoint are represented in the left axis. In the right axis is 

reported the accumulated energy for the DHW demand, 

the thermal energy that comes from the heat pump, the 

one from the electric resistance and the DHW extraction 

in liters per minute. DHW demand is evaluated taking into 

account the water mass flow drawn for the consumption 

and the temperature difference between the main water 

temperature (15°C) and the consumption one (60°C). 

Regarding the control, temperature setpoint of node 3 

controls the heat pump heat supply meanwhile 

temperature setpoint of node 1 controls the auxiliary 

resistance heat supply. When there is a DHW drawn due 

to a consumption, cold water enters to the tank and tank 

temperature falls down. This is the main reason why the 

two heating elements turn on. It could also happen when 

storage tank temperature falls down due to thermal losses. 

It can be observed a peak DHW consumption around 

21:00h of the 18th that is associated to a hot shower. 
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Figure 12: Temperatures and thermal power of the 

thermal zones of the first floor dwelling 

Regarding the real PV system integration, Figure 13 
shows the global irradiation measured by the on-site 

weather station (left axis), the power measured by the 

laboratory sensors and the output reported by EnergyPlus 

(right axis). This latter is scaled up as commented before. 

PV production clearly follows global irradiation as it 

could be expected. It could be noticed that measured 

power and EnergyPlus output do not perfectly match. This 

is due to the fact that EnergyPlus uses a higher time step 

than the laboratory measurements, since these latter have 

a precision of ten seconds while the FMU communication 

happens each three minutes.  

 

Figure 13: Evolution of the global irradiation and PV 

powers 
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Conclusion 

Few studies exist that tackle the communications of real 

equipment with simulation models in HIL configurations. 

This study deals with the operation of a heat pump, a 

weather station and a PV system in a HIL configuration 

and the connections required to create the experimental 

setting. Connections are done between an EnergyPlus 

model and the laboratory equipment by means of FMI 

communication. The methods used for establishing the 

data transfer for co-simulation are described and 

experiments are conducted to illustrate the operation of 

the overall system.  

As a conclusion, the study shows that the temperature 

control implemented and the HIL integration work in an 

effective way ensuring comfortably temperatures in the 

thermal zones, the recommended temperature for DHW 

and a proper heat pump operation. Communication 

protocol between the laboratory, the PV installation and 

the weather station have been validated, as well as the 

communication protocol between the real heat pump and 

the building model. The FMI communication is able to 

transfer correctly the PV power production, the weather 

data, the heat pump main variables and all the setpoints 

introduced. Further studies will involve the 

implementation of detailed control strategies, as model 

predictive control (MPC), instead of scheduled setpoints, 

in order to enhance energy flexibility in buildings. 
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Abstract 
As of 2020, every new building in the European Union 
will have to reach the nearly Zero Energy Building 
(nZEB) performance. However, building nZEB will not 
be sufficient to reach carbon neutrality in 2050 as required 
by the last IPCC report: indeed, even nZEB consume 
energy due to their embodied impacts. Thus, life-cycle 
assessment will become a mandatory approach to mitigate 
environmental impact of buildings beyond the nZEB 
performance. However, the complexity of Life-Cycle 
Assessments (LCA) continues to make it difficult for it to 
be effectively used at the early design stage.  
A promising theoretical framework called LCA-based 
data-driven method had been proposed in prior work by 
the authors to tackle these issues (Jusselme et al., 2018a). 
This paper presents the prototype that has been built for 
the developed method to be tested in a first application. 
The case study chosen for this application is the future 
building of the smart living lab in Fribourg, which aims 
to reach the SIA2040 performance threshold. A specific 
knowledge database of 20’000 design alternatives – with 
a LCA performed for each of them – was thus generated 
with a parametric approach. First, the method provides 
sensitivity indices so as to better understand the influence 
of different design parameters. Second, performance 
target values are provided at the building component level 
in order to choose building techniques and materials in 
accordance to the SIA2040 objectives. Ultimately, the 
method offers site-specific guidance with an exploratory 
perspective. By literally exploring a database of design 
alternatives generated specifically for that site and urban 
context, the user (designer) gets valuable insights about 
the choices still available when other decisions are made 
if the SIA2040 performance ambitions are to be kept. In 
comparison to current practices, this case study 
demonstrates the ability of the method to provide a 
highest amount of design insights beyond the simple 
assessment process, in a shorter time. Further research 
needs to be carry out to verify the benefits of the method 
in the frame of a real design process, thanks to 
practitioner’s evaluations and feedbacks. 
Keywords 
Design-support method; Life-Cycle Assessment; 
Exploration method; Sensitivity Analysis; Global 
Warming Potential 

Introduction 
From 2020 onwards, new buildings located in the 
European Union will be required to reach the Nearly Zero 
Energy performance level (EU - EPBD, 2010). 
Consequently, operational impacts will continue to trend 
more and more successfully towards zero, and the 
evaluation of embodied impacts of buildings will become 
increasingly important to effectively minimize the 
environmental footprint of the construction industry. 
Therefore, Life-Cycle Assessment (LCA) is likely to 
become of major importance in the next years. 
Furthermore, it is well known that the most important 
decisions ultimately impacting the performance of a 
building during its design process are those taking place 
early on. However, using LCA during the early stages is 
still facing major obstacles (Basbagill et al., 2013; 
Jusselme et al., 2018a; Zabalza Bribián et al., 2009). As a 
recent survey by the authors showed, only 27% of LCA 
practitioners seem to be using dedicated software today 
(Jusselme et al., 2018b). A first method developed by 
Hollberg et al. proposed a real-time assessment in order 
to provide immediate feedback to the designers when 
drawing a building, which dramatically decreased the 
time consumption of an LCA. Building upon this, the 
authors developed a theoretical framework to address 
other issues that made LCA incompatible with early stage 
design, such as the low resolution of details at that stage, 
the non-reproducibility of results, etc, which they named 
LCA-Based Data-Driven Design method (Jusselme et al., 
2018a). The idea is to offer design guidance by exploring 
the environmental impacts of a previously generated 
knowledge base of simulated building projects that is 
specific to a given site, making LCA useful for schematic 
design also. Its goal is to give designers first insights 
about the architectural and technical consequences of a 
life-cycle performance target. 
This paper focuses on the implementation of the method 
into an actual prototype and on its test application on an 
advanced case study with low-energy and low-carbon 
targets, namely the smart living lab’s future building in 
Fribourg, Switzerland. 
Methodology 
The methodology described by (Jusselme et al., 2018a) 
aims to provide a database of design alternatives with 
thousands of life-cycle performance simulations thanks to 
parametric assessment. The objective is to extract 
knowledge from this database thanks complementary 
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techniques such as target cascading, sensitivity analysis 
and data visualization. The frame of this article will focus 
on the implementation of this entire workflow except the 
data-visualization part, which will be the subject of future 
research and development. 
The present section describes how the five steps of the 
LCA-based data-driven method (Jusselme et al., 2018a) 
has been implemented into this first prototype. Figure 1 
gives an overview of the general workflow, which is 
hereunder further detailed. 
 

Impacts of the building life-cycle 
The methodology aims at supporting the Swiss 2050 
energy strategy, which is based on the 2000-Watts society 
concept (Jochem et al., 2004). It defines environmental 
targets for buildings in terms of Cumulative Energy 
Demand (CED), non-renewable CED (CEDnr), and 
Global Warming Potential (GWP). Specific targets for 
building offices that were set for the 2050 horizon 
(Kellenberger et al., 2012; SIA, 2017a) are provided in 
Table 1. 

Table 1: SIA 2040 targets for Offices 
CED 209 kWh/m².y 
CEDnr 120 kWh/m².y 
GWP 13 kg CO2-eq/m².y 

 

These targets encompass the whole building life-cycle 
impacts (IBLC) with their operational (IOP) and embodied 
(IEM) impacts according to the following formula (1): 
 IBLC = IOP + IEM (1) 
Thus, in this research, the impacts of buildings will be 
assessed according to the CEN standard (EN 15978, 
2011), which takes into account the different life-cycle 
stages of a building: production, construction, use and end 

of life. According to this norm, IOP embeds the 
Operational energy use (B6). IEM embeds the following 
modules: Raw material supply (A1), Transport/Product 
(A2), Manufacturing (A3), Transport/Construction (A4), 
Replacement (B4), Demolition (C1), Transport (C2), 
Waste processing (C3) and Disposal (C4). 
Embodied impacts (IEM) 
In order to calculate the embodied impact IEM, the building 
is decomposed into n so-called components (e.g. 
insulation material, heating equipment…). Each 
component i is expressed as a mass (kg), a surface (m²) or 
a quantity (unity) mi and multiplied by its environmental 
impact conversion factor CFi. Then, the building lifetime 
LB and the component lifetime LMi are integrated to 
obtain environmental impact over the whole building 
lifetime. Finally, the impacts are normalized to the 
building lifetime (LB) and to the building surface (SB), to 
be consistent with SIA 2040 targets. IEM is derived from 
(Jusselme et al., 2016) and the following equation (2):  

𝐼𝐼𝐸𝐸𝐸𝐸 =
∑ 𝑚𝑚𝑖𝑖
𝑛𝑛
𝑖𝑖=1 ∙ 𝐶𝐶𝐶𝐶𝑖𝑖 ∙ �

𝐿𝐿𝐿𝐿
𝐿𝐿𝐿𝐿𝑖𝑖

�

𝐿𝐿𝐿𝐿 × 𝑆𝑆𝐿𝐿
 (2) 

To determine the specific environmental impact CFi, we 
used the KBOB database (KBOB, 2014). The latter is 
dedicated to building components in agreement with the 
CEN standard (EN 15804, 2012). It provides the CED, 
CEDnr and GWP impacts based on the ecoinvent 
database (Ecoinvent, n.d.). Thus, IEM can be calculated for 
each of these impacts. The components and the building 
lifetime are considered in agreement with the SIA 2032 
(SIA 2032, 2010), e.g. 60 years for the building. 
Operational impacts (IOP) 
The operational impacts are decomposed into p different 
types of energy, e.g. biomass or gas. The energy demand 

Figure 1: Description of the input, calculations and output that embedded the workflow. 
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Ek is calculated with an hourly time-step over the entire 
building lifetime and is multiplied by its specific 
environmental impact CFk. As off IEM, the impacts are 
normalized to the building lifetime (LB) and to the 
building surface (SB). IOP is derived from (Jusselme et al., 
2016) and the following equation (3): 

𝐼𝐼𝑂𝑂𝑂𝑂 =
∑ 𝐸𝐸𝑘𝑘
𝑝𝑝
𝑘𝑘=1 ∙ 𝐶𝐶𝐶𝐶𝑘𝑘
𝐿𝐿𝐿𝐿 × 𝑆𝑆𝐿𝐿

 (3) 

CFk is a conversion factor given by the KBOB database. 
The self-consumed and exported photovoltaic electricity 
conversion factors are chosen according to the Swiss SIA 
380 (SIA 380, 2015), and illustrated by Table 2 as 
follows: 

Table 2: Conversion factors (CF) of various types of energy 
used in the method, according to SIA2024 and SIA380.  

 CF CED 
kWh/kWhfe 

CF CEDnr 
kWh/kWhfe 

CF GWP 
kg CO2-eq/kWh 

Electricity 3 2.52 0.102 
Biomass 1.2 0.16 0.0273 
District 
heating 

0.875 0.549 0.108 

Self-
consumed PV 

-3 -2.52 -0.102 

Exported PV -1.4 -0.289 -0.081 
 

The EnergyPlus simulation engine (Crawley et al., 2001) 
has been chosen to run the hourly-step energy 
consumption and photovoltaic production assessments. It 
is widely used and recognized by the scientific 
community for its robustness, and it allows us to use its 
simulation engine to run parametric assessments. The SIA 
2024 (SIA, 2015) gives usage scenarios to set the 
occupation parameters in the office building. According 
to this norm, an average occupation scenario is assigned 
to each surface considering 50% of the space as open 
space; 10% as individual offices, 10% as meeting rooms, 
and 30% as corridors, social and technical rooms. Finally, 
Meteonorm V.7 generates the weather file used by 
EnergyPlus. It is specific to the building location in a .epw 
file format. 
Parametric assessment 
A 3D model of the project was first created in the 
DesignBuilder software (DesignBuilder 2016). In the 
methodology, the shape can be as simple as a volume with 
its different floors. The urban surrounding landscape was 
included in order to account for its shading effect on the 
photovoltaic system and the building solar heat gains. The 
3D model was then directly exported from Design builder 
as an IDF file. Thanks to a Python library called Eppy 
(Santoch, 2015), these parametric modifications of the 
IDF file was performed using a very similar approach to 
the one described by Glazer (Glazer & Analytics, 2016). 
The parametric modifications of this template changed the 
building components according to the user specifications 
(Table 3). It delivered a database of IDF files representing 
design alternatives with all different design properties 
(e.g. different Heating systems). Another open source 
library (Bull, 2016/2018) was integrated and extended to 
allows the geometric modifications in terms of the 

building envelope (e.g. windows size). Each IDF file was 
later sent to the Energy Plus Simulation engine and used 
for the embodied impacts calculation in order to create the 
knowledge database represented as the output in Figure 1. 
The embodied impact calculations have been coded with 
the Python language and integrated to the method 
following the previous IEM calculation description. To 
satisfy the high computational load of the performance 
simulation of 20’000 scenarios, a multiprocessing batch 
mode was implemented. In the end, it reduces the required 
calculation time to 8 hours. This duration was largely 
influenced by simulation constraints of the 3D model such 
as the number of zones, windows per zone, time steps and 
technical specifications of the server machine running the 
simulation. In this case, 12 logical processors Intel Xeon 
CPU E5 v3@3.5 GHz with 16 GB DIMM memory have 
been used. Finally, all the results was extracted from the 
Energy Plus tabular output files in XML format using 
epXML2CSV.py (Glazer & Analytics, 2016), a previous 
script which has been adapted to support the presented 
methodology. Thus, the embodied and operational 
impacts computations was compiled in a .csv file. 
Sensitivity analysis 
The Sobol method (Sobol, 1993) later improved by 
Saltelli (Saltelli, 2002) was selected to perform the 
sensitivity analysis. This allowed to determine the 
Sensitivity Indices (SI) of the parameters used to generate 
the design alternative database. This variance-based 
method is able to deliver quantitative results, to handle the 
interactions between the parameters, and to use discrete 
values (Duprez et al., 2019; Jusselme et al., 2018a). This 
method actually requests a high computational effort as 
the database population needs to be include at least 1000 
times the number of parameters that are changed. 
However, this high number of alternatives is in fact of 
major interest to the future users of the method, as it 
increases the number of design alternatives usable during 
the exploration process. The Sobol method delivers both 
first-order indices and total-order indices but considering 
the high number of parameters, our approach only focuses 
on total order indices. The computation of these SI has 
been made possible by the integration of the SALib 
library (Herman & Usher, 2017) to the parametric 
assessment previously described. 
Target cascading 
According to Hoxha et al. target cascading is both a top 
down and bottom up approach that allows to break down 
an overall building performance target into sub-targets at 
the building component level (Hoxha et al., 2016). In our 
methodology, the building performance targets TB are 
those defined by the SIA 2040 in Table 1. The sub-targets 
Ti at the component level are then determined within the 
design alternative population that fits with this SIA 2040 
threshold. Selecting only this population ensures that the 
target cascading process will provide target values with a 
distribution in agreement with the building target. Then, 
the average weightTi of the component impacts is 
calculated and rebalanced upwards to the SIA building 
target TB. Doing so, the sum of each component targets 
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equals the building overall objective. The target cascading 
process can be expressed with the following equation (4): 

𝑇𝑇𝑖𝑖 = 𝑇𝑇𝑖𝑖 ∙
𝑇𝑇𝐵𝐵

∑ 𝑇𝑇𝑖𝑖𝑛𝑛
𝑖𝑖=1

 (4) 

It is also possible to set target values to specific 
subpopulations of the database, e.g. specific target values 
for the population of design alternatives that use a 
concrete structure and a biomass heating-boiler.  

Table 3: List of parameters used by the method and their 
related descriptions 

Parameters Descriptions 
Window to wall 
ratio (WWR) 25% 40% 55% 70% 

Glazing 
(GLAZ) 

Double 
glazing 
(U=1.3) 

Triple 
glazing 
(U=0.6) 

  

Windows 
Frame (FRA) 

Wood/ 
Alu Alu PVC Wood 

Building U 
value (W/m²K) 0.1  0.2 0.3  

PV Roof (PVR) 0% 30% 60% 90% 
PV Façade 
S/E/W (PVF) 0% 10% 20% 30% 

Heating system 
(HEAT) Heat Pump Biomass 

boiler 
District 
Heating  

Lighting power 
(LIGHT) 85% SIA SIA  120% SIA   

Horizontal 
elements* 
(HORS) 
 

Reinforced 
concrete 
B300** 

Laminated 
Wood 
B303** 

Wood 
Framed 
Bi101** 

Trapezoid 
plate 
B301** 

Vertical 
elements* 
(VERT) 

Fired clay 
block 
W02** 

Reinforced 
concrete 
W04** 

Laminated 
Wood 
W47** 

Wood 
Framed  
Wi01** 

Insulation 
material (INS) 

Glass wool PSE PU Rock wool 

Cellulose 
fibre 

Wood 
wool   

Floor covering 
(COVF) 

Cast 
coating 

Ceramic 
tile Linoleum Parquet 

PVC Carpet   

Wall covering 
(COVW) 
 

Cement 
panels 

Cement 
plaster 

Wood 
siding Zinc 

Steel Organic 
coating   

Transport 
(TRPT) 

100 km 200 km 500 km 1000 km 

*The environmental impacts of these elements have been 
increased by 20% to balance their low description in the method 
(Padey, 2013). **The detail composition of these elements are 
available on bauteilkatalog.ch thanks to these references. 
Building components database 
The LCA-based data-driven method uses the Saltelli low-
discrepancy screening technique to combine building 
components (Saltelli et al., 2010). It generates the 
database of design alternatives that represents the design 
space later explored by the user. Thus, one of the inputs 
of the method illustrated in Figure 1 is a database of 
building components and their related environmental 
impacts conversion factors and lifetime. The “catalogue 
of building elements” (Kurt, 2002) has been used to 
define these components. Further details about the 
quantity and quality of materials are available within this 
catalogue or in its online version at the following link: 
“www.bauteilkatalog.ch”. Table 3 describes all the 14 

parameters that have been used to generate the design 
alternative database. 
Besides these parameters, other components (Table 4) are 
simulated to describe an entire building for each design 
alternative. These elements are kept unchanged as they 
are considered in our case out of the interest of designers 
at early design stages, thereby reducing the design space 
to be simulated, and the computational effort. However, 
as it is case specific and according to the designer’s 
interest, these components can be switched as parameters 
in Table 3 if different materials or techniques have to be 
explored and used in the parametric approach according 
to step 2 of the method (Jusselme et al., 2018a). 

Table 4: Building components kept constant in the design 
alternative database and their related descriptions 

Components Descriptions 
Electrical equipment KBOB 34.002  
Sanitary equipment KBOB 33.001  
Ventilation Dual flow with 80% Heat recovery, 

KBOB 32.006 
Foundations* SIA 2032, C 1 
Excavation* SIA 2032, B 6.2 
Underground parking* 10 places of 25m² each, SIA 2032, 

KBOB 
Doors* KBOB 12.004, 0,05m² of doors per 

building m² 
Internal walls* M1 M030, bauteilkatalog.ch 
Elevators* 150m² of vertical elements 
Furniture According to (Hoxha & Jusselme, 

2017) 

*The environmental impacts of these elements have been 
increased by 20% to balance their low description in the method 
(Padey, 2013). 

Case study 
The previous section described the workflow and various 
aspects behind the proposed method. The developed 
workflow has been applied to the smart living lab’s future 
building, whose construction is planned to be completed 
in 2022 in Fribourg, Switzerland. It is currently under the 
brief phase according to the RIBA plan of work (Sinclair, 
2013) and its ambition is to satisfy the 2000-Watts society 
performance targets at the horizon 2050. The concept 
design will start in 2019. In this context, the LCA-based 
data-driven method is used to provide additional support 
to the architects and engineers involved in its design 
through an innovative, collaborative-competitive process 
(SIMAP, 2018). The objective of the case study is to 
provide to the smart living lab’s design teams a 
knowledge database based on a first site-specific building 
volume. To that end, a building shape provided by 
previous urban studies was realized by Urbaplan (Figure 
2), an urban design office. This first design was used to 
produce the IDF file template as per the method 
previously described. Its gross floor area is 5300 m² and 
its volume 19450 m3. The surrounding buildings were 
also integrated into the IDF file in order to consider their 
shading effects. The goal is to offer the possibility to the 
future designers to extract from the resulting knowledge-
database some design insights and performance trends, as 
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well as design strategies or promising parameter 
combinations that will help to understand the 
consequences of the environmental performance 
requirement on the technical and architectural solutions 
they can use. A better overview of the design space 
available is indeed necessary to integrate life-cycle 
constraints early in the design process, which is 
specifically the purpose of this method. As the design 
follows an iterative process, designers would be able later 
to refine the knowledge-database according to their 
specific design proposition, and to use an IDF file 
template according to the building volume they propose. 

 
Figure 2: The building shape (in blue) used to generate the 

generic IDF file. 

Results 
A database of 20,992 design alternatives was generated, 
and each one’s related LCA calculated. 
Data exploration 
The results will mainly be discussed in terms of GWP, as 
it is known to be the main challenge to handle within the 
2000-Watts objectives (SIA, 2017b). Indeed, thanks to 
Figure 3, we can observe that all the design alternatives 
generated have a satisfactory CED impact i.e. that 
remains below the threshold of a 2000W society. It is also 
the case for the CEDnr indicator. However, regarding the 
GWP impact, only 27% of the whole design alternative 
database has an impact below the SIA threshold, that is to 
say, one fourth only of the design space that has been 
assessed.  This confirms that the GWP objective is the 
main challenge to face. Also, this graphic shows that there 
is no correlation between the GWP and CED impacts 
(r²=0.01), contrarily to GWP and CEDnr where a higher 
correlation has been found (r²=0.2). 
Regarding the final energy distribution (Figure 4), the 
Photovoltaic production has the highest dispersion from 0 
to 44 kWh/m².y, which is expected from the high 
differences in the solar collector surfaces between the 
various design alternatives. Also, the maximum gap 
between design alternatives for heating consumption is 20 
kWh/m².y, which highlights the change of thermal 
properties of the model itself. Domestic Hot Water 
(DHW), Appliances and Ventilation never vary, as they 
are kept constant within the database. 
Sensitivity analysis results 
The sample size and the corresponding 21’000 LCA is by 
far higher than the 14’000 requested by the Sobol method 
when 14 parameters are analyzed with N = 1000. The 

confidence intervals of the simulations are thus clearly 
considered to be acceptable, as 95 % of them are lower 
than 10 % of the Sensitivity Indices (SI) values for the 
most sensitive parameters (Archer et al., 1997). 

 
Figure 3: Environmental performance dispersion of the 20’992 
design alternatives of the database according to their CED and 
GWP impacts (IBLC). The grey zone highlights the 2000-Watts 

design space. 

 
Figure 4: Distribution of the final energy according to different 
operational consumptions and to the photovoltaic production. 

 

 
Figure 5: Total order Sobol sensitivity indices (SI) for the 

GWP, CED and CEDnr impacts of the 14 parameters of the 
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design alternative database. The grey zone represents the 
parameters embedding 80% of the GWP variance. 

There are high differences, however, in the ranking of the 
SI according to the impact that is considered. It is worth 
noticing that each parameter having the highest SI is 
different according to the environmental impact which is 
considered (i.e. CED, CEDnr or GWP). Regarding the 
GWP (Figure 5), the horizontal structure has the highest 
SI with 0.53. Indeed, slab, floors and roof represent a high 
quantity of materials with large surfaces, and there are 
significant performance differences between these 
components: the GWP impact of the “wood frame” 
structure (44.4 CO2-eq/m².y) is e.g. four times lower than 
the one of the “trapezoid plate” (186.6 CO2-eq/m².y). 
Also, it is interesting to notice that PV panels on the roof 
or on the façade have a low SI, due to high embodied 
carbon emissions, and a low carbon content of the Swiss 
grid, which makes their GWP mitigation potential not 
very attractive. On the other hand, PV panels have high SI 
regarding the CED impact thanks to their short payback 
time. Finally, regarding the GWP impact, one can observe 
that 21% of the components (HORS, HEAT, INS) 
represent 81% of total SI which follows the Pareto law 
where 80% of the effects come from 20% of the causes. 

 
Figure 6: Distribution of the GWP impacts of the full database 
(left), and other subpopulations with cumulative constraints. 
The grey zone represents GWP impacts below the SIA2040 

objective. 
Thus, from a design process perspective, this finding 
might be very valuable as it permits to focus on the 
parameters having the highest SI, and therefore reducing 
the complexity induced by the building elements which 

are all considered in the LCA. This is demonstrated by 
Figure 6 highlighting the decrease of the GWP impact 
dispersion when filtering the database successively by 
design choices in the SI order. For example, after four 
design choices only, all the remaining 124 design 
alternatives having a wood framed structure for the 
horizontal elements, a biomass boiler, a material transport 
from manufacturing plant to construction site of 100km, 
and a thermal envelope with a U value of 0.1 W/m²K, are 
below the GWP objective of the SIA2040. Also, filtering 
the database with only the two first design constraints 
delivers a subpopulation where more than 75% of the 
remaining design alternatives reach the SIA target. 
Target cascading results 
One of the key techniques of the LCA-based data-driven 
method is the target cascading. Is it complementary to the 
sensitivity indices as it highlights the relative 
environmental weight of the building elements. Indeed, a 
design parameter could have a low SI, but a high impact. 
Figure 7 highlights the results of this target cascading 
process for 18 elements and systems, divided in embodied 
impacts and operational GWP impacts. 
One can notice that PV has high embodied impacts, which 
are not fully counterbalanced in average by the PV 
electricity production. Hence, in some design alternatives, 
the carbon content of the PV electricity production might 
be higher than the one from the Swiss grid. Horizontal 
elements have the highes t impact target, with a 
maximum value that can reach 6 kgCO2-eq/m².y, that is to 
say almost half of the SIA target. According to the target 
cascading approach, it is possible to split the carbon 
emission responsibilities between building elements, and 
thus between designers that would have the responsibility 
of their details. As an example, thanks to Figure 7, 
windows might have in average an impact below 1.44 
kgCO2-eq/m².y to be compliant with the SIA2040, which 
gives a useful threshold for the design team to benchmark 
windows, even if they were not included within the 
parametric approach. Thus, the method allows any 
windows to be compared with the targets of this project. 
Moreover, targets could be more specifically set 
according to a design strategy. As an example, if the target 
cascading process is performed on the sub-population of 
references having reinforced concrete for the horizontal 
elements and 25% of the façade with windows, the 
window target decreases to 1.1 kgCO2-eq/m².y.  
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Figure 7: Minimum, Maximum (blue arrows) and target values (black numbers and dots) for the different building components 

Embodied Impacts (IEM) 
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Discussion 
The knowledge-database delivered by this first prototype 
reveals many insights that might be relevant for the 
designers. However, the following limits have been 
noticed and should be carefully taken into consideration 
for later developments. 
First, the .csv file delivered by the prototype allows the 
user to customize its own data visualizations to fit with 
the design issues at hand. However, software platforms as 
Excel remain very limited when it comes to handling 
millions of data. Most of the graphics in this paper have 
been carefully chosen to be compatible with ability of 
Excel to support the millions of data embedded in the 
knowledge-database. Future development of the method 
could target an automation of the graphical output to be 
ready to use, limiting the time needed to extract and 
process data, and choose the proper graphical 
representation. Previous research carried by the authors 
about suitable data visualization techniques (Jusselme et 
al., 2017) might be very helpful to integrate a 
multidimensional data-exploration. Doing so, future users 
would be able to interact dynamically with a Graphical 
User Interface (GUI). 
Second, it is hard to evaluate if the database size is large 
enough to fit with the designer’s exploration wishes. So 
far, the database size was guided by the sensitivity 
analysis method. However, constraining the database 
leads very quickly to have much less alternatives to 
explore. As an example, filtering the database with four 
design constraints narrow down the available design 
alternatives from 20’000 to one hundred. Thus, the 
remaining design space is very small, while 10 parameters 
are still unspecified. Two solutions might tackle this 
issue. As previously proposed by the authors (Jusselme et 
al., 2018a) in the description of the method, an iterative 
process could lead the user towards a second database 
generation with a lower number of parameters, and then 
deeper exploration possibilities. Indeed, a first database 
would in that case allow to fix some parameters according 
to the design wishes, and remove some parameters from 
the parametric approach if, as a result of the first analysis,  
they happen to have low sensitivity indices or target 
values. A different approach would be to train 
metamodels on the knowledge-database in order quickly 
assess new design alternatives according to the user 
exploration wishes (Duprez et al., 2019). 
Third, in the chosen case study, the prototype has been 
used in early design phase, where several site-specific 
constraints were not known yet, e.g. the geotechnical 
context. This might have an impact on the building 
components’ sizing (such as the structure), and change its 
environmental impact. In order to generalize the method, 
this reveals that it is important to integrate unknown 
constraints that might have a high environmental impact 
according to the literature, into the parametric approach. 
Fourth, this case study confirms that the sensitivity 
analysis is relevant, but not sufficient. Indeed, a parameter 
might on the one hand have a low SI if the building 
components chosen in the parametric approach have the 

same impacts, and on the other hand, this parameter might 
have a high environmental impact. It is the case here for 
instance for the windows. Frame and glazing have low SI, 
but high target values. Thus, these two techniques are 
complementary and should be applied at the same time. 
Conclusion 
This paper presents a first prototype that enabled to 
implement the LCA-based data-driven design method. It 
demonstrates that thanks to the knowledge-database, it is 
possible to explore the consequences of an environmental 
performance threshold on the architectural and technical 
design strategies, at the very beginning of the design 
process. The method gives a high diversity of insights: the 
sensitivity indices of the design parameters; target values 
of the building components, thousands of design 
alternatives and their related environmental performance. 
It allows to provide information about life-cycle 
performance far beyond current practices, with a high 
consistency with the low resolution of details of the early 
design stage. Moreover, after further development 
including cloud computing, the computation time might 
dramatically decrease to an hour. Also, and a dedicated 
GUI integrating data-visualization techniques might 
increase significantly the user-friendliness of the 
knowledge-database. 
However, if this case study demonstrates the ability of the 
method to provide knowledge about the life-cycle 
performance, the methodology still has to demonstrate its 
usefulness and impact to a real design process thanks to 
practitioner’s feedback. This is in fact already planned as 
the next step to achieve in the development of this work. 
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Abstract 
Conventionally in building performance simulations 
(BPS), it is assumed that air entering outdoor HVAC 
equipment is at the outdoor ‘ambient’ temperature, 
obtained from a weather file. However, significant spatial 
variations exist in outdoor air temperature fields, 
especially within the thermal boundary layers that form 
near exposed surfaces like roofs. 
Experiments were conducted at three large-footprint 
shopping centre buildings, to characterise the above-roof 
temperature field. An empirical model was derived from 
the experimental data, and applied in BPS of a shopping 
centre with rooftop HVAC equipment in seven Australian 
climates. In these cases, the electricity savings and gas 
‘penalties’ attributable to cool roofs would have been 
underestimated by 44–85% (61% on average) if near-roof 
air temperature variations had not been modelled 
accurately. 

Introduction 
Cool roofs are known to reduce the energy consumption 
of conditioned buildings during hot periods (e.g. see 
reviews by Santamouris, et al. (2011); EPA (2014); 
Pisello (2017)). The high solar reflectance and high 
thermal emittance of such roof materials are known to 
minimise the roof surface temperature elevation above 
ambient temperature, thereby reducing heat transfer 
through the roof structure. Many previous studies have 
modelled these effects in building performance 
simulations (BPS), by accounting for cool roof solar 
reflectance and thermal emittance in the roof-surface 
energy balance. However, several industry and scientific 
publications have claimed that the benefits of cool roofs 
are underestimated by conventional BPS practices, since 
the local air temperatures surrounding rooftop HVAC 
equipment are not taken into account (Wray and Akbari, 
2008; Carter, 2011; Pisello et al., 2013; Carter and 
Kosasih, 2015). The relatively low surface temperature of 
cool roofs produces above-roof air temperature fields 
colder than those that form above conventional ‘non-cool’ 
roofs. Such reductions in near-roof air temperature could 
significantly affect building energy consumption, by 
reducing the inlet temperature of rooftop ventilation 
systems and the ‘on-coil’ air temperature of rooftop heat 
exchangers. 
This paper outlines the development and application of an 
empirical model that accounts for the effects of near-roof 

air temperature fields in BPS of large-footprint buildings, 
such as shopping centres and airport terminals. It is likely 
that near-roof air temperature fields have an especially 
large effect on the performance of HVAC systems 
installed on such buildings, since the large roof surface 
areas could allow thermal boundary layers to become well 
established, and HVAC equipment is often installed on 
the roof. Similar effects could also apply to buildings with 
smaller roofs; however, they were not included in the 
scope of the present work. The remainder of this paper has 
been organised into three primary sections, respectively 
describing: i) the experiments used to develop the above-
roof temperature model, ii) the model itself, and iii) a BPS 
study of a large-footprint shopping-centre building in 
seven Australian climates, in which the effects of the 
model were investigated. 
Experiments 
Test Buildings 
Experiments were conducted during the summer of 
2017/18 and autumn of 2018, at three shopping centre 
buildings within 150 km of Sydney, Australia (Figure 1). 
The buildings occupied footprints (i.e. plan areas) in the 
range 16,000–76,000 m2, and varied in height between 5 
m and 20 m. Other buildings nearby were not significantly 
taller than the test buildings, such that they would be 
likely to have a large effect on wind flow around the 
buildings of interest. 
All three buildings had low-angled roofs comprised of 
metal-coated and/or painted steel sheets, with solar 
reflectance in the range 0.26–0.61 and thermal emittance 
in the range 0.42–0.85 (solar reflectance and thermal 
emittance were measured according to ASTM E 1918 
(ASTM, 2016) and ASTM C 1371 (ASTM, 2015), 
respectively).  Two of the three buildings also had 
concrete rooftop car parking facilities, and all three 
buildings had HVAC units and arrays of photovoltaic 
panels installed on the roof. 
Method 
At each building, roof surface temperatures, near-roof air 
temperatures and local meteorological conditions were 
monitored for periods in excess of six weeks. Fifteen short 
masts were installed on each roof, each fitted with four 
Hobo TMCX-HD thermistors (accuracy of ±0.1°C), 
which were shielded from direct and reflected solar 
radiation and installed such that they measured the roof 

________________________________________________________________________________________________ 

________________________________________________________________________________________________ 
Proceedings of the 16th IBPSA Conference 
Rome, Italy, Sept. 2-4, 2019

 
1342

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

https://doi.org/10.26868/25222708.2019.210426 
 



surface temperature and air temperatures at heights of 
0.15, 0.5 and 1.5m above the roofs (Figure 2). 
A Gill MetPak Pro weather station, fitted a Middleton 
Solar EQ08-SE pyranometer, a Middleton Solar PG01-E 
pyrgeometer and a RIMCO-7499-STD tipping-bucket 
rain gauge, was also installed above each roof during their 
respective monitoring periods. The weather station 
monitored air temperature (±0.1°C), humidity (±0.8% 
relative humidity at 23ºC), horizontal wind velocity (±2% 
of reading at 12 m s-1), barometric pressure (±50 Pa), net 
hemispherical short-wave irradiance (with accuracy 
exceeding that required of Secondary Standard 
pyranometers in ISO 9060), net hemispherical long-wave 
irradiance and rainfall. All weather station measurements 
except rainfall were taken at the top of an 8 m-tall mast, 
near the centre of each roof (Figure 1). 

 

 

 
Figure 1: Aerial photographs of the three test buildings, 

with the location of test equipment marked in red.  

Above-Roof Temperature Model 
Model Development 
The empirical ‘above-roof temperature model’ was 
developed based on data from the experiments described 
above. A combined dataset was formed, including 
temperature measurements from the three buildings that 
were collected in unobstructed regions of the roofs (i.e. 
not within arrays of photovoltaic panels or immediately 
adjacent to rooftop HVAC equipment), together with the 
corresponding meteorological measurements.   

 
Figure 2: One of the fifteen short masts, fitted with four 
temperature sensors, that were installed on the roofs. 

A normalised temperature, 𝑇𝑇∗, was defined such that, 
within the thermal boundary layer, it would vary from 1 
at the roof surface to 0 at the height above the roof that 
the ‘ambient’ temperature had been measured, 𝑧𝑧𝑟𝑟𝑟𝑟𝑟𝑟  (8m 
in the present study). 𝑇𝑇∗ was defined as: 

 𝑇𝑇∗ ≡ 𝑇𝑇−𝑇𝑇𝑟𝑟𝑟𝑟𝑟𝑟
𝑇𝑇𝑠𝑠−𝑇𝑇𝑟𝑟𝑟𝑟𝑟𝑟

 (1) 

where 𝑇𝑇 is the local air temperature, 𝑇𝑇𝑠𝑠 is the spatially 
averaged roof surface temperature and 𝑇𝑇𝑟𝑟𝑟𝑟𝑟𝑟 is the air 
temperature at height 𝑧𝑧𝑟𝑟𝑟𝑟𝑟𝑟 . 
A logarithmic mean temperature profile, analogous to the 
logarithmic mean velocity profile often used to describe 
the atmospheric boundary layer (Richards and Norris, 
2011), was defined and used to approximate the above-
roof thermal boundary layer. The normalised temperature 
at a height 𝑧𝑧 above the roof surface was given by:  

 𝑇𝑇∗ = 1 − �
ln�𝑧𝑧+10

𝛼𝛼
10𝛼𝛼 �

ln�
𝑧𝑧𝑟𝑟𝑟𝑟𝑟𝑟+10𝛼𝛼

10𝛼𝛼 �
� (2) 

where the parameter 𝛼𝛼 is used to set the shape of the 
profile, as shown in Figure 3. 

Shielded air 
temperature sensors 

Shielded roof surface 
temperature sensor 
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Figure 3: The vertical air temperature profile used to 
approximate the mean above-roof temperature field in 

the present study, plotted for several values of 𝛼𝛼. 
It should be noted that in non-neutral boundary layer 
flows (i.e. those in which buoyant forces are significant), 
wall-normal temperature profiles are typically not exactly 
logarithmic (Monin and Obukhov, 1954). Moreover, the 
boundary-layer flow above roofs is likely to be disturbed 
significantly by flow separation at the roof leading edge 
and by rooftop obstructions to the flow (e.g. HVAC 
equipment), so above-roof temperature fields are unlikely 
to match a theoretical boundary layer profile exactly, even 
when buoyancy is not significant. The logarithmic profile 
was adopted in the present work in order to provide an 
approximation of reality, which would improve the 
current assumptions in building simulations, without 
introducing excessive complexity to the above-roof 
temperature model. 
The vertical temperature profile (Equation 2) was fitted 
individually to each measurement within the combined 
experimental dataset, using an iterative least-squares 
method. The logarithmic profile fitted the majority of 
measured values very well, with 53% of the coefficients 
of determination (R2) above 0.9 (Figure 4). Thus, the 
shape (or depth) of the measured thermal boundary layer 
at each point in time and space was characterised by a 
fitted 𝛼𝛼 value. 

 
Figure 4: Goodness of fit (expressed in terms of the 

coefficient of determination; R2) obtained fitting 
logarithmic profiles to each vertical set of temperature 
measurements in the combined experimental dataset. 

Analysis of the fitted 𝛼𝛼 values and corresponding 
meteorological conditions revealed correlations between 

𝛼𝛼, the wind speed measured by the weather station, 𝑢𝑢𝑟𝑟𝑟𝑟𝑟𝑟, 
and the temperature difference 𝑑𝑑𝑇𝑇 = �𝑇𝑇𝑠𝑠 − 𝑇𝑇𝑟𝑟𝑟𝑟𝑟𝑟�. In 
stable conditions (i.e. when 𝑑𝑑𝑇𝑇 < 0), 𝛼𝛼 could be predicted 
with relatively high accuracy using the Richardson 
number (Figure 5), which represents the ratio of buoyant 
forces to inertial forces within the air flow above the roof: 

 𝑅𝑅𝑅𝑅 = 𝑔𝑔𝑔𝑔�𝑇𝑇𝑠𝑠−𝑇𝑇𝑟𝑟𝑟𝑟𝑟𝑟�𝐿𝐿

𝑢𝑢𝑟𝑟𝑟𝑟𝑟𝑟
2 , (3) 

Here, 𝑔𝑔 ≈ 9.81 m s-2 is the acceleration due to gravity, 
𝛽𝛽 ≈ 1 𝑇𝑇𝑟𝑟𝑟𝑟𝑟𝑟⁄  is the thermal expansion coefficient of air 
(𝑇𝑇𝑟𝑟𝑟𝑟𝑟𝑟  must be expressed in Kelvin), 𝐿𝐿 ≡ √𝐴𝐴 is the 
characteristic length scale of the roof, 𝐴𝐴 is the roof surface 
area, and 𝑢𝑢𝑟𝑟𝑟𝑟𝑟𝑟 is the reference wind speed. The relevance 
of 𝑅𝑅𝑅𝑅, and shape of the correlation depicted in Figure 5a, 
can be explained by the influence of 𝑢𝑢𝑟𝑟𝑟𝑟𝑟𝑟 and 𝑑𝑑𝑇𝑇 on the 
convection of heat above the roof surface. In stable 
conditions, buoyant forces dampen the vertical mixing of 
heat but inertial forces (exerted by wind) tend to enhance 
it, so the ratio of these forces is a good indicator of the 
depth of the thermal boundary layer that will form. 

 

 
Figure 5: Comparison of the thermal boundary layer 
shape parameter, 𝛼𝛼, obtained from experimental data 
with those predicted by the above-roof temperature 

model, in a) stable and b) unstable conditions. 
Experimental data has been represented by the mean 
(dot) and standard deviation (whiskers) of 𝛼𝛼 within 

discrete bins. 
In unstable conditions (i.e. when 𝑑𝑑𝑇𝑇 > 0), buoyant forces 
enhance the vertical mixing of heat, while wind could 
either enhance convection, or suppress it by disrupting 
buoyancy-driven vertical mixing. The 𝛼𝛼 values obtained 

________________________________________________________________________________________________ 

________________________________________________________________________________________________ 
Proceedings of the 16th IBPSA Conference 
Rome, Italy, Sept. 2-4, 2019

 
1344

 

 
  



from experimental data tended to decrease with increasing 
𝑑𝑑𝑇𝑇 (Figure 5b), indicating stronger vertical mixing of heat 
and a thinner thermal boundary layer. The wind speed, 
𝑢𝑢𝑟𝑟𝑟𝑟𝑟𝑟, appeared to have relatively little effect on the 
thermal boundary layer in these conditions. A relatively 
accurate predictive model was formed for 𝛼𝛼 in unstable 
conditions by fitting a planar surface to the experimental 
data within the 𝑑𝑑𝑇𝑇, 𝑢𝑢𝑟𝑟𝑟𝑟𝑟𝑟 space. 
Many factors that affect above-roof temperature fields 
were not taken into account in this simplified model, e.g. 
spatial variations in roof surface temperature, horizontal 
variations in the temperature field due to air flow patterns, 
and atmospheric stability in the region surrounding the 
building. Consequently, a significant amount of variance 
in the experimental data was not explained by the model, 
as is evident in Figure 5. Nevertheless, implementation of 
the above-roof temperature model in building simulations 
is a vast improvement on not taking such near-field 
temperatures into account at all. Use of the model to 
predict the measured near-roof air temperatures, rather 
than assuming they equal 𝑇𝑇𝑟𝑟𝑟𝑟𝑟𝑟 , reduced the RMS error 
from 1.73 K to 0.52 K, reduced the mean error in stable 
conditions from 1.11 K to 0.12 K, and reduced the mean 
absolute error in unstable conditions from 1.63 K to 0.05 
K. Furthermore, the simplicity of the model allows a 
relatively small set of input variables to be used, all of 
which are readily available in BPS. 
Model Definition 
Within BPS, the mean air temperature entering rooftop 
HVAC equipment, 𝑇𝑇𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻 , can be estimated at each 
timestep using Equations 3–6. Once the mean roof surface 
temperature, 𝑇𝑇𝑠𝑠, has been calculated at each time step, 
Equations 3–4 provide a means to establish 𝛼𝛼. If it is then 
assumed that air is drawn-in evenly from the range of 
heights spanned by the HVAC inlet duct—from 𝑧𝑧1 
(measured from the roof surface to the base of the duct) 
to 𝑧𝑧2 (measured from the roof surface to the top of the 

duct)—the mean inlet temperature is given by Equation 5. 
Equation 6 is an integrated form of Equation 5, which 
could be more convenient for use in BPS software. 
Model Implementation in BPS 
In the present study, the above-roof temperature model 
was implemented in EnergyPlus, utilising the energy 
management system (EMS) which allows customised 
modelling routines and controls to be implemented at the 
time-step level (NREL, 2015). The input parameters 𝐿𝐿, 𝑧𝑧1 
and 𝑧𝑧2 depend on the position and dimensions of the 
HVAC inlet ducts, and they were therefore set as (user-
defined) constants prior to the simulation. At each time-
step, the EMS script extracted the input variables for the 
ambient weather, 𝑇𝑇∞ and 𝑢𝑢𝑟𝑟𝑟𝑟𝑟𝑟, from the weather file, read 
𝑇𝑇𝑠𝑠 from the output of the simulation run at the future 
predicted time step, and set the air temperature at the 
HVAC air loop inlet to the calculated value 𝑇𝑇𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻  using 
Equations 3, 4 and 6 (Figure 6). 

 
Figure 6: Schematic diagram showing how the above-
roof temperature model was implemented in a building 

performance simulation. 

 

 𝛼𝛼 =

⎩
⎪
⎨

⎪
⎧ −8.983 + 0.03607𝑢𝑢𝑟𝑟𝑟𝑟𝑟𝑟 − 0.2205�𝑇𝑇𝑠𝑠 − 𝑇𝑇𝑟𝑟𝑟𝑟𝑟𝑟�                              𝑅𝑅𝑅𝑅 ≥ 0              
−13.08                                                                              −10−0.51 ≤ 𝑅𝑅𝑅𝑅 < 0               
−9.025 + 4.055 sin �𝜋𝜋

2
(log10(−𝑅𝑅𝑅𝑅) − 0.64)�         − 101.79 ≤ 𝑅𝑅𝑅𝑅 < −10−0.51

−4.97                                                                                                       𝑅𝑅𝑅𝑅 < −101.79  

 (4) 

 𝑇𝑇𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻 = 1
𝑧𝑧2−𝑧𝑧1

∫ �𝑇𝑇𝑠𝑠 − �𝑇𝑇𝑠𝑠 − 𝑇𝑇𝑟𝑟𝑟𝑟𝑟𝑟�
ln�𝑧𝑧+10

𝛼𝛼
10𝛼𝛼 �

ln�8+10
𝛼𝛼

10𝛼𝛼 �
� 𝑑𝑑𝑧𝑧𝑧𝑧2

𝑧𝑧1
 (5) 

 𝑇𝑇𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻 = 𝑇𝑇𝑠𝑠 −
�𝑇𝑇𝑠𝑠−𝑇𝑇𝑟𝑟𝑟𝑟𝑟𝑟�

(𝑧𝑧2−𝑧𝑧1) ln�8+10
𝛼𝛼

10𝛼𝛼 �
�(𝑧𝑧2 + 10𝛼𝛼) ln �𝑧𝑧2+10

𝛼𝛼

10𝛼𝛼
� − 𝑧𝑧2 + 𝑧𝑧1 − (𝑧𝑧1 + 10𝛼𝛼) ln �𝑧𝑧1+10

𝛼𝛼

10𝛼𝛼
�� (6) 

 

Building Performance Simulations 
A set of 56 simulations were conducted, to test the effects 
of the above-roof temperature model on simulations of 
large-footprint buildings. The simulations were run using 
EnergyPlus v8.9 and the simulation manager jEPlus 
v.1.7.2 (Zhang, 2011). The convective heat transfer 
coefficient algorithm developed by (Clear et al., 2003) 
was used for the roof external surface, since it was based 

on experimental data from the flat roofs of commercial 
buildings, and was one of the few algorithms available 
that took roof size into account (EnergyPlus, 2010; 
Mirsadeghi et al., 2013; Costanzo et al., 2014). 
Building Model 
A building model was developed, to represent a shopping 
centre with a rectangular 350 m × 200 m roof and a height 
of 13.5 m. It was modelled with a concrete slab 

Building 
Model 

Weather 
File 

EnergyPlus 
Above-Roof 
Temperature 

Model 

Predicted 
Energy 

Consumption 

Predicted 
Indoor 

Conditions 

𝑇𝑇∞, 𝑢𝑢𝑟𝑟𝑟𝑟𝑟𝑟, 𝐿𝐿, 𝑧𝑧1, 𝑧𝑧2  

𝑇𝑇𝑠𝑠 

𝑇𝑇𝐻𝐻𝐻𝐻𝐴𝐴𝐻𝐻 
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foundation, concrete walls, steel sheet roof and window-
to-wall ratio of 5%. Three indoor zones were defined in 
the building model, one in each of two storeys, and one 
representing an unconditioned ceiling space. Insulation in 
the building ceiling and walls was set according to the 
minimum requirements of the Australian National 
Construction Code of 2016 (NCC2016) (Australian 
Building Codes Board, 2016); these requirements varied 
according to the climate zone, e.g. the roof R-value varied 
from 3.2 to 3.7 m2 K W-1 in the cases investigated. 
Simulations were run with roof radiative properties 
representing: i) a new metal-coated (e.g. zinc-aluminium 
coated) steel roof with solar reflectance of 0.67 and 
thermal emittance of 0.3, and ii) a new cool roof with solar 
reflectance of 0.77 and thermal emittance of 0.87. 
HVAC Systems 
The indoor air temperature in each of the two occupied 
zones was maintained in the range 22–24.5°C by separate 
variable-air-volume HVAC systems, which were 
designed according to ASHRAE Standard 90.1-2010 
Appendix G (ASHRAE, 2010).  Separate simulations 
were run with air-cooled condenser coils and wet cooling 
towers, to compare the effect of augmented near-roof air 
temperatures on each type of system. Heating was 
provided by gas-fired boilers in a hot water loop. 
Each HVAC component was sized automatically such 
that the indoor temperature set-point was always met, and 
the nominal cooling and heating capacities of the HVAC 
systems were, respectively, 1.15 and 1.25 times the peak 
capacities required to do so. It was assumed that the air-
cooled condensers, wet cooling towers and ventilation air 
inlets were located on the building roof, with inlet ducts 
spanning the height range from 𝑧𝑧1 = 0.5 m to 𝑧𝑧2 = 2 m. 
Weather 
International Weather for Energy Calculations (IWEC) 
climate files were used to simulate typical weather 
conditions for seven Australian cities, each representing 
one of the Australian climate zones defined in NCC2016 
(Table 1); RMY files were used for zones 3 and 4, since 
no IWEC files were available. The files had been 
developed in compliance with requirements outlined in 
the Building Code of Australia (EnergyPlusTM, 2006). 

Table 1: Climate zones simulated and the city from 
which weather data was used. 

Zone Description City 

1 High humidity summer, warm 
winter Darwin 

2 Warm humid summer, mild 
winter Brisbane 

3 Hot dry summer, warm winter Alice Springs 
4 Hot dry summer, cool winter Dubbo 
5 Warm temperate Sydney 
6 Mild temperate Melbourne 
7 Cool temperate Canberra 

 
Loads and Schedules 
Thermal loads and schedules associated with the building 
operation were set according to NCC2016, where possible 

(Table 2). The equipment load was increased above the 
NCC2016 value of 5 W m-2, to 10 W m-2, to account for 
loads that are common in shopping centres but not within 
the typical retail shop, e.g. vending machines, cooking 
equipment in food courts, and any refrigeration in 
supermarkets that is not conditioned by rooftop units. 
Table 2: Internal loads and schedules used in the BPS. 

Parameter Setting 
Lighting load 22 W m-2 

Equipment load 10 W m-2 
Maximum occupant density 3 m2 person-1 

Occupant sensible load 75 W person-1 
Occupant latent load 55 W person-1 

Lighting schedule 100% from 7:00 and 19:00, 
10% otherwise 

Equipment schedule 70% from 7:00 and 19:00, 
10% otherwise 

Occupancy schedule Varies, maximum of 25% 
reached during 11:00–13:00 

HVAC schedule On between 7:00 and 18:00 
Infiltration rate (at natural 

pressure) 0.7 air changes per hour 

Ventilation rate 10 L s-1 person-1 
  
Results and Discussion 
Implementation of the above-roof temperature model 
increased the simulated annual electricity consumption of 
the building HVAC system by 2.5–13.2% (6.62% on 
average), and decreased the simulated annual gas 
consumption by 6.6–12.2% (8.16% on average), when the 
metal-coated roof was simulated (Figure 7). This 
consistent increase in electricity consumption and 
decrease in gas consumption can be understood by 
considering that the building was only conditioned 
between 7:00 and 18:00, so the roof is likely to have been 
hot most of the time that the HVAC system operated, 
generating an above-roof air temperature field warmer 
than ‘ambient’. Thus, the above-roof temperature model 
typically: i) reduced the efficiency of rooftop heat 
exchangers and increased the thermal load associated with 
ventilation during periods in which cooling was required, 
and ii) decreased the thermal load associated with 
ventilation when heating was required. 
When simulations of buildings with and without cool 
roofs were compared, the above-roof temperature model 
had a much more pronounced effect. Cool roofs remained 
much closer to the ‘ambient’ temperature during the day, 
which mitigated the above-roof temperature effects on 
HVAC performance significantly. Figure 8 presents the 
annual electricity savings and gas ‘penalty’ (i.e. extra gas 
consumption) attributable to the use of a cool roof rather 
than a metal-coated steel roof, calculated for the building 
with air-cooled condensers. In these cases, the above-roof 
temperature model increased the estimated electricity 
savings by 77–555% (219% on average), and increased 
the gas penalty by 137–178% (153% on average). The 
model affected simulations involving water-cooled 
condensers by a similar magnitude; however, when 
expressed as a percentage, the effect on electricity savings 
was typically much higher in those cases. 
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Figure 7: Annual HVAC a) electricity and b) gas 

consumption, calculated with and without use of the 
above-roof temperature model. Results are presented for 

the metal-coated roof with air-cooled condensers. 

 
Figure 8: Annual a) electricity savings and b) gas 
‘penalty’ (i.e. extra gas required to condition the 
building) caused by the installation of a cool roof 

instead of a metal-coated roof, calculated with and 
without use of the above-roof temperature model. 
Results are presented for air-cooled condensers. 

These results demonstrate the importance of near-roof air 
temperature fields in the performance of cool roofs on 
large-footprint buildings with rooftop HVAC equipment. 
If near-roof air temperatures had been ignored (following 
what are currently conventional BPS practices), the 
effects of cool roofs would have been underestimated by 
more than 50% in most cases included in this study. 
Despite the relatively small magnitude of total electricity 
savings and gas penalties that were predicted (in the range 
4–26%), underestimation of such effects by a factor of 
two or more could significantly alter the outcomes of 
many real-world BPS investigations, e.g. cost-benefit 
analyses of cool roof technologies for particular building 
projects. 
It should be recognised that the building model used in the 
present study was relatively simple in comparison to 
many real shopping centres, and that the use of a single 
model could never accurately represent the diverse set of 
existing shopping centres. However, the results presented 
here do provide useful insight into the magnitude of effect 
that above-roof air temperature fields are likely to have on 
such buildings. 
Conclusion 
The empirical model developed herein allows BPS 
practitioners to accurately account for local variations in 
outdoor air temperature that can affect rooftop HVAC 
equipment on large-footprint buildings. Only four input 
variables are required by the model, all of which are 
typically available in BPS: i) the mean roof surface 
temperature, ii) ambient air temperature, iii) reference 
wind speed, and iv) characteristic length of the roof 
surface (set here as the square-root of the roof area). 
Despite the relative simplicity of the model, predicted 
near-roof air temperatures matched experimentally 
measured values in the present study with a RMS error of 
0.52 K. 
The effect of near-roof temperature anomalies on annual 
HVAC electricity and gas consumption was significant 
but not large (2.5–13.2%) in the cases investigated here. 
However, the performance of technologies that influence 
roof surface temperatures, such as cool roofs, can be 
largely dependent on such effects. In the case of the 
shopping-centre building simulated here, with rooftop 
HVAC equipment and the minimum amount of roof 
insulation allowed for new buildings in Australia, 
approximately half (44–85%, 61% on average) of the 
benefits and ‘penalties’ attributable to cool roofs would 
have been neglected if above-roof temperatures had not 
been modelled accurately. This could have significant 
implications on the results of cost benefit analyses for 
such roof coatings. 
The above-roof temperature model was developed based 
on data from only three buildings, with roof areas in the 
range 16,000–76,000 m2. Therefore, further comparison 
of the model with experimental data would be a valuable 
exercise, and care should be taken if the model is applied 
to buildings that are significantly different than those 
studied already. 
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Abstract 

A few numerical models of micro-cogeneration units have 

been implemented into Building Energy Simulation 

(BES) tools, especially within the framework of IEA 

ECBCS Annex 42 (Beausoleil-Morrison, 2008). However 

most of these models need a comprehensive set of 

parameters obtained from calibration with a large amount 

of experimental data. Moreover, models, parameters and 

experimental data may vary between different micro-

cogeneration technologies. This paper presents a novel 

generic model of micro-cogeneration unit for BES 

purpose adapted to multiple technologies. The proposed 

correlation model includes descriptions of nominal and 

off-design stationary operation. It illustrates the 

construction of a set of parameters for this model based 

on data gathered from literature review, manufacturers 

datasheets and experimental works conducted by the 

authors. This dataset covers up-to-date market available 

units for five micro-cogeneration technologies over a 

wide range of power capacity. 

Introduction 

Building sector is the largest energy consumer in Europe 

with approximately 40 % of the total energy use. 

European institutions are looking for solutions to lower 

energy demand and increase energy efficiency, especially 

for domestic and commercial buildings heat and 

electricity supply. Micro combined heat and power 

(micro-CHP) systems can lower primary energy 

consumption as they enable recovery of heat resulting 

from electricity generation by using it to satisfy the 

thermal building needs. 

Upgrading boilers (100 million devices in Europe) with 

high efficiency technologies such as micro-CHP is one of 

many options to reduce primary energy consumption for 

both electricity and heat generation. 

Various micro-CHP technologies are available on the 

market such as internal or external combustion engines, 

gas turbines or fuel cells. Integration of micro-CHP units 

to residential and commercial buildings is difficult due to 

their high investment cost and intermittent thermal and 

electrical loads. Difficulties are mainly related to sizing, 

design of hydraulic installation (including auxiliary 

burner and energy storages) and controls of the micro-

CHP unit. 

Compared to simple design methods, BES tools allow to 

better design Heating, Ventilation and Air-Conditioning 

(HVAC) installations considering a more refined 

evaluation of system operating conditions (cycles, 

operating time, off-design performance…).  

Recent works in the topic of micro-CHP modelling such 

as Leo, et al. (2017) and Ven Riet, et al. (2019) indicate 

that providing comprehensive information on the micro-

CHP sizing methods, hydraulic and building integration 

is required to optimize seasonal performances of such 

systems. 

A few numerical models of micro-cogeneration units have 

been implemented and tested into BES tools, especially 

within the framework of IEA ECBCS Annex 42 

(Beausoleil-Morrison, 2008) and IEA ECBCS Annex 54 

(Entchev & Tzscheutschler, 2014). However most of 

these models such as those proposed by Beausoleil-

Morrison, et al. (2007) need a comprehensive set of 

parameters obtained from calibration with a large amount 

of experimental data. These data are not always publicly 

available or may be costly to gather as they require 

advanced experimental equipment. 

Authors such as Dorer & Weber (2008) attempted to use 

simplified or partial datasets to calibrate these models but 

usually with limited level of refinement compared to 

initial models.  

Moreover, in the design of simulation models, many 

parameters and types of required experimental data may 

vary between different micro-cogeneration technologies. 

Therefore, most of literature studies present simulation 

results specific to one or few micro-CHP units.  This also 

limits the ability of existing micro-CHP models to spread 

towards BES studies in engineering firms as a large set of 

parameters need to be gathered.  

Objectives 

This paper first presents a more generic (unifying all 

technologies) micro-cogeneration unit model adapted to 

annual BES and then a set of parameters for this model 

including five micro-cogeneration technologies, based on 

up-to-date market available units. For clarity, this paper is 

limited to the modelling of nominal and off-design 

stationary operation. Description of the modelling for 

transient operation and corresponding datasets will be 

presented in the future. 

Compared to existing models and datasets, this work aims 

to accurately represent operating conditions of a “typical 

micro-cogeneration unit” for a given nominal power and 
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a given technology to compute seasonal performance, 

without mandatory experimental data.  

This work is thus a compilation of a large amount of 

heterogeneous performance data used to build systematic 

“standard” efficiency correlations using either existing 

literature correlations when suitable or new sets of 

equations if necessary, with adequate choice of 

influencing factors (or input). 

Model description 

Technologies 

This paper focuses on five CHP technologies. The 

selection of these specific technologies is based on: 

• market available units, 

• existence of enough literature (manufacturers’ 

datasheets, laboratory experimental data, field 

tests, etc.) containing performance information. 

When it is possible, the scope of this study is covering 0 

to 50 kW nominal electric power units. The studied 

micro-CHP systems are the following: 

• Internal Combustion Engines (ICE) 

• Fuel Cells (FC): 

o Solid-Oxide Fuel Cells (SOFC) 

o Proton-Exchange Membrane Fuel Cells 

(PEMFC) 

• Stirling Engines (SE) 

• Micro-Turbines (MT) 

Micro-CHP Rankine and ORC units are not considered 

due to a lack of market available units in the studied 

power range since they are still in prototype phases. The 

numerical model could potentially be extended to other 

technologies, including Rankine, in the future. 

Nominal performances model 

First, nominal electric and thermal efficiencies 𝜂𝑛𝑜𝑚𝑖𝑛𝑎𝑙  

need to be determined. The chosen approach is to define 

empirical laws describing evolution of nominal 

efficiencies according to nominal electric power 𝑃𝑒𝑙
𝑛𝑜𝑚 for 

each technology. Pehnt et al. (2006) proposed logarithmic 

law (equation 1) for ICE efficiency, this law also turned 

to be relevant for other technologies and is therefore 

adopted in the model.  Numerical results are presented in 

the section “Model parameters dataset”. 

𝜂𝑛𝑜𝑚𝑖𝑛𝑎𝑙 = 𝑎 . ln(𝑃𝑒𝑙
𝑛𝑜𝑚) + 𝑏  (1) 

Selection of relevant influencing factors for off-design 

performance computation 

Relevant influencing factors for off-design (or non-

nominal) performance computation were selected based 

on literature review of models and performance data for 

each technology. This literature review is separated and 

detailed for each influencing factor in “Model parameters 

dataset” section. 

It reveals three main influencing factors on off-design 

stationary operation performances of micro-CHP units:  

• Part load operation 

• Inlet water temperature 

• Inlet air temperature 

Part load ratio (defined as the ratio of actual electric power 

and nominal electric power, equation 3) and inlet water 

temperature show significant effect on either electric or 

thermal efficiencies of all selected micro-CHP 

technologies.  

Inlet air temperature has a usually very limited impact on 

all five technologies except for micro-turbines.  

Additionally, a few studies as Bouvenot, et al. (2014) 

pointed limited effects of water flow rate on performances 

for a 1 kWel Stirling Engine. Also, Beausoleil-Morrison 

(2008) stated that this effect is experimentally difficult to 

separate from inlet water temperature influence. This 

influencing factor is thus discarded in the present model. 

Off-design stationary operation model 

Literature review 

To describe off-design stationary performances, we adopt 

a combined approach between “efficiencies chain” as 

used by Bernier & Bourret (1999) for variable frequency 

pumps in hydraulic systems and “normalized 

efficiencies” proposed by Bianchi, et al. (2014) for 

computation of “virtual operating cycles” and annual 

performances of micro-CHP units. Compared to Annex 

42 approach, these models are well adapted to easily 

represent a range of micro-CHP of different nominal 

powers having similar behaviour regarding a given 

influencing factor. 

Proposed model 

The concept of the present model is to compute energy 

consumptions 𝑃𝑓𝑢𝑒𝑙 , electrical 𝑃𝑒𝑙 and thermal �̇�𝑡ℎ 

production using thermal and electric efficiencies 𝜂(𝑡) 

computed at every instant. For both thermal and electric 

efficiencies, 𝜂𝑒𝑙(𝑡) and 𝜂𝑡ℎ(𝑡) are a product of 

“normalized” efficiencies describing relative decrease or 

increase of performance according to each influencing 

factor (inlet water temperature 𝑇𝑐𝑤,𝑖, part load ratio 𝑃𝐿𝑅 

and inlet air temperature 𝑇𝑎𝑖𝑟) noted 𝜂𝑛,𝑇𝑐𝑤,𝑖(𝑡),

𝜂𝑛,𝑃𝐿𝑅(𝑡), 𝜂𝑛,𝑇𝑎𝑖𝑟(𝑡) and the nominal thermal or electric 

efficiency 𝜂𝑛𝑜𝑚𝑖𝑛𝑎𝑙. 

PLR is the control signal defining the level of power 

modulation at which the micro-CHP unit operates. 

{
𝜂𝑒𝑙(𝑡) = 𝜂𝑒𝑙

𝑛,𝑇𝑐𝑤,𝑖(𝑡). 𝜂𝑒𝑙
𝑛,𝑃𝐿𝑅(𝑡). 𝜂𝑒𝑙

𝑛,𝑇𝑎𝑖𝑟(𝑡). 𝜂𝑒𝑙
𝑛𝑜𝑚𝑖𝑛𝑎𝑙

𝜂𝑡ℎ(𝑡) = 𝜂𝑡ℎ

𝑛,𝑇𝑐𝑤,𝑖(𝑡). 𝜂𝑡ℎ
𝑛,𝑃𝐿𝑅(𝑡). 𝜂𝑡ℎ

𝑛,𝑇𝑎𝑖𝑟(𝑡). 𝜂𝑡ℎ
𝑛𝑜𝑚𝑖𝑛𝑎𝑙

 (2) 

𝑃𝑒𝑙 = 𝑃𝐿𝑅 . 𝑃𝑒𝑙
𝑛𝑜𝑚𝑖𝑛𝑎𝑙  (3) 

𝑃𝑓𝑢𝑒𝑙 =
𝑃𝑒𝑙

𝜂𝑒𝑙
   (4) 

�̇�𝑡ℎ = 𝑃𝑓𝑢𝑒𝑙  . 𝜂𝑡ℎ(𝑡)  (5) 

To compute normalized thermal and electric efficiencies 

describing the influence of operating conditions, equation 

6 is adopted for both inlet water temperature and PLR 

dependencies while equation 7 is used for inlet air 

temperature dependency. 

𝜂𝑛,𝑋 = 𝑎. 𝑋 +
𝑏

𝑋
+ 𝑐  (6) 

𝜂𝑛,𝑇𝑎𝑖𝑟 = 𝑎. 𝑇𝑎𝑖𝑟
2 + 𝑏. 𝑇𝑎𝑖𝑟 + 𝑐  (7) 

Normalized off-design operation efficiency terms 

𝜂𝑛,𝑇𝑐𝑤,𝑖(𝑡), 𝜂𝑛,𝑃𝐿𝑅(𝑡), 𝜂𝑛,𝑇𝑎𝑖𝑟(𝑡) are assumed independent. It 

means, for example, that the relative variation of thermal 
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efficiency vs PLR does not change according to inlet 

water temperature. The dataset proposed in the second 

part of this paper shows that this strong assumption is 

generally acceptable. 

Model parameters dataset 

This section illustrates the construction of a set of 

parameters for this model based on data gathered from 

literature review (detailed for each influencing factor), 

manufacturers datasheets and experimental works 

conducted by the authors (Bonabe de Rougé et al., 2016a; 

Bonabe de Rougé et al., 2016b). This dataset covers up-

to-date market available units for five micro-cogeneration 

technologies. For each micro-CHP technology, this part 

of the paper successively presents empirical correlations 

identified to set model parameters for: 

• nominal efficiencies, 

• off-design operation including: 

o part load sensitivity,  

o inlet water temperature sensitivity, 

o inlet air temperature sensitivity, 

Normalized efficiencies used to model off-design 

operation are obtained by normalizing data for the 

following nominal conditions: 

• inlet water temperature: 40 °C 

• part load ratio: 100 % 

• inlet air temperature: 15 °C 

Nominal performance data 

Nominal efficiencies of Figure 1 to 5 are all collected 

from manufacturers datasheets. The model shows good 

correlations for nominal efficiencies of ICE, SE and MT 

micro-CHP units. For ICE, one distinguishes condensing 

and non-condensing units. While thermal efficiency is 

improved by condensing water vapour in flue gas (around 

10 %), electric efficiency is not influenced as shown in 

Figure 1. For SE units (Figure 4), nominal efficiencies 

seem rather constant, but the power range is limited due 

to data availability. Only three MT units are available for 

capacity under 50 kWel, thus performance data for units 

up to 200 kWel were used. FC units (Figure 2, Figure 3) 

show very heterogeneous nominal performances, this can 

be explained by the large variety and low maturity of 

technologies employed in such systems. Thus, no 

empirical correlation can be proposed.  

Internal Combustion Engines 

 

Figure 1: Nominal performances data of ICE micro-CHP with 

and without latent heat recovery 

Fuel Cells 

• Solid-Oxide Fuel Cells 

 

Figure 2: Nominal performances data of SOFC micro-CHP 

• Proton-Exchange Membrane Fuel Cell 

 

Figure 3: Nominal performances data of PEMFC micro-CHP 

Stirling Engines 

 

Figure 4: Nominal performances data of SE micro-CHP 

Micro-Turbines 

 

Figure 5: Nominal performances data of MT micro-CHP 

Part load sensitivity 

Micro-CHP units can usually modulate power output 

adjusting fuel input or rotation speed for example. In most 
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of the cases, data show that part load operation implies a 

loss of efficiency except for thermal efficiency of ICE. 

Data were collected from Arndt, et al. (2007), Bernd, et 

al. (2008), Bianchi, et al., (2014), Bush (2010), Capstone 

Turbine Corporation (2002), Dorer & Weber (2008), 

Johnson, et al. (2012), Roselli, et al. (2010), Staffell 

(2015), Viessmann – ESS (2014), Wakui, et al. (2014), 

EC Power and Engie Lab CRIGEN.  

For FC units, chosen empirical correlations are based on 

Staffel (2015). For ICE and MT, authors previous data 

and modelling work are used. For SE, inconsistent and 

scarce data cannot lead to a conclusion over a wide range 

of power. 

When no other author or manufacturer is cited for data 

series in a figure, data are directly collected from previous 

experimental studies from present authors. 

Internal Combustion Engines 

Data measured at 40, 50 and 60 °C inlet water temperature 

(circular dots) for ICE units in Figure 6 demonstrate that 

part load performance degradation does not depend on 

water temperature and then validate the assumption 

proposed in “Model description” section for this 

particular case. Results for part load thermal efficiency 

are especially very satisfying. 

 

 

Figure 6: Normalized electric and thermal efficiencies 

according to part load operation of ICE micro-CHP 

Fuel Cells 

For SOFC (Figure 7), only two sets of part load 

performance data were available. These datasets do not 

always fit correlation proposed by Staffel (2015). The 

latter is based on experimental performance data from 

Japanese field-tests on multiple units. Thus, our generic 

model is based on Staffel correlations. 

Staffel (2015) performance correlations for PEMFC 

(Figure 8) are consistent with other part load operation 

performance data and we chose to use Staffel correlations 

in the generic model for this technology. 

• Solid-Oxide Fuel Cells 

 

 

Figure 7: Normalized electric and thermal efficiencies 

according to part load operation of SOFC micro-CHP 

• Proton-Exchange Membrane Fuel Cells 

 

 

Figure 8: Normalized electric and thermal efficiencies 

according to part load operation of PEMFC micro-CHP 

Stirling Engines 

Figure 9 shows inconsistent and scarce data for SE and no 

evident conclusion. No correlation can be established. 
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Figure 9: Normalized electric and thermal efficiency according 

to part load operation of SE micro-CHP 

Micro-Turbines 

Figure 10 and Figure 11 show good consistency between 

literature data but these slightly differ from our 

measurements. Gap cannot be explained thanks to 

available information. Furthermore, our measurements 

show that relative variation of efficiency according to 

PLR does not seem independent of inlet air temperature 

(grey lines from 0 °C to 30 °C). Also, thermal efficiency 

seems cross-dependent of inlet water temperature (Figure 

10).  

Both electric and thermal efficiencies relative variations 

seem more sensitive to inlet air temperature at very low 

part load operation, however MT units might not operate 

at very low part load as electric efficiency is critically 

decreased (up to 70 % at 30 % part load, Figure 11).  

Therefore, adopted generic model is fitted for a unique 

inlet air temperature of 15 °C (ISO conditions) and 30 °C 

inlet water temperature. 

 

 

Figure 10: Normalized thermal efficiency according to part 

load operation of MT micro-CHP at 30 °C (top) and 60 °C 

(bottom) inlet water temperature for multiple air temperatures 

 

 

Figure 11: Normalized electric efficiency according to part 

load operation of MT micro-CHP for multiple air temperatures 

Inlet water temperature sensitivity 

Micro-CHP units can usually operate in a certain range of 

inlet temperature. According to the technology, inlet 

water may or may not be the cold source of the 

thermodynamic cycle. In most of the cases, data show no 

impact of inlet water temperature on electric production 

(except for SE), but increasing thermal efficiency at low 

inlet temperature. 

Data were collected from Bouvenot, et al. (2014), Dorer 

& Weber (2008), Johnson, et al. (2012), Matropasqua, et 

al. (2016), Viessmann – ESS (2014) and Engie Lab 

CRIGEN. For FC units, chosen correlations are based on 

Engie Lab CRIGEN data. For ICE and MT, authors 

previous data and modelling work are used. Finally, 

Bouvenot, et al. (2014) is the reference for SE (Figure 15 

and Figure 16). 

When no other author or manufacturer is cited for data 

series in a figure, data were directly collected from 

previous experimental studies from present authors. 

Internal Combustion Engines 

 

Figure 12: Normalized electric and thermal efficiencies 

according to inlet water temperature of ICE micro-CHP 

Regarding ICE units, Figure 12 shows that relative 

thermal efficiency degradation according to inlet water 

temperature does not depend on part load operation. 

Correlations from authors experimental data cannot be 

compared to many other data and are therefore used for 
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the generic model. Relative loss of thermal efficiency for 

a temperature rise of 1 K is about 0.4 %. 

 

Fuel Cells 

Figure 13 and Figure 14 show very good overall 

consistency between all data for both SOFC and PEMFC. 

Correlations are fitted from Engie experimental data. 

• Solid-Oxide Fuel Cells 

 

 

 

Figure 13: Normalized electric and thermal efficiencies 

according to inlet water temperature of SOFC micro-CHP 

• Proton-Exchange Membrane Fuel Cells 

 

 

Figure 14: Normalized electric and thermal efficiencies 

according to inlet water temperature of PEMFC micro-CHP 

 

 

Stirling Engines 

Model correlations for SE units are fitted on Bouvenot et 

al. (2014) data as it is the more reliable set of performance 

data (peer-reviewed) for this technology. It seems 

consistent with other sources. 

 
Figure 15: Normalized electric efficiency according to inlet 

water temperature of SE micro-CHP 

 

Figure 16: Normalized thermal efficiency according to inlet 

water temperature of SE micro-CHP 

Micro-Turbines 

Electric efficiency does not depend on inlet water 

temperature in gas turbines. Nevertheless, thermal 

efficiency (Figure 17) is dependent, like other 

technologies, due to thermal exchangers for heat 

recovery. Linear trends of experimental data collected at 

air temperature from 0 °C to 30 °C (left) does not show a 

significant dependency on this variable. Thus, inlet water 

temperature correlation for MT thermal efficiency is fitted 

on authors experimental data (right). 

 

Figure 17: Normalized thermal efficiency according to inlet 

water temperature of MT micro-CHP (left) and illustration for 

different inlet air temperatures (right) 

Inlet air temperature sensitivity 

Only MT micro-CHP showed a significant impact of inlet 

air temperature on both electric and thermal efficiencies 

(Figure 18 and Figure 19). Manufacturers’ data from 

Capstone and FlexEnergy are consistent with linear trends 

of authors experimental results at full load (100 % dotted 

line) presented on Figure 18. Yet, for electric efficiency, 
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performance variation according to inlet air temperature 

is more sensitive at low part load ratio (60 % dotted line).  

As MT units might operate more often at full load (better 

electrical performance), generic model is calibrated with 

full load performance data.  

 

Figure 18: Normalized electric efficiency according to inlet air 

temperature of MT micro-CHP, lines represent trends of 

experimental data for various PLR 

 

Figure 19: Normalized thermal efficiency according to inlet air 

temperature of MT micro-CHP, lines represent trends of 

experimental data for various PLR 

 

Conclusion 

This paper showed the development of a generic (or 

unified) numerical model of micro-CHP units for BES 

purpose and provides a dataset of parameters for five 

technologies over a wide range of power capacities. 

Previous data allowed to identify: 

• correlations for nominal performances except for 

FC units, 

• correlations for off-design performances for 

three influencing factors except for part load 

operation of SOFC and SE units, due to a lack of 

consistent data. 

A brief summary of variations of micro-CHP off-design 

performances according to the three selected influencing 

factors in stationary operation is presented in Table 1. The 

sign “-” means “no influence” and “?” means “no 

correlation identified due to a lack of consistent data”. 

 

 

Figure 20: Summary of variations of micro-CHP electric and 

thermal efficiencies according to three influencing factors   

 

More experimental data should be collected (if possible) 

to gather unknown off-design stationary operation 

parameters. Also, the model could be extended to other 

technologies such as Rankine/ORC micro-CHP and other 

types of fuel cells.  

Furthermore, this paper only focuses on stationary 

operation. Description of the transient operation 

modelling and corresponding collected data will be 

addressed in future work. 

Finally, a comparison of this model with current detailed 

dynamic models of micro-CHP is also planned. 
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Abstract

The transient behaviour of pipe systems is impor-
tant in many forms of thermal system such as do-
mestic hot water, building heating, cooling and dis-
trict thermal networks. In this study, different ap-
proaches to modelling the dynamic thermal response
of pipelines are investigated through applying three
forms of discretized one-dimensional flow and heat
transfer model. These were further compared with
fully three-dimensional finite volume method (FVM)
calculations. Firstly, the models were examined to
predict the pipe thermal response considering the
thermal capacity and longitudinal dispersion of tur-
bulent fluid flow to step changes in the inlet temper-
ature of a ideally insulated pipe. A model is pro-
posed combining features of plug-flow n-continuously
stirred tanks and treatment of the nodes to take into
account the effect of thermal capacitance of the pipe
wall as well as the convective heat transfer from the
pipe outer surface. The results elucidated that the
proposed model is not only able to capture the out-
let temperature changes due to a step change in the
very good agreement against the detailed 3D model
but also offers advantages in computational cost com-
pared with the 3D model. The proposed model can
be simply implemented in dynamic system simula-
tion tools. The model is to be extended to include
dynamic ground heat transfer effects.

Introduction

Understanding and representing the dynamic thermal
behaviour of pipes can be considered essential in sim-
ulating heating system operation, specifically in sit-
uations that short timescale dynamic effects are sig-
nificant. Often, in the simulation of heating systems,
the heat carrier fluid flow through pipes is treated
as an ideal fluid with the uniform velocity profile i.e.
plug flow. The dynamic transport of heat, as well as
the thermal capacity of the fluid, are also often ig-
nored. These assumptions can be deemed correct if
the medium and long term simulations are of interest
and the pipe lengths are relatively short, but for short
timescale simulations and/or where the pipe length is

relatively long, cannot be considered accurate.

In a real system, a simple temperature change at the
inlet propagated through the pipe is diffused accord-
ing to the shape of the velocity profile. This physical
phenomenon needs to be considered particularly for
systems with inlet temperature fluctuations in which
case the thermal response at the outlet experiences
damping and time lag. This time delay can play a
significant role in long pipes with the transit time of
higher than a few minutes: possibly more than 30
minutes in district heating systems. These diffusive
effects are further compounded when heat transfer
occurs in the radial direction, e.g. heat loss from hot
water supply pipes or into the ground in district heat-
ing.

For dynamic simulations of fluid flow through a pipe,
a number of approaches have been proposed (van der
Heijde et al., 2017). The propagation of fluid flow
through a pipe can be modelled by so-called the node
method (Pálsson et al., 1999). In this approach, the
heat propagation of the fluid flow is modelled by tak-
ing into account only two nodes, the inlet and outlet
temperatures, and the time delay due to the trans-
porting the fluid between these two nodes depending
on the fluid velocity. Based on the temperature at the
inlet node, the pipe wall temperature and mass flow
rate, the temperature of the outlet node is calculated
and updated from one node to the another by solving
energy equation for each node through the pipe. In
this method, the heat capacities of fluid and pipe wall
are taken into account, and the model can be imple-
mented to deal with dynamic heat losses to surround-
ings e.g. ground. This model has been implemented
to modelling pipelines in district heating systems and
shows a good agreement with measurement data (Sar-
tor and Dewalef, 2017). However, since in this model,
the fluid flow is assumed as a “plug” flow, the model
is not able to capture short timescale fluid dynamic
effects.

Another method of modelling the fluid flow through
a pipe is to use Finite Element Method (FEM) and
Finite Volume Method (FVM) numerical methods.
Gabrielaitiene et al. (2008) evaluated the FEM and
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node models for modelling the heat propagation in
the district heating pipelines, and compared this
method with the node model and the measurement
data. They concluded the models have limitations in
the prediction of the peak values and temperature
response time of the heat wave through the pipe.
Dalla Rosa et al. (2013) investigated the transient
heat transfer in twin pipes. They proposed a mod-
ified node model and validated it against the FVM
model and measurement data. It was shown both the
detailed FVM model and the proposed model can pre-
dict the pipe outlet temperatures when step changes
or sinusoidal changes are imposed in the inlet tem-
perature in comparison with the experimental data.
Such numerical approaches are very computationally
demanding, however.

Another approach to simulate the dynamic responses
of pipes is to modelling the dispersion of the fluid flow
by applying a one-dimensional advection-dispersion
equation, the so-called the Axial Dispersion Plug
Flow (ADPF) model. This can be approximated
by discretizing the pipe into a series of well-mixed
cells with uni-directional flow from the inlet and solv-
ing the energy balance for each cell in turn. This
approach is implemented to modelling the dynamic
thermal response of conduits (Hanby et al., 2002),
and borehole heat exchangers (Rees, 2015).

In the present study, a combination of nodal model
and a modified approximation of ADPF is proposed
for modelling the dynamic thermal responses of long
pipes with heat losses to the surroundings. In this
method, the fluid flow is represented by the dis-
cretized model named the plug flow N-continuously
stirred tanks (PFNCST) model. In this model, in-
troduced by Skoglund and Dejmek (2008), the fluid
flow is modelled by combining a plug flow model (to
represent the time lag accurately) and a series of con-
tinuously stirred tanks to represent the axial difusion
processes. It is demonstrated that this model is able
to accurately predict the dynamic responses to a step
change in the fluid flow concentration compared to
the exact solution of the ADPF model and is also
more computationally efficient compared with other
models (Skoglund and Dejmek, 2008). The model
presented by Skoglund and Dejmek (2008) was in-
tended to model diffusion of different chemical species
in the pipe rather than heat but in this case we model
heat transfer to calculate fluid temperatures. The
model further allows calculation of radial heat trans-
fer to the environment.

The primary motivation behind this study is to de-
velop a model which is able to accurately predict the
dynamic thermal response of pipes with heat losses,
and capture short timescale dynamic effects, also ef-
ficient in terms of the computational cost and so can
be simply implemented in modeling the operation of
large and complex thermal systems over annual peri-

ods, e.g. district heating systems.

Model Development

Three-Dimensional Numerical Model

In this work, a three-dimensional pipe with turbu-
lent fluid flow with conjugate forced convection heat
transfer has been modelled using the OpenFOAM li-
brary and is intended as a reference model for cases
with heat transfer. This model is developed to in-
vestigate the thermal dynamic response of a pipe
to a step change in the pipe inlet. The flow is as-
sumed incompressible, Newtonian, three-dimensional
and (low-Reynolds Number) turbulent. The fluid is
deemed to have a uniform inlet velocity profile and
uniform inlet temperate.

This numerical model uses the finite volume method
to numerically solve the governing Navier-Stokes and
energy equations. In order to solve the equations
in non-compressible form, the PIMPLE algorithm
which is a combination of PISO (Pressure Implicit
with Splitting of Operator) and SIMPLE (Semi-
Implicit Method for Pressure-Linked Equations) is
implemented. The first-order upwind scheme is ex-
ploited to discretize the temporal term, and a second-
order scheme is employed to discretize the convection
and diffusion terms of the governing equations. To
model the turbulent flow in the pipe, the well-known
k−ω Shear Stress Transport- SST model is applied in
this work. The energy equation is solved simultane-
ously in both solid and fluid domains to examine the
combination of convection and conduction effects.

The pipe geometry is discretised using a three-
dimensional structured mesh. Since near the pipe
wall the temperature and velocity gradients are high,
the dimension of cells has been reduced from a pipe
centre to the pipe wall to capture the gradients near
the pipe wall. The multi-block structured mesh for
the pipe is shown in Fig. 1. The independence of re-
sults to the mesh sizes is investigated in the following
section.

Figure 1: A Multi-block structured Mesh representing
a pipe.

Residence Time Distribution

The Residence Time Distribution (RTD) is defined as
the distribution with time of transported scalar vari-
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ables (chemical species or heat) as they pass through
a particular point (e.g. outlet) of a continuous flow
system. RTDs are widely used to analyse chemical
engineering problems and are approximated using a
form dispersion model or tanks in series models (Ham
and Platzer, 2004). The RTD of a system is com-
monly expressed as a function F (t) representing the
fraction of the fluid scalar state variable (chemical
species or heat) at the pipe outlet for fluid flow at a
given time: often plotted as a so called F-diagram.

It has been demonstrated that the shape of F-diagram
depends on Reynolds number and the ratio of length
to a diameter only affects the eddy diffusivity. Hanby
et al. (2002) implemented the analytical solution
to finding the optimum number of tanks in series
to modelling dynamic thermal response of conduits.
The same approach has been used by He (2012) for
simulation of dynamic thermal response in a two-
dimensional borehole heat exchanger model. Ham
and Platzer (2004) proposed a semi-empirical for-
mulation for calculating residence time distribution
based on characteristic parameters that are deter-
mined from experimental results and this has been
used as a reference in other work (Adeosun and Lawal,
2010). In this model, the F-diagram can be calculated
according to,

F (τ) =

[
1− τNk

τN

(
1− τ

τmax

)N]8
(1)

where,

τk =
τminτmax
τmax − τmin

(2)

The τmin and τmax parameters are the experimental
minimum and the maximum dimensionless residence
time of the tracer and τ is dimensionless residence
time. N is also a model parameter that is obtainable
according to the experimental minimum and maxi-
mum dimensionless residence times. We have used
this model as a reference in validating models with
perfectly insulated pipes below.

Modelling dynamic responses of perfectly in-
sulated pipes

In this study, the approach to modelling dynamic re-
sponse of heat transfer fluid in pipelines is to utilize
a discretized model of the fluid flow through the pipe
which takes into account the thermal capacity and
longitudinal dispersion. It is demonstrated that the
dispersion of turbulent fluid flow in pipes for chemical
concentration species as well as heat can be success-
fully modelled by employing axial dispersion plug flow
(ADPF) model. With no source term and no chemical
reaction, the one-dimensional of the ADPF model can
be written as below (Skoglund and Dejmek, 2008),

∂C(x, t)

∂t
+ v

∂C(x, t)

∂x
−D∂

2C(x, t)

∂x2
= 0 (3)

where C(x, t) is volume chemical concentration andD
is the diffusion coefficient which depends on velocity

profile and Reynolds number. For the calculation of
diffusion coefficient an empirical relation (Wen and
Fan, 1975) in terms of Peclet Number Pe (the ratio
of advective transport rate to the diffusive transport
rate) can be applied as follows,

1

Pe
=

D

Lv
=

2rp
L

(
3× 107Re−2.1 + 1.35Re−0.125

)
(4)

Where L is the length of the pipe and rp is the inner
radius of the pipe. Eq.3 can be converted to a one-
dimentioanl thermal convection-diffuson, if C(x, t) is
replaced with T (x, t). Applying the laplace trasform
to Eq.3, for the exit concentration at the x = L, the
transfer function can be given by (Skoglund and De-
jmek, 2008),

GADPF (s) = ePe/2e−(Pe/2)
√

1+(4/Pe)τs) (5)

Due to mathematical difficulties of dealing with Eq.5,
a number of discrete approximations have been pro-
posed in the literature. The well-known approx-
imation to the ADPF model is referred to as N-
continuously stirred tank (N-CST) model. In this
model, the pipe is represented by series of well-stirred
tanks and is effectively a one-dimensional finite vol-
ume or finite difference representation. This model
has been utilized for modelling dynamic thermal re-
sponse of conduits (Hanby et al., 2002) and a borehole
heat exchanger (He, 2012). However, it is shown that
this model is sensitive to the number of tanks, and
also tends to over predict the diffusivity of the dy-
namic responses. To deal with this issue Wen and Fan
(1975) derived an expression for the optimal number
of tanks for the best approximation to the true ADPF
model behaviour.

NCST =
vL

2D
=
Pe

2
(6)

Skoglund and Dejmek (2008) proposed an improved
model that is a combination of a plug flow represen-
tation in series with an N-continuously stirred tanks
model (denoted PFNCST). In this model, a simple
time delay is introduced as a plug flow at the inlet be-
fore the fluid enters the series of continuously stirred
tanks. This approach shows better accuracy com-
pared to the analytical solution of the ADPF equa-
tions compared to the N-CST model. The results are
less sensitive to the choice of the number of tanks.
Moreover, the number of tanks required in PFNCST
model is considerably less than the former model and
so is computationally advantageous.

In this model, the transit of fluid flow through a pipe
is divided between two types of elements. The first
plug flow element has an associated transport time
delay (τ0) and the remaining transit time is associated
with N ideal tanks elements (NτN = τ − τ0)), as
shown in fig. 2. The heat balance equation on these
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Figure 2: A representation of fluid flow through a pipe using the PFNCST approach.

two elements can be written as,

ρCpVN
∂Ti
∂t

+ ρCpV̇ (Ti − Ti−1) = 0 (7)

Where V and V̇ are the volume of each tank and
volume flow rate of the fluid, respectively. Consid-
ering the time delay in plug flow element, the inlet
temperature for the N ideal tanks part is (Ti=0(t) =
Tin(t − τ0)). Skoglund and Dejmek (2008) demones-
trated that τN can be calculated by Eq.8 with very
good agreement with ADPF model.

τN = τ

√
2

NPe
(8)

Accordingly, the volume of each tank and plug flow
element as well as τ0 can be determined for a given
number of tanks. This model has been used by Rees
(2015) for simulation of the thermal responses of bore-
hole heat exchangers. It was demonstrated that this
model was able to accurately capture some of the
short timescale features of experimental fluid tem-
perature data. However, the heat losses from pipe
surfaces to surroundings have not been considered.

Modelling dynamic responses of uninsulated
pipes

In the current work we have sought to apply and ex-
tend the PFNCST model for modelling dynamic ther-
mal responses of pipe where there is heat exchange
with the surroundings. To this end, the finite dif-
ference method is used for the calculation of the fluid
temperatures and pipe wall temperatures by addition
of a further node to take into account the thermal
capacity pipe wall and to represent the radial tem-
perature gradients as illustrated in Fig.3. This seems
a reasonable approximation for relatively thin walled
pipes. The model can be described by two heat bal-
ance differential equations for the fluid and wall nodes
as follows,

ρfCp,fVN
∂Tf,i
∂t

=ρfCp,f V̇ (Tf,i−1 − Tf,i)−

hfAi(Tf,i − Tw,i) (9)

ρwCp,wVN
∂Tw,i
∂t

=hfAi(Tf,i − Tw,i)−

haAi(Tw,i − Ta) (10)

At each node, the fluid temperature obtained from
the PFNCST model is updated in each time step by
calculation of heat losses according to the fluid and

Figure 3: The representation of heat transfer from
each well-mixed fluid element to the surroundings.

pipe wall thermal capacities, the heat transfer coef-
ficient between fluid and the inner layer of the pipe
wall, and the heat transfer coefficient from the outer
layer of the pipe wall to the surroundings.

In this model, it is necessary to define the proper pipe
inner surface boundary condition and a relationship
between the wall temperature and the fluid temper-
ature at the inlet and outlet of each tank element.
A convenient way to formulate the relationship be-
tween these temperatures would be to use the arith-
metic mean of the inlet and outlet temperatures and
apply it in a convective boundary condition. How-
ever, due to the long ’virtual’ length of the Plug flow
element in the model at typical flow rates, we found
this approach performed poorly. Another approach is
to make an analogy with an evaporating-condensing
heat exchanger. In this approach, a pipe element is
assumed to have the same wall temperature along
its length and considered as a heat exchanger that is
characterized by an effectiveness parameter ε, and the
Number of Transfer Units NTU . The relationship be-
tween effectiveness parameter which is the ratio of the
actual fluid heat transferred to the maximum possible
heat transfer is,

ε =
ṁCp(Tin − Tout)
ṁCp(Tin − Tp)

(11)

and using the evaporating-condensing isothermal wall
assumption, the relationship between effectiveness
and NTU can be expressed as,

ε = 1− e−NTU (12)

where,

NTU =
πDLhp
ṁCp

(13)

and using well-known Dittus-Boelter equation, the
pipe convection coefficient, hf can be calculated as,

hf =
0.023Re0.8Pr0.4λf

D
(14)

________________________________________________________________________________________________ 

________________________________________________________________________________________________ 
Proceedings of the 16th IBPSA Conference 
Rome, Italy, Sept. 2-4, 2019

 
1360

 

 
  



Figure 4: A diagram of the proposed modelling fluid flow through a pipe.

Where λf and Pr are the thermal conductivity and
Prandtl number of the fluid, respectively. Consider-
ing Eq.11, the heat balance at the pipe boundary can
be written:

εṁCp(Tin − Tp) = haA(Tp − Ta) (15)

Using Eq.11 and 15, the pipe wall and outlet fluid
temperatures can be calculated explicitly for a given
inlet temperature at each time step. We found that
simply applying this approach to the PFNCST model
proposed by Skoglund and Dejmek (2008) did not give
realistic temperature responses where there was heat
transfer to the environment. As the initial (and often
longest) element in the pipe represents plug flow but
not heat transfer, the effects of heat transfer are also
delayed. With a step change in inlet temperature this
is particularly unrealistic.

In this study, the a arrangement of plug flow element
and well-stirred elements in the PFNCST model has
been proposed to properly calculate the dynamic heat
losses along the pipe. To this end, the number of ideal
mixing elements was divided into two sections placed
at the inlet and outlet of the pipe with the plug flow
element between as shown in Fig.4. The volume of
each tank element and the time required for pass-
ing the fluid flow through each tank are obtained in
the same way as the PFNCST model. This arrange-
ment modifies the inlet temperature experienced by
the plug flow element to reflect some of the dynamic
heat losses occurring along the pipe. The ability of
the proposed PFNCST model in the prediction of the
outlet temperature of a pipe with heat losses is pre-
sented and discussed in the following section.

Results and discussions

Turbulent velocity profile

To validate the 3D model developed in this work and
that we later use as a reference model, experimen-
tal data from the literature have been used. Due
to the importance of velocity profile in the turbulent
pipe fluid flow i.e. Reynolds number is higher than
4000, on the RTD and dynamic response of pipes we
have firstly sought to verify the models predictions
of pipe velocity profile. Many researchers have con-
ducted different types of experiments to study fully
developed turbulent pipe flow. In the current work,
experimental data from particle image velocimetry
(PIV) experiments (Eggels et al., 2006; Peng et al.,
2018) have been chosen as these are thought to rep-
resent the lowest levels of uncertainty: reported to
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Figure 5: Axial mean velocity profile normalized by
the bulk flow velocity.

be less than 2 percent. Fig.5 shows a comparison of
predicted and measured mean velocity profile normal-
ized by the bulk flow velocity with respect to the pipe
radius for a 10m straight pipe at a Reynolds num-
ber of 5300. The numerical simulation results show
very good agreement with the experimental data over
most of the radius. However, near the pipe wall, the
simulation shows larger deviations (still less than 1.5
percent RMSE). Eggels et al. (2006) suggested that
deviations could be larger in this region of lower ve-
locity due to the fixed sampling intervals in the PIV
measurements.

In order to check the mesh size dependency, five mesh
sizes were generated to compare velocity profiles. It
was observed by increasing cell number from 47,000
to 208,000, the RMSE decreased from nearly 4.3 to
1.35 percent. Considering computational cost, a mesh
with intermediate density (159,000 cells) was chosen
to model the pipe flow and heat transfer in later cal-
culations.

Residence time distributions

To validate the 3D model in terms of predicting the
RTD, the semi-empirical model proposed by Ham and
Platzer (2004) for a straight pipe has been used as a
reference. Based on the experimental conditions in
their work, a 9.6 m straight pipe with 15 mm diame-
ter was modelled where the mean velocity, Reynolds
Number and kinematic viscosity were 0.21 m/s, 4500
and 7×10−7 m2/s, respectively. The measured mean
residence time is reported as 45.7 s, and the mini-
mum and maximum residence times were measured
as 38.89 s and 77.01 s, respectively. Applying these
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experimental conditions and using the semi-empirical
model, the F-diagram can be plotted based on Eq. 1.
Fig. 6 presents this F-diagram generated using the
3D model and the semi-empirical model according to
the experimental data. A very good level of agree-
ment between the semi-emperical model and the 3D
model developed in this work has been demonstrated.
The minor deviations may be due to the uncertainty
in minimum and maximum residence times as these
are important values in calculation of the RTD.
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Figure 6: Comparison of F-diagram calculated by us-
ing the 3D model and the semi-emperical model.

Dynamic response of the ideally insulated
pipe to a step change

To investigate the proposed models in the simulation
of the dynamic responses of the ideally insulated pipe,
the results of the two discretized models, the NCST
and PFNCST, have been compared to the exact so-
lution of the ADPF model. To this end, responses
in a 10 m straight pipe of 15 mm diameter have been
studied. The water flow velocity and Reynolds num-
ber were 0.5 m/s, 9700 respectively. In this case, the
inlet temperature of the pipe is imposed to a step
change of 60 °C, from 20 °C to 80 °C, while the initial
temperatures of the water and pipe wall are 20 °C. It
is considered that heat transfer at the pipe wall is zero
i.e. the R-value is infinity, so an adiabatic boundary
condition is applied for the inner surface of the pipe.
Fig. 7 displays the variations of the outlet tempera-
tures responses to a step change calculated by three
models including the NCST, PFNCST and exact so-
lution of the ADPF models to a step change. Based
on Eq. 6, the optimal number of tanks in the NCST
model is calculated 661, and two tank numbers, i.e.
16 and 34, are selected for the PFNCST model. The
one-dimensional of the advection-dispersion equation
(ADPF) is numerically solved for this case by apply-
ing the Eq.5.

It is seen the PFNCST model with considerably fewer
number of tanks shows better agreements with the
exact solution of ADPF in the prediction of the out-

let temperature and the NCST model tends to over-
predict the diffusion in responses to a step changes;
as reported by Rees (2015) and Hanby et al. (2002).
Moreover, it is found the variation of the amount of
tanks in the PFNCST model does not have noticeable
effects on the accuracy of the prediction of dynamic
responses i.e. the model is robust in this respect.

 

15

20

25

30

35

40

45

50

55

60

65

70

75

80

85

14 15 16 17 18 19 20 21 22 23 24 25 26

T
em

p
er

at
u
re

 (
C

o
)

Time (s)

Exact Solution (ADPF)

NCST-661

PFNCST- 34 tanks

PFNCST- 16 tanks

Figure 7: Comparison between the outlet temperature
responses to a step change calculated by the NCST,
PFNCST models and the exact solution of the ADPF
model for an insulated pipe.

Dynamic response of the uninsulated pipe to
a step change

To evaluate the ability of the different approaches to
modelling the dynamic thermal response of uninsu-
lated pipe to a step change, again a 10 m straight
pipe of 15 mm diameter has been modelled with the
same velocity and Reynolds number. In this case
the heat losses along the pipeline due to temperature
differences between the pipe wall, the surroundings
and fluid flow are taken into account. Note that the
inner pipe surface heat transfer coefficient is calcu-
lated based on Eq. 14 and the outer pipe surface heat
transfer coefficient is considered constant and equal
to 10 W/m2.K.

Fig. 8 displays comparisons between the three mod-
els of interest—the NCST, modified PFNCST and
the 3D numerical model—in the prediction of outlet
temperature response to a step change in the pres-
ence of radial heat losses. The data in Fig. 8 show
the modified PFNCST model is in good agreement
with the detailed 3D model results and slightly bet-
ter than is the NCST model with considerably lower
tanks. The modified PFNCST model can anticipate
the time of the initial increase of the outlet tempera-
ture and can also predict the rising trend in tempera-
ture at the pipe outlet, compared with the detailed 3D
model. There may be some minor differences between
the models as the outlet temperature approaches the
steady condition. However, we suggest this is not usu-
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ally the aspect of the response that is of most interest
or significance.

To assess the validity of the modified PFNCST model
further, the models have been compared with higher
and lower fluid velocities (0.7 m/s and 0.3 m/s) as
shown in Fig. 9 and 10. These flow velocities cor-
respond to Reynolds Numbers of 13600 and 5800.
Similar levels of agreement in terms of predicted re-
sponse are shown as in Fig. 8. However, slightly more
sensitivity to the choice of number of tanks in the
PFNCST model than cases without heat loss was
demonstrated.
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Figure 8: Outlet temperature response calculated by
the NCST, PFNCST and 3D model for the uninsu-
lated pipe at Re= 9700.
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Figure 9: Outlet temperature response calculated by
the NCST, PFNCST and 3D model for the uninsu-
lated pipe at Re= 13600.

By comparing the differences in predicted temper-
atures with different numbers of tanks using the
RMSE, optimal numbers of tanks were obtained for
each Reynolds number. It was found that a lower
number of tanks causes a sharp thermal response to
a step change (less diffusive) and vice versa. This is a
result of the diffusion processes being more complex
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the NCST, PFNCST and 3D model for the uninsu-
lated pipe at Re= 5800.

 

0

10

20

30

40

50

60

70

500 700 900 1100 1300 1500 1700 1900

O
p
ti

m
u
m

 N
u
m

b
er

 o
f 

T
an

k
s 

fo
r 

th
e 

m
o
d
if

ie
d
 P

F
N

C
S

T
 M

o
d
el

Peclet Number

Figure 11: Variation of the optimal number of tanks
for the PFNCST and Pe number.

in cases with heat transfer through the pipe wall: heat
is diffused both axially and radially. In these calcula-
tions we are also seeking to include the thermal mass
of the pipe material. Consequently we have investi-
gated whether a rule or correlation can be identified
to guide the appropriate choice of the number of tank
elements in cases with pipe wall heat transfer.

In a similar way to the NCST model, we have found
that the optimal number of tanks is well correlated
with Peclet Number. We have arrived at the preferred
values of number of tanks for a range of flow condi-
tions by carrying out a parameter estimation based
on the F-diagram and corresponding RMSE measure.
This has resulted in the data shown in Fig. 11 where
Pe is calculated based on Eq. 4. A well defined
trend is evident. This might be approximated by a
linear trend or possibly a second order polynomial.
Although the model is not strongly sensitive to this
number, using the optimal number of tanks could be
important in the cases such as where there are high
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frequency dynamics and important control system in-
teractions.

It is worth noting that the calculation time for simu-
lating of fluid flow in the pipe in the 3D models (with
20 CPU cores) is more than twenty times that of the
proposed model (serial). It is also notable that the
number of tanks in the modified PFNCST is consid-
erably lower than NCST model and so less computa-
tionally demanding. This feature could be significant
in modelling a very long pipe, such as pipe networks
in district heating systems.

Conclusions and future work

A three-dimensional model has been developed using
the Finite Volume Method to modelling the dynamic
thermal responses of turbulent fluid flow through
pipes. This model has been shown to be in a good
agreement with experimental data in terms of the pre-
diction of velocity profiles and residence time distri-
bution (RTD) and has been used as a reference model
in parametric studies and development of reduced or-
der models. Moreover, a new numerical model com-
bining nodal and the PFNCST approaches has been
proposed for modelling the dynamic thermal response
of pipe systems considering heat transfer to the en-
vironment. This model is able to simulate the heat
propagation through the pipe due to a step change
at the inlet of the pipe, and capture short-time dy-
namic effects with same level of accuracy of the de-
tailed three-dimensional model as well as the effect of
the pipe material and external heat exchange.

A heat exchanger analogy is used to define the rela-
tionship between inlet, outlet and the pipe wall tem-
peratures in each element. The outlet temperature of
the plug flow and continuously stirred tank elements
can be calculated explicitly at each time step resulting
in a computationally efficient model. The model has
a modest level of sensitivity to the number of tanks
used at different Reynolds Numbers and we have pro-
posed that a simple correlation with Peclet Number
can be applied to allow this to be determined. It is
proposed in future work, the model to be validated
with experimental data over a wider range of exper-
imental conditions, i.e. different Reynolds numbers
and pipe geometries. Our primary interest is in dis-
trict heating network simulation and we proposed to
extend the representation of heat transfer to include
transient heat transfer through the ground and also
between adjacent flow and return pipes.

References
Adeosun, J. T. and A. Lawal (2010). Residence-time

distribution as a measure of mixing in T-junction
and multilaminated/elongational flow micromixers.
Chemical Engineering Science 65 (5), 1865–1874.

Dalla Rosa, A., H. Li, and S. Svendsen (2013).
Modeling transient heat transfer in small-size twin

pipes for end-user connections to low-energy dis-
trict heating networks. Heat Transfer Engineer-
ing 34 (4), 372–384.

Eggels, J. G. M., F. Unger, M. H. Weiss, J. West-
erweel, R. J. Adrian, R. Friedrich, and F. T. M.
Nieuwstadt (2006). Fully developed turbulent pipe
flow: a comparison between direct numerical sim-
ulation and experiment. Journal of Fluid Mechan-
ics 268 (-1), 175.

Gabrielaitiene, I., B. Bøhm, and B. Sunden (2008).
Evaluation of approaches for modeling temperature
wave propagation in district heating pipelines. Heat
Transfer Engineering 29 (1), 45–56.

Ham, J.-H. and B. Platzer (2004). Semi-Empirical
Equations for the Residence Time Distributions
in Disperse Systems - Part 1: Continuous Phase.
Chemical Engineering & Technology 27 (11), 1172–
1178.

Hanby, V., J. Wright, D. Fletcher, and D. Jones
(2002). Modeling the dynamic response of conduits.
HVAC & R Research 8 (1), 1–12.

He, M. (2012). Numerical modelling of geothermal
borehole heat exchanger systems. Ph. D. thesis.

Pálsson, H., H. V. Larsen, B. Bøhm, and H. F. Ravn
(1999). Equivalent Models for District Heating Sys-
tems. Number 1323.

Peng, C., N. Geneva, Z. Guo, and L. P. Wang (2018).
Direct numerical simulation of turbulent pipe flow
using the lattice Boltzmann method. Journal of
Computational Physics 357, 16–42.

Rees, S. J. (2015). An extended two-dimensional
borehole heat exchanger model for simulation of
short and medium timescale thermal response. Re-
newable Energy 83, 518–526.

Sartor, K. and P. Dewalef (2017). Experimental vali-
dation of heat transport modelling in district heat-
ing networks. Energy 137, 961–968.

Skoglund, T. and P. Dejmek (2008). A dynamic
object-oriented model for efficient simulation of mi-
crobial reduction in dispersed turbulent flow. Jour-
nal of Food Engineering 86 (3), 358–369.

van der Heijde, B., M. Fuchs, C. Ribas Tugores,
G. Schweiger, K. Sartor, D. Basciotti, D. Müller,
C. Nytsch-Geusen, M. Wetter, and L. Helsen
(2017). Dynamic equation-based thermo-hydraulic
pipe model for district heating and cooling systems.
Energy Conversion and Management 151 (August),
158–169.

Wen, C. and L. Fan (1975). Models for flow systems
and chemical reactors. Chemical processing and
engineering. Dekker.

________________________________________________________________________________________________ 

________________________________________________________________________________________________ 
Proceedings of the 16th IBPSA Conference 
Rome, Italy, Sept. 2-4, 2019

 
1364

 

 
  



Distributed co-simulation applied

to urban scale energy systems design

Pablo Puerto1,2,3, Jessen Page2, Bruno Ladevie3, Jakob Rager1
1CREM, Martigny, SWITZERLAND

2HES-SO, Sion, SWITZERLAND
3IMT Mines Albi / UMR CNRS 5302, Albi, FRANCE

Abstract

Urban energy systems are now considered as multi-
network structures rather than as silo-like separated
energy vectors. However, multi-network structures
imply a growing number of intricate interactions be-
tween various components.

The design and the operation of such systems re-
quire taking into account complex multi-domain oper-
ational constraints. The aim of this work is to allow
for a detailed and distributed simulation of the dy-
namic behaviour of coupled energy systems at urban
scale for design and decision support purposes.

With a development based on open source cutting-
edge information technologies tools and applications,
this paper proposes an innovative framework provid-
ing simplified deployment, distributed computation
and encapsulation for enhanced and reproducible co-
simulation applied to the simulation based validation
of a design for a complex urban energy system.

Introduction

Considering urban energy systems as complex multi-
network structures rather than the more classical silo-
like approach of separated energy vectors has become
widely accepted in the scientific literature. This no-
tion has been examined from different and comple-
mentary perspectives, such as shown from the elec-
trical (Ilic et al. (2010)) and from the thermal (Lund
et al. (2014)) point of view or for hybrid networks
(Widl et al. (2018)).

Urban energy systems conceived as multi-network
structures imply a growing number of intricate inter-
actions between various components. The design and
the operation of such systems requires taking into ac-
count complex multi-domain operational constraints.
Simulation is a compulsory step to define and to prac-
tically implement complex systems. Finding a viable
compromise between integrating the wanted level of
detail in the modelling process – in order to con-
sider critical operational constraints – and ensuring
an acceptable computation time is one of the biggest
challenges in the simulation of urban energy systems
(van Beuzekom et al. (2015)). Furthermore, it re-

quires competence over multiple domains like natural
gas distribution, medium- and low-voltage power grid
regulation or district heating systems operation.

Using different tools and models for each of the com-
ponents of such a complex system allows to benefit
from the specific features offered by those tools in
each domain and to capitalise on the experience of
specialised users. Within this context, co-simulation
can be defined as the coupling of simulation tools
(also referred to as simulators) for assessing a par-
titioned complex system.

The idea is to partition a system into sub-systems,
modelling each of them separately with a specific
simulator and to re-create the global behaviour of
the complete system by exchanging data between the
models of the sub-systems at simulation runtime. A
co-simulation tool is the software synchronising exe-
cution and data exchange of the individual simula-
tors coupled within a co-simulation. The connections
and links between the simulators modelling the sub-
systems form a co-simulation graph.

A co-simulation graph can be represented as a di-
rected graph with the simulators (and their mod-
els) of the sub-systems as nodes and links connecting
model inputs and outputs as edges. Each node rep-
resents an individual technical component or a group
of technical components (a building with its decen-
tralised heat production, a centralised heat pump, a
power grid, etc.).

The simulation based validation of an urban scale en-
ergy system design allows to: (1) define the impact on
existing infrastructures, (2) understand the dynamic
behaviour of coupled systems, (3) assess and compare
control strategies with the simulation used as a vir-
tual test bed.

This work is part of the IntegrCiTy1 project that
focuses on the development and implementation of
an integrated decision-support environment for city
planners and energy providers to improve the effi-
ciency and the resilience of energy supply infrastruc-
tures. An important asset in this decision support
environment is a co-simulation framework, which al-

1http://iese.heig-vd.ch/projets/integrcity
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lows to perform very detailed technical assessments
of proposed changes and extensions of energy supply
infrastructure.

Figure 1: The IntegrCiTy structure.

This paper is organised as follows: the developed co-
simulation framework along with its features and im-
plementation will be first discussed. Then the system
that will be used as an example of application for
the co-simulation framework will be described, along
with its different sub-systems design and modelling
processes. The results of the use case example will
be presented after and followed by a discussion on
the application of such an approach to the design of
urban energy system. Finally the conclusions are re-
ported in the last section.

Co-simulation framework

Related work

This section provides an overview of previous liter-
ature and related work on the topic of frameworks
and tools for heterogeneous modelling approaches es-
pecially suited for the co-simulation of urban scale
energy systems.

The research and development of tools for this
topic is quite prolific. Multiple examples of frame-
works already exists such as Ptolemy II (Eker et al.
(2003)), BCVTB (Wetter and Haves (2008)) which
uses Ptolemy II, Mosaik (Schutte et al. (2011)) based
on Python, OpenBuildNet (Nghiem et al. (2016)) de-
veloped in C++ with a version allowing to use en-
capsulation, and FUMOLA (Widl et al. (2015)) using
Ptolemy II and FMIPP2 for FMI3 integration.

The orchestration processes are already well devel-
oped and mature. They propose various communi-
cation patterns from serial (Gauss-Seidel) to parallel
(Jacobi) or even hybrid solutions.

However the definition and the deployment of the de-
fined co-simulation may be enhanced as well as the
encapsulation of the different processes running the
simulation of the sub-systems models. This encap-
sulation allows to improve the re-usability by creat-

2https://sourceforge.net/projects/fmipp/
3https://fmi-standard.org/

ing dedicated, independent and reproducible compu-
tation environments.

The naturally distributed structure of a co-simulation
can be used to distribute computation over multi-
ple computers. The co-simulation approach combines
simulation tools that may run on different operating
systems, or may use different versions of dependen-
cies. Those two aspects create the need for a frame-
work able to ensure the encapsulation, the distribu-
tion and the communication between the distributed
simulation processes.

The main scientific innovation of this study resides
in the co-simulation framework called ZerOBNL de-
veloped using open source cutting-edge information
technologies tools and applications compared to ex-
isting frameworks described in Vogt et al. (2018), es-
pecially the combined use of Docker containers tech-
nology with ZeroMQ communication capabilities.

The co-simulation framework provides (1) semantics
and associated functionality for the partitioning and
the modelling of the system under study as well as
for the setup of the co-simulation, (2) a master pro-
cess based on a communication schema for the or-
chestration of the co-simulation execution and (3) a
solution to create and deploy independent, dedicated,
reusable, reproducible and dispatchable environments
for simulation tools and models.

The dedicated conceptual and semantic layers as well
as the deployment and results retrieval features have
been integrated into a compact application program-
ming interface delivered as a Python library.

Abstraction and semantic layer

A sub-system is one block of the partitioned studied
system that will be simulated using a dedicated model
implemented in a simulation tool.

The concept of node is the central concept of the
framework. It is associated with a instance of a sub-
system model. A node is defined with the associated
files needed for the simulation, parameters and initial
values for the model attributes. A meta-model and
an environment are also assigned to a node.

The concept of environment allows to determine (1)
the dependencies and associated software needed by
the simulation tool in charge of the simulation of the
sub-system model via a Dockerfile described below
and (2) the wrapper that implements the way to in-
terface the simulation tool and the model with the
communication mechanism and the master orchestra-
tion process, both described in the coming sections.
The concept of meta-model defines the inputs and
outputs of the model of the sub-system.

Finally a link allows to setup a data exchange during
simulation. A link is defined by two [node, attribute]
couples: one to get a value and one to set the value.
Attributes also have a unit entry allowing when cre-
ating a link to check if the both ends of the link share
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the same physical unit.

Figure 2: The proposed conceptual models.

Orchestration master process

A hybrid approach has been chosen in order to avoid
the two step overshoot effect from a pure Jacobi pat-
tern but also to take advantage of the parallel com-
putation opportunity made available by the software
structure described below and by definition by the
Jacobi method. This approach consists of a series
of groups of parallel simulated nodes, the groups of
nodes are run serially but within the group all the
nodes are run in the same time. Once all the nodes of
a group have achieved the current simulation step, ev-
ery concerned link is activated and inputs attributes
of other nodes are updated from the freshly computed
outputs. Such a simulation pattern is not valid if the
nodes of a group share a direct link otherwise the
input value of a node can be updated after the sim-
ulation step of the node. This may cause a two step
overshoot effect.

Figure 3: The proposed simulation sequence.

Implementation and deployment

The co-simulation framework concept is mainly based
on the combination of two technologies described
below: Docker4 for the virtualisation and the en-
capsulation of the multiple simulation processes and
ZeroMQ5 for the concurrency (multi-thread) and
the communication between the simulation processes.
The two technologies are available for all commonly
used operating systems, based on Windows or Unix.

4https://www.docker.com/
5http://zeromq.org/

ZeroMQ is a broker-less (fully decentralised) messag-
ing system and with application programming inter-
face available for C, C++, Go, Java, Lua and the
chosen one for the co-simulation framework Python.
This creates a platform and language-neutral frame-
work allowing to connect tools from a large variety of
programming languages over different operating sys-
tems.

By comparing multiple networking libraries Lilis et al.
(2018) demonstrate the capacity of ZeroMQ to pro-
vide high performance communication and low in-
duced overhead in terms of computation time.

The co-simulation framework relies on Docker to cre-
ate dedicated and isolated containers that package up
code and dependencies for each model of sub-systems.
Docker allows to run containers quickly and reliably
from one computing environment to another and pro-
vides a simple way to allow communication between
containers by creating networks.

This encapsulation also drastically reduces memory
usage (RAM) compared to other solutions (e.g., vir-
tualization via VirtualBox) and makes it possible to
run a co-simulation with a much larger number of
containers as shown by Zhang et al. (2018).

The deployment of the containers hosting the simula-
tion tools as well as the master orchestration process
is done using a native Docker solution called Docker
Compose6. Using a YAML7 file, all the required con-
tainers and the inter-dependencies between them can
be specified. This YAML file is created by the co-
simulation framework on-the-fly before the simula-
tion, based on the defined co-simulation scenario. It
is then run with Docker Compose as a child process
using Python’s subprocess module8. Docker Com-
pose gathers the logs of the creation and the execu-
tion of all the containers and stores them properly.
Thus, once the full simulation process has finished, it
is simple to spot errors and identify associated nodes.

Using Docker containers also allows to use a na-
tively available tool called Docker Swarm9 without
any changes in the framework for distributed compu-
tation. It provides a way to automatically distribute
running containers over multiple hosts, from two com-
bined computers to more complex clusters maintain-
ing communication channels’ orchestration features
out-of-the-box. The computation time saving poten-
tial induced by distributed computation for this par-
ticular application is very dependant on the partition
of the modelled system, and more precisely on the
number of nodes in the same group that can be run
simultaneously. Docker Swarm also allows to com-
bine hosts running different operating systems in the
same co-simulation, which is useful for example for

6https://docs.docker.com/compose/
7https://yaml.org/
8https://docs.Python.org/3/library/subprocess.html
9https://docs.docker.com/engine/swarm/
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running and communicating between Windows-only
and Linux-only simulation tools.

The communication between the master orchestra-
tion process and the nodes goes through two differ-
ent channels. The master orchestration process can
publish messages and broadcast them to a group or
to all the nodes via a publish/subscribe pattern. The
nodes can then respond to the message by sending
a response message to a first-in-first-out queue via a
push/pull pattern.

Figure 4: The proposed communication pattern.

During the simulation, all the values exchanged be-
tween the nodes are stored into a results database.
This database is implemented into a Redis10 in-
memory data structure store running in a container.
Even if the simulation crashes, all the results until
the crash are safely stored and available.

The wrappers allowing the interaction between the
master orchestration process and the simulation tools
are developed in Python. The use of the FMIPP
package allows to interact directly with FMI com-
pliant tools11. The versatility of the Python lan-
guage combined with the large ecosystem of existing
libraries makes it a viable choice for interfacing with
tools which do not have the ability to interface with
FMI.

Case study and modelling

Studied system and partition

The developed co-simulation framework has been ap-
plied on a test case based on a proposed concept for
the future energy system of a neighbourhood of Vevey
in Switzerland.

This concept combines medium and low voltage
power grids, medium and low pressure natural gas
networks, a low-temperature district heating network
(LT-DHN) based on centralised and decentralised
heat pumps using a lake as the main thermal source
and a gas-fired combined heat and power plant sup-
plying two small scale high temperature district heat-
ing networks (HT-DHN). Two heat pumps, consid-
ered as consumers on the LT-DHN also supply heat
to the two HT-DHN.

The power grid and the district heating networks are

10https://redis.io/
11https://fmi-standard.org/tools/

Figure 5: The studied area - Vevey.

coupled with the centralised and decentralised heat
pumps. The natural gas network is linked to the
power grid through the power to gas technology and
the co-generation power plant, the last one also con-
necting the gas network with the high temperature
district heating network.

Figure 6: The simulated concept.

The main focus of this study is the presentation of the
co-simulation framework as well as its application to
the simulation based validation of a predefined de-
sign. The description below of the design methods
and simulation models is needed to grasp the com-
plete proposed approach. The following models and
results are presented as a proof-of-concept of the pro-
posed method.

Distributed sub-systems

A selection of backbone consumers as been done
based on various criteria: total heated surface, actual
energy sources, year of construction, main buildings’
usage, owners’ situation (private or public), etc.

For those selected corresponding buildings, electrical,
hot water production and internal heat gains profiles
have been generated based on statistical values de-
rived from data published by the Swiss Society of En-
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gineers and Architects12 (especially SIA2024). Statis-
tical dispersion has been added to the produced pro-
files in order to avoid unrealistic correlation induced
by using similar profiles.

Accurate building dynamic thermal models are quite
complex therefore, a first order lumped parameter
method was used to simulate the variations of the in-
door temperature. In the lumped parameter method,
each building was regarded as a whole from the point
of view of a heating network and the indoor tempera-
ture of each building was an average value to transfer
heat with the environment and the heat distribution
system.

As shown by Zheng et al. (2018), the dynamics of
the heat distribution system inside buildings have an
influence on the performance of heat production sys-
tems. Circulation time of the water in the heat distri-
bution system has been roughly estimated based on
the total heated surface of the building.

The distributed heat production units (DHPU) are
composed by a series of parallel heat-exchanger used
as substations combined with heat pumps, a stratified
thermal storage and dedicated controllers as shown in
the Figure 7.

Figure 7: The simulated distributed heat production
unit.

A rule-based design from engineering curated rule sets
have been used to size each component of the dis-
tributed heat production units based on normative
good practices defined in the Swiss Society of Engi-
neers and Architects (especially SIA380/1)

The hot and cold outlet flow temperatures for the
heat-exchanger used as sub-stations between the
low temperature district heating network and the
distributed heat pumps are estimated using the
effectiveness-NTU method. The performances of the
distributed heat pumps are computed as a static
model with a piece-wise linear interpolation in 2 di-
mensions (cold and warm source temperatures) based
on the corresponding operation data available in the
manufacturer’s catalogue13 and updated at each sim-
ulation step. The series of heat pumps are controlled
individually for each consumer using a cascade of hys-
teresis controllers combined with a set point for the

12http://www.sia.ch/en/the-sia/
13https://www.hoval.ch

heating supply temperature given by a heating curve
based on the external temperature.

The behaviours of the stratified thermal storages used
as thermal buffers are dynamically simulated using a
Python implementation of a one dimension transient
stratified water thermal storage tank model described
in Rahman et al. (2016).

Distribution sub-systems

The LT-DHN path has been chosen using a Python
implementation (using library NetworkX described in
Hagberg et al. (2008)) of an approximate resolution
of the Steiner tree problem optimally linking the se-
lected buildings identified as backbone consumers.

The Figure 8 presents the generated path of the LT-
DHN as well as the connected buildings, the two HT-
DHN areas of heat delivery and the location of the
two heat pumps between LT-DHN and HT-DHN.

Figure 8: District heating networks concepts.

A Python implementation of the dynamic equation-
based thermo-hydraulic pipe model proposed by
van der Heijde et al. (2017) is used to simulate the
behaviour of the two HT-DHN and the LT-DHN.

The medium and low voltage distribution power
grids are modelled with PandaPower introduced by
Thurner et al. (2017) and based on the real network
of the city of Vevey. The studied area is supplied by a
unique feeder from the high to medium voltage trans-
former, the simulation of the power grid is limited to
this feeder.

The medium and low pressure natural gas networks
are modelled using an isothermal, compressible gas
flow model and are also based on the real gas infras-
tructure. In order to lower the complexity of the gas
network model and reduce the computation time, the
model has been simplified by (1) aggregating lined up
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Figure 9: Full and simplified gas network.

pipes and (2) limiting the simulation to the part of
the network in the studied area, using static mean
gas flows based on measured values at the coupling
points with the rest of the gas network (see Figure 9).

Results

Figure 10 represents the loading of the power grid at
the most stress-full time step of the first month of
the 2007-2017 typical meteorological year, i.e. when
the sum of the lines loading are maximum. It shows
that the existing power grid is not able to provide
enough energy to the proposed energy system concept
without reaching limit values for the line loading and
bus voltage variation.

Figure 10: Power flow results for the grid.

This result has been produced by co-simulating all the
components of the proposed energy system. All the
components have been modelled using specific tools
and different modelling paradigms, the co-simulation
framework allowing to connect them together. Due to
the large number of models run simultaneously, the
simulation has been easily distributed over multiple
computers to reduce the computation time without
affecting the models.

Discussion

The proposed approach allowed to assess the impact
of a future concept of multi-energy system on the ex-
isting infrastructure. The precision of the global re-
sults depends essentially on the use and development
of sufficiently accurate models of the simulated sub-
systems, an aspect which is not within the scope of
this paper. The proposed models and concepts de-
sign are only used to demonstrate the use of the co-
simulation framework and are therefore not the main
contribution of this work.

The next step may be to assess the possibility of im-
plementing multi-energy operation control strategies
considering power grid limitation to tackle the grid
over-loading problem. The test of such control strate-
gies may impact the design of the proposed concept
and therefore provide feedback to previous steps in
the creation of a new concept for the energy system.

Used in early steps of the planning and design pro-
cess of a concept for an urban scale energy system, the
precision of the presented method is highly limited by
the data availability and uncertainty. Multiple iter-
ations between concepts, design and validation steps
may be necessary to provide solid and reliable results.

Conclusion

The described tool provides an easy-to-use interface
for initialising and executing technical simulations.
It simplifies the communication with existing stand-
alone simulators, with the aim to be as simple as pos-
sible for engineers from different fields to exchange in-
formation via the co-simulation. To that end, the co-
simulation framework relies on state-of-the-art tools
(Docker and ZeroMQ) for deployment and communi-
cation.

The dedicated conceptual and semantic layers as well
as the deployment and results retrieval features have
been integrated into a compact application program-
ming interface delivered as a Python library. Zer-
OBNL is released as a stand-alone tool under the OSI
approved Apache License 2.0 and the code is available
online14. ZerOBNL is mainly based on ZeroMQ and
Docker (Swarm and Compose). It has been devel-
oped in Python3.6 and tested on multiple operating
systems.
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Abstract 
Adaptive building envelopes can dynamically adapt to 
environmental changes, often supported by a control 
system. While building performance simulation (BPS) 
tools can be employed to test different design alternatives, 
representing control strategies within current BPS tools 
can be challenging, especially for systems with a fast, 
dynamic response. Another challenge in current BPS 
tools is the ability to tune and select parameters for the 
particular use case. In this study, a modelling approach is 
presented for the integrated analysis of control strategies 
of adaptive building envelopes linking thermal 
performance and control with an optimisation algorithm. 
The proposed modelling approach was evaluated using a 
case study with an automated motorised blind with two 
distinct control strategies. Simulation results suggest that 
the window heat gains were 72.7 % lower when the 
controller model was coupled with an optimiser to 
identify optimised controller parameters compared to a 
baseline control strategy. The results of this study are 
suggestive of the benefits that can be obtained from 
adjusting the dynamic aspects of the building envelope. 
The results support the thesis of using optimisation as 
standard building envelope design practice in the future. 
Introduction 
Adaptive building envelopes can dynamically adapt to 
changes in the external environment with the aim of 
improving the environmental performance of buildings 
(Loonen et al., 2016). Their dynamic behaviour is 
achieved either by dynamics of the building envelope 
itself, as in case of phase change material (PCM), or by 
mechanical actuation supported by a control system that 
generates actuation commands to drive the transition 
between operational states. Taking into account past, 
current and possibly forecast conditions, such a controller 
can determine actions and implement them to adjust 
building envelope characteristics to improve building 
performance as measured by relevant performance 
indicators.  
To optimise the use of such controllers, building 
performance simulation (BPS) tools can be employed to 
test different design alternatives. A vital aspect of this is 
the ability to simultaneously simulate the building 
envelope along with the control strategy to enable an 
integrated analysis of such interacting building systems 

(Mazzarella and Pasini, 2009). However, the types and 
ranges of control strategies that can be modelled in current 
BPS tools, such as EnergyPlus (National Renewable 
Energy Laboratory (NREL), 2018), are limited (Widl et 
al., 2014).  
An example of these limitations is the modelling 
assumptions in current BPS tools that hinder proper 
modelling and prediction of the influence of control 
decisions on the dynamic performance of building 
envelopes. This is evident in the case of time step and state 
event handling of current BPS tools (Nouidui and Wetter, 
2014). EnergyPlus, for example, has a minimum time step 
of one minute and cannot handle state events, which occur 
in a simulation if a value in the state variables of a model 
changes. This hinders EnergyPlus’ ability to simulate 
models that change dynamically. Another example of 
these limitations is, according to Favoino et al. (2016), 
that current BPS tools cannot be used to model control 
strategies that aim to optimise any selected objectives. 
Optimisation generally refers to an iterative process of 
selecting a near-optimal solution to a problem in the 
search space (Nguyen, Reiter and Rigo, 2014). If an 
optimisation tool (i.e., algorithm or strategy) is coupled 
with a BPS in an automated process, the literature tends 
to use the term simulation-based optimisation. Because 
current BPS tools are limited in simulation-based 
optimisations, Delgarm et al. (2016) coupled EnergyPlus 
through jEPlus (Zhang, 2009; Zhang and Korolija, 2010), 
an EnergyPlus simulation manager for parametric 
analyses, with MATLAB (MathWorks, 2018), a high-
level programming language, to optimise various design 
parameters, such as overhang characteristics, to improve 
the energy performance of four case study buildings. 
Comparing each case study building to a baseline model, 
Delgarm et al. (2016) found that the total annual energy 
consumption was reduced by 23 % to 42 % through the 
optimisation. Even though these savings by control alone 
are quite ambitious as indicated in BS EN 15232-1:2017 
(RHE/16, 2017) and highly depend on the choice of the 
baseline model, a well-tuned control strategy may have 
positive impacts on energy use, but also on thermal 
performance and occupant comfort (Treado, 2013). 
To better address systems or controls with a fast, dynamic 
response and to better tune and select controller 
parameters, a modelling approach for the analysis of 
control strategies of adaptive building envelopes is 
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proposed. This will aim to establish an efficient 
methodological approach to link the whole-building 
simulation of thermal performance and control with an 
optimisation algorithm. Although similar approaches 
have been considered in the context of HVAC systems, 
less attention has been paid to adaptive building 
envelopes. The modelling approach was evaluated 
through a case study of a closed cavity façade with an 
automated motorised blind for an office development in 
London with two distinct control strategies. 
Background: simulation-based optimisation 
A growing body of literature has recently investigated 
simulation-based optimisations used to identify optimised 
controller parameters for adaptive building envelopes 
with the overall aim of satisfying several conflicting 
design criteria, such as minimising cost while maximising 
performance (e.g., Evins, 2013; Attia et al., 2013). To 
develop an understanding of the application of 
simulation-based optimisations, Attia et al. (2013) 
conducted interviews with 28 optimisation experts and 
found that EnergyPlus and IDA ICE (EQUA Simulation 
AB, 2018) are the most used BPS tools and that 
MATLAB and GenOpt (Wetter, 2016a), an optimisation 
tool for the minimisation of a cost function evaluated by 
an external BPS tool, are the most widely-used tools for 
simulation-based optimisations among interviewees.  
One of the main challenges for the integration of 
optimisations into the design process identified by this 
study is a “lack of awareness and confidence in the use of 
optimisation” (Attia et al., 2013, p. 3703). The key 
problem with this finding is that optimisation algorithms 
offer an effective way to create workflows less prone to 
human errors, thus increasing simulation capabilities and 
ultimately guiding the design thanks to established, quick 
and reliable workflows. As such, research into solving the 
problem of integrating optimisations into the design 
process is already underway, and numerous studies have 
attempted to develop frameworks for the optimisation of 
controller parameters for adaptive building envelopes. As 
an example, Favoino, Jin and Overend (2017) proposed a 
framework for optimising design and control aspects of 
adaptive insulation. To take account of the simultaneous 
variation of both design and control aspects, the authors 
coupled EnergyPlus to predict building performance and 
MATLAB to perform optimisation and coordinate the 
process. MATLAB is extensively used for simulation-
based optimisations due to the high-level nature of the 
language that avoids intricacies like active memory 
management as well as easy interfacing with external 
tools and robust implementation of optimisation 
algorithms. Despite its capabilities, a potential 
shortcoming of MATLAB and other similar programming 
languages is that they were not explicitly designed for 
simulation-based optimisations and, as a result, require 
some programming skills to use that may not be available 
in design practices (Nguyen, Reiter and Rigo, 2014). A 
more focused tool developed for simulation-based 

building optimisations is GenOpt. It offers, however, 
limited support to address multi-objective optimisation 
problems. Consequently, researchers examined other 
tools to identify optimised controller parameters for 
adaptive building envelopes. This includes 
GENE_ARCH (Caldas, 2006), an evolution-based 
generative design environment, which was used, for 
instance, by Wang and Beltran (2016) to optimise the 
control sequence for varying window and wall properties, 
or the Building Controls Virtual Test Bed (BCVTB) 
(Wetter, 2016b), a software environment traditionally 
used for co-simulation, which was employed, for 
example, by Evins, Pointer and Vaidyanathan (2011) to 
optimise ventilation control of a double-skin façade.  
An alternative tool that can be utilised for the optimisation 
of controller parameters for adaptive building envelopes 
is Python (Python Software Foundation, 2018), a high-
level programming language. Although Python and 
MATLAB are at first sight very similar, Python has 
various advantages over MATLAB (Ozgur et al., 2017): 
• Cost. Python is a free programming language. 
• Portability. Python can run on all operating systems. 
• Libraries. Python provides numerous libraries, e.g., 

for co-simulation and optimisation problems. 
Due to the benefits presented above, Python was chosen 
for this study to perform a simulation-based optimisation 
to identify optimised controller parameters for an adaptive 
building envelope. In the literature, only a few 
investigations that optimise building envelope 
characteristics or properties through Python were 
identified. An example of this is a study conducted by 
Cascone, Capozzoli and Perino (2018), who coupled a 
building model with PCM implemented in EnergyPlus 
with an optimisation algorithm written in Python to 
optimise energy and cost by varying, among others, the 
thickness and thermo-physical properties of PCM.  
Since the work presented in this paper focuses on the 
optimisation of controller parameters for an adaptive 
building envelope, it necessitates the use of a tool that 
offers modular and flexible modelling and simulation 
methods for control systems, as in case of the Modelica 
environment Dymola (Dassault Systèmes, 2018; 
Modelica Association, 2017). Hence, this study extends 
the optimisation approach by Cascone, Capozzoli and 
Perino (2018) by coupling EnergyPlus to simulate the 
thermal dynamics and Dymola to host the control logic 
through the Functional Mock-up Interface (FMI) standard 
(MODELISAR, 2010), an open interface for 
communication and information exchange in co-
simulation setups. The FMI standard had been favoured 
over, e.g., the BCVTB because it is a non-proprietary 
industry standard that enables model reuse (Wetter, 
Grahovac and Hu, 2018). Linking this co-simulation with 
the optimisation algorithm implemented in Python, the 
modelling approach developed in this study offers the 
potential to identify optimised controller parameters for 
adaptive building envelopes.  
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Methods 
To investigate the application of the modelling approach, 
the research design used in this paper adopted a case study 
approach due to the exploratory nature of the research 
(Yin, 2014). A case study approach was also used to yield 
insights into the operation of control strategies for 
adaptive building envelopes in their real-life setting 
mimicked by the simulation. To represent a broader set of 
cases, a common case was selected, which was an 18 m2 
bay of a typical floor of a 50-storey office development in 
Central London. The South-oriented closed cavity façade 
of the case study had an automated motorised blind with 
two distinct control strategies as the subunits (i.e., subject) 
of the analysis, as illustrated in Figure 1.  

 
Figure 1: Embedded case study design. 

A thermal simulation model developed in EnergyPlus was 
combined in a co-simulation setup with a control model 
developed in Dymola. To exchange information at each 
time step between EnergyPlus and Dymola, the 
EnergyPlus model was encapsulated and shared as a 
Functional Mock-up Unit (FMU) and imported into 
Dymola, where the FMU appeared as input/output block 
to be connected to other models. The data exchange 
between EnergyPlus and Dymola was ensured through the 
FMI standard. This integrated model was then wrapped 
with an optimiser to understand and fine-tune controller 
parameters and to indirectly select control strategies. The 
methodology adopted can be subdivided into three main 
phases: (i) pre-processing, (ii) simulation and 
optimisation and (iii) post-processing. To automate these 
phases, this study used Python v3.6.6 with Spyder v3.1.1 
(Spyder Project Contributors, 2018), a scientific Python 
development environment. Python particularly facilitated 
the integration of Dymola and EnergyPlus with the 
optimisation package DEAP for controller parameter 
optimisation. Other commonly used Python packages 
were BuildingsPy (Lawrence Berkeley National 
Laboratory (LBNL), 2018) to automatically instantiate 
and initialise Dymoly simulations, DyMat (Rädler, 2015) 
to read and process Dymola results files and Matplotlib 
(Hunter, 2007) to plot and visualise data. 
Pre-processing 
The pre-processing included the development and 
structuring of the co-simulation of thermal performance 
and control and of the optimisation algorithm. The first 
step was to implement the room model, whose simulation 

parameters are presented in Table 1, in EnergyPlus v8.9.0. 
To couple EnergyPlus to another simulation tool, the 
External Interface of EnergyPlus, whose objects received 
their inputs from Dymola at each time step, had to be 
activated. The software package EnergyPlusToFMU 
v2.0.3 (Nouidui, Lorenzetti and Wetter, 2018) was used 
to export the case study modelled in EnergyPlus as an 
FMU for co-simulation using the FMI standard v1.0. This 
FMU slave was then imported in and executed by Dymola 
v2019 FD01 as master simulation tool, which supported 
the import of the FMU for co-simulation and was 
responsible for coordinating the overall simulation and 
data transfer. 

Table 1: Simulation parameters of room model. 
Parameter Condition 

Closed cavity façade Centre-pane U-value: 0.9 W/m2K 
g-value: 0.12 - 0.52 

Visible light transmittance: 5 - 65 % 
Blind Slat width: 80 mm 

Slat distance: 72 mm 
Colour: light grey 

Solar reflectance: 65 % 
Visible reflectance: 71 % 

Occupancy 07:00 - 19:00 
Air change rate -0.3 h-1 

Thermostat setpoints 24 °C 

Table 2: Control thresholds for each blind position. 
Blind 

position 
Control thresholds * 

Open SolRad < 240 
Horizontal 240 £ SolRad < 330 AND SolAlt > 42.0 

Tilt 30° 330 £ SolRad < 530 AND 42.0 ³ SolAlt > 24.8 
Tilt 45° 530 £ SolRad < 770 AND 24.8 ³ SolAlt > 15.3 
Tilt 60° 770 £ SolRad < 920 AND 15.3 ³ SolAlt > 3.90 
Closed 920 £ SolRad AND 3.9 ³ SolAlt 

* SolRad – incident solar radiation [W/m2] 
   SolAlt – site solar altitude [°] 

The next step was to set up the model for the blind 
controller in Dymola to actuate the blind position yBlind 
and the slat angle ySlat of the EnergyPlus model. The two 
control strategies studied were: 
• S1 – Rule-based control strategy as a baseline. 

Both yBlind and ySlat were based on (i) the intensity 
of the incident solar radiation (SolRad) to control 
solar heat gains and (ii) the site solar altitude (SolAlt) 
to prevent direct sunlight passing through the façade. 
Control thresholds are apparent from Table 2 and 
were selected based on the resulting g-value 
calculated to limit solar heat gains to 100 W/m2 of 
floor area based on a 4.5 m floor depth. When the sky 
was cloudy with a global horizontal illuminance 
(HorIll) lower than 15,000 lux, the control strategy 
was overridden, and the blind was fully retracted.  

• S2 – Control strategy with optimised controller 
parameters. To being able to reuse the baseline 
model and to simply overwrite yBlind and ySlat with 
a set of controller parameters obtained by the 
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optimisation algorithm, conditional clauses for the 
components yBlind and ySlat were added in Dymola 
to make them mutually exclusive of the components 
of the baseline model, as shown in Figure 2. 
Including only necessary components in the 
simulation helped to reduce the computational weight 
of calculating results that were not needed or used. 

 
Figure 2: Controller model in Dymola with components 

to overwrite yBlind and ySlat. 
After setting up the co-simulation, the optimisation 
algorithm was written in Python. The optimisation aimed 
to find the set of values that the controller parameters 
should adopt to optimise the objective functions. The 
controller parameters under investigation were the blind 
position (discrete) and the slat angle (continuous) as can 
be seen from Table 3.  

Table 3: Design variables. 
Variable Value 

Blind position yBlind 0 (open) or 9 (closed) 
Slat angle ySlat 0° to 90° 

To take account of various conflicting criteria that may 
occur during building operation, such as to improve the 
quality of human life while maintaining the capacity of 
the ecosystem, this study used a multi-objective 
optimisation approach with energy use and thermal 
comfort as objectives. Given the two-dimensional design 
variable vector x = {X1, X2} in the solution space X, the 
proposed multi-objective optimisation algorithm should 
find the vector 𝑥∗ that minimises the given set of objective 
functions: 
 Z(x*) = {Z1(x*), Z2(x*)} (1) 
The first objective was the minimisation of the total 
energy use per unit of floor area Etotal [Wh/m2] calculated 
as shown in Equation 2, where Eheating and Ecooling were the 
energy uses for space heating and cooling over the period 
of one simulation time step of 3600 seconds and where A 
was the conditioned room area. 
 min Z1(x) = Etotal = (Eheating + Ecooling) / A (2) 
The second objective was the minimisation of the 
percentage of occupied hours characterised by indoor 

thermal discomfort DH [%] as shown in Equation 3, 
where dh was the number of hours characterised by 
thermal discomfort with an average predicted mean vote 
(PMV) ± 0.5 and where h was the number of occupied 
hours. 
 min Z2(x) = DH = dh / h · 100 (3) 
The final step of the pre-processing was to execute the 
setup of the simulation, including simulation parameters 
(e.g., start/end time and time step) and solver settings 
(e.g., type and tolerance) with BuildingsPy. 
Simulation and optimisation 
To optimise the objective functions, the first step of the 
simulation and optimisation phase was to pseudo-
randomly generate an initial population in DEAP based 
on the aforementioned design variables. As the 
optimisation algorithm was implemented in Python while 
the evaluation of the objectives needed the use of Dymola, 
a data exchange mechanism between Python and Dymola 
was required. This was achieved through a coupling 
function written in Python and schematically shown in 
Figure 3. This coupling function made it possible to: 
• convert the multidimensional sets of individuals into 

a Dymola syntax with the help of BuildingyPy’s 
addParameters function that added parameter 
declarations to the simulator and allowed to change 
data on the same simulation model; 

• execute the start of the simulations with the updated 
sets of individuals in batch mode; 

• save the Dymola results files to the corresponding 
result directory; and  

• process the Dymola results files in Python to evaluate 
the objective functions with reference to each 
individual. 

To find a near-optimal solution to the multi-objective 
optimisation problem, a Pareto-based approach was used. 
This approach allows examining a set of trade-off optimal 
solutions from the best-known Pareto set. The set of all 
nondominated solutions, which represents the set of 
solutions that is not better than another set of solutions, is 
called trade-off or Pareto front. A frequently used method 
to produce a representative subset of the Pareto set is 
stochastic population-based algorithms, such as the 
nondominated sorting genetic algorithm (NSGA-II) 
introduced by Deb et al. (2002). A key advantage of 
NSGA-II compared to other genetic algorithms, a search 
heuristic inspired by natural evolution, is that its selection 
operators had been specially designed to work in multi-
objective optimisation problems. For instance, NSGA-II 
does not select its best individuals through fitness values, 
but through a combination of values obtained by (i) 
nondominated sorting, which sorts a population according 
to the levels of nondominance and identifies 
nondominated fronts, and (ii) crowding distance 
algorithms, which guide the selection process to obtain a 
uniformly spread-out Pareto front. 
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Figure 3: Coupling between Python and co-simulation with Dymola as co-simulation master. 

The implementation of the NSGA-II algorithm in the 
modelling approach through DEAP used the parameters 
listed in Table 4. These parameters were selected based 
on Grefenstette’s (1986) attempt to determine an ideal set 
of parameters for genetic algorithms. He found that good 
performance of genetic algorithms with small populations 
(20 to 40) can be achieved through “either a high 
crossover rate combined with a low mutation rate or a low 
crossover rate combined with a high mutation rate” 
(Grefenstette, 1986, p. 127). While following 
Grefenstette (1986) seems to be reasonable for this 
exploratory study, future research should carry out a 
convergence test based on the hypervolume indicator that 
evaluates the performance of multi-objective genetic 
algorithms by calculating the space covered by solutions 
in the objective space.  

Table 4: NSGA-II parameters. 
Parameter Value 

Population size 20 
Maximum number of generations 5 

Crossover probability 70 % 
Mutation probability 30 % 

For each simulation time step starting on 2 July 
(15,811,200 seconds), the beginning of a typical three-day 
summer period, a Pareto front was generated. The fast 
nondominated sorting approach by Deb et al. (2002) was 
used to select the “best” control strategy indirectly, and 
the corresponding Dymola results file was stored for post-
processing. The optimisation then moved forward in time 
to repeat the process for the next time step until the stop 
time of 16,070,400 seconds was reached. While the 
controller parameters were optimised per time step, 
simulations were run for the three-day period as 
EnergyPlus requires a simulation length of a multiple of a 
day. Each simulation and optimisation run took 
approximately thirty minutes on Parallels Desktop 14 for 
Mac with two cores (2.7 GHz Intel Core i5 processor) and 
8 GB memory. 
Post-processing  
The post-processing aimed to compare the predicted 
performance of the case study with the two distinct 
control strategies S1 (rule-based control strategy as a 
baseline) and S2 (control strategy with optimised 
controller parameters) by utilising window heat gains and 

losses, which refer to the total heat flow through a 
window, as performance indicators. To automatically 
combine the predicted data of S1 and S2 into one dataset, 
DyMat was used. The data of the dataset were then 
statistically analysed and graphically presented and 
compared by using, among others, Matplotlib. 
Results 
Simulation results suggest that the control strategies S1 
and S2 significantly influenced the predicted performance 
of the case study. As can be seen in Figure 4, the mean 
window heat gains of S2 were 72.7 % lower than the mean 
window heat gains of S1 (S1: 243.3 Wh, S2: 66.4 Wh), 
especially during the day. Besides, the S2 mean window 
heat losses were 8.7 % higher than the S1 mean window 
heat losses (S1: 21.9 Wh, S2: 23.8 Wh).  

 
Figure 4: Window heat gains. 

These differences can be explained by the optimisation’s 
objective function that aimed, among others, at 
minimising the energy use. The simulation results point 
out that the energy use could be best minimised with low 
window heat gains and high window heat losses, which 
result in a lower cooling load within the building and 
hence a lower energy use. This was confirmed by the 
mean energy use for space cooling, which was 24.5 % 
lower in the case of S2 than of S1 (S1: 522.9 Wh, 
S2: 394.8 Wh). As illustrated in Figure 5, S2 had lower 
window heat gain values consistently for each specific 
value of the energy use than S1. 
The results confirm that the modelling approach was able 
to decrease the energy use for space cooling by optimising 
controller parameters compared to the baseline control 
strategy S1. However, objectives not taken into account 
in the optimisation were energy use for artificial lighting 
and visual comfort that can be assessed through the key 

________________________________________________________________________________________________ 

________________________________________________________________________________________________ 
Proceedings of the 16th IBPSA Conference 
Rome, Italy, Sept. 2-4, 2019

 
1376

 

 
  



factors of risk of glare and outside viewing possibilities. 
To allow conclusions to be drawn on energy use for 
artificial lighting and visual comfort, the percentage of 
time each blind position occurred during occupied hours 
was analysed. As shown in Figure 6, the blind was more 
often open in S1 (47.2 %) than in S2 (0.0 %) indicating 
that the blind was shut down 52.8 % of the time during 
occupied hours in S1 and 100 % of the time in S2. Even 
if the blind was shut down in S1, it occurred less often in 
tilted or closed position in comparison to S2 (77.8 %). 

 
Figure 5: Window heat gains as a function of energy 

use. 

 
Figure 6: Blind positions during occupied hours. 

These differences can be again explained by the objective 
function that could minimise the energy use best when the 
blind was shut down and more often in tilted or closed 
position. As no direct sunlight passed through the building 
envelope in case of S2, it can be assumed, on the one 
hand, that the energy use for artificial lighting was 
increased compared to the baseline. On the other hand, the 
risk of glare might be decreased and visual comfort might 
thus be improved. On the contrary, the outside view was 
obstructed since the blind was shut down all the time, 
which limited occupants’ possibilities to look outside and, 
as a result, might diminish visual comfort. A further study 
with more focus on energy use for artificial lighting and 
on well-being of occupants in the presence of daylight, 
e.g., by constraining the illumination at desk level, will, 
therefore, be undertaken.  

Discussion 
The modelling approach developed in this study aimed to 
identify optimised controller parameters for adaptive 
building envelopes. Although energy use for artificial 
lighting and visual comfort were not taken into account, 
the results of this study support the idea that the developed 
modelling approach offers benefits that would not be 
expected from current BPS tools: 
• Capability. The proposed modelling approach 

automatically searched for the optimised solutions 
from a set of available controller parameters, which 
may have helped to identify automatically and 
verifiably proper tuning of control to achieve the 
design objectives. 

• Flexibility and extensibility. The use of the 
Modelica environment Dymola led to a high working 
efficiency, which can be illustrated by the reuse of the 
controller model for both control strategies studied. 

• Workflow automation. The modelling approach 
was entirely automated through a Python script to 
perform many common repetitive or technically 
intensive tasks. This may have simplified and 
speeded up the process of, e.g., simulation input file 
generation and reduced error rates. 

However, the modelling approach has also several 
possible limitations: 
• Usability. As mentioned earlier, a potential 

shortcoming of programming languages, such as 
MATLAB or Python, is that they were not 
specifically designed for simulation-based 
optimisations and, consequently, require high 
expertise to use. This may lead to diminished 
confidence in the use of this approach.  

• Efficiency. A general limitation of simulation-based 
optimisations is the lack of a standard systematic 
approach, which may lower the efficiency regarding 
time and performance improvement. Although this 
study adopted many existing Python packages to 
assist in achieving a higher level of efficiency, basic 
skills in programming, data processing and statistical 
analysis are required. 

• Coupling barrier. Missing interfaces that integrate 
and link BPS tools and optimisation seamlessly may 
inhibit the use of simulation-based optimisations in 
practice. While this study used, for instance, the FMI 
standard as a non-proprietary industry standard, it 
may be possible that not all BPS tools support the 
FMI standard, which may impose a coupling barrier 
on the modelling approach. 

Notwithstanding these limitations, the present results add 
to the growing body of literature on simulation-based 
optimisations in at least two major respects. Firstly, the 
study investigated the development of a simulation 
method that coupled an optimisation approach with a BPS 
tool to simulate the thermal dynamics. Following this, a 
novel environment to host the control logic was 
established to determine the energy saving potential of 
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adaptive building envelopes. An implication of this is that 
the proposed modelling approach has the potential to 
overcome the difficulties of trial-and-error typically 
associated with stand-alone simulations. Secondly, this 
work highlighted a process that used co-simulation to 
generate a detailed parametric model of adaptive building 
envelopes, with key parameters being controller 
parameters. This parametric model can then be invoked 
by optimisation tools to explore parameter search spaces 
and to identify automatically and verifiably proper tuning 
of control to achieve design objectives. Therefore, the 
proposed modelling approach could potentially contribute 
to the use of optimisation methods as standard practice 
within the design of adaptive building envelopes in the 
near future.  
Conclusion 
This study aimed to evaluate the proposed methodological 
approach through a case study that included an automated 
motorised blind with two distinct control strategies, where 
optimisation was utilised to identify optimised controller 
parameters using a stochastic population-based algorithm 
to fine-tune and select controller parameters. In the light 
of the exploratory nature of this study, the controller 
parameters were optimised over just a typical three-day 
summer period. The results of this evaluation show that 
the mean window heat gains and the mean energy use for 
space cooling of the control strategy with optimised 
controller parameters were considerably lower than those 
of the baseline control strategy. Since these results are 
suggestive of the benefits that can be obtained from 
adjusting the dynamic aspects of the building envelope 
and that are only partly supported by current BPS tools, 
they have two important implications for future research: 
• The present objective function only aims to minimise 

the energy use and the number of hours characterised 
by thermal discomfort. This results in a control 
algorithm that keeps the blind shut down for most of 
the day even though the office is occupied possibly 
affecting the well-being of occupants as well as the 
energy use for artificial lighting. Consequently, the 
first implication of the results is to undertake further 
studies to take account of energy use for artificial 
lighting and visual comfort to keep the blind more 
often open during occupied hours.  

• While the results of this study provide some 
quantitative evidence that the proposed modelling 
approach can find the “optimal” controller 
parameters for the three-day period, it might be 
possible that the studied control strategy is not the 
best when looking at longer periods, i.e., the whole 
cooling season. It might, for instance, be better to 
keep control parameters constant or to follow the 
model-predictive control (MPC) paradigm and 
change the parameters on a more regular basis. As a 
result, a second implication of the study results is that 
various control strategies will be investigated over 

longer periods in the future to establish validity and 
reliability of the control algorithm.  
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Abstract 
In any given epoch, simulation tools evolve to deliver 
what the professions are perceived to want within the 
constraints of the computational resources and computer 
languages of the day. From a current perspective, legacy 
tools tend to run quite quickly on current computers but 
the evolution of computer languages and operating 
systems place such tools at risk of being frozen in time 
when they can no longer be modified and re-compiled. 
One example is DOE-2.1E. It reflects the concerns of the 
professions in the mid 1980s. Its mix of solution 
techniques, the extent of the physics it embodies, and the 
types of entities that can be represented are also typical 
of that epoch. However, it relies on language extensions 
and data types which are no longer supported. The paper 
reviews the steps needed to syntactically assess, update 
and test such legacy code. It also explores: a) whether 
sufficient clues from legacy documents and user 
community can support explorations of legacy tools, b) 
steps required to evolve legacy code so that it can be 
built with modern compilers and deployed across a range 
of computers and operating systems and c) options for 
community adoption of legacy tools. These observations 
are worth reporting because todays tools will be 
impacted by epochal changes in computer languages, 
operating systems and the erosion of knowledge of their 
design and their data structures. 
Introduction 
The term archaeology is not often used in the context of 
simulation. And yet there is a significant body of 
research which is passing beyond the memory of the 
simulation community. There are also repositories of 
code which can no longer be compiled and executables 
which are susceptible to operating system and hardware 
changes which will render them inoperable.  This paper 
is a wake-up call for the community to consider how we 
might preserve aspects of our legacy.  
For long time observers, simulation conferences and 
journals associated with simulation reveal how 
knowledge is extended. But also how it is lost and then 
re-discovered or re-invented. This also occurs within the 
source code. Ground-breaking methods from the 1980s 
and 1990s persist in the quiet corners many of our tools. 
Sometimes this is because the methods have stood the 
test of time and are very efficient. Often these quiet 

corners persist because we have no choice - no one 
would fund that kind of research or development today.   
They work. Until they don’t. Perhaps it was a ‘Patch 
Tuesday’ that did it, or we updated our compiler, or we 
want to port a tool to a different OS. If the fault is with 
those more archaic corners or involves legacy software, 
our investigations take on aspects of Archaeology.   
Evolving languages and platforms  
Computing languages evolve. Features get deprecated 
but may linger in tool-chains.  At some point software 
bumps up against the evolution of the language it uses. 
Compiler warnings become errors and there is no 
executable until we act.   
There are, however, changes which define computing 
epochs. If your code or file formats are based on the 
assumption that an integer, a real number and four 
characters take up the same space in memory and your 
executables assume a 32-bit computing platforms, the 
increasing rarity of 32-bit computing platforms is a real 
and present danger. If a syntax check indicates code 
constructs that are no longer a part of the language this is 
a real and present danger. If your code requires lots of 
shifting of position within input files, changes in how 
compilers implement rewind commands are a real and 
present danger. When compilers get pedantic about 
passing information to subroutines and functions we may 
be looking at the global replacement or upgrade of 
thousands of lines of code. 
This is not simply an issue for legacy code.  The 
evolution of computer languages and tools chains will 
impact the code we are writing today. There will be an 
epoch and the assumptions, code design patterns and 
data structures that we fail to document in the near-term 
will need to be discovered via archaeological methods at 
some future date.  Let’s start with a straightforward case. 
TOPAZ-SNLL case study 
A colleague at XX needed to solve a problem involving 
fluid transport and shock propagation in a piping system 
and remembered that there was a tool called TOPAZ-
SNLL (Winters, 1985).  This tool is hosted in the OECD 
archive and is described as: 
“TOPAZ-SNLL, the Transient One- dimensional Pipe 
flow AnalyZer code for modelling the heat transfer, fluid 
mechanics, and thermodynamics of multi-species gas 
transfer in arbitrary arrangements of pipes, valves, 
vessels, and flow branches.” TOPAZ is ~10000 lines of 
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Fortran-77 designed for deployment on a Cray X-MP 
with typical flow problems taking from 30 seconds to 
several hours to compute.  Its distribution included 
documentation as well as example input and report files 
for several types of problems. TOPAZ appeared to fit the 
needs of the colleague’s project. There was no graphic 
interface to port and no library dependencies to 
complicate the task and thus “a nice challenge”.   
Except it included pre-Fortran-77 entities as well as 
inconsistent dimension statements which give modern 
compilers considerable indigestion. To check the 
robustness of code its syntax was reviewed via the static 
syntax checker forcheck (2007). This indicated 881 
Fortran errors and 10 warnings.  Most of the errors were 
‘subscript out of range’ or mis-matches in the definitions 
of parameters being passed to subroutines. There were 
also implicit data type conversions, comparisons 
between real numbers which are traditional vectors for 
logic failing to do what you expect.  There was also no 
Makefile. Although trivial to create in this case, such 
omissions can pose an initial barrier to porting projects.   
Fortran used to be quite relaxed about how arrays were 
dimensioned and passed to subroutines.  For example, 
array X(100,50) in parent code could be passed to a 
subroutine which defined X as X(100,1). Modern 
compilers are increasingly pedantic. Mitigating 
inconsistent dimension statements is straightforward - 
identify all instances of the flagged arrays and set them 
to consistent sizes. Dealing with implicit data type 
conversions is also straightforward – do explicit casts as 
in Figure 1: 
      IE=CONST(1) 
      XR(NR,2)=IE 

   _____________________________ 
     IE=NINT(CONST(1)) 
      XR(NR,2)=REAL(IE) 

Figure 1: Explicit casts. 
There was a time when Fortran really didn’t do text. 
Fortran-4 had so-called Hollerith characters which were 
integer representations of strings but nothing so simple 
as an ASCII character set. The four characters PRIN are 
represented by the integer 1313428048 and PLOT by 
1414483024. TOPAZ used Hollerith characters, but in 
simple ways that were straightforward to re-implement 
(see Figure 2).  
. . . 
DIMENSION VAL(999),SYMBOL(999) ,SYM(7) 
. . . 
C EDIT SYMBOLS FOR CONTINUITY-ENERGY 
ELEMENTS. 
  100 IF(IEDIT.EQ.1) SYMBOL(NEL)=3H T( 
      IF(IEDIT.EQ.2) SYMBOL(NEL)=3H P( 
      IF(IEDIT.EQ.3) SYMBOL(NEL)=3H U( 
      IF(IEDIT.EQ.4) SYMBOL(NEL)=3H R( 

   _____________________________ 
character*3 SYMBOL,SYM 
DIMENSION VAL(999),SYMBOL(999),SYM(7) 

. . . 
C EDIT SYMBOLS FOR CONTINUITY-ENERGY 
ELEMENTS. 
  100 IF(IEDIT.EQ.1) SYMBOL(NEL)=' T(' 
      IF(IEDIT.EQ.2) SYMBOL(NEL)=' P(' 
      IF(IEDIT.EQ.3) SYMBOL(NEL)=' U(' 
      IF(IEDIT.EQ.4) SYMBOL(NEL)=' R(' 

Figure 2: Conversion of Hollerith. 
Like many tools of its epoch, TOPAZ is a batch 
application – it takes no command line instructions and 
provides no feedback. It reads in a file describing the 
problem and writes out report file(s) and if it gets into 
trouble it writes error messages into a file. Sound 
familiar? 
About eight hours were required convert TOPAZ so that 
it could be compiled with the GNU tool chain for 
deployment across a range of operating systems and 
computing platforms.  There were 336 code 
interventions. After editing forcheck reported 6 
remaining Fortran errors and 9 warnings.  These errors 
were not fatal to versions 4-7 of the compiler but are 
fatal for version 8. We have kicked the can down the 
road a bit. 
Porting legacy code requires the establishment of trust 
e.g. establishing that the operations carried out are 
equivalent to the original. It was fortuitous that the 
ported version of TOPAZ could be seen to generate 
identical predictions for the test cases. It helped that the 
structure of the code and most of the logic was well 
documented, the code was not outrageously different 
from other legacy code that the author has worked with. 
With more resources the readability of TOPAZ could be 
improved by indentation of the code, switching to mixed 
case characters for documentation and explicit typing of 
variables. 
The repository at the OECD site <https://www.oecd-
nea.org> lists scores of archives dealing with the 
fundamentals of physics. Many would be applicable for 
current engineering projects.  A sample of one is, of 
course insufficient to gauge the resources needed to re-
enable legacy tools, but suggests that it is possible.  
However, time is not on our side. 
Case study: DOE-2.1E 
The author has published timings of a range of 
simulation tools across a matrix of computer hardware, 
operating systems, work-flows and model complexities 
Hand (2016). A goal of including DOE-2.1E was a 
logical extension. Its authors explored many assessment 
tasks within a highly constrained computing envelope. 
Opening up this legacy tool to a newer generation of 
researchers and users might allow these insights to be re-
discovered. Unlike TOPAZ, porting the DOE-2.1E suite 
has proved to be a considerable challenge and required a 
range of archaeological techniques.  
A magnetic tape archive was sourced from Joe Huang at 
White Box Technologies, who was a member of the 
Simulation Research Group at LBNL for many years, 
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and quite familiar with DOE-2. We truly step back in 
time. Except we are not working on a 1990s computer or 
a development tool chain from that time.  Indeed, 
according to Joe Huang (2018), the only compiler 
capable of a fresh build on Windows is Digital/Compaq 
Fortran, which has not been distributed since ~2000 
although it is possible that some older Watcom 
compilers might also be applicable.  
The first steps involved understanding the multiple 
stages needed to build the DOE-2.1E suite. The archive 
includes the source of the software needed to unpack and 
patch the code to get it ready for compilation (a good 
example of future proofing the process). This proved to 
be an iterative process to establish relationships between 
source files, ancillary files and old DOS scripts.  
The porting process relied heavily on emails with 
colleagues who use DOE-2.1E, had compiled it or who 
knew of its development history.  A comment from Joe 
Huang (2018) provided important clues: 
“DOE-2 was originally designed by Zulfi Cumali and 
the input processor (DOEBDL) containing these non-
standard usage of Fortran was written by Ender 
Erdem.  Zulfi has a background in Operations 
Research and Ender in Computer Science… Using the 
current lingo, they were "stretching the envelope" at a 
time when Fortran was still quite limited compared to 
later, and used a lot of computer "tricks" to get around 
the limitations…” 
The author’s background was more than adequate for 
porting TOPAZ. However, the mix of archaic language 
elements and “tricks” often proved to be ‘beyond the 
author’s pay grade’. Certainly there is a massive 
Engineering Reference (1982) detailing the nature of the 
underlying calculations. For the design of the code and 
its data structures not so much. The suite included: 
• syntax, data structures and parameter passing 

conventions the author had never encountered 
• use of deprecated data structures and syntax 
• logic obfuscated by chains of GOTO statements 
• syntax and data structures which appeared to be 

contrary to the language standard 
• arrays which hold multiple types of data 
• inconsistent common block and array definitions 
Without access to the original development team one can 
only inspect the code and create software tests to 
understand its intent and confirm the evolution of the 
virtual model and virtual physics at different stages of 
the application.  
Some of the utilities do simple tasks, in straightforward 
ways. Their syntax reports suggested few porting issues 
and porting them first might allow the explorer to gain 
insights into the design and style of the code. For the 
more complex applications in the range and magnitude 
of errors suggested extreme care was required to prove 
correct operation of the code.  
The next stage is to iteratively address the errors which 
prevent compilation. Successful compilation is a way-
mark which allows us to single step through the 

application and allow run-time glitches to express 
themselves.  
Here the archaeological tool of choice is a debugger. It 
allows us to understand the logic flow, but also allows us 
to see the evolution of at least some of the data 
structures. The design of the code and data structures 
made it difficult to debug: 
• use of in-line calculations in subroutine calls 
• use of in-line calculations to specify array indices 
• data structures which can not be explored in a 

debugger 
• code that only works if range checking is disabled 
In general, there appeared to be a good correlation 
between the issues highlighted in the syntax report and 
run-time crash points. However, there were also cases 
where faults were from a cascade of glitches as well as 
artefacts of epochal changes to the language and how 
code directives are implemented.   
The DOE-2 weather suite 
There are two utilities Fmtwth.f & Wthfmt.f which 
convert between and ASCII and binary representations 
of DOE-2 weather files. There were few syntax issues 
flagged and it was straightforward to prove that the 
utilities worked (a round trip conversion resulting in 
identical files).  
However, their batch operation was frustrating and error 
prone. Forcing users to manage files or rely on decades 
old scripts because of hard-coded names for input and 
output files is easy to rectify. Code that parsed command 
lines for ESP-r was adapted to form a new parse.f. 
The addition of a –v verbose option simplifies checking 
that the transform was sucessful and a –help option 
reminds users of the command line syntax (see Figure 
3). Porting involved the following interventions: 
• introduce command line parsing of files and user 

directives 
• document the actions taken in the code and indent the 

code for clarity 
• create Makefiles to simplify compilation across a 

matrix of computers and operating systems. 
linuxdoe/test$ ./wthfmt2 -help 
Wthfmt2 converts packed binary DOE-2.1E 

weatherfiles to a formatted ASCII file. 
Batch Use: copy *.bin to WEATHER.BIN 
then output is placed in WEATHER.FMT 
Command line use: -I <the_bin_file> 
  -out <the_fmt_file> 
Optional: -v = verbose mode 
 

linuxdoe/test$ ./wthfmt2 -in 
chicagotry.BIN -out chicagotry.FMT 
Starting wthfmt2 with in file 
chicagotry.BIN and output file 
chicagotry.FMT. 

Figure 3: Command line options. 
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The wth.f weather file utility converts different weather 
file sources into the DOE binary form.  It is designed to 
pass through the source weather data files several times 
into to generate statistical reports. The initial syntax 
check showed 155 instances of non-standard syntax, 307 
deleted features (Hollerith characters are ubiquitious 
within wth.f) and a couple of undefined variables. 
Adapting the code for sucessful compilation did not, 
however, result in a useable DOE-2 weather file – every 
month was the same and the application continued to run 
until manually killed. Time to exercise some 
archaeology.     
The fixation with memory meant only a few days data 
was held and the weather file sources were repeatidly re-
scanned and the read position within the files adjusted 
via hundreds of backspace and rewind calls. After 
several debug sessions it became clear that the 
implementation of these low-level functions had 
changed and the elaborate bookkeeping logic no longer 
worked. Ouch. 
The fix was straightforward - arrays were created to hold 
the hourly weather data over the year as well as a hash 
list to support quick access to the relevant array position 
for any given month/day/hour (see Figure 4). The 
revised code scans once and then accesses memory to 
support the statistical and reporting operations.  
C Julian hour weather data (8760). Hash 
C array: julian hour for month/day/hour. 
integer hashhr,ISNWJ,IRAINJ,IWNDDRJ, 
    ICLDTYJ 
real WBTJ,DBTJ,PATMJ,CLDAMTJ,HUMRATJ, 

 ENTHALJ,SOLRADJ,DIRSOLJ,WNDSPDJ 
common/julianweather/hashr(12,31,24), 
  WBTJ(8760),DBTJ(8760),PATMJ(8760), 
  CLDAMTJ(8760),ISNWJ(8760),IRAINJ(8760),          
IWNDDRJ(8760),HUMRATJ(8760), 
  DENSTYJ(8760),ENTHALJ(8760), 
  SOLRADJ(8760),DIRSOLJ(8760), 
  ICLDTYJ(8760),WNDSPDJ(8760) 

Figure 4: Weather arrays. 
A summary of changes to wth.f: 
• introduce command line parsing of files and user 

directives 
• convert hollerith character messages and comparison 

logic to Fortran-77 standard syntax 
• create a hash table and hours-of-the-year array to 

hold scanned weather data to replace hundreds of 
lines of file positioning logic 

• adapt dimension statements to ensure equivalence 
between parent code and subroutines 

• add common blocks to store meta data collected 
during scanning of weather source files 

• indentation of code blocks and added documentation 
for clarity. 

There were ~300 code interventions and at the end of the 
process there were zero deleted features. The invocation 
of doewth takes the form: 
./doewth –v –dir chicagotry.inp –in 
chicagotry.tpe –out chig.bin –report 
chig.txt 

Figure 5: Doewth command invocation. 
Doebdl 
Doebdl creates the underlying materials libraries used by 
doesim, parses the model bdl files and computes 
response factors. It make frequent use of ‘tricks’, the 
code is dense with GOTO and EQUIVALENCE 
statements as well as  HOLLERITH constructs and 
comparisons.  An initial syntax check indicated 757 
fortran errors (including 376 ‘data type inconsistent with 
specification’ and 109 ‘array vs scaler’ conflicts) and 
743 warnings.  
Much of this relates to efforts to reduce memory use. 
Doebdl stuffs ALL the form, fabric, schedules and 
macros for the building (integers, reals and characters as 
well as most of the bookkeepping) into one unnamed 
common block – the IA/AA array (see Figure 6). It is up 
to the calling code to know whether the data at a specific 
point in the array is to be treated as an integer or real or a 
block of four characters so bookkeepping is critical! 
Other peoples bookkeepping is, by definition, opaque. 
Bdl.f works with the IA/AA array and writes what 
doesim needs to a temporary file and then clears IA/AA 
and repeats the process for the environmental control 
systems, plant entities and economics directives. 
common    //     AA(3000000)                                              
integer        IA(3000000) 
EQUIVALENCE(AA(1),IA(1)) 

Figure 6: The unnamed common.                                                
Each cell in the IA array might hold a real or an integer 
or 4 characters – a pattern the author had never 
encountered and there were four different sizes of IA in 
doesim which seemed to be tempting fate. One of the 
first runs of doebdl faulted because it is trying to access 
an IA memory location that does not exist. A paranoid 
archaeologist has good reason to assume that the 
bookkeepping has failed or some of the non-fatal errors 
was at fault. Bdl.f’s use of in-line calculations makes 
proving the bookkeepping is correct particularly difficult 
from within a debugging environment: 
DO 300 IYSCED = 1,NYSCED 
IAPTR  = IA(IRTPTR + 2*IYSCED - 1)                                      
JSYM   = IA(IRTPTR + 2*IYSCED - 2)                                       
NWSCED = IA(IAPTR,1)                                                      
DO 120 I = 1,4 
120 IA(IAX+I) = IA(I,JSYM) 
IA(IAX+5) = NWSCED 
IA(IAX+6) = 0 
IA(IAX+7)= NDSCED*24+NYSCED*8+NWS*10+1 
IA(IAX+8) = 0 
NWS    = NWS + NWSCED 
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IAX    = IAX + 8 
DO 290 IWSCED = 1,NWSCED 
JSYMW  = IA(IAPTR + 3*(IWSCED-1)+1) 
DO 200 I = 1,2 
200 IA(IWSPTR+I)= IA(IAPTR+3*(IWSCED-

1)+1+I) 
. . .  

Figure 7: In-line calculations.                     
DOE-2.1E is not alone in its use of in-line calculations. 
ESP-r has several hundred fewer than in the past but 
there is quite a bit more work to do. 
Obfuscation is a risk in legacy code. Tasks like acting on 
errors e.g. call msg(2) creates a string and sets an 
index to be passed to a subsequent facility. What could 
be simpler? Within subroutine msg are the following 
lines: 
dimension MSGDSC(11,105) 
DIMENSION MSG1(110),MSG2(110), MSG3(110), 

MSG4(110),MSG5(110),MSG6(110),MSG7(110)
,MSG8(110),MSG9(110),MSG10(110). . . 

EQUIVALENCE  
  (MSGDSC(1,1), MSG1(1)), 
  (MSGDSC(1,11), MSG2(1)), 
  (MSGDSC(1,21),MSG3(1)),  
  (MSGDSC(1,31), MSG4(1)) . . . 
C             MESSAGES 1 - 10 

DATA MSG1/ 
11, 4HPARA,4HMETR,4HIC-I,4HNPUT,4H REQ, 
4HUIRE,4HS PR,4HEVIO,4HUS I,4HNPUT, 
11, 4HNAME,4H NOT,4H ALL,4HOWED,4H WIT, 
4HH TH,4HIS C, 4HOMMA,4HND  ,4H    , 

. . . 

Figure 8: Obscure data structures. 
Goodness this is dense and it goes on for another 98 
messages. And there are similar subroutines for systems 
messages and MACRO messages. If a new error needs 
to be created where would one start? A single-step debug 
session exposed the underlying pattern and it was re-
written as a simple else-if structure: 
character emsg*40 
integer elevel  ! error level 
C Set text and level based on M passed to 

subroutine. 
if(M.eq.1)then   

write(emsg,'(a)') 'PARAMETRIC-INPUT 
REQUIRES PREVIOUS INPUT' 
elevel=11 

elseif(M.eq.2)then 
write(emsg,'(a)') 'NAME NOT ALLOWED 
WITH THIS COMMAND      ' 

      elevel=11 
elseif(M.eq.3)then 

Figure 9: Else if equivalent. 
Sometimes neither the compiler or the explorer can parse 
code. Consider: 
     SUBROUTINE  DUMPIT ( IT, IA, L )    

  . . .               
  INTEGER it(5), IA(1) 
  . . . 
  DO  5000  J = J1 , J2 

  IW = IA(J) 
c------------ ck if a4 format                                              
  IX = IW 
  DO 200  K = 1 , 4                                                 
    IXX = IX .and. 255                                            
c--  ctrl chars                                                                  
    if (    ( ixx .lt. 32 )                                        

  . . . 

Figure 10: Compiler does not understand. 
The IXX=IX.and.255 appears to be attempting a 
bitwise operation (which Fortran is not known for) and 
the GNU compiler faulted at this point. We also have an 
array IA being accessed with indices beyond its range.  
Discussions with the community identified a similar 
subroutine used to decode MACRO statements in 
EnergyPlus input files. That was grafted into the legacy 
code and thus avoided some of the ‘tricks’ via an iachar 
call: 
  SUBROUTINE  DUMPIT ( IT, IA, L ) 
  . . .                    

character   it*20 
INTEGER      IA(1)                                                                                                                                           

   integer t    ! as in upper4 
character c(4) ! 4 characters in array                                                    
equivalence(t,c(1)) ! c(1)same as t 
character*4 ch !string to cast into 

  . . . 
DO  5000  J = J1 , J2             
  IW = IA(J)                                                         
c----------- ck if a4 format 

    IX = IW 
  t = IX   ! as in subroutine upper4 

    DO 200  K = 1 , 4 
C Get the ASCII value of IX. 
C iachar takes a char use C array. 
  IXX = iachar(c(k))                                             

    if ((ixx.lt.32 ).or. !  ctrl chars 
  . . . 

Figure 11: Less clever but works. 
Passing parameters to subroutines can also be a source of 
confusion.  Consider the following parent code and 
subroutine which returns an array index IAPTRL where 
a value IAX is to be stored into the IA array: 

common // AA(3000000)                                         
integer IA(3000000) 
EQUIVALENCE (AA(1),IA(1)) 

   . . . 
C INCREMENT THE LAYERS COMMAND                                      

CALL INCRRF(IA,JOPLAY,IRF,IAPTRL)                                          
C STORE DATA POINTER IN REF TABLE 

IA(IAPTRL) = IAX                                                           
. . . 
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SUBROUTINE INCRRF (IA,JOPCDT,JSYM, IAPTR) 
C INCRRF INCREMENTS THE COMMAND REF COUNT                                              

COMMON/IOPCDT/IOPCDT(16,40),NOPCDT 
DIMENSION IA(8,1) 
IAPTR  = 0 
IF (IOPCDT(12,JOPCDT).EQ.0) RETURN                  

C IF NO REF TABLE RETURN 
IF(IOPCDT(14,JOPCDT).EQ.0)  RETURN                                   

C GET NUM OF REFER                                                 
NREF   = IOPCDT (13,JOPCDT) 

C SET PTR TO DATA IN IA 
IAPTR=IOPCDT(14,JOPCDT)+ 2*NREF - 1                                   

C SET SYMBOL TBL PTR                                                
IA(IAPTR - 1,1) = JSYM 

C CLEAR IA PTR 
IA(IAPTR,1) = 0 

C IF A UNAME, SET REF NO. IN SYMBOL TBL 
IF (JSYM.NE.0) IA(8,JSYM) = NREF                                           

  RETURN 
END 

Figure 12: One and two dimension arrays. 
The IA common block is passed to INCRRF but 
internally is defined as IA(8,1) and used as IA(8.JSYM) 
where the value of JSYM might approach 1000. I have 
never seen a one dimensional array become a two 
dimensional array in any language. And there was a run-
time crash at the IA(8,JSYM)=NREF line stating that 
there was no such location in memory. No one else in 
the community had a clue. Various code patterns were 
tested. In the end it was necessary to dump to file the 
entire contents of the IA array including its three 
possible data types at multipe places in bdl.f and do 
file different tests to establish what was actually 
changing as the model bdl file was parsed:   
C GET NEXT COMMAND                                                
CALL COMMND(IA,IOP,LEVEL,IAPTR, JOPCDT)               
write(msg,'(a)')'after line 10580 COMMND' 
call dumpia(msg,IAXMAX,iunitia) 
iunitia=iunitia+1 
. . . 

Figure 13: Call to dump a huge data structure. 
Below is a section of the 112th debug file generated as a 
simple bdl file was scanned (1st column is the IA array 
index, 2nd is integer, 3rd is real and last is if the slot held 
Hollerith characters: 
112 dumpia after line 10580 COMMND 
IAX IADIM IADIMV IAXMAX  151961 300000 
300000 152014 
1   1145982787   825.238464      COND 
2   1330205769   3.37774413E+09  ITIO 
3    541345102   1.66247768E-19  NED  
4    538976288   1.35631564E-19       
5          100   1.40129846E-43         
6           -1              NaN         
7           -1              NaN         
8            1   1.40129846E-45         
9   1329811029   3.27669069E+09  UNCO 
10  1414087758   3.45773756E+12  NDIT 
11  1162760009   3300.95532      IONE 

12   538976324   1.35632030E-19  D    
13         100   1.40129846E-43         
14          -1              NaN         
15          -1              NaN         
16           2   2.80259693E-45 
. . . 
151987    -943501440  -99999.0000             
151988    -943501440  -99999.0000             
151989    -943501440  -99999.0000             
151990    -943501440  -99999.0000 

Figure 14: Portion of dump file.             
With this brute-force archaeology the author established 
that IA(8,JSYM)was equvalent to: 

iofset = 8 * JSYM 
IA(iofset) = NREF                                                       

At the time of this writing, there are still many blocks of 
clever code hindering the correct reading of MACRO 
entries in bdl files. Only files without macros can 
currently be used by the ported version of doebdl. As 
DOE-2.1E was one of the first simulation suites to 
include the concept of MACRO definitions, getting this 
working would allow a new generation to explore such 
descriptive language syntaxes and perhaps extend them.  
With these new debugging tools it should be possible to 
un-pick other coding which has been flagged by the 
syntax checker. Interventions in doesim are also still 
work in progress. One of the classic fears at this point is 
that an application may not crash but yield inaccurate 
thermal performance predictions. 
Transfer files 
One classic software design decision is in the use of files 
as transient stores. For example: 
• as a store of transient data between software agents, 
• as a repository of data accessed by one or more 

software agents i.e. materials properties, 
• as ad-hoc memory substitutes.  
Files which substitute for memory can be found in any 
number of legacy tools (if you look hard enough). 
Reverse engineering transient files to understand their 
internal structure or to identify faults can be quite a 
challenge. Documentation of legacy transient files are 
often terse or non-existent and the underlying method 
may be undocumented.  
The 3D graphing facility in ESP-r’s results analysis tool 
gathers performance data and writes it to a transient file 
which is scanned by the graphing facility (see Figure 
15). But it would not deal with timesteps shorter than 15 
minutes and version 8 of the GNU compiler objected to 
one of the array passing conventions.  
Evolving such a facility involves understanding the 
internal structure of the file as well as the code which 
writes and reads the file. As we saw in wth.f there 
tends to be rather more code involved in managing file 
I/O than is required for managing arrays. 
Single stepping through the facility allowed the author to 
understand several critical data structures so that time 
steps of two minutes over a year can be handled. About 
50 interventions in the code and data structures were 
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required and the documentation updated in a number of 
places. The method still uses a transfer file and the 
compiler complaint could not be resolved until the logic 
is better understood so the offending code is commented 
out for those using the latest compiler. 

 
Figure 15: ESP-r 3D temperature graph. 

Library dependencies 
Updating library dependencies is a common porting task.  
If the library being ported from is ancient, there may be 
several generations of changes needed to be applied. It 
may be pragmatic to port to an intermediate version of 
the library.  
An example is a recent project to update of the ESP-r 
text rendering facilities from original (ancient) X11 
bitmap fonts to more modern font rendering. Current 
font rendering approaches involve dozens of library 
dependencies and well as considerable overhead and 
tend to be over-engineered for the requirements of 
simulation tools. A less ancient approach with very few 
dependencies is libXft.  Converting to this API would 
involve global replacement many types of calls, altering 
data structures and creating new data structures (for 
example libXft requires a separate colour data structure 
for fonts than are used for line drawing. Finding 
examples of such a transition is difficult on the usual 
stackexchange web sites as most developers would have 
done this kind of transition a decade ago.   
Thankfully web searches focused on specific API calls 
can expose archives of source code control commits.  In 
the example below a 2009 contribution to the Fedora OS 
project archive indicates the types of changes required (- 
lines are old code and + lines are their replacement): 
“The attached patch changes the Graphics module to use 
modern X fonts. The changes are relatively simple - 
changing calls such as XDrawString to use the Xft 
equivalent (XftDrawString8).” 

if (display_mode) { 
- XDrawString(disp, gr_w.win, gr_w.gc, 
-  gr_x, gr_font->descent + 1, txt, len); 
+ d = XftDrawCreate (disp, gr_w.win, 
+        visual, gr_colormap); 
+  XftDrawString8(d,&xftcol, gr_font, 
+  gr_x,gr_font>descent+1, 
+ (const FcChar8 *)txt,len); 
     XFlush(gr_disp); 
  } 
- gr_x +=XTextWidth(gr_font,txt,len; 
+ 
+  XftTextExtents8 (disp, gr_font, 
+   (const FcChar8*) txt, len, &info); 
+  gr_x += info.width; 
 } 

Figure 15: Locating examples of API changes. 
Although ESP-r has relatively simple requirements for 
rendering fonts there are thousands of invocations. The 
design of the software is such that Fortran code defines 
what is to be displayed and roughly where and passes 
this to intermediate library facilities written in C which 
interact directly with the underlying graphic X11 or 
GTK libraries. The switch in the low level API was 
mostly in the intermediate code but also required 
additional subroutines at the Fortran level to support 
switching between mono-spaced and proportional fonts 
and control fonts sizes and colours.  
As there is risk associated with global changes in API a 
subset of one of the simple ESP-r applications was 
created and the changes were applied to ensure the 
revised patterns worked before applying them to the 
standard source distribution. Some of the intermediate 
libraries were substantially re-written (see Table 1). The 
magnitude of changes needed to applications in the suite 
(see Table 2) depended on their graphic intensity as well 
as how well they coped with variable width fonts. In this 
case, the use of intermediate code between the core 
facilities and library functions paid a dividend. 
Many simulation tools are tightly coupled to third-party 
graphic libraries although their core calculations are 
theoretically operating system agnostic. This suggests 
that porting such code might benefit from an initial 
redesign stage which moved direct library calls to 
intermediate code. 
Observations 
Observations from the porting case studies: 
• The build process for simulation tools involves 

rituals that are not well documented. Relationships 
within source distributions are rarely clear to 
outsiders. 

• Start simple, allow time to see if there are code and 
data patterns with straightforward mitigation 
approaches. 

• There are benefits in working with arrays of data 
rather than use hundreds of lines of file positioning 
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and bookkeeping code. It almost always simplifies 
and clarifies the logic of legacy applications. 

• Many tools use in-line calculations which introduce a 
level of opacity. Some are problematic, especially 
when passing data to a library function or a function 
written in a different language. 

• All developers generate pockets of dense code which 
have not yet broken but would be a serious headache 
if we needed to revise or exend. What effort would 
be required for someone else to understand your 
subroutine X sufficiently to extend or adapt it? 

• Sometimes we might find that someone else has 
already ported a block of code.  

• Clever is costly. It took longer to work out a way to 
prove what was happening than it took to port the 
suite of weather utilities. Even a brief notation in the 
source code can save much investigative frustration. 

• Library porting can take longer than anticipated and 
often involve changes to seemingly unrelated code. 

Conclusion 
Several case studies have identified patterns in the 
porting of legacy simulation tools. We have seen that the 
resource required can escalate depending on the level of 
obfuscation in the code and the degree to which the 
design of code and data structures is documented. We 
have seen that developers can be overly clever and it can 
require software archaeology to discover the original 
intent and devise a sucessful port. Porting the DOE suite 
is indicative of the nature and extent of risk of software 
becoming unbuildable. Step changes in compilers have 
rendered thousands of lines of code as points of failure.  
Community support can often substitute for access to an 
original development team but we have also seen that 
time is erodding the communities ability to understand 
and work with legacy code. Quite how porting tasks 
might be taken on by the simulation community and how 
the community might support extending the life of 
legacy tools and, perhaps mining them for nifty ideas or 
choosing to upgrade them to reflect aspects of current 
practice is a discussion that needs to happen. 
As a community we might choose to deprecate legacy 
tools but to loose them by accident? Current simulation 
tools will be at risk in the next epoch. The nature of 
epochal change is speculative, however there are tools 
which can give a heads-up of future points of failure. 
And we have seen that even debugging interventions and 
debuggers can assist in understanding of a prior 
generations work. Their fixation with efficiency often 
lead to useful methods which might still have 
application. 
Lastly, as developers we can lessen the demands on and 
frustrations of future explorers of our code. Many of the 

mitigations involve small changes.  Others require 
iterations of re-design to future proof our code but can 
ensure that ‘time is on our side’. 

Table 1: Intermediate interventions. 
Source file purpose Number of diffs 

esp-r.c X11 Font naming 71 
esp_draw.c GTK drawing 51 

esru_x.c X11 drawing 530 
esru_libNonGTK.F Intermediate X11 79 

Esru_libGTK.F Intermediate 
GTK 

21 

Table 2: Application interventions. 
Application purpose Number of diffs 

clm weather tool 65 
bps simulator <24 
prj project manager ~1700 
res Results display 125 

common Common code 175 
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Abstract 
Electricity demand profiles of dwellings are mainly 
composed of various known (deterministic) and unknown 
(stochastic) processes. Effective data processing 
approaches (such as time series decomposition) are 
mainly used to simplify underlying patterns in the 
complex stochastic processes by fragmenting the different 
layers of hidden processes (referred as components of 
time series). This paper will demonstrate the performance 
of state-of-the-art STL (a Seasonal-Trend decomposition 
procedure based on Loess) techniques (Cleveland, 
Cleveland, McRae, & Terpenning, 1990), embedded 
within the framework of the HMM-GP model, in 
simulating dynamics of high-resolution electricity 
demand data. The method is applied to the case studies 
located in the Findhorn community. 

Introduction 
The modelling and analysis of the electricity demand 
patterns are essential for developing sustainable plans, 
policies, management of infrastructure and strategies for 
optimisation of resource utilisation. The electricity 
demand modelling is mainly used to study the variation in 
the short/medium/long-term electricity usage patterns 
either for an individual dwelling or at the 
community/national scale. Unlike the physical models 
which can be calibrated using the building specific 
physical parameters and relies on the expert knowledge, 
statistical/computational models are purely based on the 
historically observed records. Recently, in the application 
areas of the energy demand modelling, considerably large 
amount of novel statistical and computational approaches 
has been developed. A thorough literature review of some 
the widely applied data-centric approaches such as time 
series models, regression models, decomposition models, 
ARIMA type models, hybrid ANN models including 
support vector regression), Fuzzy logic models, Genetic 
algorithm, etc., including an overview on conventional 
energy system models (e.g. MARKAL/TIMES/LEAP), 
can be referred somewhere else (Suganthi & Samuel, 
2012; Bhattacharyya & Timilsina, 2009; Bhattacharyya & 
Timilsina, 2010).  
The electricity demand patterns are known to be impacted 
by a range of socio-economic and environmental factors. 
The complex dynamic of the electricity demand time 
series is, therefore, the consequence of complex 

interaction and influences imparted by these multiple 
factors. The degree of influence of different factors could 
vary significantly, for example some of these factors can 
be realised as a constant element that varies gradually 
over the longer period (referred as “Trend”) whereas 
some of the other factors could vary in the form of 
repetitive periodic patterns (referred as “Seasonal”). 

These intrinsic features embedded in the time series can 
be explored in the form of determinism and stochasticity 
through the application of time series decomposition 
methods. A range of time series decomposition 
approaches has been developed that aiming to segregate 
deterministic and stochastic features from the time series 
and has been thoroughly reviewed elsewhere (Rios & De 
Mello, 2012). Some of the most commonly applied 
approaches in this category are Fourier Transform (FT) 
(Stoica & Moses, 2004), Wavelet Transform (WT) (Qian, 
2002), and Empirical Mode Decomposition (EMD) 
[(Huang, et al., 1998) (Rios & De Mello, 2016)]. These 
approaches are thoroughly reviewed elsewhere (Rios & 
De Mello, 2012). Another widely applied categories of 
the time series decomposition approaches are based on the 
process of de-constituting time series into a set of non-
observables (latent) components (Dagum E. B., 2010). 

According to (Persons, 1919), time series are mainly 
composed of four such components: i) Long-term trends; 
ii) Cyclic movements - often superimposed on the long-
term trends (also referred as cyclic-trends); iii) Seasonal 
movements (which should not be confused with the four 
typical meteorological seasons of a year); iv) 
Residual/random variations. The latent components can 
be associated with different types of temporal variation 
and thus the presence of a latent component in a series 
strongly depending on the nature of the process and on the 
temporal resolution of the series. For example, some 
system/processes demonstrate seasonality due to certain 
specific periodic activities occurring at different temporal 
scales, e.g. at some specific time of day (daily), at some 
specific day of the week (weekly), monthly, quarterly, etc. 

One of the simplest approaches for extracting latent 
component is the Classical Decomposition (CD) method. 
The CD method is based on the application of the method 
of moving averages to extract trend cycles and then 
utilises averaging of the detrended time series over a 
specified time period to extract a constant seasonal factor, 
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referred as seasonal indices. Several approaches, that are 
mainly based on the CD method but includes several extra 
steps, has been proposed for de-constituting the latent 
components. Some of the widely applied methods are X-
11 seasonal adjustment method (Shiskin, Young, & 
MUSGRAVE, 1967; Ladiray & Quenneville, 2001) and 
its successors, the X-11-ARIMA [(Dagum E. B., 1980) 
(Dagum E. B., 1988)], the X12-ARIMA (Findley, Monsell, 
Bell, Otto, & Chen, 1998), and Seasonal Extraction in 
ARIMA Time Series approach, referred as SEATS 
decomposition (SEATS approach is suitable for monthly 
and quarterly series only). A thorough and detailed 
discussion of these various approaches and other relevant 
major developments in this area can be referred to 
elsewhere (Dagum & Bianconcini, 2016).  

Application of time-series decomposition in Energy 
demand modelling 

In the context of energy demand modelling, the CD 
approach has been widely applied. For example, 
(Pickering, Hossain, French, & Abramson, 2018) applied 
the CD approach to analyse smart meter data at the 15-
minute resolution, collated for six commercial building 
with the intention to understand patterns in building 
operation routines and behaviours. Other interesting 
applications are by (Ahmad, 2017) that includes the 
application of exponential smoothing approach for 
Seasonal decomposition of the electricity consumption 
data. To improve the forecasting accuracies with ARIMA 
and ARMA models, the classical time series 
decomposition approach has been interestingly applied to 
one minutely electricity power consumption data 
collected over a period of 2006 – 2010 (Chujai, 
Kerdprasop, & Kerdprasop, 2013). Another relevant and 
interesting application of the time-series decomposition 
method is in the area of power demand information 
(Imanishi, Yoshida, Wijekoon, & Nishi, 2017), that 
investigated the appropriateness of time series 
decomposition approach as a possible tool for feature 
extraction and establishing the relationships between the 
decomposed components and the customer information. 

This paper will investigate the efficiency of an STL (a 
Seasonal-Trend decomposition procedure based on 
Loess) technique, developed by Cleveland et al 
(Cleveland, Cleveland, McRae, & Terpenning, 1990), for 
the application in the synthetic simulation of high-
resolution electricity demand dataset. The STL procedure 
is consist of a sequence of Loess (Locally weighted 
regression) smoothing operation and accompanying with 
a computer implementation developed in R (Cleveland & 
Grosse, Fitting Curves and Surfaces to Data, 1990; 
Cleveland & Devlin, Locally-Weighted Regression 
Analysis by Local Fitting, 1988; Cleveland, Devlin, & 
Grosse, Regression by Local Fitting: Methods, Properties, 
and Computational Algorithms, 1988).  

The STL approach is robust and has several advantages 
over the classical, X11, X12-ARIMA, SEATS and other 
widely applied time-series decomposition approaches. 

Some of the key features of the STL approach that makes 
this method suitable for application in the electricity 
demand decomposition are: i) the STL approach can be 
applied to any type of seasonality (daily, weekly, 
monthly, quarterly, annual, etc.); ii) the STL approach 
allows seasonal components to vary over time; iii) it 
provide flexibility for selecting smoothing parameter for 
trend extraction; iv) the method is robust to outliers. One 
of the key limitations of the STL approach is that it is only 
suitable for the application with the additive time series 
and therefore any multiplicative time series need to be 
appropriately transformed before application of the STL 
decomposition. 

The high-resolution electricity demand profiles are 
essential for understanding detailed energy consumption 
behaviour. For example, certain activities that are 
occurring at fine temporal resolutions and could have a 
significant impact across the communities of dwellings 
(such as the use of a kettle at a certain time, say after a 
popular TV program nationwide could trigger a sharp 
spike in aggregated profile). To access the impact of such 
events a large amount of individual demand profiles at 
high resolution is required and as such current 
information at this level is not widely available. Thus one 
of the interesting application of the proposed modelling 
approach could be the synthetic simulation of high-
resolution electricity demand profiles. Other potential 
applications could be in context-sensitive smart data-
infilling, short-term projections for developing effective 
demand response strategies, long-term projections for 
developing future planning, policies and management 
strategies.     

Case study  
The paper will demonstrate the application of the 
proposed methodology (detailed in the next section) 
through the application to a few selected case study 
buildings located in the Findhorn Foundation Eco-Village 
(FFEV) community. The FFEV is located in the North 
East of Scotland near to the small town of Forres and 
maintains a sustainable lifestyle (FINDHORN 
FOUNDATION, 2019). Most of the buildings in the 
FFEV utilises modern insulation, triple glazed windows, 
intelligent design processes to maximise passive solar 
gain for optimising overall energy efficiency while 
effectively using environment-friendly recycled materials 
where possible, such as straw bales, recycled whiskey 
barrels and grass roofing. In addition to this, the 
community uses renewable energy technologies such as 
solar and wind.  The building in the FFEV community can 
be grouped under four categories based on building 
energy system type: i) Air Source Heat Pump (ASHP) or 
Ground Source Heat Pump (GSHP); ii) Gas boiler (GB); 
iii) Electric Boiler (EB); iv) District Heating using 
Biomass (DHB). Under the construction type, the 
buildings in FFEV can be grouped under seven 
categories: i) Findhorn Construction (FC); ii) Findhorn + 
Construction (F+C); iii) Soillse Construction (SC); iv) 
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Centinis Construction (CC); v) Whins Construction 
(including, Ecomobile) (WC); vi) Stonebuilt Construction 
(SC); vii) Parkhome Construction. 
Data: Organisation and Processing  

This section aims to provide a brief overview of the data 
acquisition, organisation and processing for the present 
study. The FFEV has approximately 211 buildings. As 
part of the previous and on-going research projects (e.g. 
ORIGIN (ORIGIN project website, n.d.), CESI (Centre 
for Energy Systems Integration (CESI) (Grant: 
EP/P001173/1), n.d.) approximately 55 buildings were 
fitted with smart meters that collected data at 5 minutes 
resolution over a two year period. To demonstrate the 
effectiveness of the proposed methodology and to ensure 
a robust model development suitable for potential 
applications, the dataset needs to be measured over a 
continues time-period of considerable length (in this case, 
due to limited availability of high-resolution data 
measured over a continues long-period and for a diverse 
range of buildings, we focus on to capture seasonal 
variations at weekly levels). A thorough investigation 
examining data quality suggested that for approximately 
14 dwellings, good quality (i.e. with less than 5% missing 
data) five minutely electricity demand profiles can be 
organised for a period of up to six weeks from (15 Feb 
2015 to 28 March 2015). Please refer to Table 1 for details 
on various aspects of these 14 dwellings including 
missing data. 

Table 1: Case study building in FFEV used in this study 

Buildin
g ID 

Energy System Constructio
n Type 

% of 
missin
g data  

A03 GB FC 029 
A18 DHB SC 0.37 
B02 GB WC 0.03 
B08 GB+ST FC 0.05 
C02 GB+SPV F+C 1.62 
C14 GB F+C 5.69 
C19 GB+ST F+C 2.95 
C24 GB F+C 1.90 
C34 EB CC 1.39 
D08 ASHP/GSHP+SP

V 
WC 1.23 

D15 ASHP/GSHP+SP
V 

WC 4.19 

D20a ASHP/GSHP+SP
V 

WC 0.21 

D25b ASHP/GSHP+SP
V 

WC 0 

F27 ASHP/GSHP+SP
V 

WC 3.31 

Some addition symbols used in the table are ST for Solar 
Thermal and SPV for Solar PV.  

Missing data: for the cases when there is only one data 
point is missing, data were infilled using standard 
interpolation approaches. For instance, with more than 
one consecutive missing data points, a strategic approach 

based on the preliminary data analysis that focuses on the 
temporal patterns of the long time series has been used. 
Such data points were infilled with corresponding values 
observed either a week before/later. The data infilling 
strategy is aligned to the further pieces of evidences of 
seasonal element observed at weekly scale in a later 
section (please refer to Figure 4 and 5).  

 
Figure 1: Boxplot of 5 minutely electricity demand for 14 
buildings over the study period (15th Feb 2015 – 28th 
March 2015). 

A thorough preliminary exploratory data analysis 
comprising of five summary statistics for all 14 case 
studies are illustrated in Figure 1. The five summary 
statistics displayed in the boxplot includes: i) 5th 
percentile; ii) 25th percentile; iii) 50th percentile; iv) 75th 
percentile; v) 95th percentile. Maximum values are 
displayed over the individual boxplots in the black colour 
text. Figure 1 clearly demonstrates that the statistical 
characteristics of the 14 buildings included in the study 
are considerably varying. For the illustration purpose, two 
buildings with considerably distinct statistical 
characteristics have been selected to demonstrate the 
effectiveness of the proposed methodology.  

Methodology 
A time series is usually referred to as a set of observations 
that are collected at equally spaced successive points in 
the time (Box, Jenkins, Reinsel, & Ljung, 2015). Let 
𝑋 𝑡   𝑋 : 𝑡 ∈ 𝑇  denotes a time series, where 𝑇
𝑡 , 𝑡 , … , 𝑡 , … 𝑡  are 𝑛 equally spaced sequential times 

stamps. The key idea underpinning a time series 
decomposition procedure is that a time series can be 
decomposed into three unobserved (latent) components: 
Trend 𝑇 𝑡 , Seasonal 𝑆 𝑡  and Remainder 𝑅 𝑡  such that, 
we have:  

𝑋 𝑡 𝑇 𝑡 𝑆 𝑡 𝑅 𝑡           

1  

𝑋 𝑡 𝑇 𝑡 ∗ 𝑆 𝑡 ∗ 𝑅 𝑡           

2  

for additive and multiplicative time series, respectively. 
For additive decomposition model, the latent components 
are considered to be mutually independent whereas if 
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there exists any form of relationship among the 
components then decomposition model can be formalised 
as the multiplicative model.   

 
Figure 2: The HMM-GP modelling framework. 

The paper is based on the novel methodology (illustrated 
in Figure 2), to examine the potentials of the proposed 
STL based time series decomposing method, that will be 
fitted within the framework of the HMM-GP model. A 
brief overview of the Hidden Markov model (HMM) that 
underpins the HMM-GP methodology is separately 
illustrated in Figure 3. The HMM-GP modelling 
framework is originally developed for simulating 
synthetic flow time series and can be referred elsewhere [ 
(Patidar, Allen, Haynes, & Haynes, 2018), (Patidar, 
Jenkins, & Simpson, 2014), (Patidar, Jenkins, & Simpson, 
2016)]. However, in the context of synthetic simulation of 
high-resolution electricity demand profiles, this paper is 
the first attempt that will test the ability of the proposed 
STL based HMM-GP modelling framework.  

 
Figure 3: The Hidden Markov Model (HMM), 

comprising of five elements. 

The idea underpinning proposed methodology is that the 
observed patterns of electricity demand profiles are 
mainly composite of several systematically/repeatedly 
occurring/influencing physical activities and/or natural 
processes, which are usually associated with a high 
element of uncertainty (referred as “Randomness”). Thus, 
the STL based filter can be utilised to de-constituting the 
complex dynamic of the process into simplified 

deterministic (“Trends” and “Seasonality”) and stochastic 
(“Random”) components. These simplified patterns can 
be analysed to understand various factors influencing the 
demand patterns and can be modelled within the HMM-
GP framework for synthetic simulation of the electricity 
demand profiles. The HMM-GP model is applied mainly 
to the random component, extracted as part of STL 
procedure. The application of HMM-GP model is 
intended to generate multiple random components. The 
synthetic electricity demand profiles are constructed by 
recomposing the simulated random components with the 
Trend and Seasonal components extracted from the 
observed series. 

The proposed STL-integrated HMM-GP methodology is 
applied to all 14 case-studies for the purpose of 
constructing aggregated demand profiles (one of the key 
potential application of the proposed methodology, as 
discussed in the next section). However, two case studies, 
specifically A03 and D08, has been selected for the 
demonstration purpose. The selection of case studies is to 
illustrate the effectiveness of the proposed methodology 
for capturing the variations in the time series due to 
various factors, such as building energy system, the 
impact of solar PV and construction types as presented in 
Table 1. To illustrate the potentials of the proposed time 
series simulation methodology, a thorough analysis of key 
statistical characteristic (specifically, comparison of 
percentiles at step-size of 1 including percentiles of peak 
load, probability density distribution, etc.) of observed 
and simulated time series has been presented.   

Result and Analysis  
The proposed methodology can be utilised for a range of 
applications, such as in infilling missing data, to generate 
synthetic profiles from a small sample to generate user-
specified number of synthetic profiles (these synthetic 
profiles can be aggregated to construct aggregated 
demand profile to understand/analyse community 
demand patterns), forecasting short-term to long-term 
high resolution demand that can be used for future 
planning of infrastructures, policies development, energy 
trading, uncertainty analysis, etc. However, to serve these 
various application areas it is important to demonstrate 
the efficiency of the proposed methodology in generating 
synthetic demand profiles with similar/close statistical 
characteristics such that they can be utilised as a 
realistically possible alternative of observed profiles. This 
section is aimed to demonstrates the efficiency of 
proposed STL based HMM-GP approach in simulating 
statistically robust synthetic demand profiles. 

The STL decomposition  

The STL decomposition approach as discussed in above 
sections is applied to deconstruct the five-minutely 
observed demand profiles of two specified case-study 
buildings, A03 and D15, selected from the FFEV 
(referring to Figure 4 and 5 respectively). The selected 
observed series covers a period of six-weeks starting from 

Take log of the time‐series
to transforms an additive time series into a 

multiplicative series

Step 1

Step 2
Apply STL decomposition

to segregate the log time‐series into three: 
trend, seasonal and random components.

Step 3
Fit HMM to the random component 

to generate simulated random component.

Step 4
Construct synthetic demand profiles

by adding simulated random components with 
the seasonal and trend component.

Step 5

Fit Generalised Pareto (GP) distribution 
to the observed extreme values (i.e. over 95th

percentile) and resample simulated extreme 
values to account in unseen extremes.

Set of observed states 
percentile analysis of the observed values, e.g. 
State A –value between 0th to 10th percentile;  …  

Step 1

Step 2
Set of unobserved (hidden) states 

if state A corresponds to values between 0 to 1 
then hidden states for A will be 0.1, 0.2, …, 0.9

Step 3
State transitional probability matrix 

probability of transition between different 
observed states.

Step 4
Emission probability matrix 

emission probability of hidden states from 
discrete observed states.

Step 5 Initial probability matrix
Initial probabilities of states obtained from the 
analysis of electricity demand time series data.
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15th February 2015 to 28th March 2015. The STL 
decomposition approach has been shown to segregates the 
deterministic (“Trend” and “Seasonal”) and stochastic 
(“Random”) feature of electricity demand profiles of the 
two case study buildings. A weekly seasonal window has 
been selected. The statistics of the STL decomposition 
can be referred in Table 2 and 3 respectively for A03 and 
D15, which clearly demonstrate that the average of the 
random and seasonal components to zero, although these 
two components appear to capture most of the variance of 
the observed series.  

 
Figure 4: The STL decomposition of five minutely 
electricity demand profile of case study building A03 
conducted over the six-week period from 15th February 
2015 to 28th March 2015. 

Table 2: Statistics for STL decomposition A03  

 Electricity 
demand Trend Seasonal Random 

Average 0.44 0.44 0.00 0.00
Variance 0.41 0.01 0.11 0.29

The HMM-GP model is applied to the random 
component. Application of the HMM-GP model 
generates simulated random components that capture the 
statistical variability of the process. The trend and 
seasonal components are added back to the simulated 
random components to generated synthetic demand 
profiles which preserve deterministic features specific to 
the household of the observed series in the synthetic 
profiles.   

Table 3: Statistics for STL decomposition D15  

 Electricity 
demand Trend Seasonal Random 

Average 0.50 0.50 0.00 0.00
Variance 0.41 0.01 0.21 0.19

Depending on the purpose of the application, 
deterministic profiles can be perturbed to simulate a 
potential future change scenario. For example, change in 
the patterns of appliance usage (which are normally 
compounding in the seasonal components) can be 
simulated by perturbing seasonal component accordingly. 

Similarly, change in trend patterns can be perturbed or 
modelled in relation to certain future forecasted changes.   

 
Figure 5: STL decomposition of five minutely electricity 
demand profile of case study building D15 conducted 
over the six-week period from 15th February 2015 to 28th 
March 2015. 

Comparing individual demand profiles  

This section is intended to illustrate the abilities of the 
STL based HMM-GP model in replicating intrinsic 
features of the electricity demand time series in the 
simulated synthetic series. Figure 6 and Figure 7 shows 
the patterns of the observed and synthetic five-minutely 
electricity demand series for a one-week period (starting 
from 15th February 2015 to 21st February) for the case 
study buildings A03 and D15 respectively.  

 
Figure 6: Comparing five minutely electricity demand 
profile of case study building A03 with a synthetic demand 
profile generated using the STL based HMM-GP method 
for a one-week period from 15th February 2015 to 21st 
February 2015. 

From the visual inspection of Figure 6 and 7, the proposed 
STL based HMM-GP model appears to capture the 
essential features, variability and temporal dynamics of 
the demand time series. To examine the abilities of the 
proposed method in capturing key statistical features of 
the observed series a thorough investigation comparing 
percentile and probability density distributions of the 
observed and synthetic series has been conducted. For the 
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purpose of illustration 20 synthetic series are generated 
using the STL based HMM-GP model for both the case 
studies, A03 and D15.  

 
Figure 7: Comparing five minutely electricity demand 
profile of case study building D15 with a synthetic 
demand profile generated using the STL based HMM-GP 
method for a one-week period from 15th February 2015 to 
21st February 2015. 

Comparing Percentiles  

Percentiles analysis of the 20 synthetic demand profiles, 
shown in Figure 8, appears to closely follow the patterns 
of the percentile of the observed series. The selection of 
20 synthetics is arbitrary, although methodology can be 
used to generate any user-specified number of synthetic 
profiles. The percentile analysis has been conducted for 
the percentiles starting from 0th to 100th percentile with a 
step-size of 1 (presented on a scale of 0.0 to 1.0 on the x-
axis).  

Figure 8: Comparing percentile analysis of observed 
electricity demand profiles with synthetic demand profiles 
generated using STL based HMM-GP model for case 
study building A03 (Upper panel) and D15 (Lower panel), 
Percentile analysis is conducted over the six-week period 
from 15th February 2015 to 28th March 2015. 

The upper panel demonstrates the percentiles compared 
for the case study A03 whereas the lower panel 
demonstrates the percentile analysis for the case study 
D15. The percentiles match is considerably good for most 

of the values below the 85th percentile for A03 (75th 
percentile for D15), with some slight variations noted for 
higher demand values. One possible reason for this could 
be the large variations of the demand values in the 
successive high percentiles. However, the model appears 
to perform considerably well in estimating extreme peak 
demand values (i.e. values over 9th percentile). This is due 
to the fact that the proposed model utilises the potential of 
Generalised Extreme Values (GEV) distributions, 
specifically Generalised Pareto (GP) distribution, to 
effectively model the extreme peak demand values over 
the 95th percentiles.   

Comparing probability density distribution (pdd) 

Thd pdd are considered as one of the key statistical 
property of a time series. To further access the suitability 
of the proposed approach, the pdd of the observed 
electricity demand profiles are compared with the pdd of 
20 synthetic demand profiles for both the case studies in 
Figure 9. The pdd comparison shows a close match 
between the observed and the simulated synthetic profiles 
with a slight variation noted for the second peak that is 
occurring at low demand values in the synthetic profiles 
in comparison to the observed demand. This feature 
indicates the possibility of a consistent underestimation of 
the high load values (over 1 kW) by the model. This type 
of issues can be generally overcome by means of 
statistical bias correction approach and will be possibly 
considered as part of future work.   

 
Figure 9: Comparing probability density distribution 
(pdd) of observed electricity demand profiles with 
synthetic demand profiles generated using STL based 
HMM-GP model for case study building A03 (Upper 
panel) and D15 (Lower panel), Percentile analysis is 
conducted over the six-week period from 15th February 
2015 to 28th March 2015. 

Comparing aggregated demand profiles (pdd) 

One of the potential application of the proposed 
methodology will be in generating aggregating demand 
profiles. Figure 10 illustrates the dynamical behaviour of 
aggregated electricity demand profiles, observed for all 
the 14 case studies. The aggregated demand profiles are 
constructed for the observed and corresponding synthetic 
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demand by adding five-minutely profiles over the six-
week period from 15th Feb 2015 – 28th March 2015. The 
synthetic demand profiles are generated through the 
application of the STL based HMM-GP model and one 
synthetic profile corresponding to each of 14 case studies 
is randomly selected for constructing an aggregated 
synthetic demand profile. 

 
Figure 10: Comparing five-minutely aggregated 
electricity demand profiles for 14 case-studies, observed 
with corresponding 14 synthetic electricity demand 
profiles. Comparison is conducted over the six-week 
period from 15th February 2015 to 28th March 2015. 

Conclusion 
A range of data-driven statistical and computation 
techniques has been developed recently for modelling 
electricity demand patterns. This paper presented a 
thorough literature review of recent developments in the 
area of time series decomposition approaches including 
their application in the context of the energy demand 
simulation.  

The paper investigated the potentials of an STL based 
time series decomposition approach in enhancing the 
capabilities of the HMM-GP modelling framework. The 
HMM-GP modelling framework is designed for 
modelling of high-resolution electricity demand patterns 
that integrates a Generalised Pareto (GP) distribution for 
effective simulation of extreme values within the 
framework of HMM. The application of STL based time 
series decomposition procedure is intended to develop an 
effective data pre-processing strategy with an aim for 
enhancing the overall capabilities of the HMM-GP 
models. To demonstrate the effectiveness of the proposed 
modelling schematics, a thorough analysis of various 
statistical properties including percentile analysis and 
probability density distribution of the simulated and 
original time series has been conducted.  

The results presented in the paper shows that the proposed 
methodology is considerably effective in capturing the 
key dynamics of the process and therefore can be seen as 
a potential tool with several applications that require 
synthetic simulation of electricity demand profiles of high 
resolution. One of the key features of the proposed 
approach is its ability to effectively capture the extreme 

(peak) loads. Another direct benefit of the proposed 
methodology is that it is purely based on the observed 
records and can be applied to a small/large data set (in this 
case for 6 week’s data). One of the current limitations of 
the proposed methodology, considering the potential for 
wide-scale application, is that the approach needs to be 
robustly validated for various potential applications and 
by accounting in a range of building types, geographic 
locations, temporal resolutions, etc. The method has the 
potential to be further developed to simulate the impacts 
of the various factors impacting electricity demands (such 
as climate, occupancy, life-style, etc.). In addition to all 
this, there are lots of scope for enhancing the overall 
technical elements of the proposed methodology, e.g. 
possibility of integrating other advance time series 
decomposition methods, use of different distributions 
within the HMM for effective simulation of higher 
percentile load values, etc..    
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Abstract

Building energy simulation tools are very helpful to
achieve thermal performance for buildings. However,
modeling can require much detail, specially related to
input data. The use of machine learning to develop
surrogate models can support architects and builders
to get useful information on buildings thermal per-
formance, in a fast and simple way. The aim of this
study is to present a machine learning methodology
to develop a surrogate model for naturally ventilated
office buildings, using artificial neural networks. The
output of the surrogate model is the Exceedance Hour
Fraction (EHF), a thermal comfort indicator. The fi-
nal surrogate model has 12 input parameters that can
estimate thermal comfort for offices with a wide range
of characteristics. The mean absolute error measured
for the surrogate model was 0,04.

Introduction

Energy demand for cooling in buildings has increased
more than three times from 1990 to 2016. The energy
use for cooling in 2016 was 2 020 TWh, corresponding
to 1/5 of the total energy use in the sector. The
current baseline scenario for the year of 2050 indicates
that the energy use for cooling will continue to grow,
representing 37% of the increase in electricity use in
buildings (IEA, 2018). This report also indicates that
in countries with hot climate and emerging economies
this issue is even more relevant. Only 8% of the 2.8
billions of people living in these countries today use
artificial cooling. By 2050, the share of cooling in
electricity system peak loads could get to 30,8% in
Brazil. In India, this could get up to 44,1%.

An alternative solution for artificial cooling systems
is the use of passive cooling strategies, such as natural
ventilation (NV). In many countries, people occupy
naturally ventilated buildings and expect for adap-
tive comfort standards (de Dear et al., 1997). This
context indicates the importance of NV strategies for
the mitigation of artificial cooling in buildings.

The potential of NV in office buildings has been stud-
ied in numerous cases, considering a variety of ventila-
tion modes, such as night ventilation or mixed-mode

(artificial cooling along with NV) (Yun et al., 2008;
Yao et al., 2009; Carrilho da Graça and Linden, 2016;
Elharidi et al., 2018; Pesic et al., 2018). Although
the use of cross ventilation and shading devices are
the predominant proposed solutions, certain charac-
teristics of a building can result in different thermal
performances, according to different combination of
parameters and the climate characteristics. There-
fore, analysis of NV in early design phases is crucial
to achieve better thermal performance in buildings.
In early phases, the potential for optimization is sig-
nificant, and any estimate of occupants comfort and
thermal performance of the building has influence on
decision making (Belleri et al., 2014; Roetzel et al.,
2014). However, there is a wide number of possible
solutions for thermal performance in buildings and to
analyze all the possibilities in early design phases can
be complex and time-consuming.

Building Energy Simulation (BES) can provide in-
formation on thermal performance of buildings using
NV, but the development of such models require ex-
pertise and detailed input data, which may not be
available in early design phases (Østerg̊ard et al.,
2016). The analysis of different solutions for thermal
performance in a simple and fast way is fundamental
for early design phases. The use of a surrogate model
could achieve similar results to the original simulation
model, and allow architects to perform analysis and
visualize the impact of design decisions (Alsaadani
and Souza, 2019).

Machine learning has been widely used to develop sur-
rogate models aiming to estimate energy efficiency in
buildings. Melo et al. (2016) compared the multi-
linear regression method to artificial neural networks
(ANN) to improve the accuracy of Brazilian surrogate
models for labeling purposes. The results showed a
significant improvement by applying ANN, instead of
multiple linear regression. Rackes et al. (2016) de-
veloped a support vector machine model to estimate
thermal comfort levels in commercial low-rise build-
ings in Brazil. The surrogate model shows the influ-
ence that changing the set of parameters can have on
thermal comfort. Østerg̊ard et al. (2018) described an
approach to explore multidimensional space in early
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design stage through global sensitivity analysis. The
work emphasizes how different parameter configura-
tions should consider not just one, but a range of
objectives, related to energy consumption, daylight,
thermal comfort, cost and others. Wei (2013) pre-
sented a review on sensitivity analysis by comparing
different methods and discussing the implications on
the adoption of methods that do not consider col-
inearities and non-monotonic behavior. The global
sensitivity analysis method proposed by Sobol’ (1993)
identifies the input factors that can be fixed at any
given value over their range of uncertainty without
significantly reducing the output variance.

The aim of this paper is to present a machine learning
methodology for naturally ventilated office buildings,
to achieve a robust and accurate surrogate model that
estimates thermal comfort. A database is used to
identify the most common characteristics of naturally
ventilated office buildings. Sensitivity Analysis (SA)
is applied to understand the most influential param-
eters that should be taken into account on the surro-
gate model. ANN is adopted as the machine learning
model.

Method

This section explains each step of the methodology
proposed in this study. Figure 1 presents a flowchart
with these steps.

Figure 1: Steps taken for the development of the sur-
rogate model.

Database

Pereira and Neves (2018) developed a database with
information about office buildings that work with
mixed-mode ventilation in the city of Sao Paulo,
Brazil. A total of 153 buildings constructed after 1995
were selected. A survey in loco was conducted in 50 of
those buildings, to gather information about the ge-
ometry of the offices, characteristics of the windows
and shading elements. The survey allowed to identify

the most recurrent design characteristics of the build-
ings and their ranges. The buildings’ design informa-
tion include: geometry (area, dimensions, number of
floors); solar absorptance of roof and exterior walls
and window-to-wall ratio (WWR). Figure 2 presents
an example of how these data was explored.

Figure 2: Histograms of WWR and area of the offices
available in the database.

Base model

The database provided information to build a large
number of BES models, in order to explore its whole
range of possible characteristics. It is also possible to
widen the range of some features, specially on those
more relevant to buildings thermal performance.

The dataset used to apply a sensitivity analysis and
to develop the ANN was generated with simulations
from the software EnergyPlus (2018), version 8.9.
The office room was modeled as a rectangular single
zone (Figure 3), as it allows fast simulations with dif-
ferent geometries and exposure condition of the sur-
faces. Although the model was developed as a sin-
gle zone, the idea is to represent an office within the
whole building, and this aspect had to be considered
to define the boundary conditions of building surfaces
that represented a wall, floor or ceiling adjacent to a
building. To validate the single zone approach, a com-
parison between thermal zones considering the whole
building and single zone models was conducted, based
on a sample of 100 cases generated by Latin Hyper-
cube Sampling (LHS).

The weather file of the city of Sao Paulo was obtained
from INMET (2016).

The boundary conditions of walls and ceiling were
modeled as either outdoors (in case it represented an
external wall or a roof), or adiabatic (in case it rep-
resented a surface adjacent to other surfaces of the
building). The floor’s boundary condition was mod-
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eled as ground or adiabatic surface, if it represented
superior floors.

Figure 3: 3D model example

Energyplus uses the algorithms from the Airflow Net-
work (AFN) models (Walton, 1989), so the door of
the office had to be accounted as a linkage on the
network (Figure 4). Therefore, the door could not be
modeled as adiabatic, even though it was adjacent to
the corridor. This issue was overcome by considering
the wall with the door as an outdoor surface element,
with no wind and no sun exposure.

The wind pressure coefficient (Cp) is fundamental for
the AFN simulation, since it defines the pressure dif-
ferences between the building surfaces. Cp was based
on the ASHRAE Handbook (2001), using the algo-
rithm executed by Energyplus for high-rise buildings.
Furthermore, Cp was manually input instead of au-
tomatically calculated by EnergyPlus, otherwise the
software would estimate the pressure node outside the
door as if it was outside the building. This issue was
overcome by calculating an equivalent Cp (Equation
1) for the office door node, for each wind angle. The
calculation was made by considering a building floor
plan of six offices. Each door linkage was considered
as a crack flow, and each window was considered as
a large opening.

Ceq,α =
Pcorr
Pout

(1)

Where Ceq,α is the equivalent Cp for the angle α;
Pcorr is the pressure in the corridor; and Pout is
the outdoor pressure. Pout is defined by Energyplus,
based on the wind speed.

Pcorr was calculated based on the AFN pressure bal-
ance, so it considers the entire airflow that comes
to/from the corridor pressure point, and sum up the
airflow to equal zero. The airflow across linkages con-
sidered as doors is calculated as a crack airflow, while
the airflow across linkages considered as windows is
calculated as a large opening. The pressure of each
zone, related to the values of Cp, was calculated with
an equation solver algorithm, according to Equation
2, where Nd is the number of doors that link to the
zone; Nw is the number of windows that link to the

zone; Cdoor is the coefficient related to the discharge
on the airflow through the doors; Cwindow is the coef-
ficient related to the discharge on the airflow through
the windows; Plink,i is the pressure in the zone linked
by door i; and Cp,j is the Cp on the surface of window
j.

Pzn =

Nd∑
i=1

Cdoor × (Pzn − Plink,i)+

Nw∑
j=1

Cwindow × (Pzn − Pout × Cp,j)

(2)

Figure 4 presents an example of the relation between
Cp’s, the pressures in the zone and outdoors, and the
discharge related to the airflow linkages. For the ex-
ample, subscripts ”N” and ”W” on Cp refer to north
and west, respectively.

Figure 4: Relation between Cp and zone’s pressure.

Even though the model is a single zone, two charac-
teristics that correspond to the building as a whole
were considered: floor height and building ratio.
Floor height is the distance of the zone’s floor from
the ground. It is relevant to the wind speed consider-
ation (calculated by Energyplus), thus to the NV per-
formance. Building ratio is the ratio between width
and length of the building, which is rectangular. This
ratio is taken into account on the calculation of the
Cp. The algorithm that calculates Cp assumes that
the building is rectangular, so that is a limitation of
the proposed methodology.

The openings were modeled as a fenestration surface
detailed object, with airflow determined by the AFN
object Detailed Opening Component. Window size,
opening factor and solar heat gain coefficient (SHGC)
were varied according to the samples generated for
the study. Window glazing was modeled using the
Simple Glazing Object.

The shading device was considered as a horizontal,
rectangular surface that hangs from the top of the
window opening, as shown on Figure 3. The object
used was Shading Building Detailed.

Occupation was defined from 8:00 am to 6:00 pm.
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During occupation, the model considered thermal
gains from people, electric equipment and lights.
Unoccupied periods had no internal gains. Elec-
tric Equipment heat load was considered 150 W per
person. Lights were defined as 10.50 W/m2. The
metabolic rate for occupation was defined as 120 W
per person.

Thermal properties of the walls were defined by con-
sidering the walls exposed to outdoors as a two lay-
ers construction component. The inside layer in con-
crete, used to define the thermal capacity of the wall,
and the outside layer in Expanded polystyrene (EPS),
modeled using the object Material:NoMass. EPS was
used to determine the wall’s transmittance.

Ventilation control was available only during occu-
pation, and it was based on the Temperature mode,
defined as 20 ◦C.

Table 1 presents the parameters analyzed, with min-
imum and maximum values. Some parameters were
not numerical, these are: contact to ground (yes/no);
exterior roof (yes/no); exterior walls exposure (1 wall
and 1 window; 2 walls and 1 window; 2 walls and 2
windows), as shown on Figure 5. The exposure con-
dition of walls and windows defines, besides the heat
exchange with the outdoor, if whether or not there
will be cross ventilation.

Table 1: Parameters with minimum and maximum
values.

Parameter Minimum Maximum
Value Value

Area [m2] 20 100
Zone Ratio [−] 0,5 2,0

Zone Height [m] 2,4 3,2
Absorptance [−] 0,3 0,9

Shading [m] 0 1
Azimuth [◦] 0,0 359,9

Wall Transmittance 0,5 4,4
[W/m2K]

Wall Thermal 20 400
Capacity [kJ/m2K]

WWR [−] 0,1 0,6
Opening Factor [−] 0,1 1,0
Occupant Density 0,05 0,50

SHGC [−] 0,20 0,87
Floor Height [m] 0 30
Building ratio [−] 0,25 4,00

The range of values for those parameters were varied
in order to explore the limits of possibilities. Even
if some of the values were not found in the existing
database of real buildings, parameters were explored
as much as possible, aiming to achieve thermal com-
fort results considered acceptable for the majority of
the occupants.

Figure 5: Exposition of walls. The mirrored image is
also considered.

Thermal comfort

Thermal comfort in naturally ventilated offices is de-
termined based on the adaptive comfort method de-
fined in ASHRAE Standard 55 (2017). The adap-
tive method determines the upper and lower limits
for the operative temperature of a zone, that guar-
antees a certain range of acceptability among the
occupants. These temperature limits are based on
the mean outdoor temperature. Table 2 presents the
monthly mean temperatures for the city of Sao Paulo
(INMET, 2016). Tupper is the operative temperature
upper limit for 80% of acceptability.

Table 2: Outdoor mean temperatures of Sao Paulo.
Month Mean Temperture Tupper

[◦C] [◦C]
January 21,16 28.66
February 22,35 29.03

March 21,67 28.82
April 20,76 28.54
May 17,45 27.51
June 16,77 27.30
July 17,34 27.48

August 18,28 27.77
September 17,68 27.58
October 20,51 28.46

November 20,15 28.35
December 20,87 28.57

The adopted thermal comfort metric was the Ex-
ceedance Hour Fraction (EHF). It is the fraction of
occupied hours within the thermal zone, where the
operative temperature is above the upper limit for
80% of acceptability, according to ASHRAE Standard
55 (2017). For each hour of the year with occupancy
in the zone, the operative temperature is compared
to the upper limit temperature and a value of 0 or 1
is given to the indicator Ehot, according to Equation
3.

Ehot,i =

{
1, Top,i > Tupper,i

0, Top,i ≤ Tupper,i
(3)
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Where Ehot,i is the binary indicator of operative tem-
perature above the upper limit; Top is the operative
temperature of the zone and Tupper is the upper limit
for 80% of acceptability, for the occupied hour i. The
upper limit temperature is based on the month’s out-
door mean temperatures. EHF is then calculated,
according to Equation 4.

EHF =

∑N
i=1Ehot,i
N

(4)

Where N is the number of occupied hours.

Since Brazilian typical climates do not have extreme
cold temperatures, occupants tend to adapt to cold
temperatures by increasing clothing (clo) (De Vecchi
et al., 2015). For this reason, the lower limits were
not taken into account for the EHF.

Sensitivity analysis

The performance of ANNs depends on how the in-
put data correlates to the outputs, as well on how
the data is described to the inputs. For that, a Sen-
sitivity Analysis (SA) was conducted to be able to
identify the most influential parameters. Second or-
der and total effects were also analyzed. While first
order and total effects indices are obtained for each
parameter, second order effects are analyzed for every
combination between two parameters. Some inputs
could have a minor influence on the outputs when
analyzed separately, but interact with other inputs in
a way that significantly impact the output, which is
the reason to analyze the higher order effects.

SA was taken using the method of Sobol’ (1993).
This method is applied on a sample created specially
for the SA (Sobols sampling). For this analysis, 108
000 cases composed the sample. This process was
performed with SAlib (Herman and Usher, 2017), a
Python library developed for SA procedures.

SA was conducted considering three different outputs:
EHF; annual average Operative Temperature; and
annual average Air Changes per Hour (ACH). A sin-
gle simulation performed on Energyplus obtains the-
ses three outputs, so the only difference between the
analyses is the output vector. The inputs are based
on one single sample, which is developed for the SA
method.

Based on the results of the SA, the sample used to
train the ANN was generated varying only the most
significant parameters. Non-influential parameters
had their values fixed with their most common value
found in the real buildings database.

Surrogate model

The dataset used for training was developed from
112 000 simulation results, sampled by Sobol’s sam-
pling method. The validation was conducted using a
sample of 30 000 cases generated by LHS. In the vali-
dation dataset, the parameters not included as inputs

of the ANN were set equal to the fixed values of the
training sample. The choice of using different sam-
pling methods is to avoid the existence of any bias
related to the sampling method.

Next, the dataset created for the SA was used to
assess the performance of the ANN when the val-
ues of the parameters not considered as inputs vary.
Thereby, the SA sample simulation results were avail-
able and the sample was different from the ones used
for the ANN training and validation.

The ANN was developed using Python programming
language, with the library TensorFlow (Abadi et al.,
2015).

Definition of the hyperparameters is an iterative pro-
cess. Different numbers of layers and nodes can ob-
tain results with different performances. The opti-
mization algorithm chosen for the learning process
also influences the results. Another important con-
cern is the processing of the data. Normalization,
transformation and other processes applied on the
dataset features before the training step should be
observed. All these aspects were considered to define
the final configuration of the ANN.

The performance of the ANN is measured by its mean
absolute error, and the absolute error of the 95th per-
centile.

Results
Base model

On the validation of the single zone approach, the
average difference between EHF of the thermal zones
considering the whole building and single zone models
was 0,015. This approach allowed the parametriza-
tion of all variables. Therefore, even though there are
some errors related to the simplified model, it allows
the development of a more accurate ANN.

Sensitivity analysis

Figures 6 and 7 present the results of Sobol’s sensi-
tivity analysis for first order and total effects, related
to EHF and annual average Air Changes per Hour
(ACH). These indices are proportional to the influ-
ence of the input on the output.

Occupant density is the most influential parameter
on EHF, since it obtained the highest index value for
first order, second order and total effects. From the
first order effects indices, it was observed that, after
occupant density, the contact with the ground and
the window opening factor are the most influential
parameters on both EHF and average Operative Tem-
perature. The index values for these two outputs are
similar overall, since EHF is calculated from the Op-
erative Temperature. Therefore, the annual average
Operative Temperature results were not plotted. The
most influential parameters on the ACH are, as ex-
pected, the ones related to the zone’s openings. They
are: opening factor of the window; exposure condition
of walls and windows; and WWR.
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Figure 6: First order and total effects from Sobol’s
sensitivity analysis on EHF.

Significant colinearities are identified among the pa-
rameters. Even though the zone area has a higher
first order index, the exposure of the walls and the
roof could be more influential on the EHF, when com-
bined with certain parameters. Second order effects
analysis shows high interaction between the exterior
walls exposure and the opening factor of the win-
dow. The interaction could be explained due to the
the higher influence of either one or two windows on
the facade when the window opening factor is higher.
The highest second order effect index for EHF was
the one relating occupant density and ground expo-
sure. These two parameters were also the two most
influential for first order and total effects analyses.

Thus, this strong relation points out how contact with
the ground can help to dissipate internal heat gains
at the climate of Sao Paulo.

Based on the SA results, some the least influential
parameters were not considered as input features for
the final model. They are: height of the zone’s floor;
SHGC; wall thermal capacity; shading device; build-
ing ratio.

Surrogate model

From the 112 000 simulations generated to train the
ANN, EHF results varied from 0,06 to 1,00, according
to Figure 8.

Figure 7: First order and total effects from Sobol’s
sensitivity analysis on annual average ACH.

The final surrogate model was defined with the follow-
ing parameters: occupant density; contact to ground;
roof exposure; window opening factor; exterior walls
exposure; area of the floor; ratio between length and
width of the floor; WWR; wall transmittance; az-
imuth; exterior surface solar absorptance; and zone
ceiling height. All these parameters were varied us-
ing the same range of the SA, shown on Table 1. Pa-
rameters not considered for the surrogate model had
their values fixed according to Table 3. The choice
for the fixed values was based on the most common
values found the real buildings database, except for
floor height and building ratio, which were set in the
mid point.

Figure 8: Histogram of the EHF results for the ANN’s
training sample.
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Table 3: Parameters with fix values. Not considered
by the surrogate model.

Parameter Fix Value
Shading [m] 0

Wall Thermal 155
Capacity [kJ/m2K]

SHGC [−] 0,87
Floor Height [m] 15
Building ratio [−] 1,0

Roof and ground exposure were defined as a binary
feature, corresponding to 0 (adiabatic) and 1 (ex-
posed). One parameter was not represented as a num-
ber. Instead, it was transformed into a string feature.
The string represented the zone’s walls and windows
exposure. The rest of the parameters were normalized
to values between -1 and 1.

The final model was an ANN with two hidden layers:
one with 50 nodes; the other with 20 nodes. The cho-
sen algorithm for the optimization of the model was
the Adagrad’s Optimizer (available on TensorFlow),
with a learning rate of 0,05.

Figure 9 presents a scatter plot comparing results be-
tween simulations and predictions for the validation
dataset, which had the parameters not considered as
inputs for the ANN training set with the same values
as the ones fixed in the training sample. The mean
absolute error was 0,008, and the absolute error of
the 95th percentile was 0,024.

Figure 9: Differences between EHF results from sim-
ulation ANN prediction with fixed values.

For the dataset used in the SA, the mean absolute
error between simulation and prediction was 0,040,
and the absolute error of the 95th percentile was 0,129
(Figure 10). This dataset did not have any of the in-
puts set on a fixed value. The ANN overestimates
the EHF for most of the compared cases, a bias that
occurs due to the choice of the fixed values. There-
fore, some cases have lower EHF calculated by the
simulation because of their shading device, or lower
SHGC.

Figure 10: Differences between EHF results from sim-
ulation ANN prediction.

Conclusion

Natural ventilation is a passive cooling strategy for
buildings. It works in a complex way, and its simula-
tion can be expansive, specially in the first stages of
the building design. A surrogate model could be of
great use to estimate thermal comfort in early design
phases in a simple and fast way. Thus, it simplifies
the estimation of different scenarios with low com-
puter cost. The performance results of the proposed
ANN for the climate of Sao Paulo, Brazil, showed
that it is possible to develop a simple model, with
few input parameters, that could be useful for archi-
tects, designers and other decision makers in the early
stages of building design.

Further studies could include characteristics of the
climate as input features of the surrogate model. This
would allow the development of a model suitable for
different cities around the world.
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Abstract 

The proliferation of building automation systems, smart 

and predictive control strategies can improve buildings’ 

adaptability to occupancy variations. However, no 

holistic metrics currently exist to evaluate these 

technologies nor to quantify this aspect of building 

performance. To this end, we present a technology-neutral 

approach to define adaptability as a building performance 

attribute and propose metrics to quantify it. To 

demonstrate this approach, a case-study based on 

simulating a single-story office was used to compare 

several control strategies with regards to their effect on 

improving adaptability, especially under variable 

occupancy scenarios. The proposed metrics enable 

designers and operators to quickly evaluate the effect of 

different control strategies and design decisions on 

building adaptability.  

1. Introduction 

New societal trends such as teleworking, co-working, and 

home-sharing are rapidly changing building occupancy 

patterns. For example, more than half of the Canadian 

workforce reported having flexible work schedules which 

has implications on the time they spend in their homes and 

offices (Zeytinoglu et al. 2009). This trend will likely 

keep increasing, in part due technological advances that 

facilitate remote work and virtual communications. 

Standard assumptions suggest offices are nearly fully 

occupied on weekdays while residential dwellings are 

nearly fully occupied on weeknights and weekends 

(ASHRAE, 2016; National Research Council, 2015). In 

contrast, previous studies found that actual occupancy in 

office buildings rarely exceeds 50% on weekdays, with 

large variations from one space to another (Mahdavi et al. 

2008; Yang and Becerik-Gerber, 2014a, 2014b).  

Despite these findings, schedules (for occupancy and load 

profiles) used for simulation at the building design stage 

were largely developed in the 1980s (Abushakra et al. 

2004) – before the concepts of telecommuting and virtual 

communications became commonplace. Furthermore, in 

existing buildings, operators typically respond to the 

diversity in occupancy patterns by choosing more 

conservative schedules - for example by reducing 

temperature setback periods to minimize potential 

occupant complaints (Gunay et al. 2015). This results in 

maintaining comfortable conditions for a longer period 

than occupancy duration, which increases energy use 

unnecessarily. The same issues also apply to other 

building systems such as lighting and ventilation, which 

are typically controlled under the assumption of full or 

near full occupancy. However, it must be noted that the 

design of building systems and granularity of available 

controls can also prevent building operations from 

quickly responding to occupancy variations. 

1.1 Defining building operations’ adaptability 

Within the context of this paper, “adaptability” refers to 

the degree to which building systems’ operations and 

energy use is proportional to the number of occupants at 

both the temporal and spatial scales. Figure 1 shows a 

conceptual representation of optimal adaptability relative 

to traditional operational strategies that do not adjust 

building operations to variable occupancy. Adaptable 

operations arguably decrease energy use under lower 

occupancy conditions up to a certain limit, because 

reducing energy use in unoccupied buildings or spaces to 

zero is practically unfeasible – for several reasons such as 

mandatory safety and security requirements and 

maintaining temperature and humidity conditions to 

prevent potential damage. 

 

Figure 1: Conceptual overview of adaptable building 

performance 

Several building systems and controls can improve 

buildings’ adaptability such as demand-controlled 

ventilation (DCV), occupancy-based lighting controls, 

and model predictive control strategies. These systems 

can achieve significant energy savings for different end-

uses such as lighting, heating and cooling. For example, 

Brandemuehl and Braun (1999) showed up to 20% 

savings in electrical energy use for cooling in an office 

building because of using DCV. Other adaptable control 

strategies to control lighting, heating and cooling set-

points were also found to achieve significant energy 

savings in previous studies (Gunay et al. 2015, Gunay et 

al. 2017a, 2017b; Henze et al. 2005; Ma et al. 2012; 
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Moroşan et al. 2010; Nagy et al. 2015; Peng et al. 2017). 

Woolley et al. (2014) argued that the energy savings of 

these systems are very sensitive to their responsiveness to 

occupancy variations. For example, the performance of 

model predictive controls is highly dependent on the 

accuracy and consistency of short-term predictions used 

to identify optimal control decisions (Gunay et al. 2014). 

Therefore, in addition to quantifying associated energy 

savings, evaluation of these systems should reflect the 

degree to which they improve buildings’ adaptability to 

occupancy variations. 

Building performance metrics are defined as any 

measurable quantity that assesses a performance attribute 

such as structural reliability, environmental impact, or 

energy efficiency. They should reflect progress towards 

achieving a specific goal with a clear definition of the 

boundaries of their measurement (Deru et al. 2005). The 

occupant-related domain is relatively under-developed 

with regards to building performance metrics, despite its 

significant effect (O’Brien et al. 2017). In other words, 

commonly used building performance metrics (e.g. 

energy use intensity) do not evaluate nor quantify 

adaptability at both the design and operational phases. 

Therefore, building energy codes and standards rely on 

prescriptive requirements to increase buildings’ 

adaptability. For example, ASHRAE Standard 90.1 

(2016) only requires DCV for spaces larger than 50 m2 

with a design occupancy greater than 25 people per 100 

m2. Similarly, occupancy-based lighting controls are only 

specified for certain building and space types - for 

example to automatically reduce lighting by at least 50% 

within 20 minutes of occupants’ departure (ASHRAE, 

2016). However, there is a growing trend towards 

performance-based code compliance using building 

simulations. This approach relies on specified schedules 

that assume repetitive and near-full occupancy. One of the 

disadvantages of these assumptions is downplaying the 

potential benefits of adaptable building technologies 

which are more significant under low and variable 

occupancy scenarios (O’Brien and Gunay, 2019).   

1.2 Goals and Objectives 

The main goal of this paper is to propose a new set of 

technology-neutral building performance metrics to 

evaluate building operations’ adaptability.  

The proposed metrics can be widely applied to assess the 

contribution of different building systems towards 

improving adaptability. They focus on evaluating 

different energy end-uses relative to occupancy patterns 

and reporting energy consumption normalized to hourly 

occupancy. They can be calculated from building 

performance simulation outputs or using data collected 

from building energy management systems (BEMS) in 

existing buildings. This paper will focus on providing 

detailed descriptions of the proposed metrics and their 

calculation methods. A simulation-based investigation of 

an office building will be used as an example to 

demonstrate the process of calculating these metrics and 

using them to evaluate control strategies.  

Calculating some of the proposed metrics requires 

detailed occupancy data, which may not be available in 

existing or new buildings, especially for new buildings at 

the design stage. Therefore, alternative calculation 

methods and simulation approaches to represent variable 

occupancy are also presented. With the shift towards 

occupant-centric building design and operations, this 

paper’s contributions are relevant for building energy 

codes and rating schemes as they provide widely 

applicable and reproducible metrics to evaluate 

adaptability - a typically overlooked aspect of building 

performance. Furthermore, the proposed metrics can be 

used to assess and compare different building 

technologies and control strategies. 

2. Research Method: Developing 

adaptability metrics 

The performance objective to be quantified using the 

proposed metrics is defined as “building operations’ 

adaptability to variable occupancy”. The conceptual 

framework used to categorize the proposed metrics 

resulted in three distinctive groups that measure different 

aspects of adaptability as follows: 

1. Metrics focusing on quantifying occupied vs. 

unoccupied energy use 

2. Metrics focusing on measuring the utilization of 

different building systems at full capacity relative to 

equivalent occupancy at full capacity 

3. Metrics focusing on using occupancy as the 

normalizing factor for building performance 

reporting rather than floor area 

The proposed metrics can be reported at annual, monthly 

or daily resolutions. They can also focus on specific 

building zones or entire buildings. If the goal is assessing 

overall building operations, adaptability metrics should be 

calculated at the building scale over annual periods. 

However, focusing on a certain building zones during 

parts of the year can provide useful insight. For example, 

calculating the unoccupied energy use ratio for a sparsely 

occupied zone at specific times of the year can provide a 

quick indication of non-adaptable performance and 

prompt operational changes to its mechanical or lighting 

systems. 

Given the importance of data availability for calculating 

the proposed metrics, alternative calculation methods if 

detailed occupancy data is unavailable are discussed in 

this section. The following sub-sections provide more 

detailed explanation of the proposed metrics and their 

calculation approaches. 

2.1 Unoccupied energy use 

The first category of adaptability metrics focuses on 

energy use during occupied vs. unoccupied hours. These 

metrics quantify the amount of energy used while the 

building or zone is unoccupied. If accurate hourly 

occupancy data is unavailable, these metrics can be 

estimated based on projected occupancy patterns. For 

example, an overnight ratio can be used for office 

buildings where night-time occupancy is expected to be 
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zero. Selecting the exact timing of night hours for such 

analysis may vary from one building to another based on 

its type and any known information about its typical use. 

The proposed unoccupied ratios can be calculated based 

on equations 1 – 5 for lights, plug loads, fans, heating and 

cooling, respectively. The time scale used for calculating 

these metrics can vary from a few days to a whole year 

depending on the analysis objective and available data. 

Similarly, these metrics can be calculated for an entire 

building or can focus on specific zones. A similar 

approach can be used to quantify the duration of 

maintaining heating/cooling set-points while a zone is 

unoccupied, relative to the total duration at which 

heating/cooling set-point is maintained. It must be noted 

that the type of mechanical systems used in the building 

and the HVAC zoning layout affects the possibility of 

calculating these metrics at the zone level. For example, 

if the building’s mechanical system does not include 

terminal fans, fan energy use should be calculated for air 

handling units serving multiple zones.  

𝑈𝑛𝑜𝑐𝑐𝑢𝑝𝑖𝑒𝑑 𝑙𝑖𝑔ℎ𝑡 𝑢𝑠𝑒 𝑟𝑎𝑡𝑖𝑜 =  
∑ 𝐿𝑢𝑛𝑜𝑐𝑐𝑢𝑝𝑖𝑒𝑑,   𝑖

𝑖=𝑛
𝑖=1

∑ 𝐿𝑡𝑜𝑡𝑎𝑙
   (1) 

𝑈𝑛𝑜𝑐𝑐𝑢𝑝𝑖𝑒𝑑 𝑝𝑙𝑢𝑔 𝑙𝑜𝑎𝑑𝑠 𝑢𝑠𝑒 𝑟𝑎𝑡𝑖𝑜 =  
∑ 𝑃𝑢𝑛𝑜𝑐𝑐𝑢𝑝𝑖𝑒𝑑,   𝑖

𝑖=𝑛
𝑖=1

∑ 𝑃𝑡𝑜𝑡𝑎𝑙
  (2) 

𝑈𝑛𝑜𝑐𝑐𝑢𝑝𝑖𝑒𝑑 𝑓𝑎𝑛 𝑢𝑠𝑒 𝑟𝑎𝑡𝑖𝑜 =  
∑ 𝐹𝑢𝑛𝑜𝑐𝑐𝑢𝑝𝑖𝑒𝑑,   𝑖

𝑖=𝑛
𝑖=1

∑ 𝐹𝑡𝑜𝑡𝑎𝑙
   (3) 

𝑈𝑛𝑜𝑐𝑐𝑢𝑝𝑖𝑒𝑑 ℎ𝑒𝑎𝑡𝑖𝑛𝑔 𝑟𝑎𝑡𝑖𝑜 =  
∑ 𝐻𝑢𝑛𝑜𝑐𝑐𝑢𝑝𝑖𝑒𝑑,   𝑖

𝑖=𝑛
𝑖=1

∑ 𝐻𝑡𝑜𝑡𝑎𝑙,   𝑖
𝑖=𝑛
𝑖=1

   (4) 

𝑈𝑛𝑜𝑐𝑐𝑢𝑝𝑖𝑒𝑑 𝑐𝑜𝑜𝑙𝑖𝑛𝑔 𝑟𝑎𝑡𝑖𝑜 =  
∑ 𝐶𝑢𝑛𝑜𝑐𝑐𝑢𝑝𝑖𝑒𝑑,   𝑖

𝑖=𝑛
𝑖=1

∑ 𝐶𝑡𝑜𝑡𝑎𝑙,   𝑖
𝑖=𝑛
𝑖=1

   (5) 

where n is the total number of zones in the building, 

Lunoccupied is light use during unoccupied hours, Ltotal is 

total light use, Punoccupied is plug loads use during 

unoccupied hours, Ptotal is total plug loads use, Funoccupied is 

fan energy use during unoccupied hours, Ftotal is total fan 

energy use, Hunoccupied is heating energy use during 

unoccupied hours, Htotal is total heating energy use, 

Cunoccupied is cooling energy use during unoccupied hours, 

Ctotal is total cooling energy use. Note that these metrics 

can be calculated at different temporal and spatial scales 

A lower value for unoccupied ratio is more desirable for 

all end-uses since it indicates that less energy is used in 

the building when it is unoccupied. Theoretically, the 

minimum unoccupied energy use would be zero, but 

practical limitations due to safety and operational 

requirements mean that energy use is still needed even 

when the building is completely unoccupied. For 

example, some building systems such as thermally 

activated slabs must be operated prior to occupants’ 

arrival due to their slow response. These considerations 

should be accounted for when evaluating unoccupied 

energy use ratios, yet the goal of building designers and 

operators should be minimizing unoccupied ratios to 

increase buildings’ adaptability. 

2.2 Utilization factors 

The second category of adaptability metrics focuses on 

the utilization of different building systems. It is partially 

inspired by a common metric used in electrical 

engineering bearing the same name. It represents the ratio 

of time a piece of equipment is in use relative to the total 

time at which it could have been in use (Bayliss and 

Hardy, 2012). In other words, this metric focuses on 

equipment use duration as a measure of its utilization. 

Within the context of buildings’ adaptability, the 

proposed utilization factors were adapted to quantify the 

equivalent duration of energy use at full capacity relative 

to the equivalent duration of occupancy at full capacity.  

Utilization factors can be calculated using equations 6 – 

10 for lights, plug loads, fans, heating, and cooling, 

respectively. Although granular occupancy data is 

required to calculate these factors, the equivalent hours of 

occupancy at full capacity can also be estimated based on 

information about building use. Similar to unoccupied use 

ratios, the proposed utilization factors can be calculated at 

various temporal and spatial scales depending on 

available data and the analysis objective. 

𝐿𝑖𝑔ℎ𝑡 𝑢𝑡𝑖𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑓𝑎𝑐𝑡𝑜𝑟 =  ∑
𝐿𝑖

𝐿𝑚𝑎𝑥,   𝑖

𝑖=𝑛
𝑖=1 / ∑

𝑂𝑖

𝑂𝑚𝑎𝑥,   𝑖

𝑖=𝑛
𝑖=1    (6) 

𝑃𝑙𝑢𝑔 𝑙𝑜𝑎𝑑𝑠 𝑢𝑡𝑖𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑓𝑎𝑐𝑡𝑜𝑟 =  ∑
𝑃𝑖

𝑃𝑚𝑎𝑥,   𝑖

𝑖=𝑛
𝑖=1 / ∑

𝑂𝑖

𝑂𝑚𝑎𝑥,   𝑖

𝑖=𝑛
𝑖=1   (7) 

𝐹𝑎𝑛𝑠 𝑢𝑡𝑖𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑓𝑎𝑐𝑡𝑜𝑟 =  ∑
𝐹𝑖

𝐹𝑚𝑎𝑥,   𝑖

𝑖=𝑛
𝑖=1 / ∑

𝑂𝑖

𝑂𝑚𝑎𝑥,   𝑖

𝑖=𝑛
𝑖=1    (8) 

𝐻𝑒𝑎𝑡𝑖𝑛𝑔 𝑢𝑡𝑖𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑓𝑎𝑐𝑡𝑜𝑟 =  ∑
𝐻𝑖

𝐻𝑚𝑎𝑥,   𝑖

𝑖=𝑛
𝑖=1 / ∑

𝑂𝑖

𝑂𝑚𝑎𝑥,   𝑖𝑖

𝑖=𝑛
𝑖=1    (9) 

𝐶𝑜𝑜𝑙𝑖𝑛𝑔 𝑢𝑡𝑖𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑓𝑎𝑐𝑡𝑜𝑟 =  ∑
𝐶𝑚𝑎𝑥,   𝑖

𝐻𝑚𝑎𝑥,   𝑖

𝑖=𝑛
𝑖=1 / ∑

𝑂𝑖

𝑂𝑚𝑎𝑥,   𝑖

𝑖=𝑛
𝑖=1            (10) 

Where Li is the total hourly light use in zone i, Lmax, i is 

the design peak light use in zone i, Oi is the sum of 

occupant-hours in zone i, Omax, i is the peak number of 

occupant-hours in zone i, Pi is the total hourly plug loads 

use in zone i, P max, i is the peak plug loads use in zone i, 

Fi is the total fan energy use in zone i, F max, i is the peak 

fan energy use in zone i,  Hi is the total heating energy use 

in zone i, H max, i is the peak heating energy for zone i, Ci 

is the total cooling energy use in zone i, C max, i is the peak 

cooling energy for zone i 

Although utilization factor is a unitless metric, a lower 

value indicates less energy is used relative to occupancy. 

A utilization factor of one means that building systems are 

used proportionally to the number of occupants (i.e. the 

equivalent duration of energy use at full capacity is equal 

to the equivalent duration of occupancy at full capacity). 

Therefore, a lower value for utilization factors is desirable 

since it indicates less energy is used relative to occupancy. 

In some cases, the utilization factor may be even lower 

than one if the equivalent duration of using building 

systems at full capacity is lower than the equivalent 

duration of occupancy at full capacity. This would result 

from building systems that adapt to external factors other 

than the number of occupants., such as daylight controls. 

2.3 Occupant-normalized energy use 

The proposed set of metrics in this category focus on 

normalizing energy use by the aggregate hourly number 

of occupants (i.e. occupant-hours), which implicitly 

accounts for occupancy variations. Calculating these 

metrics requires hourly occupancy data and can be done 

using equations 11 – 15 for lights, plug loads, and fans, 

heating and cooling respectively. These metrics can also 

be calculated at various temporal and spatial scales 
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depending on available data and the analysis objective 

similar to the previous categories. 

𝑂𝑐𝑐𝑢𝑝𝑎𝑛𝑡 − 𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑙𝑖𝑔ℎ𝑡 𝑢𝑠𝑒 =  
∑ L𝑖

𝑖=𝑛
𝑖=1

∑ O𝑖
𝑖=𝑛
𝑖=1

                          (11) 

𝑂𝑐𝑐𝑢𝑝𝑎𝑛𝑡 − 𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑝𝑙𝑢𝑔 𝑙𝑜𝑎𝑑𝑠 𝑢𝑠𝑒 =  
∑ 𝑃𝑖

𝑖=𝑛
𝑖=1

∑ O𝑖
𝑖=𝑛
𝑖=1

                (12) 

𝑂𝑐𝑐𝑢𝑝𝑎𝑛𝑡 − 𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑓𝑎𝑛 𝑢𝑠𝑒 =  
∑ F𝑡𝑜𝑡𝑎𝑙

∑ O𝑡𝑜𝑡𝑎𝑙
                         (13) 

𝑂𝑐𝑐𝑢𝑝𝑎𝑛𝑡 − 𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 ℎ𝑒𝑡𝑖𝑛𝑔 𝑒𝑛𝑒𝑟𝑔𝑦 𝑢𝑠𝑒 =  
∑ F𝑡𝑜𝑡𝑎𝑙

∑ O𝑡𝑜𝑡𝑎𝑙
          (14) 

𝑂𝑐𝑐𝑢𝑝𝑎𝑛𝑡 − 𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑐𝑜𝑜𝑙𝑖𝑛𝑔 𝑒𝑛𝑒𝑟𝑔𝑦 𝑢𝑠𝑒 =  
∑ F𝑡𝑜𝑡𝑎𝑙

∑ O𝑡𝑜𝑡𝑎𝑙
         (15) 

where Li is the total hourly light use in zone i, Oi is the 

total occupant-hours in zone i, Pi is the total hourly plug 

loads use in zone i, Ftotal is the total fan energy use in the 

building, and Ototal is the total number of occupant-hours 

across the building.  

A lower value for occupant-normalized energy use is 

desirable since it implies better adaptability. However, 

since many other factors affect energy use, this category 

of metrics may be influenced by other building-specific 

parameters such as the type of mechanical systems used 

or envelope characteristics. Despite these influences, 

normalizing energy use to the number of occupants rather 

than floor area under the same conditions (e.g. for the 

same building and under similar weather conditions) 

provides an indication for adaptability. Designers and 

operators should aim to decrease the value of occupant-

normalized energy use to the lowest attainable levels to 

reflect improved adaptability.  

2.4 Whole building metrics 

Two approaches are presented in this paper to quantify 

overall building adaptability. The first focuses on 

quantifying average unoccupied ratios and utilization 

factors based on these calculated metrics for all end-uses. 

These averages represent the overall adaptability 

performance of different building systems and end-uses. 

An alternative approach, presented below, entails 

calculating the three categories of adaptability metrics 

using total energy use and overall building occupancy as 

shown in equations 16 – 18. If detailed occupancy data 

does not exist for the building, occupancy profiles may 

also be estimated based on available information 

regarding the building’s typical use. 

𝑈𝑛𝑜𝑐𝑐𝑢𝑝𝑖𝑒𝑑 𝑡𝑜𝑡𝑎𝑙 𝑒𝑛𝑒𝑟𝑔𝑦 𝑢𝑠𝑒 𝑟𝑎𝑡𝑖𝑜 =  
∑ 𝐸𝑢𝑛𝑜𝑐𝑐𝑢𝑝𝑖𝑒𝑑

∑ 𝐸𝑡𝑜𝑡𝑎𝑙
                (16) 

𝑇𝑜𝑡𝑎𝑙 𝑒𝑛𝑒𝑟𝑔𝑦 𝑢𝑡𝑖𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑓𝑎𝑐𝑡𝑜𝑟 =  ∑
𝐸𝑡𝑜𝑡𝑎𝑙

𝐸𝑚𝑎𝑥
/ ∑

𝑂𝑡𝑜𝑡𝑎𝑙

𝑂𝑚𝑎𝑥
               (17) 

𝑂𝑐𝑐𝑢𝑝𝑎𝑛𝑡 − 𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑡𝑜𝑡𝑎𝑙 𝑒𝑛𝑒𝑟𝑔𝑦 𝑢𝑠𝑒 =  
∑ E𝑡𝑜𝑡𝑎𝑙

∑ O𝑡𝑜𝑡𝑎𝑙
             (18) 

where Eunoccupied is the aggregate hourly energy use during 

unoccupied hours, Etotal is the total energy use, Emax is 

peak energy use, Ototal is the sum of occupant-hours in the 

building, and Omax is the peak number of occupant-hours. 

This group of metrics is only applicable at the building 

level but may be calculated at different temporal scales. A 

benchmark or minimum threshold for these metrics would 

vary based on building type, location and other factors. 

However, a lower value is generally desirable as it 

indicates more adaptability. 

3. Results: Case-study simulation to 

demonstrate using adaptability metrics 

A case-study based on simulating a single-story office 

building, shown in Figure 2, is presented to demonstrate 

an example of using the proposed adaptability metrics. 

The building envelope specifications were chosen based 

on ASHRAE Standard 90.1’s (2016) requirements for 

climate zone 6a, while its mechanical system was 

modeled as a dedicated outdoor air system. A central air 

handling unit (AHU) was modeled to supply outdoor air, 

with fan coil units in each zone for recirculation.  All other 

inputs related to occupant density, lighting and equipment 

power density were specified per ASHRAE Standard 90.1 

for office buildings. 

 

Figure 2: Dimensions of the modeled office building 

Results of an annual simulation of this building were used 

to calculate the proposed metrics, which are presented in 

Table 1. Based on the metrics definitions explained 

earlier, a lower value is generally more desirable as it 

implies higher adaptability. Unoccupied use ratios and 

utilization factors were lowest for cooling energy use 

because the building was simulated in a heating-

dominated climate. Furthermore, the cooling availability 

schedule based on standard schedules assumes no 

overnight cooling for this climate. On the other hand, 

metrics related other end-uses, such as heating, lights and 

fans were relatively higher.  

Table 1: Adaptability metrics of a single-story office 

building simulated in ASHRAE climate zone 6a 

Metric Unit Value 

Unoccupied use ratios 

Light use ratio - 0.07 

Plug loads use ratio - 0.22 

Fan use ratio - 0.12 

Heating ratio - 0.46 

Cooling ratio - 0.01 

Utilization factors 

Lights  - 1.39 

Plug loads - 1.96 

Fans - 1.12 

Heating  0.14 

Cooling - 0.056 
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Occupant-normalized energy use 

Light use 

kWh/occupant-
hour/year 

0.23 

Plug loads use 0.36 

Fan use 0.1 

Heating energy use 0.29 

Cooling energy use 0.04 

Whole building metrics 

Average unoccupied 
use ratio 

- 0.098 

Average utilization 
factor 

- 0.92 

Unoccupied total 
energy use ratio 

- 0.15 

Total energy utilization 
factor 

- 0.21 

 

3.1 Using adaptability metrics to evaluate lighting 

control strategies 

The proposed metrics were used to evaluate the effect of 

different lighting control strategies on improving 

adaptability. Some of the evaluated lighting control 

strategies included occupancy-based controls which 

required more precise information about each occupant’s 

presence within the building. Therefore, individual 

occupants’ presence was simulated using the Page et al. 

(2008) model, which is a stochastic agent-based model 

that treats occupants as individuals. The input schedule 

used for the Page et al. (2008) model was the ASHRAE 

Standard 90.1 office occupancy schedule multiplied by 

0.8, 0.6, and 0.4, representing high, medium, and low 

occupancy, respectively.  

This demonstration only focused on the west-facing 

perimeter zone of the building as an example since some 

of the implemented controls included daylight controls. 

For the proposed occupancy-based controls, light use in 

this zone was assumed to be proportional to the number 

of occupants present at each time step, where the total 

number of modelled occupants was four. In other words, 

25% of the west zone’s light use was controlled based on 

each occupant’s presence profile (since it has a maximum 

occupancy of four). Four different lighting control 

strategies were investigated. The first strategy, which 

represented the baseline case for this analysis, entailed 

using ASHRAE Standard 90.1 lighting schedules for 

offices (i.e. schedule-based controls). The second strategy 

focused on occupancy-based controls where lights are 

automatically turned on as soon as the occupant arrived in 

the zone and turned off after 15 minutes from the 

occupant’s departure. The third strategy included the 

same occupancy-based controls in addition to daylight 

controls with continuous dimming to maintain workplane 

illuminance at 500 lux. The fourth controls strategy used 

the same control logic for occupancy-based and daylight 

controls used in the third case, but without the 15-minute 

delay in switching lights off upon occupants’ departure. 

Figure 3 shows a visual comparison of annual light use 

under low occupancy conditions (ASHRAE 90.1 

occupancy schedule multiplied by 0.4) given each of the 

investigated lighting control strategies. The goal of 

increasing adaptability is minimizing instances where 

lights are used in this zone while it is unoccupied. 

 

a 

 

b 

 

c 
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d 

Figure 3: Light use relative to occupancy under low 

occupancy and a) schedule-based controls b) 

occupancy-based controls with a 15-minute delay, c) 

occupancy-based controls with a 15-minute delay and 

daylight controls, d) occupancy-based controls without 

vacancy delay and daylight controls 

Light utilization factors were calculated under the 

different occupancy scenarios described above to quantify 

the effect of lighting control strategies on improving 

adaptability as shown in Figure 4. Results indicate that 

light utilization factor was lower for occupancy-based 

controls under all simulated occupancy scenarios 

(standard, high, medium, low). In contrast, light 

utilization factors generally increased at lower occupancy, 

which indicates lower adaptability as occupancy level 

decreases. One of the notable observations, however, is 

the slower rate of increase in utilization factors’ value 

when occupancy-based controls were simulated. This 

observation highlights the advantages of these control 

strategies in maintaining adaptability as occupancy 

decreases. Similar observations were also found for 

occupant-normalized light use which decreased with 

occupancy-based controls for all occupancy levels. 

 

 

Figure 4: Changes in lights utilization factor and 

occupant-normalized light energy use with different 

control strategies and occupancy scenarios 

4. Discussion 

A new approach to assess building performance was 

proposed by focusing on adaptability to variable 

occupancy. Previous studies suggest that building 

occupancy is typically lower than assumed, thus 

evaluating building performance under these conditions is 

necessary. Although technologies to adapt building 

operations and energy use to lower occupancy exist, the 

proposed metrics enable evaluating and comparing their 

effect on improving adaptability. Some of the proposed 

metrics have limitations since they may not capture all 

aspects of adaptability. For example, unoccupied ratios do 

not account for occupancy variations while the building is 

occupied. The proposed utilization factors address this 

issue by analyzing building energy use relative to variable 

occupancy, yet they can be relatively more challenging to 

calculate. Generally, the proposed metrics should be 

interpreted within the context of their potential limitations 

in quantifying adaptability, which should be addressed in 

future research. 

One of the key requirements for evaluating adaptability is 

access to data regarding occupancy patterns. Although 

detailed occupancy data for different building zones is 

typically unavailable at the design phase, different 

approaches to represent occupancy variations can be used 

as shown in the presented case-study. However, stochastic 

models for predicting occupancy such as the one 

developed by Page et al. (2008) may not be universally 

applicable since they were developed using data collected 

in a small sample of buildings. Due to the uncertainty in 

predicting occupancy, a standardized approach is required 

for calculating the proposed metrics. One of the main 

suggestions for such approach would be conducting a 

sensitivity analysis considering three levels of occupancy 

(high, medium and low). Calculating adaptability metrics 

under each of these occupancy scenarios and reporting 

their average results can then be used to evaluate and 
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compare adaptability performance. Furthermore, a 

standardized reporting scheme can be developed, which 

would enable ranking buildings against each other with 

regards to their adaptability. 

During the operational phase of a building, occupancy 

data may exist, yet its granularity and accuracy also varies 

widely. The proliferation of new technologies and 

occupant sensing infrastructure are key developments that 

enable collecting occupancy data at higher temporal and 

spatial resolutions (O’Brien et al. 2017). Haq et al. (2014) 

provided an overview of these technologies which range 

from PIR, to radio frequency identification (RFID) and 

wireless sensors, as well as image-based detection 

systems, since they facilitate collecting occupancy counts 

at fine resolutions. Other new approaches to collect 

occupancy data include detecting WiFi counts, or 

processing of surveillance camera feeds (Gunay et al. 

2016). These advances enable more accurate 

representation of building occupancy, which can in-turn 

be used to calculate the proposed adaptability metrics.  

Hourly energy use data is also required to calculate the 

proposed metrics in existing buildings. Therefore, the 

availability of sub-meters for energy end-uses in different 

building spaces is critical. Alternatively, the BEMS in 

existing buildings can be used to collect hourly end-use 

data for different building zones. These systems enable 

remote collection of granular data (Minoli et al. 2017), 

which can be used to calculate the proposed adaptability 

metrics. As a result of ASHRAE Standard 90.1’s 

requirement for energy end-uses to be separately sub-

metered at 15-minute intervals and archived for three 

years, the availability of granular energy use data is also 

expected increase. These developments can increase the 

potential for using the proposed adaptability metrics.  

5. Conclusion 

Current energy codes and standards only address 

adaptability through prescriptive requirements. 

Therefore, performance-based compliance with these 

codes and standards, which assume full or near full 

occupancy, may undermine the potential benefits of 

systems that increase building adaptability. This work 

proposed new building performance metrics that can be 

mandated by energy codes and standards to assess 

adaptability. Although this paper did not provide 

benchmarks for the proposed metrics, future work on this 

topic should focus on identifying adaptability benchmarks 

for different building types and climate zones and 

standardizing their calculation approach.  

Introducing adaptability metrics provides an occupant-

centric building performance evaluation approach, which 

rewards building technologies and control strategies that 

adapt to occupancy variations. Although previous studies 

showed the energy savings potential of these 

technologies, no metrics exist to quantify how well they 

adapt to partial occupancy. By providing reproducible and 

comparable metrics that fit the purpose of evaluating 

adaptability, building designers and operators can quickly 

evaluate the effect of different operational strategies and 

design decisions on this aspect of building performance. 

However, one of the challenges of calculating the 

proposed metrics is the requirement for granular 

occupancy and energy use data, which may not be 

available. To address this issue, alternative calculation 

methods based on estimating occupancy profiles or 

performing sensitivity analyses were proposed. Future 

research should focus on standardizing building 

performance data collection and processing methods for 

calculating adaptability metrics to ensure their 

reproducibility. 
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Abstract

Efficient control of Heating, Ventilation and Air Con-
ditioning systems can lead to great reduction in en-
ergy consumption. This can be achieved by new
data-driven control algorithms based on Reinforce-
ment Learning (RL). In this work Dynamic Simula-
tion is coupled with a model-free RL algorithm to
study its performance in terms of energy saving and
thermal comfort in a realistic scenario. Two mod-
els are derived from the DOE Supermarket Reference
Building for two climate locations. The simulations
performed show a reduction between 5.4% and 9.4%
in primary energy consumption for the two locations,
guaranteeing the same thermal comfort of state-of-
the-art controls.

Introduction

The ecological concern about global warming and
the need of energy savings has become increasingly
present in recent years. The amount of global energy
consumption due to buildings is estimated in 40%, ac-
cording to Prez-Lombard et al. (2008). The reduction
of energy consumption and operating cost of existing
buildings can be achieved by retrofitting. Instead of
acting on the building envelope, retrofit could be im-
plemented by improving the efficiency of the Heat-
ing, Ventilation, Air Conditioning (HVAC) systems.
The control system of the thermal plant represents
a great opportunity to increase the HVAC efficiency.
This work explores by simulation a retrofitting sce-
nario of the control system of the HVAC plant on a
commercial building, with a view to design a scalable
solution on real sites.

The traditional controls for HVAC comprehend
the classes of model-based and rule-based controls.
Model-based controls like Model Predictive Control
can fit to complex thermodynamics and they achieve
good results in terms of primary energy saving on
a single building. Nevertheless, the retrofit applica-
tion of model-based methods requires to develop and
validate a thermo-energetic model for each existing
building. The performance of model-based controls
is strictly related to the model quality. An accurate

model can be expensive and complex to be obtained
at a sufficient level of fidelity in common working con-
ditions. Therefore, the model-based approach is char-
acterized by a high initial investment, an obstacle to
the deployment on everyday building projects and to
scale up this solution on a great number of buildings
(Sturzenegger et al., 2016). Furthermore, when the
building envelope undergoes interventions of energy
efficiency or the building itself change in the desig-
nated use, the model has to be rebuilt and tuned,
with an expensive involvement of a domain expert.
Conversely, rule-based controls (RBC) are state-of-
the-art model-free controls that represents an indus-
try standard. A model-free solution can potentially
scale up, because the absence of a model makes the so-
lution easily applicable on different buildings without
the need for a domain expert (Ruelens et al., 2015).
The main drawback of RBC is that they are difficult
to be optimally tuned because they are not enough
adaptable with respect to the intrinsic complexity of
the coupled building and plant thermodynamics.

Recently a new class of controls have been pro-
posed, composed by data-driven machine learning
(ML) algorithms. Among the others, the data-driven
algorithms based on Reinforcement Learning (RL)
showed promising results as HVAC controls in the
recent works of Ruelens et al. (2015) and Wei et al.
(2017). RL algorithms (Sutton and Barto, 1998) are
suitable to solve optimal control problems in stochas-
tic environments. A lot of applications of RL to
real world scenarios has been studied, for example to
the battery management systems of electric vehicles,
photovoltaic energy storage and domestic hot water
(Vázquez-Canteli and Nagy, 2019). The advantage of
the RL class over traditional controls is that it pro-
vides both model-free and adaptive controls: an RL
algorithm interacts directly with the HVAC control
system and adapt continuously to the controlled en-
vironment using real-time data collected on site with-
out the need to access to a thermo-energetic model of
the building. Hence, an RL solution could obtain
primary energy saving with respect to a RBC, reduc-
ing the operating cost while remaining suitable to a
large-scale application.
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Since an RL control learns online by interacting with
an environment, simulation tools are very attracting
to study an algorithm in the field of building energy
management systems. In this work a simulation-
based comparison between an RL algorithm and a
RBC is presented, using co-simulation with Energy-
Plus software. The numerical study is useful to com-
pare the two controls in a reproducible and fair en-
vironment. The aim of the analysis presented is to
assess the adaptability of a RL control to different
operating conditions, thus checking if the same algo-
rithm can scale up to different buildings.

To reduce the cost of the implementation of the RL
solution on a real scenario, it is assumed that the
data available to the RL control are those commonly
used to monitor an HVAC system. The implemen-
tation of an RL method requires a small initial in-
vestment, comparable to the connection of a single
core computer with the HVAC system. Therefore it
is attractive for a large-scale application on HVAC
systems where the operating cost is high, like those
in charge of the thermo-regulation of a great volume.
One of the building use class where it could be conve-
nient to implement an RL solution is the supermarket
class. Supermarkets are widespread buildings with
variable thermal loads and complex occupational pat-
terns that introduce a non-negligible stochastic com-
ponent from the HVAC control point of view. The
variability of those environments is manifest in the
retail area, which is characterized by a great volume
and it does not require strict comfort requirements.
Consequently, it could be interesting to conduct the
comparison for the retail area of a supermarket.

The U.S. Department of Energy (DOE) provides val-
idated EnergyPlus Reference Buildings suitable for
realistic retrofit applications. Starting from the Su-
permarket Reference Building, two different build-
ing models has been developed within EnergyPlus for
Italian locations, using traditional design handbooks
(Stefanutti, 2001). During each simulation the con-
trol regulates the set-point temperature of the HVAC
plant in charge of the thermo-regulation of the Sales
zone of the building model, which represents the re-
tail area of the supermarket.

Other attempts of using RL as control strategy for
HVAC have already been experimented in a simu-
lated environment but extremely simplified models of
buildings and HVAC plants have been used (Barrett
and Linder, 2015; Ruelens et al., 2015). To the best
of our knowledge, the first attempt to use dynamic
simulation coupled with a recent RL algorithm has
been described by Wei et al. (2017) but the results ob-
tained are difficult to be reproduced since no building
model description is given. The plant considered by
Wei et al. (2017) is a variable air flow volume system
while in this study a more common case of a constant
air flow volume system is studied. Here, inspired by

Table 1: U-Values envelope [ W
m2K ].

Climate Zone E Climate Zone B
External Wall 0.278 0.429

Ceiling 0.257 0.428

Floor 0.238 0.333

Glazing 1.6 2.6

the work of Ruelens et al. (2015), a modified version
of the Fitted-Q-Iteration algorithm is applied to the
two supermarket models. The first paragraph Mod-
elling Methods presents the analysed buildings and it
describes the differences with respect to the original
DOE model for both climate zone B and E. Then
the RBC used as baseline and the RL algorithm for
HVAC control are described in detail in the para-
graph Control Methods. The simulation framework
that combines the EnergyPlus Software with the RL
training algorithm is presented in paragraph Simula-
tion Framework. The simulation results are presented
in paragraph Results to analyze the performance of
the proposed algorithm with respect to the RBC. Fi-
nally, conclusions and possibilities of future work are
presented in paragraph Conclusions.

Modelling methods

The building model has been located in the Italian
locations of Bergamo and Catania. Following Kop-
pen climate zone classification, Bergamo is charac-
terized by a climate type 3A with respectively 778◦C
and 1099◦C cooling and heating Degree-Days (DD);
Catania is classified 4A, with respectively 324◦C
and 2550◦C cooling and heating DD. According to
ASHRAE Standards 90.1-2004 and 90.2-2004 climate
zone, both the locations are classified as Cfa. The
Italian territory is divided into six climate zones in-
creasing from A to F as a function of heating DD
(D.P.R., 1993). Bergamo belongs to the Italian cli-
mate zone E, while Catania to the Italian climate
zone B. In what follows, the locations are referred
according to the Italian climate zone classification.
Real weather data of two years of 2016-2017 has been
collected from open-data sources (ARPA, 2018), to
compare the controls in a realistic scenario.

The DOE Supermarket Reference Building is com-
posed by 6 zones, specifically named Bakery, Deli,
Dry Storage, Office, Produce and Sales. The biggest
area is the Sales zone, which extends for 2325m2. In
the developed building models each zone is indepen-
dently thermo-regulated by an RBC which controls
the internal air set-point. The RBC is followed by
a PI logic that chooses the supply air temperature
of the controlled zone. The building model and the
PI are tuned to accomplish italian law requirements
(MISE, 2015). In this work, the comparison between
the controls involve to replace only the RBC of the
Sales zone with an RL algorithm while retaining the
PI logic to choose the supply air temperature of the
controlled zone. The original constructions have been
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Table 2: Design set-point (* for the Sales zone, the design set-point is substituted by the RBC or RL control),
nominal capacities, lightning and electric load equipment, ventilation requirements, design occupancy and activity
level (MET = Metabolic Equivalent of Task) for each climate zone and thermal zone.

Zone Bakery Deli Dry Storage Office Produce Sales

Set-Point [◦C] B, E
Heating 16 16 14 20 16 (*)
Cooling 25 25 - 25 25 (*)

Nominal E
Cooling 40 40 32 5.6 28 80
Heating 32 40 64 12 96 400

Capacities [kW ] B
Cooling 45 90 65 9 63 225
Heating 30 30 65 10 90 300

Electrical [ W
m2 ] B, E

Lightning 15 15 10 15 15 15
Equipment 15 15 3.5 10 15 3.5

Outdoor Air [m
3

s
] B, E 3.4592 1.4607 4.0423 0.0586 0.4620 15.1125

Occupancy [people] B, E 3 3 62 5 3 465 (max)

MET B, E 1.8 2.0 2.0 1.0 2.0 1.7

modified to accomplish the different regulations for
the two Italian climate zones (MISE, 2008). Table 1
resumes the thermal transmittance (U-value) of con-
structions for each climate zone.

The number of people of the DOE model has been
adapted according to the Italian standard (UNI,
1995). The random occupation model assumed is de-
fined by Page et al. (2008). The parameter of mobil-
ity µ is set to 0.5, corresponding to medium mobility.
The occupation fraction mean value has been kept as
in the original DOE model, between 0.2 in the morn-
ing to 0.8 at 4 p.m. in weekdays. Random occupation
model has been applied only to the Sales zone while
the original occupation schedules have been kept un-
changed for all the other zones. The occupancy activ-
ity level are set according to the Engineering manual
of EnergyPlus, depending on the different activities
conducted in each zone (Table 2). The workers of the
Bakery and Deli zones are assumed to keep a constant
clothing along the year, equal to 0.5 clo, since those
zones have high internal gains. The clothing model
for the occupants of the other zones is the Dynamic
Clothing Model (ASHRAE proposal). The lighting
and electric load equipments have been changed to
the Italian standard values (UNI, 2017), as resumed
in Table 2. Ventilation requirements are specified in
Table 2 in terms of outdoor air. Opening hours are
from 9 a.m. to 9 p.m. on working days and 9 a.m.
to 8 p.m. on each Sunday. The winter season is de-
fined between the 15th October and the 15th April for
climate zone E while for climate zone B it is defined
from the 1st December to the 31th March (D.P.R.,
1993). Heating is available only during winter, while
HVAC is in cooling mode during summer.

Control methods

The HVAC system for the Supermarket model is an
all-air system: both ventilation and air conditioning
are provided by supply air. The HVAC system has
six different air loops, one for each thermal zone, that
handle the outdoor air flow. The logic of each air

loop imposes the delivery air temperature set-point
to guarantee the objective air temperature defined
by the zone set-point. Each loop is driven by a fan
with constant velocity and air diffusers as terminals
to the zone. Heating load is supplied by Furnaces and
cooling load is supplied by Direct Expansion Chillers,
one for each Air Handling Unit. The nominal capac-
ities of the equipments for climate zone B and E ob-
tained by EnergyPlus design simulation are reported
in Table 2. The thermostat for the HVAC system
provides a single set-point and its logic is described
by Stefanutti (2001). Both for climate zone B and E,
the values of the design set-point of the five thermal
zones of the Supermarket Reference Building, all ex-
cept the Sales area controlled, are represented in Ta-
ble 2. These thermal comfort requirements have been
chosen from traditional italian manuals depending on
the zone destination (Stefanutti, 2001). In the con-
trolled zone, the thermostat set-point is set to keep
an objective air temperature above of 16◦C in winter
and below 25◦C in summer.

The state-of-the-art RBC for all-air systems imposes
a constant set-point while the Proportional-Integral
(PI) control modifies the delivery air temperature set-
point (ASHRAE, 2017). The error signal is computed
between the RBC thermostat set-point and the actual
internal air temperature. The PI control system for
both the heating and cooling have been tuned with
Ultimate Oscillation method described in ASHRAE
(2017). The tuning results of the PI control parame-
ters Kp and Ki are listed in Table 3. This control is
established as a baseline for the Sales zone and it will
be compared with a RL based control.

Reinforcement Learning

RL is an Artificial Intelligence framework in which an
agent interacts with an environment and learns the
optimal sequence of actions, represented by a policy,
to reach a desired goal (Sutton and Barto, 1998). In
this work, the environment is one of the supermar-
ket building models described before. The learning
goal of the agent is expressed by means of a reward,
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Table 3: PI tuning for the Climate Zone E and B.
Climate zone E Climate zone B

Heating Cooling Heating Cooling
Thermal Zone Kp Ki Kp Ki Kp Ki Kp Ki

Bakery 1.802 0.217 2.8 0.3 1.802 0.217 2.8 0.3
Deli 1.802 0.217 2.8 0.3 1.802 0.217 1.5 0.3

Dry Storage 1.802 0.217 1.802 0.217 1.802 0.217 1.802 0.217
Office 1.802 0.217 1.802 0.217 1.802 0.217 1.802 0.217

Produce 1.802 0.217 1.6 0.3 1.5 0.3 1.6 0.3
Sales 1.802 0.217 1.6 0.3 1.802 0.217 2.8 0.3

a scalar feedback value returned to the agent which
measures how the agent is behaving with respect to
the learning objective. The agent-environment inter-
action is formalized by means of a Markov Decision
Process (MDP), which is completely described by a
tuple (S,A, r,P), where S is the set of states, A is
the set of actions, r : S × A→ R is the reward func-
tion and P is the transition probability from a state-
action pair to the next state P : S × A × S → [0, 1].
During a discrete sequence of time-step, the agent
improves its policy π : S → P(A), which represents
its behaviour in the environment, where P(A) is a
probability distribution among the global set of ac-
tions. The objective of the policy improvement pro-
cedure is to find the optimal policy π∗, defined as the
policy that maximize the expected discounted return
E[gt] = E[

∑∞
k=0 γ

krt+k], where γ ∈ [0, 1].

The core assumption to model the RL framework as
a MDP is that the state observed by the agent com-
pletely represents the useful information about the
environment. In a real application, the Markovian as-
sumption is relaxed in favor of a ”quasi-Markovian”
condition because the agent can not observe the com-
plete representation of the environment: the state
observed by the agent approximates the actual state
(Sutton and Barto, 1998). To apply the RL frame-
work to a real environment, the quasi-Markovian ap-
proximation is not a negligible assumption: the sig-
nals that compose the observed state have to be care-
fully chosen. This work follows the approach of Ru-
elens et al. (2015), where the observed state is an
array composed of past and current data. A similar
solution has been proposed by Zhang et al. (2018),
where the last 3 historical values of each signal is
included in the observed state. Conversely, the argu-
ments about the quasi-Markovian state are discarded
in Wei et al. (2017), where it is assumed that the fu-
ture internal air temperature dynamics is completely
determined by actual signals about time, solar radia-
tion, outdoor air temperature and indoor air temper-
ature. The state observed by the RL agent studied in
this work is reported in Table 4.

The objective of the RL algorithm applied to the
HVAC control system is to save energy while satisfy-
ing comfort constraints. The translation of the learn-
ing objective into the reward function has to take into
account a trade-off between the two components of

Table 4: State observed by the agent during the RL
time-step t, where (t) actual time-step; (t±4) 4 time-
step before/forecast; Tin zone internal air temperature
of the zone; Tsend delivery air temperature.

Signal Name Signals observed
Season, Weekday

t
time-step of the day

Electric cost, Solar radiance,
t, t− 4

Gas cost
External air temperature t, t+ 4

Tin Bakery, Tin Deli
t, t− 4Tin Dry Storage, Tin Office

Tin Produce, Tin Sales
Humidity Sales, Tsend Sales t, t− 4

comfort and primary energy consumed. In this work
the comfort constraint is defined as an acceptable in-
terval on the internal air temperature [Tb, Tb], where

Tb and Tb depend on the season of the actual time-

step. The interval [Tb, Tb] is fixed to [16◦C, 19◦C]
for winter and [23◦C, 25◦C] for summer (Stefanutti,
2001). Here, the reward at each time-step rt is de-
fined as the sum rt = rA + rB of the two components
of cost rA and comfort rB :

rA := −λc

rB :=

{
0 if Tin ∈ [Tb, Tb]
− exp(p) otherwise

(1)

where c is the sum of the electric energy and thermal
energy costs at each time-step, p = max(Tb−Tin, 0)+

max(Tin − Tb, 0) is the constraint penalization factor
and λ is a trade-off parameter between the comfort
and the cost component. The exponential function
applied on p accounts for the greater importance of
the comfort component as the temperature exceed the
comfort constraints.

In a real application, it needs to be established a
method to evaluate the comfort in the controlled zone
to tune the λ trade-off parameter. A tuning criterion
can be defined by regarding the comfort constraint as
a stochastic constraint. The idea is that given a tem-
perature T and an exceeding value ∆T , the agent can
exceed the temperature T +∆T only with a bounded
probability for each hour of the day. Formally, to de-
fine the stochastic constraint, first compute the em-
pirical probability density function (empirical pdf) of
the internal air temperature values Tin registered for
each hour of the day. An example of such densities
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Table 5: stochastic constraint for λ parameter tuning
divided by each season.

Winter Summer
mE<16 < 20% mE>25 < 20%

mE<15.5 < 8% mE>25.5 < 8%

mE<15 < 3% mE>26 < 3%

for different control systems is showed in Figure 1.
For each hour h of the day, let Eh be the probability
that Tin exceeds the lower temperature Tb for win-

ter and the upper temperature Tb for summer. The
stochastic constraint is defined in terms of the max-
imum exceeding probability over all the hours of the
day, mE<16 for winter and mE>25 for summer. In
addition, mE<15.5, mE<15 for winter and mE>25.5,
mE>26 for summer can be defined. The set of con-
ditions assumed for the stochastic constraint are re-
ported in Table 5.

The RL algorithm improves continuously its policy
by collecting information about the environment dy-
namics. The information collected are summarized
by a set of transitions, that is, a set of tuples T =
{(st, at, rt, st+1)}t. The expected value of the return
obtained by starting in a state s, choosing an action a
and following a policy π is called q-function qπ for the
policy π: qπ(st, at) = Eπ

[
gt | st, at

]
. The agent’s Q-

function Qπ is the approximation of qπ in every pair
(s, a). The optimal policy π∗ satisfies the Bellman
optimality equation:

q∗(st, at) = Eπ∗

[
rt + γmax

at+1

q∗(st+1, at+1)− q∗(st, at)
]

(2)
From equation (2) descends the Q-learning algorithm,
first proposed by Watkins (1989): after a transition
(st, at, rt, st+1), the Q-function is updated by means
of the equation (3):

σ
(1)
t = rt + γmax

at+1

Qπ(st+1, at+1)

Qπ(st, at)← (1− α)Qπ(st, at) + ασ
(1)
t . (3)

where α ∈ [0, 1] is the learning-rate. Multi-step meth-
ods are introduced to improve the Q-function approx-
imation of Q-learning. (Sutton and Barto, 1998). Af-
ter having observed K consecutive transitions, the
Multi-step Q-learning algorithm is characterized by
the following update formula:

σ
(K)
t =

K−1∑
k=0

γkrt+k + γK max
at+K

Qπ(st+K , at+K)

Qπ(st, at)← (1− α)Qπ(st, at) + ασ
(K)
t . (4)

In practice, the application of RL to HVAC control
needs a non-linear regression algorithm because of the
great dimension of the state space, together with the
complexity and non-linearity of the building dynam-
ics. The algorithm analysed in this work is Fitted
Q-Iteration (FQI), developed firstly by Ernst et al.
(2005), where the regression is computed by means of

Algorithm 1.1: Fitted Q-Iteration algorithm

Initialize Q̂0 = 0; day N = 0, transitions set B ← ∅.
for day N ≤ Nmax do

for time-step t of day N do

Acquire transition bt,N using Q̂N ;
B: Append bt,N

end
Set Input I ← ∅; Response R ← ∅;
for transition bj ∈ B do

Compute yj relative to bj with equation (5);
I: Append (sj , aj);
R: Append yj ;

end

Train Q̂N on the input-response pair: (I,R)
end

Outputs a Q̂Nmax approximator.

the Extremely Randomized Tree (Geurts et al., 2006).
FQI is called a batch-mode RL algorithm, because it
processes a transitions set in batch. FQI assumes that
a buffer of past transitionsB = {(sj , aj , rj , sj+1))}j≤t
has been collected, where t is the current time-step.
Then it iterates the regression to the set of transitions
in order to improve the accuracy of the Q-function
approximation Q̂. For each transition bj ∈ B, the
regression procedure uses a response variable value
yj . While in the original FQI the response yj is de-
rived from Q-learning, in this work yj is derived from
Multi-Step Q-learning:

yj =

K−1∑
k=0

γkrj+k + γK max
aj+K

Q̂N−1(sj+K , aj+K) (5)

where Q̂N−1 is the approximator obtained at the pre-
ceding step of the iteration. Finally, the Q̂N approx-
imator is used to derive a new policy and acquire
new transitions. The variant of FQI is called Multi-
Step FQI, or MS-FQI, and the training pseudo-code
is summarized in box 1.1. The MS-FQI is coupled
with is the ε-greedy policy in order to explore the
environment (Sutton and Barto, 1998). This policy
requires the agent to choose with probability 1 − ε
the action with the maximum estimated Q-value and
with probability ε a random action.

Simulation framework

The complete simulation framework comprises the
building model, the communication interface and the
RL framework. The two supermarket models has
been developed using EnergyPlus 8.5. The communi-
cation interface is implemented by the Building Con-
trols Virtual Test Bed 1.5.0, abbreviated BCVTB
(Wetter, 2011). The RL framework is made up of
the environment and the agent components.

The environment is compatible with the OpenAI
Gym framework (Brockman et al., 2016). After re-
ceiving the simulated physical signals from the En-
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Figure 1: Example of the temperature reached by the MS-FQI-1 (red) and PI-Const-15 control (green) in the
working day of the winter testing period ( Results paragraph). The areas show the empirical pdf of the Sales
zone temperature, during the opening time, grouped by hour of the day.

ergyPlus model, it generates the state observed by
the agent by adding the past and forecast signals val-
ues, according to the Table 4. Then, the environment
is in charge of restricting the set of action the agent
can choose among. Furthermore, the environment re-
ceives the chosen action of the agent, it translates the
action into a set-point and it sends back the set-point
to the EnergyPlus model using the BCVTB interface.
The simulation time-step of EnergyPlus is set to 5
minutes, while the delta-time between two consecu-
tive RL time-step is fixed at 15 minutes. Differently
from the other works of Ruelens et al. (2015) and Wei
et al. (2017), the global set of actions available to the
agent depends on the actual time of the day and on
the actual season. The agent has a predefined set of
action available on each season, that comprehends a
only-ventilation action. In addition, the agent is al-
lowed to choose a switch-off action before the opening
time of the Sales zone, to achieve energy saving. The
agent is in charge of choosing the action at each time-
step and updating the Q-function approximation at
the end of each episode. In the simulation analyzed,
an episode is described as a day of activity of the
supermarket, between the 8:30 a.m. and the closing
time of that day.

Results

To demonstrate the performance of RL on retrofit
applications some results are presented about simula-
tions performed using the two modified supermarket
models described before. The simulations cover two
years, specifically from the 1st January 2016 to the
30th December 2017. The first year of each simula-
tion is called training period, while the second year is
called the testing period. The analysis of the simula-
tions performed comprises only the testing period.

The baseline is defined using RBC control with con-

stant seasonal set-point together with the PI control.
The tuning of the baseline set-point follows the cri-
terion of the stochastic constraint in Table 5. To ac-
complish the constraint requirements, the set-point
of the RBC is fixed to 24◦C for summer and 16.5◦C
for winter. The turn-on time of the HVAC system
for the baseline is varied in order understand better
the PI control behaviour with respect to the comfort
and energy saving objectives. Therefore, the control
named PI-Const-30 turns on the HVAC at the 8:30
a.m. of each day, i.e. 30 minutes before the opening
time of the Sales zone, PI-Const-15 15 minutes before
and PI-Const-0 turns on the plant at 9:00 a.m.

The RL agent using the Multi-Step Fitted-Q-
Iteration algorithm is called MS-FQI-λ, depending on
the λ parameter used in the reward function. In par-
ticular, λ is varied within the set {0.1, 1, 2}. The
multi-Step parameter K is fixed to 10 and the dis-
count factor γ = 0.8. The actions available to the
MS-FQI are a discrete set of actions. Specifically,
during winter the agent can choose from the set-point
of 15◦C to the set-point of 18◦C, with a step of 0.5◦C
(i.e. 15◦C, 15.5◦C, 16◦C and so on). During summer,
the MS-FQI is allowed to choose from the set-point
of 24◦C to 26◦C, with a step of 0.5◦C. The ε pa-
rameter of ε-greedy policy is linearly decreased from
1.0 to 0.02 during each RL time-step of the first 6
months of the training period, while is kept constant
from that time-step on. The agent concentrates the
greatest exploration during the training period while
a little exploration is kept during the testing phase to
continuously improve the policy.

To compare the simulations, two metrics are defined.
The consumption metric is expressed in primary en-
ergy consumed during each season of the testing
period, expressed in kWh/m2. The maximum ex-
ceeding quantities mE used previously to define the
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Table 6: Comparison of the results for climate zone B, testing period.

Control
Cons winter mE winter (%) Cons summer mE summer (%)
(kWh/m2) < 16◦ < 15.5◦ < 15◦ (kWh/m2) > 25◦ > 25.5◦ > 26◦

PI-Const-30 24.99 0.91 0.00 0.00 40.54 7.45 2.03 0.36
PI-Const-15 24.47 0.45 0.00 0.00 40.03 7.51 1.85 0.28

PI-Const-0 25.28 0.56 0.01 0.00 41.21 15.81 14.04 12.39
MS-FQI-0.1 27.17 3.41 0.63 0.08 40.23 7.30 1.70 0.25
MS-FQI-1 20.92 2.36 0.09 0.00 39.12 15.33 5.59 1.32
MS-FQI-2 19.51 7.71 0.85 0.21 38.92 16.60 6.31 1.61

Table 7: Comparison of the results for climate zone E, testing period.

Control
Cons winter mE winter (%) Cons summer mE summer (%)
(kWh/m2) < 16◦ < 15.5◦ < 15◦ (kWh/m2) > 25◦ > 25.5◦ > 26◦

PI-Const-30 34.89 18.49 7.77 2.37 35.17 11.76 4.76 1.80
PI-Const-15 33.57 18.08 7.68 2.36 34.90 13.79 5.78 2.19

PI-Const-0 32.61 18.28 8.11 3.01 35.41 34.88 27.25 21.63
MS-FQI-0.1 33.94 9.48 3.12 0.89 35.06 12.69 5.08 2.20
MS-FQI-1 31.56 14.69 6.60 2.50 34.94 14.72 5.42 2.17
MS-FQI-2 30.38 17.40 7.96 3.01 34.38 16.85 5.81 2.14

stochastic constraint are the comfort metric. As an
example, refers to Figure 1: for each hour h, the area
below 16◦C is Eh<16. The maximum over all the hours
is the comfort measure mE<16 (mE = maximum ex-
ceeding). For both the control systems, the max value
is reached during 8 p.m. The MS-FQI-1 keeps a lower
temperature than the PI-Const-15 but it remains in
the comfort bounds, thus reducing the primary en-
ergy consumption. The area above 19◦C is due to
mid-season temperatures and because the HVAC is
in heating mode during winter.

The results of the simulations are reported in Table
6 and Table 7 respectively for climate zones B and
E. The results show that the performance of the PI-
Const control systems vary with respect to the turn-
on time-step. This demonstrates that the turn-on
time is critical to fulfil the comfort constraints. The
PI-Const-0 exceeds the stochastic constraint, while
the other two baselines meet the thermal comfort re-
quirements. The PI-Const-15 is chosen as best base-
line because of better primary energy consumption.

The MS-FQI-λ agents satisfy the stochastic con-
straint. Note that during winter the mE values are
greater for climate zone B while are smaller for cli-
mate zone E with respect to the three baselines. The
MS-FQI-2 achieves a better energy saving for both
the climate zones. Considering the overall testing pe-
riod, it achieves an energy saving of 9.4% and 5.4%
with respect to PI-Const-15, respectively for climate
zone B and E. Overall, the savings obtained by the
agent are higher for winter (20.3% zone B; 9.5% zone
E), than for summer (2.8% zone B; 1.5% zone E).

Discussion

The overall results obtained for both climate zones
are comparable with the primary energy saving ob-
tained by Ruelens et al. (2015), even though their ex-
periments used a very simplified thermal model. Fur-
thermore, the RL agent is trained only for 12 months,

differently from the previous work of Wei et al. (2017),
where the training period consisted of 100 months.

The analysis performed shows that an RL control is
a viable solution for retrofitting, specifically where
design values are not sufficient anymore to guaran-
tee thermal comfort requirements, because of degra-
dation of HVAC system or change in building des-
tination. In addition, reductions of the energy re-
quests can have the same effect of over-sizing of the
HVAC system, so it causes worsening of the control
efficiency, for example after increasing thermal insu-
lation of the envelope. In this case an adaptive algo-
rithm like RL can reach greater savings with respect
to an RBC control tuned for the original designated
use and climate zone. As RL control learns by interac-
tion with environment, it can achieve savings in every
climate zone. To maximize energy saving and obtain
near-optimal control, a re-tuning of the λ trade-off
parameter should be taken into account when chang-
ing climate zone. An interesting improvement over
the studied algorithm regards the reduction of the
training period, which here consisted of 12 months.
The reduction can be directed by an informed explo-
ration policy, different from the ε-greedy used in the
reported simulations, or by a pre-training phase in
a simulated environment, as suggested by Wei et al.
(2017). Model simulations do not account for noisy
signals that can affect the performance of each con-
trol.An example is the weather forecast, which is as-
sumed to be exact in the simulations performed while
it is affected by error in common working conditions.
More investigations are needed to assess the robust-
ness of the RL control when receiving noisy obser-
vations and the adaptability with respect to varying
climate zones and weather conditions. A first analy-
sis of a retrofitting application of the RL framework
on a real site showed promising results in terms of
primary energy saving.
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Conclusions

This work studied the performance of a RL algorithm
with respect to state-of-the-art RBC control system
in a realistic scenario, represented by two building
models based on the Supermarket Reference Building
provided by DOE. The overall results show that the
the RL algorithm achieves 9.4% and 5.4% of primary
energy saving respectively in climate zone B and E,
while guaranteeing the same thermal comfort of RBC
control. The same algorithm is applied as it is to dif-
ferent climate zones, without any tuning phase. This
is an example of the scalability of the RL approach to
different buildings. The research in ML offers oppor-
tunities to study and test new algorithms as building
energy management systems. This study is a step
forward to the application of one machine learning
algorithm as a scalable solution for retrofitting.
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Abstract 

The research underlying this paper investigates the 

feasibility of using Radiance, an open source raytracing 

software, for calculating view factors. Radiance is 

intended, and predominantly used, as an engine for 

lighting simulations. The authors outline the methodology 

for using Radiance solely to calculate view factors and 

then provide a numerical critique of its computational 

speed vis-à-vis standard radiosity-based approach as 

implemented in another open source tool called View3D. 

The results from the case studies presented in this paper 

suggest that while Radiance is unlikely to be effective as 

a drop-in replacement for radiosity-based software, it can 

be advantageously leveraged in scenarios where view 

factors are to be calculated for only specific portions of 

the overall input geometry.  

Introduction 

Radiation view factors are used to mathematically express 

the radiant energy exchange between surfaces. In 

scientific literature, view factors have also been referred 

to as angle factors, area factors, geometrical factors, shape 

factors and configuration factors (Holman 1986; Howell 

et al. 2010).  

For surfaces 1 and 2 shown in Figure 1, the view factor 

F1-2 can be defined as the fraction of radiant energy 

leaving surface 1 that reaches surface 2.  

 

 

Figure 1: Radiative exchange between two surfaces of 

finite areas. A1 and A2 represent the areas of surfaces 1 

and 2 respectively. The equation in the above image 

provides the reciprocity relationship between the two 

surfaces in terms of view factors and areas. 

 

Similarly, the view factor F2-1 can be defined as the 

fraction of radiant energy leaving surface 2 that reaches 

surface 1.  

View factors can also be defined in the context of 

radiation from a large finite surface reaching the surface 

of a differential area. For the finite surface 1 and 

differential surface 2 shown in Figure 2, the view factor 

F1-2 can be defined as the fraction of radiant energy 

leaving surface 1 that reaches the differential area 2. 

 

 

Figure 2: Radiative exchange between a finite surface A1 

and differential surface dA2. 

As shown through the equations in Figure 1 and 2, view 

factors adhere to reciprocity relationships. New view 

factors can be derived from already known view factors 

through additional algebraic manipulations.  One such 

example is shown in Figure 3, where view factors 

between two surfaces are expressed in terms of sub-

divided surfaces.  

The use of view factor calculations is commonplace in 

building simulations. Some of the prominent applications 

are listed below:  

1. Building energy simulations: View factors are 

employed to calculate radiative heat transfer between 

different surfaces in thermal zones and between 

contextual surfaces outside thermal zones. 
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Figure 3: Surface subdivision for calculating view 

factors by approximating a finite surface to be composed 

of several smaller surfaces (Howell et al. 2010). 

 

2. Lighting simulations: View factors are used to 

account for interreflection of luminous flux between 

surfaces in radiosity-based lighting simulation 

software (Ashdown 1994).  

3. Thermal comfort simulations: They are used to 

calculate directly incident solar radiation through 

glazing surface on the human body (Arens et al. 

2015; Hoffmann et al. 2012).  

4. Photovoltaic (PV) simulations: View factors are used 

to calculate the amount of diffused radiation 

collected by PV collectors (Appelbaum and 

Aronescu 2016).   

 

Analytical solutions exist for the calculation of view 

factors between surfaces of simple shapes such as 

polygons, circles and certain three-dimensional surfaces. 

For example, the mathematical relationship for the 

calculation of view factor between two identical, parallel, 

directly opposed rectangles is shown in Figure 4.  

 

 

Figure 4: The analytical solution for calculating the 

view factor between two identical, parallel, directly 

opposed rectangles. F1-2 is the view factor between 

rectangles A1 and A2. (Howell et al. 2010). 

 

A comprehensive list of such analytical solutions can be 

found in several textbooks on heat transfer. Additionally, 

there are a few online tools that also facilitate the 

calculation of view factors  (Howell et al. 2010).  View 

factor calculations in building simulations are typically 

performed with software that implement radiosity-based 

optimization algorithms such as the Hemi-cube approach 

or adaptive integration for the calculation of complex 

geometries (Cohen and Greenberg 1985; Walton 2002). 

Whole building energy simulation tools such as 

EnergyPlus implement view factor calculation algorithms 

within their workflows. View3D, a standalone program 

developed by George Walton at NIST in the 1980s, is one 

of the few freely available tools that is specifically 

intended for the calculation of view factors (Walton 

2002). View3D is distributed along with EnergyPlus and 

has been recommended by its developers as the preferred 

tool for calculating view factors for geometries commonly 

encountered in building simulations. 

Motivation for this research 

Radiosity-based software are usually not suited for 

complex geometries. The standard approach towards 

convergence in such software relies on solving the energy 

balance between all the surfaces present in the input 

geometry. So, for an input geometry with N surfaces, the 

solution for view factors will involve a matrix of (N x N) 

values.  

Figure 5 shows a typical test with View3D where the 

calculation runtimes were plotted as a function of the 

number of surfaces in the input geometry. The geometry 

used for this test, which were building models with 

progressively higher surfaces and mesh subdivision, 

required the calculation of view factors for obstructed and 

unobstructed surfaces. As the plot indicates, increasing 

the number of surfaces in the input geometry leads to 

progressively higher runtimes that do not scale linearly.  

 

Figure 5: Runtime, in seconds, for calculating view 

factors with View3D on a single dedicated processor of 

an Intel Core i7-8700 3.20 GHz machine. 

The non-linear increase in the calculation times seen in 

Figure 5 can be attributed to the fact that View3D employs 

a combination of Line Integration, Area Integration and 
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Adaptive Integration to calculate view factors based on 

the input geometry. 

The drawback relating to simulation runtimes is inherent 

to most radiosity-based tools and has been long 

acknowledged by software developers and researchers 

(Howell 1969). An alternate approach involves the use of 

the probabilistic Monte-Carlo raytracing. The use of 

raytracing to solve view factor problems pertinent to 

building science has been demonstrated successfully by 

several studies in the past (Tregenza 1983).  

This research focuses on demonstrating and critiquing the 

possibility of employing Radiance, an open-source 

raytracing tool, for calculating view factors. Radiance was 

developed in the mid-1980s at the Lawrence Berkeley 

National Laboratory by Greg Ward and has been under 

continued development since then (Ward and Rubinstein 

1988; Ward et al. 1989; Ward et al. 1998; Ward and 

Heckbert 1992; Ward et al. 1988). For the last three 

decades, the primary research and development on 

Radiance has focused on lighting and daylighting 

applications. The following section provides a brief 

background of Radiance and describes the methodology 

for employing Radiance for view factor calculations. 

Calculating view factors with Radiance 

Radiance is essentially a collection of over 100 

independent command-line programs that are invoked in 

customized sequences to perform different types of 

lighting and daylighting simulations. The core ray-tracing 

functionality attributed to Radiance is implemented by a 

few of these programs. These programs, which include 

rpict and rtrace, have traditionally relied on reverse-

raytracing and ambient caching algorithms for performing 

lighting and daylighting simulations.  

For calculating view factors through Radiance, one needs 

to rely on purely probabilistic Monte-Carlo raytracing. 

The ability to perform pure Monte-Carlo raytracing was 

recently introduced in Radiance through the development 

of a program called rfluxmtx. Rfluxmtx,  as per its user 

manual, is meant to "compute flux matrices for Radiance 

scene". The flux matrices can be calculated for finite 

surfaces, light sources with solid-angle representations or  

differential areas. Differential areas are assigned as “rays” 

that contain a geometric location as well as a directional 

vector. 

The surfaces or sources whose view factors are to be 

calculated need to be defined and categorized in terms of 

“senders” and “receivers”. The terminology of sender and 

receiver relates to the surfaces from which rays originate 

and terminate respectively. Only a single surface can be 

designated as a sender while there can be multiple 

receivers. The limitation of single sending surface, 

however, can be circumvented by specifying rays instead 

of sending surfaces. Figure 6 provides an overview of the 

manner in which Radiance commands can employed to 

calculate view factors.  

 

 

Figure 6: Examples of simple commands to perform view 

factor calculations with Radiance through rfluxmtx. 

Finite surfaces can be specified in Radiance by defining 

their geometry in the form of polygons and other 

geometric shapes. Differential surfaces are represented 

by rays. 

For this research, the suitability of Radiance for 

calculating view factors was ascertained by comparing the 

results generated by rfluxmtx with those calculated 

through analytical approaches. One such validation is 

explained through Figures 7-9. Figure 7 shows two 

identical squares for whom view factors are to be 

calculated. Figure 8 shows a screen capture of the 

rfluxmtx command for calculating the view factors for the 

squares which are stored in a Radiance-compatible 

geometric format in the files A1.rad and A2.rad.  

The three identical numbers shown in the results are on 

account of Radiance considering three channels for flux-

transfer. The three-channel setup, while being critical for 

photopic lighting calculations, does not serve any specific 

purpose for view factor calculations. 

 

Figure 7: Two identical, parallel and directly opposed 

squares that were considered for the view factor 

calculation. 
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Figure 8: A screen capture of the view factor calculation 

performed through Radiance. The command-line 

arguments and the generated results have been 

magnified for clarity. The values A1.rad and A2.rad in 

the command-line arguments relate to the squares A1 

and A2 in Figure 7. 

The convergence of results is achieved by increasing the 

value of ray-sampling, specified through the -c flag in the 

command-line. A standard approach for convergence is to 

progressively increase the sampling parameter till the 

results in two successive iterations do not vary by a pre-

defined tolerance margin. For the purposes of this 

research, the tolerance was set to 0.005. 

Figure 9 shows the value of view factors calculated 

through the analytical approach. Assuming the analytical 

solution as the benchmark, the results captured in Figures 

8 and 9 demonstrate that the error in the view factor 

calculated by Radiance is 0.5%.   

 

 

Figure 9: A screen-capture of the view factors 

calculated through analytical approach with a web-

based tool. The dimensions of the parallel and identical 

rectangles and the distance between them are the same 

as the values shown in Figure 7 (Howell 2001). 

Validation tests like the one described above were 

performed for calculating view factors of surfaces such as 

parallel circular discs and perpendicular polygons to 

ascertain the suitability of Radiance. In all instances, the 

calculation time was found to be within a few 

milliseconds.  

View factors for surfaces with finite areas by 

employing surface subdivision 

As previously explained, when calculating view factors 

between finite surfaces, Radiance limits the number of 

sending surfaces to one. This implies that for an input 

geometry with N surfaces, only 1xN view factors can be 

calculated per calculation. One approach to circumvent 

this issue is to subdivide the surfaces in the model such 

that their area can be assumed to be differential with 

respect to the overall input geometry. This approach is 

demonstrated through Figures 10-12. Figure 10 shows 

two finite areas whose view factors were calculated by 

assuming one of them to be constituted of identical 

subdivisions of differential area. As shown in Figure 11, 

rays were traced from the centre of the subdivided areas 

by assigning them as “senders”. 

 

Figure 10: Calculation of view factors by subdividing a 

surface to identical elements. The error associated with 

each level of subdivision is shown below the respective 

image. The image on lower-left corner contains 256 

subdivisions. 

 

 

Figure 11: Rays traced from the centre of the subdivided 

areas are stored in a single file, referred to as rays.txt 

above. 

As shown by the plot in Figure 12, by subdividing a finite 

area to smaller areas, it is possible to calculate view 

factors by using rays to represent finite surfaces. Radiance 

does not impose any practical limitations on the quantity 

of rays that can be specified as senders. So, this approach 

can be employed to calculate view factors for multiple 

surfaces simultaneously.  

The next two sections investigate the suitability of 

employing Radiance for calculating view factors for 

geometries likely to be encountered in building 

simulations.  
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Figure 12: Error in view factor calculated through 

Radiance plotted against the number of subdivisions 

considered in the sending surface. As shown in Figure 

11, each subdivision accounts for a single ray. 

Case-study 1: Using Radiance to mimic the 

functionality of a standard radiosity-based 

tool 

This scenario investigates the use of Radiance for 

calculating view factors for every surface for geometry 

representing an indoor space. As shown in Figure 13, the 

space comprises of 20 mesh faces. So, a full calculation 

of view factors would imply deriving the values for (20 x 

20=) 400 individual view factors. 

 

 

Figure 13: The image on the left shows the 

representative geometry for a room. The image on the 

right shows the underlying triangulated mesh. The 

structure comprises of 20 mesh faces. 

The approach employed for calculating the view factors 

with Radiance involves subdividing the space and tracing 

individual rays outward from the centre of each mesh 

face. As explained previously, progressively subdividing 

the surfaces to trace more rays per surface will eventually 

lead to a convergence of the calculated view factor values. 

The subdivisions were generated through a plugin called 

Grasshopper for Rhino3D. Rhino3D is a modelling 

software that is commonly used for early stage modelling 

in architectural design practice. The subdivisions shown 

in Figure 14 are not rounded to factors of 10 because of 

the underlying meshing algorithm implemented in 

Rhino3D. 

 

 

Figure 14: The four images show increasing levels of 

mesh subdivision for calculating view factors with 

Radiance by tracing rays from the centre of individual 

mesh faces. It follows that higher number of subdivisions 

will yield a more accurate solution at the expense of 

greater computational effort. 

The rationale for subdividing the surfaces as shown in 

Figure 14, and performing the simulation for each of these 

cases, was to generate view factors that were within 0.5% 

of the values calculated by View3D.  As described by the 

developer of View3D, it is meant to be used for 

calculations where the number of surfaces are less and the 

geometry is simple. This condition holds true for the 

geometry considered for this case study.  

The time taken by View3D for calculating the view 

factors for the given geometry was 100 milliseconds. The 

time taken by Radiance to perform the calculation on a 

dedicated Intel Core i7-8700 3.2 GHz machine, is 

provided in Table 1. As indicated by the highlighted cells 

in the table, for a single processor run, the time taken for 

calculating view factors within acceptable accuracy was 

4815 milliseconds. The runtimes were progressively 

reduced with an increase in the number of processors used 

for the simulation. View3D does not have the 

functionality to invoke more than one processor at a time. 

Radiance simulations can be performed on multiple 

processors on Unix-like operating systems such as Linux, 

Mac OS or Free-BSD. 
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Table 1: Radiance simulation runtime, in milliseconds, 

for calculating view factors for all the surfaces in Figure 

14. The cells highlighted in yellow indicate instances 

where convergence was reached and the results where 

within 0.5% of the results generated with View3D. 

   1 Processor 2 Processors 4 Processors 

S
u

b
d

iv
is

io
n

s 

198 1308 659 353 

390 2541 1312 661 

594 4815 2528 1273 

1220 12448 6813 3601 

 

Multi-process simulations are not supported on Windows-

based machines. Figure 15 highlights the possibility of 

decreasing the simulation runtime afforded through 

multiple processors.  

 

 

Figure 15: Simulation runtime as a function of the 

number of processors used for the simulation. All the 

simulation runtimes are for the model shown in Figure 8 

that was subdivided to 1220 mesh faces. The machine 

used for this test was the same Intel i7-8700 3.2 GHz 

used for the comparison with View3D. 

Based on the simulation runtimes observed for this case-

study, it can be inferred that Radiance is unlikely to be a 

drop-in replacement for conventional Radiosity-based 

tools like View3D. However, the facility to calculate view 

factors selectively that is inherent to Radiance can be 

utilized to reduce the simulation runtimes in instances 

where view factor results are only required for only 

certain surfaces and not for the entire geometry. One such 

use-case is explored in the next case study. 

Case-study 2: Calculating view factors for a 

subset of the total input geometry. 

Certain applications involving the use of view factor 

calculations require the calculations only for a subset of 

the total geometry being considered. These include 

thermal comfort calculations, where the emphasis is on 

the radiation directly or diffusely incident on a human 

body manikin. The geometry setup for one such instance 

is shown in Figure 16.  

 

 

Figure 16: A typical setup for predicting thermal 

comfort on the human body, represented by a manikin, 

for locations near glazed surfaces. Image (a) shows the 

manikin within the context of the surrounding room 

geometry. Image (b) highlights the mesh faces that 

constitute the manikin and image(c) outlines the location 

on the meshes from which rays will be traced outwards 

through Radiance to calculate view factors. 

For the setup shown in Figure 16, view factor values are 

required to account for radiative transfer between the 

mesh-faces on the manikin and the glazing polygon 

shaded in red. The view factor results thus obtained are 

used to estimate solar load on different parts of the 

manikin. It follows that while the entire geometry is to be 

considered in the view factor calculation, the view factor 

results are only required for the mesh faces on the 

manikin. Additionally, the mesh faces that constitute the 

manikin are much smaller in dimension than rest of the 

geometry, thereby allowing them to be considered as 

differential for the purposes of the raytracing calculations.  

The variation between the surfaces considered for the 

view factors calculation in View3D and Radiance is 
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highlighted in Table 2. The total number of considered 

view factor calculations in the table indicates that in 

Radiance it is possible to specify the number of surfaces 

for which the view factors are to be calculated. As 

discussed earlier, this is because of the categorization of 

surfaces as “sending” and “receiving”. In the present 

scenario, the manikin mesh faces will be assigned as 

“sending” surfaces that receive radiation from the glazing. 

The size of the surfaces constituting the manikin was 

assumed to be differential when compared with the rest of 

the contextual geometry of the room. This assumption 

was based on the observation that the area of the glazing 

surface (4.32m2) is 1565 times the size of the largest 

manikin mesh sub-surface (0.0027 m2) and 5901 times the 

smallest manikin mesh sub-surface (0.0007 m2).  

For the surfaces considered in the simulations, assuming 

View3D to be the benchmark, the average error in the 

1336 view factors calculated through Radiance was found 

to be 0.0083 with a standard deviation of 0.0007. The 

accuracy of the results can be improved further by 

subdividing the manikin mesh faces in the same manner 

as shown in Figure 14.  

Table 2: A comparison of required and actual view 

factor parameters between View3D and Radiance. The 

value of 4519876 is the square of 2126, the total number 

of surfaces in the model. 

  View3D Radiance 

Total mesh faces in the model  2126 

Mesh faces in the manikin 1336 

View factors (to be calculated) 1336 

View factors (considered) 4519876 1336 

 

As shown in Table 3, the ability to selectively calculate 

view factors for only certain aspect of the geometry 

results in a much lower simulation runtime with Radiance. 

This runtime can be further improved, as shown 

previously, by employing multiple processors.  

Table 3:  Simulation runtimes (in seconds) for 

calculating the view factors for the model shown in 

Figure 16. The term N.A. for View3D implies that multi-

processing is not supported in View3D. 

  1 Processor 2 Processors 4 Processors 

View3D 322.5 N.A. N.A. 

Radiance 14.2 7.8 4.1 

Discussion and conclusion 

This paper discussed the methodology and applicability 

of employing Radiance to perform view factor 

calculations.  

Unlike standard radiosity-based tools, the approach for 

calculating view factors with Radiance requires a pre-

identification of surfaces as “sending” and “receiving”. 

This necessitates some extra effort in setting up the model 

for simulation. Additionally, accurate calculations require 

the sub-division of surfaces to increase the number of rays 

that are traced in the Monte-Carlo algorithm implemented 

by Radiance.  

The results from the two case studies presented in this 

paper indicate that, with Radiance, the computational 

benefit in the form of lowered runtimes is likely to be 

gained in instances where the view factors are to be 

calculated for a subset of the total geometry. For 

generating view factor results for all the surfaces in the 

input geometry, as considered in the first case study, the 

Radiance-based approach was found to be approximately 

48 times slower than View3D. It needs to be emphasized, 

however, that for the input geometry considered for that 

study, both View3D and Radiance were able to calculate 

the view factors within 5 seconds.  

In the second scenario involving the calculation of view 

factors for only a subset of total surfaces in the geometry, 

Radiance was found to be approximately 23 times faster. 

The multi-processing feature inherent to Radiance can be 

employed to curtail long simulation runtimes on 

compatible operating systems.  
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Abstract
Advanced control concepts for building energy sys-
tems, such as Model Predictive Control, often require
models that forecast the energy demand of a building.
Such models are commonly based on first principles,
however the cost and effort required to develop such
models may be prohibitive for real-life applications.
As an alternative, we introduce and validate a data-
driven simulation approach based on Artificial Neural
Networks to forecast the heating demand of buildings.
The forecast is enhanced with the help of two cor-
rection methods, based on online learning and fore-
cast error auto-correlation. Validation results based
on data from four office buildings suggest that our
method shows better forecasting performance than a
fitted 5R3C building model.

Introduction
Predictive control of buildings allows for energy and
money savings as well as reduction of CO2 emissions
(Halvgaard et al., 2012). This can be achieved by
predicting future states of a system and optimally
determining according set-points, making use of re-
newable energy when available or taking advantage
of time-dependent electricity prices for example. The
concept of Model Predictive Control (MPC) has suc-
cessfully been demonstrated in the building energy
domain (Sturzenegger et al., 2016; Oldewurtel et al.,
2012). Several authors, however, (see for example
(Jain et al., 2018; Smarra et al., 2018)) argue that a
major bottleneck with this approach is the need to
develop and maintain first principles models. Indeed
the time and effort necessary to develop, customise
and maintain first principles models can often be pro-
hibitive for real life deployment to building energy
management.
With increasing availability of high-resolution energy
monitoring data in the building domain, the possibil-
ity of data-driven modelling approaches (or Machine
Learning based approaches) arises. With the help of
methods such as Artificial Neural Networks (ANN)
previously measured data of the ambient tempera-
ture and the heating demand can be used to predict

the future heating demand of the building.
In (Bünning et al., 2019) a heating demand forecast-
ing approach based on ANN with forecast correction
methods based on online learning and forecast error
auto-correlation was introduced. The aim is to gen-
erate a 24h forecast of the heating demand in 15-
minute intervals. The method showed high predic-
tion accuracy on a modern multi-use building and
outperformed other regression-based methods such as
random forests or support vector machines, as well
as fitted resistor-capacitor models with varying com-
plexity. Moreover, the dependence of ANN prediction
performance on initialization parameters, which are
commonly randomly set, as critized by Recht (2018);
Henderson et al. (2018) and others, is significantly
lowered with the shown methods.
Here we explore this approach further and show that
the concept generalises well to different types of data
and buildings. In particular we apply the method
to four different buildings, each with different build-
ing characteristics and data availability. By compar-
ing the prediction accuracy to a fitted 5R3C building
model, which gives a reasonable trade-off between de-
tail and modelling/fitting effort, we demonstrate that
the approach outperforms the R-C model in all pre-
sented cases. Furthermore, the robustness to initial-
izing parameters of the ANN is also preserved for all
test cases.

Methodology
This section is divided into four subsections. First,
the forecasting task is introduced. Second, the fore-
casting method based on ANN with forecasting cor-
rection based on online learning and error auto-
correlation is explained. Third, the used R-C building
model is introduced. Finally, an overview of the val-
idation study, key-performance indicators and build-
ings is provided.
Forecasting task
In this study the following forecasting task is as-
sumed: A heating demand forecast is made at mid-
night for the next 24 hours, sampled every 15 minutes.
The training and validation data are assumed to be
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Figure 1: Artificial neuron.

sampled at the same frequency. Furthermore, perfect
knowledge of the ambient temperature for the fore-
casting period is assumed. This is done as it avoids
uncertainty in the inputs when comparing the differ-
ent methods.
Artificial Neural Network with forecast cor-
rection
We use ANN for the heating demand forecast. An
ANN is a sequence of artificial neurons, also called
nodes. A schematic of a node with three inputs is
shown in Figure 1. The output of a node is the ac-
tivation function applied to the weighted sum of all
inputs. The nodes weights are the parameters that
are fitted in the training process of the ANN. For a
more detailed explanation of ANN, see (Basheer and
Hajmeer, 2000) for example.
In (Bünning et al., 2019) two forecast correction
methods were developed. The first forecast correc-
tion method is based on error auto-correlation and is
not specific to ANN. The use of the error autocor-
relation is motivated by the assumption that errors
in building energy forecasts are correlated over time,
because the source of the error persists for more time
than one sample: for example if a window is opened
or a failure in a fluid pump occurs, the forecasting
error will last for more than one interval, because
the source of the error is not always eliminated dur-
ing this interval (window closed or fluid pump fixed).
Thus, if an error is measured, it can be used to make
an estimate of the error in the following forecasting
steps.
Figure 2 demonstrates the first correction procedure.
Offline, based on the measured errors of all past fore-
casts (which are stored in a data-base), an estimation
of the error auto-correlation is made. As a first step
in the online phase, a forecast is made with an ANN.
We will call this the uncorrected forecast.With the
help of the auto-correlation and the forecasting error
of the previous day (which is the uncorrected forecast
of the previous day minus the measured load of that
day), an estimation for the forecasting error of the
uncorrected forecast can be made. The uncorrected
forecast is then corrected by adding the estimation
of the forecasting error, giving rise to the corrected
forecast.

error 
estimation

delay

measured 

load
-

+

+
+

ANN

uncorrected 
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estimated

error

previous
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Figure 2: Forecast correction scheme.

Tambient

Czone

Rwall1

Q1

Rwall2

Cwall

Rinfiltration

Q2

Rcore

Ccore

Rground

Tground

Tzone

Figure 3: 5R3C building model.

The second forecast correction method is specific to
ANN and makes use of online learning. Instead of
only training on the basis of the training set, the ANN
is retrained based on the measurement of the lat-
est heating demand realization and the correspond-
ing network inputs at the end of every day. This
biases the network towards the recent behaviour of
the building and appears to improve the forecasting
accuracy. The two forecast correction methods can of
course be combined.
R-C building model
In order to benchmark the performance of the ANN
and the correction mechanisms, we use a 5R3C build-
ing model. This model was chosen because on the one
hand it should offer enough complexity to capture the
governing thermal behaviour of the buildings and on
the other it should perform well with a modelling ef-
fort similar to the neural networks. More detailed
models, for example an EnergyPlus model combined
with an occupancy model adapted to each building,
may outperform the 5R3C and ANN models in terms
of forecasting accuracy, but would require consider-
ably more effort to develop and maintain, as discussed
above.
Figure 3 shows a schematic of the 5R3C model. The
model features a capacitor for outer walls, a thermal
zone and inner walls. Furthermore, there are five re-
sistors - two for the outer walls, one for the inner
walls, one for heat conductions towards the ground
and one for building infiltration. All capacitor and
resistor values are optimization variables in the fitting
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process. The total heating demand of the building

Q̇total = Q̇1 + Q̇2, (1)

is distributed between Q̇1 (directly to the zone) and
Q̇2 (to the core) to be able to model both direct heat-
ing systems such as radiators and indirect ones such
as concrete core activation. The share, cf , between
Q̇1 and Q̇2 is also a decision variable in the fitting
process:

Q̇1 = cf × Q̇total. (2)

To emulate a simple control system, the temperature
of Czone, Tzone, is controlled with a P controller,

Q̇total = kp × (Tset − Tzone), (3)

where Tset denotes the temperature set point for the
zone. The gain, kp, is also a decision variable in the
fitting process.

Validation study
General description
To validate the neural networks and the correction
methods and to benchmark them against the R-C
model, four different buildings were selected as case
studies.
For each building heating demand measurements and
ambient temperature measurements in 15 minute in-
tervals were available over a period of one to three
years. In each case 70% of the available dataset was
used for model training (for both the ANN and the
R-C models) and 30% of the dataset was used for
model validation.
As a key performance indicator the coefficient of de-
termination,

R2 = 1 −
∑

i∈N (yi − f(xi))2∑
i∈N (yi − ȳN )2 , (4)

is used. It is zero if the forecast f(xi) is as good as
taking the average ȳN of the data in the considered set
N as a forecast, and one if the forecast is exactly the
same as the validation data yi. R2 becomes negative
if the forecast is worse than taking the average.
The different buildings are introduced in the following
and are depicted in Figure 4.
Building (a) is the NEST building at Empa in
Dübendorf, Switzerland. Opened in 2016, it is a
multi-use building with residential units, office units
as well as meeting rooms and a fitness center. Its
heating and cooling system is build to imitate a dis-
trict energy system. The building is therefore referred
to as a ’vertical district’ (as opposed to a conventional
district, which is built horizontally). 13.5 months of
measured demand data was used for this building.

(a) NEST at Empa, c©
Zooey Braun.

(b) ETL at ETH Zürich
(ETH Zürich, 2019).

(c) Bauhalle at Empa, c©
Heinrich Helfenstein.

(d) Verwaltungsgebäude at
Empa (Empa, 2019).

Figure 4: Buildings used in the validation study.

Building (b) is the ETL building located at the zen-
trum campus of ETH Zürich. It is an eleven-story
office building that comprises several research insti-
tutes, experimental laboratories and a machine shop.
Six stories lie below ground. 36 months of measured
demand data was used for this building.
Building (c) is the Bauhalle at Empa. The building
has offices and testing facilities for material science
experiments. The offices are spread over three stories
while some of the laboratories have the ceiling height
of these three stories. The building also has a base-
ment. 24 months of measured demand data was used
for this building.
Building (d) is the Verwaltungsgebäude at Empa.
This is a three-storey office building with some meet-
ing rooms. 24 months of measured demand data was
used for this building.
Specific models for the case studies
Artificial Neural Networks with two hidden layers,
each containing eight nodes were chosen as the net-
work architecture. They are trained with ten epochs
on the training set, meaning that the network’s
weights are updated ten times based on each sam-
ple in the training data. The choice of parameters
for the architecture and training process is based on
a sensitivity analysis regarding these parameters.
As inputs to the network the following features were
chosen:

1. ambient temperature
2. hour of the day
3. weekday/weekend
4. heating load of the previous day
5. heating load of the previous week

The feature hour of the day was one-hot encoded,
meaning that instead of one input with a continuous
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value, 24 inputs with binary values (either 0 or 1) were
used. Our experiments suggest that this improves
prediction accuracy compared to a continuous input.1
The feature weekday/weekend is also binary. All other
features are continuous. The Python package Keras
(Chollet, 2018) was used to implement the network
and the solver adam (Kingma and Lei Ba, 2015) was
used for the optimization of the network parameters.
The training of one network takes between five and
twelve minutes.
The 5R3C model was implemented in Modelica
(Mattsson et al., 1998) and simulated in Dymola
(Brück et al., 2002). To fit the parameters, the model
was coupled to Python and optimized with a CMA-
ES (Covariance Matrix Adaption Evolution Strat-
egy) optimizer to minimize the sum of squared errors
between the predicted load and the reference load.
The optimization budget was fixed at three hours for
each model. As the model does not allow for the
other inputs, only the ambient temperature is used.
The room temperature set point is Tset = 20◦C and
Tground is set to constant 12◦C in all cases.2

Results and discussion
Variance
The prediction performance of ANN is dependent
on their parameters, some of which are random, for
example the initialization parameters of the node
weights. If ANN are used in a control context, a
reduction of the variance in prediction performance
is desirable, as the controller needs to be designed for
the expected accuracy of the forecast.
To investigate the variance in prediction accuracy,
100 instances of ANN were trained and tested for each
building. Each individual network is initialized with
random node weights. As the training process is non-
convex this leads to a different prediction accuracy of
each network.
Figure 5 (a)-(d) shows the variance of the coefficient
of determination for 100 different instances of neu-
ral networks for each building (with boxes describing
the interquartile range, whiskers of 1.5 times the in-
terquartile range, circles indicating outliers and the
orange line indicating the median). The first col-
umn depicts uncorrected networks, the second col-
umn networks with error auto-correlation correction,
the third column networks with online learning and
the last column a combination of both correction mea-
sures.

1This can be explained with the monotonic increase of the
ReLu activation functions that are used in the network. A con-
tinuous implementation of the time as an input would imply
that the influence of the time on the demand is either mono-
tonically increasing or decreasing.

2This might have an effect on the accuracy of the fore-
cast. However, a more detailed implementation would require
a human-in-the-loop model for the temperature set-point and
a ground model for the ground temperature, both of which
require extensive modelling effort.

Subplot (a) corresponds to the NEST building (build-
ing (a)) that was also used in (Bünning et al., 2019).
It can be seen that the median of the coefficient of de-
termination increases whereas the variance decreases
from no correction to the combination of both cor-
rection methods. Online learning gives the bigger
improvement when compared to the correction based
on the error auto-correlation. However, the combina-
tion of both gives the best results: even though the
variance does not improve much, the median of the
coefficient of determination further increases. The
same trends are observed for buildings (b) and (c).
In the case of building (d), the trend is not as strong,
but still present. The median increases with each
individual correction method, but the median R2 of
the online learning correction is lower than the one
for error auto-correlation correction. The median of
the combined method is again the highest one. The
maximum achieved coefficient of performance is lower
for the online learning and the combination of both
correction methods compared to the uncorrected net-
work and the correction method based on error auto-
correlation. This is due to overcorrection of already
well predicting networks.
The difference in the result between building (d) and
the other buildings could be explained by the qual-
ity of the available data set. The measured heating
demand of building (d) has a quantization of 0.5 kW
at a maximum load of 26.5 kW, while for all other
buildings the measured demand has a quantization of
0.5 kW at a maximum load of at least 86 kW. Quan-
tisation error effects are therefore likely to be more
pronounced for building (d).
These results generally support the findings of Bün-
ning et al. (2019) and indicate that the correction
methods can be beneficial for a range of different
buildings. An interesting question is why the combi-
nation of both correction methods tends to improve
over the individual methods. Both correction meth-
ods address a similar problem: the mismatch between
forecast and realization due to recently changed be-
haviour of the building. It seems, however, that the
two methods correct for slightly different, comple-
mentary phenomena. The correction based on error
auto-correlation can react very efficiently to errors
that have occurred shortly before the end of the last
day’s forecast and correct the beginning of the next
day’s forecast, when the auto-correlation, hence the
confidence in the error estimation, is high. However,
strong corrections are only possible for the first few
intervals of the day, as the auto-correlation of the
forecasting error decreases during the course of the
day. The correction based on online learning, on the
other hand corrects to a lesser extend on each indi-
vidual interval, as the ANN still needs to be able to
generalize. However, this correction can be applied
over the course of the full day’s forecast and not just
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Figure 5: Variance of the coefficient of determination for all buildings. The label of the subplots (a)-(d) reflects
the number of the building used in the case study.

Table 1: R2 of different modelling approaches for all buildings.
Building ANN uncorr. ANN auto ANN online ANN auto+online 5R3C model

Building (a) 0.818 0.860 0.878 0.885 0.761
Building (b) 0.886 0.907 0.933 0.936 0.890
Building (c) 0.674 0.752 0.793 0.809 0.676
Building (d) 0.856 0.858 0.860 0.862 0.747
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Figure 6: Forecast trajectory example from building (b) test set with one instance of an ANN and both correction
methods.
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at the beginning of the day. The combination of both
therefore gives the best result.
Accuracy
Table 1 shows the mean coefficient of determination
(as opposed to the median in Figure 5) of the dif-
ferent ANN approaches for all buildings as well as
the coefficient of determination achieved by the 5R3C
building model. It can be seen that the average R2

increases for all four buildings when the individual
correction methods are applied. A combination of
both approaches (auto + online) gives a further im-
provement in all cases. The ANN with the applied
correction methods outperform the 5R3C model in
all investigated cases.
These results are of course by no means a proof
that the ANN with corrections outperforms R-C type
models in general. The R-C model could for exam-
ple be made more complex or the parameter fitting
could be improved leading to higher coefficients of de-
termination. However, the results do give an indica-
tion that the corrected ANN perform reasonably well
compared to conventional methods and generalize to
different types of buildings.
We note in passing that it is not possible to com-
pare the coefficient of determination between build-
ings, because it depends on the distribution of heat-
ing loads in the data set, which is different for each
building.
Physical behaviour of the forecast
Figure 6 shows the scaled forecast and real heating
load of building (b) from an excerpt of the test set.
The figure demonstrates that the real load is cap-
tured reasonably well by the forecast, although the
peaks in the last third of the excerpt are not pre-
dicted well. This lends further support to our earlier
observations on the accuracy of the forecasts based
on the coefficient of determination. Moreover, even
though ANN are known to sometimes have weak ex-
trapolation capabilities, in our case the forecast does
not show any unrealistic behaviour in the sense of un-
reasonably high or low forecasting values. The results
for all other buildings3 also point to the same conclu-
sion. While this does not guarantee that non-physical
behaviour is impossible with other forecasting inputs
or for other building cases, the positive results for
all four buildings indicate a robustness that could be
sufficient for non-safety-critical control tasks.
To further increase the confidence in the forecast, it
could be limited in its derivative and maximum/min-
imum values.

3The full forecasting plots of both training and test set for
one instance of an ANN with both correction methods applied
to all four buildings are shown in Appendix A and Appendix
B.

Limitations
The results of the case studies indicate that the meth-
ods are sensitive to the quality of the measurement
data. A quantitative statement cannot be made yet.
This will be considered in following studies.
Furthermore and as mentioned before, this validation
study gives an indication that the methods developed
in (Bünning et al., 2019) generalize to different build-
ings. However, it does not give a theoretical proof of
any kind. The confidence in the methods is strength-
ened by the consistency of the results.

Conclusion
Generating and maintaining building models based
on first principles is often considered prohibitively ex-
pensive and time consuming for applications such as
real-time optimal control. The increasing availabil-
ity of data in the building domain allows the use of
data-driven modeling approaches. However, such ap-
proaches have the disadvantage that they - in theory
- allow non-physical behaviour and that they depend
on random parameters such as the initialization of
node weights in ANN.
In this case study we have validated two forecast cor-
rection methods for ANN for the forecasting of sub-
hourly heating demands in buildings. The results for
four different buildings have shown that the resulting
ANN perform well when compared to a 5R3C build-
ing model in these cases. Furthermore, the correc-
tion methods avoid non-physical behaviours and sig-
nificantly reduce the variance in ANN performance,
which can improve confidence in using ANN in the
frame of control tasks.
In future work we want to quantify the quality of
input data vs. accuracy of forecast trade-off. More-
over, we want to couple the introduced approaches
to randomised optimisation methods (treating fore-
casts from different networks as samples) and robust
optimisation methods (using the intervals).
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Abstract  

This paper presents the implementation of a low-order 

model used to evaluate the thermal behavior of a high 

number of buildings (district level) via simulation. This 

model is based on a second degree configuration (R6C2 – 

six resistors and 2 capacitors) and is implemented in 

Modelica.  

The model is validated with several cases from the 

BESTEST building envelope test. In parallel, a direct 

comparison with a detailed multizone building model 

using the Buildings Library from Wetter, et al. (2014) was 

performed. 

The results show that the low-order model allows to 

assess the building thermal demand and the indoor 

temperature with good accuracy.  

Introduction  

Context and state of the art 

The design of energy systems and the evaluation of 

energy conservation measures are generally performed at 

the building scale. On another hand, the energy 

infrastructure performance (production and distribution) 

is assessed at the district level. With the energy transition 

and the predicted increase of decentralized energy 

production, buildings must be designed, assessed and 

operated using an integrated approach. Performing 

calculation and analyzing results on a high number of 

buildings, at a district or at a city level is therefore 

required.  

The following trends are observed in the field: (i) 

buildings thermal demand decrease due to the 

implementation of energy conservation measures (ii) old 

high temperature energy systems are converted into low 

temperature systems and (iii) new technologies, 

renewable energy and waste heat recovery are integrated 

to the infrastructure. Thus, buildings thermal demand 

shall be assessed at the project scale when designing, 

upgrading and operating energy infrastructure.  

However, the thermal demand evaluation via modeling 

and simulation is usually done with detailed single-

building approaches. These models are appropriate when 

dealing with a limited number of buildings. This approach 

cannot be used to assess districts or cities because of 

insufficient data availability, and due to the high 

computational costs according to Gavan and Mouky  

(2017). Model order reduction can be used to speed-up the 

modeling process while still obtaining reliable results. 

Low-order thermal building models rely on an analogy 

between electrical and thermal physical domains, that can 

be described by the same mathematical equations. The 

low-order models are made of resistors and capacitors, 

which number and configuration vary depending on the 

required precision and simulation speed – calculations are 

slower for a higher number of components – (Date, et al. 

2016), Leclere, et al. 2013, and Hazyuk, et al. 2012). 

These analogies provide sufficiently detailed models to 

assess the dynamic behavior of buildings with an 

acceptable accuracy at the district level.  

Objectives 

This article aims at validating on one building a low-order 

model based on a R6C2 – six resistors and 2 capacitors – 

configuration used to assess its thermal and energy 

behavior. This will demonstrate the model suitability for 

larger scale simulation. 

Model description 

A building is usually composed of several spaces or 

zones, with different characteristics (usages, geometry, 

areas, volumes, etc.) and as a consequence, with different 

thermal behavior. Hence, to better represent a multi-room 

building, thermal zones are defined as groups of rooms 

with approximately the same thermal behavior. It is worth 

noting that an increase in the thermal zones number has a 

great impact on the set up and simulation time. Therefore, 

there are two ways of representing a multi-room building: 

monozone and multizone modeling, further developed in 

this paper.  

Low-order model 

The low-order monozone model presented in this paper is 

based on 6 resistors and 2 capacitors, further called R6C2 

(Figure 1). This configuration was chosen because of its 

good balance between calculation speed and accuracy of 

the results in terms of power and temperature fitting 

according to Berthou, et al. (2014). 

Building elements such as walls (Rs) and insulation (Rm) 

conduction, windows infiltration (Rf), ventilation 

phenomena (Rv), and convective indoor (Ri) and outdoor 

(Re) heat transfer are represented as resistors. Indoor air 

(Ci) and envelope (Cm) thermal mass are modeled as 

capacitors. Two specific nodes are added in order to 
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include the solar radiation transmitted to the building 

(Q
ext,rad

, and Q
int,sol

). 

 

Figure 1: R6C2 building model in Modelica/Dymola  

Two other nodes are integrated to take into consideration 

the convective gains Q
int,conv

 and the internal radiative 

gains Q
int,rad

 defined in equations (15) and (16). 

The model is described with the following equations: 

Ci

dTi(t)

dt
=

Ts(t)-Ti(t)

Ri
+

Te(t)-Ti(t)

Rf
+

Te(t)-Ti(t)

Rv(t)
+Q

int,conv
(t)  (1) 

Ti(t)-Ts(t)

Ri
+

Tm(t)-Ts(t)

R𝑠
+Q

int,rad
(t) = 0  (2) 

Cm

dTm(t)

dt
=

Ts(t)-Tm(t)

Rs
+

Th(t)-Tm(t)

Rm
  (3) 

Te(t)-Th(t)

Re
+

Tm(t)-Th(t)

Rm
+Q

ext,rad
(t) = 0  (4) 

Where Ci and Cm are in J/K, Rs, Rm, Rf, Rv, Ri and Re are in 

K/W, Q
int,conv

, Q
int,rad

 and Q
ext,rad

 are in W, and Ti, Ts, Tm, 

Th, and Te are respectively the temperatures in K from the 

outdoor part to the indoor part of the walls.  

The resistors and capacitors values are defined as follows: 

Ri = Rs = 
1

hint.Sint

 
(5) 

Rm = 
1

Uroof. Sroof+Ufloor.Sfloor+Uwall.Swall

-Ri-Rs 
(6) 

Re=
1

hext.Sext

 
(7) 

max (Rv) = 
1

ρ
air

. Cp,air.Nbpeople_tot.mpeople

 
(8) 

Rf = 
Rinf. Rwin

Rinf+Rwin 

 with Rwin=
1

Uwin.Swin

  

and Rinf = 
1

(ρ
air

. Cp,air.minf.Sext)
  

(9) 

Ci = ρ
air

.Cp,air.Vint (10) 

Cm = ∑ ρ
mat

.Cp,mat.Vmat 
(11) 

Where the subscripts int, ext, roof, floor, wall, win, inf, air 

and mat stand for interior, exterior, roof, floor, walls, 

windows, infiltration, air and material. 

S is the area in m²; V is the volume in m3; h is the 

convective coefficient in W/m².K; U is the conductivity 

in W/m².K; ρ is the density in kg/m3; Cp is the thermal 

capacity in J/kg.K; Nbpeople_tot is the maximum number of 

people in the building; mpeople is the ventilation flow per 

occupant in m3/s.pers and minf is the infiltration flux in 

m3/s.m². 

Thermal zone model from Buildings Library 

The mixed thermal zone model from the Modelica 

Buildings library presented by Wetter (2011) can be used 

for single or multizone buildings modeling. 

 

Figure 2: Thermal zone model from Buildings Library 

The mixed thermal zone component is an air volume 

delimited by construction elements. Parameters such as 

geometry, walls and windows composition must be 

defined in details. 

The model allows to simulate different physical processes 

including heat transfer (convection, conduction, infrared 

and solar radiation) through opaque surfaces and glazing 

systems. The heat exchanges between the building and the 

outdoor, and between two thermal zones are represented.  

Ventilation and infiltration phenomena can be separately 

modeled and are easily connected to the thermal zone 

component.  

A good knowledge of the building is required to set up 

this type of model, including all its internal characteristics 

and the full boundary conditions.  

Boundary conditions  

The weather is taken into account via data files, injected 

to the models through the weather TMY reader 

component from the Buildings library. It computes, 

amongst others, the solar irradiation on the different 

orientation-facing walls (Q
ext,rad

 and Q
int,sol

) and the 

exterior temperature. 

The internal heat gains are based on hourly schedules 

defined for the building occupancy, the artificial lighting 

and the specific electricity. Figure 3 shows the respective 

rates over a week, varying between 0 (building 

unoccupied, lights and equipment off) and 1 (building 

occupied, lights and equipment switched on). 

 

Figure 3: Schedules over a week 

________________________________________________________________________________________________ 

________________________________________________________________________________________________ 
Proceedings of the 16th IBPSA Conference 
Rome, Italy, Sept. 2-4, 2019

 
1437

 

 
  



 

 

• Heat gains due to occupancy (Q
occ

,W/m²) are 

calculated as follows: 

Q
occ

(t)=Loadpeople*Nbpeople*Soccupancy(t) (12) 

Where Loadpeople = 70W is the heat produced per 

person, Nbpeople is the number of people per square 

meter and Soccupancy is the occupancy rate (Figure 3). 

• Heat gains due to lighting (Q
lighting

,W/m²) are the 

result of: 

Q
light

(t)=Powerlight*Slighting(t) (13) 

Where Powerlight is the power intensity ratio (W/m²) 

depending on the building use and Slighting is the 

lighting rate (Figure 3). 

• Heat gains due to specific electricity (Q
spe

,W/m²) are 

defined as: 

Q
spe

(t)=Powerspe*Sspe(t) (14) 

Where Powerspe is the power intensity ratio (W/m²) 

depending on the building use and Sspe is the specific 

electricity consumption rate (Figure 3). 

The internal gains are split into convective and radiative 

flows: 

Q
int,conv

(t)= (1-a)*Q
occ

(t)*Sℎ + 𝑃(t) (15) 

Q
int,rad

(t) =(a*Q
occ

(t)+Q
light

(t)+Q
spe

(t))*Sℎ (16) 

Where a is the radiative part of the internal gains in %, Sℎ 

is the heated surface in m² and P is the heating and cooling 

power injected into the building in W. 

The heat and cold production are represented as ideal 

sources with 100% efficiency and infinite power. PID – 

Proportional Integral Derivative – controllers are used to 

maintain the indoor temperature close to the set points.  

Monozone validation 

The low-order model validation process starts with a 

simple single-zone building.  

Methodology 

The light-weight and heavy-weight cases 600 and 900 of 

the BESTEST building envelope test are run on both the 

low-order and the detailed thermal zone model from the 

Buildings library. The results regarding heating and 

cooling loads and annual energy are then compared. 

In addition, the annual energy demand for heating and 

cooling is confronted to the range obtained with 67 

models developed on various building modeling software, 

including the validated model from EnergyPlus 

(ANSI/ASHRAE Standard (2014)). 

BESTEST simulation cases 

The validation method gives a complete set of parameters 

describing a simple building: 

- 1 thermal zone defined as a parallelepiped of 8 x 6 m 

and 2,7 m height; 

- 2 large windows of 3 x 2 m located in different 

orientation facing walls depending on the case, 

shown in Figure 4; 

- Building envelope elements composition with U 

values and material characteristics shown in Table 1, 

from which are calculated the resistors and capacitors 

values; 

- Double glazing windows with identical 

characteristics for both light-weight and heavy-

weight cases: U-value = 3 W/m².K and solar 

transmittance = 0,86. 

 

Figure 4: BESTEST building configurations 

Table 1: Building envelope composition 

Element Light-weight Heavy-weight 

Walls 

Plasterboard 1,2 cm Concrete 10 cm 

Fiberglass 6,6 cm Foam insul. 6,2 cm 

Wood siding 0,9 cm Wood siding 0,9 cm 

U-value 0,559 W/m².K 0,556 W/m².K 

Floor 
Wood parquet 2,5 cm Concrete slab 8 cm 

Insulation 1 m Insulation 1 m 

U-value 0,04 W/m².K 0,04 W/m².K 

Roof 

Plasterboard 1 cm 

Fiberglass 11,2 cm 

Deck 1,9 cm 

U-value 0,334 W/m².K 

The weather file is specified and provided through 

Dymola/Modelica. 

The internal heat gains are considered constant over the 

simulation period: Q
int,conv

= 80 W and Q
int,rad

= 120 W. 

The infiltration rate is set to minf = 8,86.10-4m3/s.m². 

The room temperature set points are defined in two 

different scenarios: 

- Scenario 1: the temperature setpoints are set constant 

to 20°C for heating and 27°C for cooling. 

- Scenario 2: during heating period (from 700 -end of 

March- to 2300 hours -mid October-), heating is ON 

if indoor temperature is < 20°C, otherwise, heating is 

ON if indoor temperature is < 10°C. Cooling is ON if 

indoor temperature > 27°C. 

The different test cases performed for the comparison are 

described in Table 2. 

Table 2: Test cases description 

Case Geometry Temperature set point 

600 Configuration 1. Scenario 1 

620 Configuration 2. Scenario 1 

640 Configuration 1. Scenario 2 

900 Configuration 1. Scenario 1 

920 Configuration 2. Scenario 1 

940 Configuration 1. Scenario 2 

Configuration 1. 

Configuration 2. 
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Results 

For all cases, the R6C2 model and the detailed thermal 

zone from the Buildings library are compared. Two 

criteria are computed on the heating and cooling power 

outputs to measure the model accuracy: 

- The power fitting (17) measuring the similarity 

between the outputs; 

- The relative error on the annual energy (18) 

measuring the model ability to predict the energy 

consumed in the building.  

Powerfitting = 1-
|ŷ-y|

|y-y̅|
  

(17) 

 Energy
error

= 
∫ ydt - ∫ ŷdt

∫ ydt
 

(18) 

Where y is the vector of reference values calculated with 

the detailed model, ŷ is the vector of values calculated 

with the low-order model, and y̅ is the mean reference 

value from the detailed model. 

Results for the case 600 simulated over a year, are shown 

in Erreur ! Source du renvoi introuvable. and Erreur ! 

Source du renvoi introuvable. as an example. For the 

other test cases, the results are similar. 

 

Figure 5: Case 600 – Dymola outputs for heating 

 

Figure 6: Case 600 – Dymola outputs for cooling 

 

Figure 7 shows the power fitting for all the test cases run 

on a complete year.  

For the light-weight cases, the power fitting varies 

between 91 and 96% on the heating side and between 82 

and 87% on the cooling side.  

For the heavy-weight cases, the power fitting varies 

between 92 and 98% on the heating side, and between 81 

and 95% on the cooling side. 

 

Figure 7: Power fitting for all the test cases 

In Figure 8, the annual energy relative error is shown for 

all the test cases run during a complete year. 

For the light-weight cases the relative error on the annual 

energy varies between -2,5 and +6,5% for heating, and 

between +10 to +15% for cooling. 

For the heavy-weight cases, the results are broader. The 

relative error on the annual energy demand varies 

between -14 and +1% on the heating side, and between +1 

and +19% on the cooling side. 

 

Figure 8: Annual energy relative error for all cases 

The discrepancies can be explained by some differences 

in the models set up: 

- Surfaces absorptivity are not represented in the R6C2 

model; 

- Windows infrared absorptivity are not taken into 

account in the R6C2 model; 

- The ground is not represented in the R6C2 model 

whereas there is a 2 meters soil layer at a fixed 

temperature (10°C) in the detailed model. 

To go further in the analysis, a comparison with 67 other 

models developed on various building modeling software, 

Light-weight Heavy-weight 

Light-weight 

Heavy-weight 
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including EnergyPlus, is performed based on 

ANSI/ASHRAE (2014).  

Figure 9 and Figure 10 show respectively the boxplot 

obtained for the annual energy demand for heating and 

cooling. For all the assessed cases, the results for the low-

order model are within the upper and lower quartiles and 

are close to the median value.  

In conclusion, the R6C2 model is considered able to 

reproduce the thermal behavior of a single room building.  

 

Figure 9: 67 comparisons on the annual heating energy  

 

Figure 10: 67 comparisons on the annual cooling energy  

Multizone validation 

The low-order model has been validated on a monozone 

building. It is now necessary to check that the R6C2 

model is able to represent a multizone building. To do so, 

the same building is built with the low-order monozone 

model, and a multizone model composed of several 

thermal zone components from Buildings library. 

Methodology 

To start with, a calibration phase is performed to identify 

the monozone R6C2 model sensitivity. The external and 

internal excitations are added step by step to understand 

their individual influence. The validation phase is then 

carried out considering the full model with all the 

excitations, as well as the heating and cooling control of 

the building. The observed outputs are the indoor 

temperature, the heating and the cooling needs over the 

year. The following indicators are used to compare the 

building thermal behavior obtained with the monozone 

and the multizone models:  

- The annual relative error Energy
error

 defined in 

equation 18 for the heating and cooling needs 

outputs; 

- The mean absolute deviation Dmoy defined in 

equation 19 for all outputs, measuring the average 

distance between the reference and the calculated 

values; 

- The determination coefficient r² defined in equation 

20 for all outputs, measuring the model ability to 

replicate the outcomes. 

Dmoy = mean |y - ŷ| (19) 

r² = 1 - 
|y - ŷ|²

|y - y̅|²
  

(20) 

The results are considered satisfying when the relative 

error and the mean absolute deviation are small and the 

determination coefficient is close to 1. 

Simulation case 

A direct comparison is run on a 100 m² new single family 

house (SFH, Figure 11) divided into 8 thermal zones (1 

living room, 1 bathroom, 3 bedrooms, 1 corridor, 1 garage 

and 1 attic). 

 

Figure 11: The 100 m² SFH floorplan 

For the multizone modeling performed with the Buildings 

Library, each of the 8 thermal zones is set up with its 

specific ventilation, occupancy schedules, heat gains, and 

heating and cooling temperature set points according to 

the 2012 French thermal regulation. The garage and the 

attic temperatures are not controlled, meaning that there 

is no heating or cooling in these zones. All the other zones 

are controlled. 

Table 3: Geometry of the 100 m² SFH 

Geometry 

Floor area m² 110 

Ceiling height m 2,6 

Heated volume m3 230 

Total windows area m² 14 

Table 4: Occupancy assumptions of the 100m² SFH 

Occupancy 

Number of occupants - 4 

Heating set point during occupation °C 19 

Heating set point during inoccupation (< 48h) °C 16 

Heating set point during inoccupation (> 48h) °C 7 

Cooling set point during occupation °C 28 

Cooling set point during inoccupation (< 48h) °C 30 

Cooling set point during inoccupation (> 48h) °C 30 

Table 5: Internal gain assumption of the 100m² SFH 

Internal gains 

Occupant heat gain (Loadpeople) W/pers 70 

Lighting heat gain (Powerlight) W/m² 1,12 

Other equipment heat gain (Powerspe) W/m² 5,7 

Radiative part of the internal gains (a) % 35 
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The French thermal regulation standard 2012 is used to 

define the walls and windows composition (Table 6). 

Table 6: Walls composition of the 100m² SFH 

Type Material 
𝝆 

kg/m3 

𝑪𝒑 

J/kg.K 

S 

m² 

External 

wall 

Brick, 20 cm 782 1000 132 

Th32, 8 cm 17 1450 132 

Floor 
Concrete, 15 cm 2200 880 110 

Polyurethane, 6 cm 30 1000 110 

Ceiling Fiberglass, 20 cm 32 1000 110 

The weather file used for the simulation is provided by the 

French regulation and represents a typical year of 

Mediterranean climate (located in Nice, France). 

In parallel, a monozone low-order model is built, taking 

all the above mentioned hypothesis as parameters. In 

addition, the following simplifications are made: 

- The 6 heated thermal zones are considered as a single 

thermal zone and the non-heated thermal zones are 

not represented: the ceiling is in direct contact with 

the outdoor environment and the garage external 

walls are removed from the total area inducing heat 

losses; 

- None of the internal walls is modeled; 

- The ground is not modeled and the building floor is 

considered to be at the external temperature. 

The parameters of the R6C2 model are calculated and 

given in Table 7. 

Table 7: Monozone R6C2 model parameters 

Resistances & Capacities 

Rs W/K 4402,1 Rf W/K 19,6 

Ri W/K 4402,1 Rv W/K 49,4 

Rm W/K 93,6 Cm MJ/K 429,5 

Re W/K 14292,5 Ci MJ/K 2,77 

Results 

Calibration phase 

The objective of the calibration phase is to compare both 

models behavior (multizone with Buildings Library and 

monozone R6C2) considering the external temperature as 

the only excitation. The building indoor temperature, 

defined as the average of the rooms temperature, is 

simulated over a year for both models and is presented in 

Figure 12. 

 

Figure 12: Indoor temperature - before calibration 

Significant deviations are observed, particularly during 

summer. Further investigations show that the 

discrepancies are due to the Ci parameter of the monozone 

model, representing the indoor air thermal mass, 

influenced by the building thermal zoning. The 

simplifications made on the R6C2 model to consider the 

8-zones building as a single zone building have a 

significant effect on this parameter. Its value is then 

adjusted to include the 2 non-heated zones that were 

neglected in the first calculation. After adding the 2 

volumes, the new value is set to Ci =7,8 MJ/K. 

The building indoor temperature with the new calibrated 

model is presented in Figure 13. 

 

Figure 13: Indoor temperature - after calibration 

Both models show similar results. 

The final results for the indoor temperature are presented 

in Table 8. 

Table 8: Results of the calibration phase 

Excitation r² Dmoy 

External temperature 100% 0,7°C 

Previous + Solar irradiance 95% 1,7°C 

Previous + Internal gains 93% 1,8°C 

Previous + Ventilation 95% 1,4°C 

In all cases, the determination coefficient reflects the 

model ability to reproduce the indoor temperature. The 

mean absolute deviation is small. The model is considered 

well calibrated.  

During cold periods, the indoor temperature is under-

estimated with the monozone model and on the contrary, 

during hot periods, the temperature is over-estimated with 

the low-order model (Figure 14): 

  

Figure 14: Comparison of indoor temperature with all 

excitations 
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Validation phase 

The heating and cooling control on the indoor temperature 

are added and the indicators given in Table 9 are 

computed over a year. 

Table 9: Results of the validation phase 

Output r² Dmoy Energy
error

 

Indoor 

temperature 
93% 0,9°C - 

Heating needs 92% 67,4 W 4% 

Cooling needs 83% 64,9 W 13% 

The indoor temperature is similar for both monozone and 

multizone models.  

The evaluation of the mean absolute deviation for the 

heating and cooling needs is not as direct as for the indoor 

temperature. The calculated deviations are compared to 

the maximum power observed over a year, since it is the 

reference value used to size energy systems. This results 

in a 1,6% difference for the heating needs, and a 2,2% 

difference on the cooling needs.  

The determination coefficients are close to 1, with a larger 

discrepancy for the cooling needs. 

The energy relative errors are also correct and reflect an 

over-evaluation of both heating and cooling needs. This is 

due to an under-evaluation of the indoor temperature with 

the monozone model during cold periods, and to an over-

evaluation of the indoor temperature during hot periods. 

Furthermore, as shown in Figure 14, the discrepancies 

during hot periods are larger than during cold periods, and 

in high temperature ranges, the monozone indoor 

temperature is higher than the multizone theoretical, 

resulting in a bigger error on the cooling energy need.  

This can be explained by the modeling assumption taken 

to set up the monozone model regarding the non-heated 

zones, especially the attic. In the multizone model, this 

volume acts like a buffer and the solar irradiation received 

by the roof is not directly transmitted to the living areas. 

On the contrary, in the R6C2 model, this zone is not 

represented and the living areas are immediately in 

contact with the outdoor air, meaning that the heat 

exchanges and the solar gains are over-estimated. 

During winter, these two phenomena have opposite 

effects in the thermal balance whereas during summer 

both effects add up. Hence, cooling needs show larger 

discrepancies than heating needs. 

In addition, the ground is not modeled in the R6C2 model. 

The floor is considered in direct contact with the outdoor 

air, resulting in higher heat exchanges.  

The low-order model is able to reproduce the thermal 

behavior of a multizone building but shows some limits 

particularly during hot periods. Attention should be given 

to the zoning and the simplifications made in the 

monozone model set up. The non-heated zones have a 

large impact on the building behavior and must be 

included in the thermal mass calculation, even if not 

modeled.  

It is worth noting that the multizone building 

representation with a monozone model was only possible 

since its largest part is heated, and the zone usages are 

homogeneous. With a more complex building, including 

several usages with various occupation scenarios and 

internal gains, the results could be different.  

To go further, the R6C2 model can be improved, to better 

represent multizone buildings: 

- The internal walls can bring more complexity on the 

heat transfer and may have to be included in the 

model; 

- Non-heated zones such as attics, with a buffer effect 

can be represented with an additional resistor; 

- The ground and the heat exchanges with the floor can 

be added to the model. 

Further discussion 

Sensitivity analysis  

To go further, a sensitivity analysis is processed on the 

low-order model to determine which parameter or 

external excitation has the most significant influence on 

the results. The impact of the following parameters is 

studied: 

- Wall composition 

- Floor area 

- Glazing system 

- Air exchange rate 

- Internal gains due to occupation, lighting and other 

equipment 

- Solar irradiation. 

The analysis is performed with the Sobol index method 

described in Berthou (2013) and Iooss and Lemaître 

(2015). 4000 simulations are run with the R6C2 model to 

calculate the Sobol index for the 8 parameters. The results 

are presented in Figure 15. 

 

Figure 15: Sobol index 

The solar irradiation has the most significant impact on 

the indoor temperature and the cooling needs, and has an 

influence on the heating needs as well. The floor area has 

the highest impact on the heating needs. The air exchange 

rate is also a significant parameter with respect to these 3 

outputs.  

However, the Sobol index used for the analysis has shown 

its limits because of the dependencies between the 

variables. Further investigations shall be performed to 

consolidate this sensitivity analysis. 

Windows type 
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Simulation statistics  

The low-order model has been developed in order to 

speed up the set up and simulation processes. 

The amount of input data required to parametrize both 

models is fairly identical but the R6C2 is easier to set up. 

This results in a reduced development time, particularly 

when modeling several thermal zones. For a monozone 

building, the process is 50% faster. The set up time has 

been divided by 5 for the multizone building presented in 

this paper (a 2 to 3 days development time is usually 

required for one building).  

The simulation is also faster with the low order model, 

due to a reduced complexity. For the single zone building 

used for the BESTEST validation, the simulation is 15 

times faster with the R6C2 model (about 15 seconds) than 

with the detailed thermal zone model (about 4 minutes). 

The number of equations is reduced by half. 

This effect is enhanced for a higher number of zones. For 

the multizone building, the simulation is 25 times faster 

with the R6C2 model (about 15 seconds) than with the 

multizone model with Buildings library (about 6 

minutes). The number of equations has been divided by 8. 

Conclusion  

The paper gives insights about the development of a low-

order thermal model using Modelica, and shows detailed 

results regarding the model validation with BESTEST on 

a single-room building, and with the Building Library 

detailed thermal zone model on a multi-room building.  

Regarding the monozone building, the results are 

satisfying when compared to validated models developed 

on various software. The discrepancies can be explained 

by some differences in the model set up, such as surfaces, 

windows absorptivity and soil representation. 

For the multizone modeling, the results are also satisfying 

but the monozone R6C2 model has to be used with more 

care. Attention should be given to the assumptions and 

simplifications made to represent the building as a single 

zone. Characteristics such as non-heated rooms and 

internal walls deteriorate the results if neglected. The 

ability to reproduce the thermal behavior of a more 

complex building including different usages with a 

monozone model should be tested.  

The numerical performance of the low-order model and 

the detailed model is assessed and compared. The 

complexity is reduced by half with the R6C2 model on a 

monozone building, and divided by 8 for a 8 zones 

building, resulting in shorter time for parametrization, and 

faster simulation. 

The proposed model configuration is a good compromise 

between accuracy of the results, available data needed to 

set up the model and computational time. 

To go further, an additional resistor could be added to the 

R6C2 model to better represent the non-heated zones with 

a buffer effect and the soil could be included as well. 

In conclusion, the low-order monozone model presented 

in this paper appears to be appropriate for larger scale 

simulations, such as district or city levels. 
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Abstract

Innovative numerical scheme studied in this work
enables to overcome two main limitations of Build-
ing Performance Simulation (BPS) programs as high
computational cost and the choice of a very fine
numerical grid. The method, called Super-Time-
Stepping (STS), is novel to the state-of-the-art of
building simulations, but has already proved to be
sufficiently efficient in recent studies from anisotropic
heat conduction in astrophysics (Meyer et al. (2014)).
The given research is focused on employment of
this adopted numerical method to model drying of
a rammed earth wall with an additional insulation
layer. The results show considerable advantage of the
STS method compared to standard Euler explicit
scheme. It is possible to choose at least 100 times big-
ger time-steps to maintain high accuracy and to cut
computational cost by more than 92 % in the same
time.

Introduction

One of the main goals of any construction engineer is
to avoid a possible damage. Moisture is considered
to be the most important source of natural destruc-
tion of building envelopes (Guimarães et al. (2018)).
Various Building Performance Simulation (BPS) pro-
grams are used by practitioners in order to predict,
simulate and analyze, among other phenomena, cou-
pled heat and moisture transfer. Nonetheless, state-
of-the-art studies (Clark and Kavetski (2010); Hong
et al. (2018)) highlight the need for innovative com-
putational approaches, which may help to achieve a
high computational accuracy with low costs while re-
taining the advantages of an explicit formulation.

Despite its history of almost 40 years (Gentzsch
(1980)), the group of methods called Super–Time–
Stepping (STS) requires attention for long-term sim-
ulations. The STS allows to overcome two main limi-
tations of traditional methods, namely the high com-
putational cost and the choice of a very fine numerical
grid. The purpose of this article is the investigation of
advantages of the STS method to perform long-term
simulations of heat and moisture transfers through
walls with an insulation layer on either sides of it.

Earth based materials are often considered to be a

sustainable alternative. They are also reusable and
have low environmental impact (El Nabouche et al.
(2015)). According to their physical properties, these
types of materials are a subject to drying and wetting
during their lifetime. So one can impose a question
whether it is feasible to put an insulation layer to-
gether with a rammed earth (RE) wall or not. In
order to study the general impact of such configu-
ration one needs to run a long-term simulation. In
this case, a faster numerical method comes in handy
and, thereby, for this particular article, the imple-
mentation of the STS method will be extended for the
multi-layered model and the strengths of the method
will be investigated.

The article is organized as follows. The mathematical
model of the physical phenomena is presented first.
The numerical method is described in the following
section. Verification of the theoretical results for the
numerical schemes as well as the numerical investiga-
tion with the real physical data are presented in the
last two sections.

Mathematical Model

The section presents the mathematical model of
one-dimensional heat and moisture transfer through
porous material through the spatial Ωx = [ 0, ` ]
and the time Ω t = [ 0, τ ] domains, with `

[
m
]

being the total thickness of a wall and τ
[
h
]

being
the final time. The wall is schematically illustrated in
Figure 1. The governing equations are based on en-
ergy and mass conservation equations (Mendes et al.
(2002)). The subscripts 0 , 1 and 2 represent the dry
state of the material, the water vapor and the liquid
water, respectively. The mass balance is written as
follows:

ρ 2 ·
∂θ

∂t
= − ∂j 12

∂x
, (1)

where ρ 2

[
kg/m 3

]
is the specific mass of liquid water

and θ
[
∅
]

is the volumetric moisture (liquid plus
vapor) content. The density of the moisture flow rate,
j 12

[
kg/(m 2 · s)

]
, includes the water vapor flow rate

j 1 and liquid water flow rate j 2, so that j 12 ≡ j 1 +
j 2.

The internal heat conservation equation enables to
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Outside
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Material 2

Figure 1: A schematic representation of the wall with
an insulation layer.

state the temperature T
[
K
]

evolution law:(
ρ 0 ·c 0 + ρ 2 ·c 2 ·θ

)
·∂T
∂t

= − ∂j q

∂x
− L ◦12 ·

∂j 1

∂x
, (2)

where ρ 0

[
kg/m 3

]
is the specific mass of the dry ma-

terial, c 0

[
J/(kg · K)

]
is the material heat capacity

and c 2

[
J/(kg · K)

]
is the water heat capacity. The

quantity j q

[
W/m 2

]
is the sensible heat flow rate.

The latent heat of vaporization L ◦12

[
J/kg

]
is taken

as a positive constant value. For the sake of clarity, we
introduce the so-called global heat storage coefficient
cT
[
W · s/(m 3 · K)

]
, cT : θ 7→ ρ 0 · c 0 + ρ 2 · c 2 · θ .

Finally, the mathematical model can be expressed by
the system of two coupled partial differential equa-
tions with respect to two unknowns T and θ:

ρ 2 ·
∂θ

∂t
=

∂

∂x

(
D θ ·

∂θ

∂x
+ DT ·

∂T

∂x

)
, (3a)

cT ·
∂T

∂t
=

∂

∂x

(
kT ·

∂T

∂x

)
+ L ◦12 ·

∂

∂x

(
kTM ·

∂θ

∂x

)
,

(3b)

where D θ (T, θ )
[
m 2/s

]
is the diffusion

coefficient under the moisture gradient,
DT (T, θ )

[
m 2/(s · K)

]
is the diffusion co-

efficient under the temperature gradient,
kT (T, θ )

[
W/(m · K)

]
is the thermal conduc-

tivity of the material, and kTM (T, θ )
[
kg/(m · s)

]
is the vapor transfer coefficient under the moisture
gradient.

Multilayered domain

As the focus of this article is to study the influ-
ence of an insulation layer to the drying of a mate-
rial, the natural continuity on the interface (De Fre-
itas et al. (1996)) shall be applied. Equation (3)
can be considered over a multidomain as illustrated
in Figure 1. Both materials are taken as homoge-
neous and isotropic. The space domain is written
as Ω x = [ 0, x int ]∪ ]x int, L ] , where x int is the
location of the interface between two materials. As
a result, the material properties can be written in a
general form as illustrated for the diffusion coefficient
under moisture gradient:

D θ ( θ, T, x ) =

{
D mat1
θ ( θ, T ) , x 6 x int ,

D mat2
θ ( θ, T ) , x > x int ,

(4)

where superscripts mat1 and mat2 represent each ma-
terial layer.

One of the interesting quantities to study is the to-
tal moisture content remaining within the material,
which can be calculated as:

θ tot ( t )
def
:=

∫
Ω Mat

θ (x, t ) dx , (5)

where ΩMat is the domain of the material. From this,
one can also compute the rate of drying as the deriva-
tive of the total moisture content with respect to time:

V dry ( t )
def
:=

d θ tot ( t )

d t
. (6)

Boundary conditions

Assuming that there is no liquid water coming from
the ambient environment, the boundary conditions
at the surface x = { 0, ` } for the moisture balance
Equation (1) are written as follows:(

D θ ·
∂θ

∂n
+ DT ·

∂T

∂n

)
= (7)

hM ·M
R 1

·
(
ϕ∞ ·

(
P sat

T
− P sat,∞

T∞

)

+
P sat

T
·
(
d ϕ̃

d θ
·
(
θ − θ∞

)
+ r ( θ )

))
,

where hM
[
m/s

]
is the surface vapor transfer

coefficient, R 1

[
J/( kg · K)

]
is the constant gas

for vapor, M
[
kg/mol

]
is the molecular mass,

ϕ
[
∅
]

is the relative humidity, P sat (T )
def
:= 997.3 ·(

T − 159.5

120.6

) 8.275 [
Pa
]

is the saturation pres-

sure and r ( θ ) is the residual function as defined in
Mendes et al. (2002). T∞ and ϕ∞ stand for the tem-
perature and the relative humidity of the ambient air.
∂g
∂n

def
:= n · ∂g∂x is the directional derivative in the direc-

tion of the outer unit normal vector n ∈ {−1 , 1 },
projected on the Ox axis.

The boundary conditions for the energy balance
Equation (2) at the surface x = { 0, ` }:(
kT ·

∂T

∂n
+ L ◦12 · kTM ·

∂θ

∂n

)
= α · g∞ (8)

+ hT ·
(
T − T∞

)
+ L ◦12 ·

hM ·M
R 1

·
(
ϕ∞ ·

(
P sat

T

− P sat,∞

T∞

)
+
P sat

T
·
(
d ϕ̃

d θ
·
(
θ − θ∞

)
+ r ( θ )

))
.

where hT
[
W/(m 2 · K)

]
is the surface heat transfer

coefficient and α ·g∞
[
W/m 2

]
is the absorbed short-

wave radiation.

Dimensionless formulation

The governing equations along with boundary condi-
tions are solved numerically in a dimensionless form.
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The solution in dimensionless formulation has ad-
vantages such as application to a class of problems
sharing the same scaling parameters (e.g. Fourier
and Biot numbers), simplification of a problem us-
ing asymptotic methods and restriction of round-off
errors.

For the model given in Equation (3), the equations
representing mass – v and heat – u transfer in porous
material can be written in the dimensionless form for
x ? ∈

[
0 , 1

]
and t ? ∈

[
0 , τ

]
:

∂v

∂t ?
= FoM ·

∂

∂x ?

(
D ?
θ ·

∂v

∂x ?
+ γ ·D ?

T ·
∂u

∂x ?

)
,

c ?T ·
∂u

∂t ?
= FoT ·

(
∂

∂x ?

(
k ?T ·

∂u

∂x ?

)

+ δ · ∂

∂x ?

(
k ?TM ·

∂v

∂x ?

))
, (9)

where the superscript ? represents a dimensionless
value of a variable and γ, δ are dimensionless coupling
parameters.

The initial conditions at t ? = 0 are u 0 = v 0 = 1
for ∀x ? ∈

[
0 , 1

]
. The boundary conditions at the

surface x ? = { 0, 1 } are defined as:(
D ?
θ ·

∂v

∂n ?
+ γ ·D ?

T ·
∂u

∂n ?

)
= GM + (10a)

Bi sat
M ·

(
P ?

sat

u
− P ?

sat ,∞

u∞

)
+ Bi θM ·

(
v − v∞

)
,(

k ?T ·
∂v

∂n ?
+ δ · k ?TM ·

∂u

∂n ?

)
= GT + (10b)

BiTT ·
(
u − u∞

)
+ Bi sat

T ·
(
P ?

sat

u
− P ?

sat ,∞

u∞

)
+ Bi θT ·

(
v − v∞

)
+ α · Bi gT · g ?∞ ,

where GM , GT are dimensionless additional thermal
flux terms of the boundary conditions.

The Fourier numbers FoM and FoT are defined as:

FoM
def
:=

t ◦ · D ◦θ
`2 · ρ 2

, FoT
def
:=

t ◦ · k ◦T
`2 · c ◦T

.

The Biot numbers Bi sat
M ,Bi θM ,BiTT ,Bi sat

T ,Bi θT and
Bi gT can be expressed as:

Bi sat
M

def
:=

` · ϕ ◦∞ · hM ·M
D ◦θ · θ ◦ · R 1

· P
◦
sat

T ◦
· ϕ ?∞ ,

Bi θM
def
:=

` · hM ·M
D ◦θ · R 1

· P
◦
sat

T ◦
· d ϕ̃
d θ
· P

?
sat

u
,

BiTT
def
:=

` · hT
k ◦T

, Bi gT
def
:=

` · g ◦∞
k ◦T · T ◦

,

Bi sat
T

def
:= L ◦12 ·

` · ϕ ◦∞ · hM ·M
k ◦T · T ◦ · R 1

· P
◦
sat

T ◦
· ϕ ?∞ ,

Bi θT
def
:= L ◦12 ·

` · θ ◦ · hM ·M
k ◦T · T ◦ · R 1

· P
◦
sat

T ◦
· d ϕ̃
d θ
· P

?
sat

u
.

The next section presents the description of the STS
method, which is proposed to be applied to the heat
and moisture transfer simulation.

Numerical Methods

For the sake of simplicity and without losing general-
ity, in order to explain numerical schemes, the initial-
boundary value problem is considered:

∂ u

∂ t
=

∂

∂ x

(
d · ∂ u

∂ x

)
, (11)

where d is the material diffusivity. The initial con-

dition is u
(
x, t = 0

) def
:= u 0 (x ) and the boundary

conditions are u
(
x = { 0, 1 } , t

) def
:= uL,R∞ ( t ).

The space and time domain are discretized in the
following way. A uniform discretization of the
space interval Ω x  Ωh is written as Ωh =⋃N x

j = 1[x j , x j + 1 ], x j + 1 − x j ≡ ∆x, ∀ j ∈
{ 1, . . . , N x } . Time layers are spaced uniformly as
well tn = n∆ t, ∆ t = const > 0, ∀n ∈
{ 0, . . . , N t } . The values of the solution function
u (x, t ) are defined at discrete nodes and denoted
by unj := u (x j , t

n ).

The Super–Time–Stepping Method

Almost 40 years ago the Super–Time–Stepping (STS)
numerical method was proposed to solve parabolic
problems by Gentzsch (1980). Since then, it was only
employed for a limited range of problems and notable
applications to linear and nonlinear parabolic prob-
lems were performed in Alexiades et al. (1996). Those
applications once again confirmed obvious advantages
of the STS method as a tool to speed up remarkably
the explicit time-stepping schemes in a very simple
way. The philosophy of the method lies in its Runge–
Kutta-like nature. The iterative algorithms of such
methods, based on the recursion relations of orthogo-
nal polynomials, permit ensuring the stability of the
method at the end of each iteration stage. In this way,
the numerical scheme is able to relax the strong sta-
bility requirement at the end of every small time-step.
The stability is then required only at the end of a cy-
cle of N S of them, where N S is the number of super-
time-steps. In this article, two STS approaches are
considered based on two families of orthogonal poly-
nomials. Namely, shifted Chebyshev polynomial of
degree N S (Alexiades et al. (1996)) and shifted Leg-
endre polynomials of the first order (Meyer et al.
(2014)). The general idea of the method is described
below and additional details may be found in Ab-
dykarim et al. (2018).

The Euler explicit discretization for the time-
dependent linear diffusion Equation (11) can be writ-
ten as:

un + 1 =
(
I − ∆ t ·A

)
· un , n ∈ N , (12)

where matrix A can be constructed according to the
chosen space discretization. The stability condition
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∆t exp

un un+1

tn tn + ∆tS

N S intermediate calculations

u k=1 u k=2 u k=3 u k=N S

Super–Time–Stepping:

|• •|
un un+1

tn tn+1

t

Euler Explicit:

Figure 2: Stencil of the Super–Time–Stepping method in
comparison with Euler explicit scheme (2).

of the scheme is associated to the spectral radius ρ of
the matrix operator:

ρ
(
I − ∆ t ·A

)
< 1 , (13)

where the spectral radius operator ρ (−), which is de-
fined as:

ρ : Matm×m (R) −→ R> 0 ,

A 7−→ max
16j6m

{
|λ j |

∣∣ Av j = λ j v j ,

v j ∈ Rm \ 0
}
∈ R> 0 .

Note the maximum λmax and the smallest λmin > 0
eigenvalues of the matrix A. The above relation-
ship yields to the following stability condition of
Courant–Friedrichs–Lewy (CFL) type for the
time discretization:

| 1 − ∆ t ·λmax | < 1 =⇒ ∆t < ∆t exp , (14)

with

∆t exp
def
:=

2

λmax
, (15)

and λmax =
4 k

∆x 2
(Alexiades et al. (1996)).

The above condition (14) can be relaxed by introduc-
ing a stability polynomial PN S

, ∀λ ∈ [λmin, λmax ]:∣∣∣PN S

(
∆ tS , λ

) ∣∣∣ 6 1 . (16)

Here, it is possible to relax the stability constraint on
each time-step ∆ t by introducing a so-called super-
time-step ∆ t S. The stability is then required only
at the end of a cycle of N S super-time-steps. This
leads to the numerical scheme similar to a Runge–
Kutta-like method with N S stages. The stencil of
the STS scheme is shown in Figure 2 to understand
the technique idea. One can observe that the STS
method performs sequences of N S inner steps (inter-

mediate calculations) and in total performs N S ·
τ

∆ t S
explicit steps, where τ is the final simulation time.

As a result, approximately N STS
def
:=

τ

∆ t S
temporal

nodes are obtained.

Thereby, one can express discretization (12) in the
following way for n = 0 , 1 , . . . NSTS :

un+1 =

(
PN
(

∆ t S ,A
))
· un . (17)

Now the solution can be found with the scheme in-
volving a super-time-step ∆ t S, which should satisfy
either the Chebyshev or Legendre stability poly-
nomials. Depending on the choice of a method, ∆ t S

can be fixed according to the number of super-time-
stepsN S and explicit time-step ∆ t exp defined in (15):

• RKC: Runge–Kutta–Chebyshev STS
method:

∆ t S =

N S∑
k = 1

τ k
λmax−−−→ N 2

S ·∆ t exp , (18)

where τ k is the time-step of intermediary stage
k.

• RKL: Runge–Kutta–Legendre STS method
of the first order:

∆ t S 6
N 2

S + N S

2
·∆ t exp . (19)

As it can be seen, the super-time-step ∆ t S can be
at least O (N 2

S ) bigger than a time-step required by
the explicit Euler scheme due to the CFL stability
condition (14). The expectations of a much faster cal-
culation are based on this fact of a time-step “widen-
ing”. A few case studies below will prove such ef-
fectiveness of the STS method in a variety of ways,
which are described in the next section.

Comparing numerical results

In order to compare the efficiency of the method,
results have been compared with the explicit Eu-
ler scheme and with the improved explicit method,
called DuFort–Frankel (DF) (for more informa-
tion about DF method, readers can refer to Du Fort
and Frankel (1953); Gasparin et al. (2018).

Numerical methods can be compared by computing
the ε 2 error between a numerical solution u num and
the reference solution u ref . The accuracy can be es-
timated with the global uniform error ε∞ and the
significant correct digits (scd) of a solution (Gasparin
et al. (2018); Abdykarim et al. (2018)).

To evaluate the efficiency of the methods in compar-
ison with the explicit Euler scheme, the ratio of the
total number of temporal steps %N∆ t

[
%
]

and the

ratio of computational cost %CPU

[
%
]

can be com-
puted as follows:

%N∆ t

def
:=

N scheme

∆ t

N Euler

∆ t

· 100% , %CPU

def
:=

t scheme
CPU

t Euler
CPU

· 100% ,

where N scheme
t , t scheme

CPU

[
s
]

and N Euler
t , t Euler

CPU

[
s
]

are
the total numbers of temporal steps and computa-
tional times required by the DF or STS schemes and
by the Euler explicit scheme respectively.
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One can also calculate the computational time ratio

per day % day
CPU

def
:=

t scheme
CPU

τ d

[
s/d
]
, which evaluates how

many seconds are required to perform the simulation
for one astronomical day.

In the following section, the numerical methods shall
be validated with the reference solution and compared
among each other.

Numerical verification

For the first case, material properties are considered
to be constant throughout materials and independent
of the field of temperature and relative humidity. It is
required to verify the theoretical results of the numer-
ical scheme. The model is taken in its dimensionless
form as (9) together with the initial and boundary
conditions (10).

Material properties are given in Table 1 and also ex-
pressed with Fourier numbers, γ and δ which are
equal to FoT = 7 · 10−2, FoM = 9 · 10−2,
γ = 7 · 10−2 and δ = 5 · 10−2.

Table 1: Dimentionless material properties of two mate-
rials. D ?

θ D ?
T c ?T k ?T k ?TM

mat 1 0.3 2.1 0.1 0.5 0.4

mat 2 0.1 3.2 0.3 0.2 0.1

Biot numbers are expressed as parameters for the
boundary conditions and are taken to be equal to:

Bi θ ,LM = 25.5 , BiT ,LT = 50.5 , Bi θ ,LT = 4.96 · 10−1 ,

Bi θ ,RM = 51.8 , BiT ,RT = 19.8 , Bi θ ,RT = 6.73 · 10−1 ,

and all Bi sat
M = Bi sat

T = 0. Additional flux parame-
ters and the short-wave radiation are also set to zero.
The initial conditions for u and v are identically equal
to one. Variation of the boundary data is set to obey
te following periodic functions:

uL∞ = 1 +
3

5
sin

(
2π
t

5

) 2

, v L∞ = 1 +
1

5
sin

(
2π
t

2

) 2

,

uR∞ = 1 +
1

2
sin

(
2π
t

3

) 2

, vR∞ = 1 +
9

10
sin

(
2π
t

6

) 2

.

The total simulation time is τ ? = 1. The space
discretization parameter is ∆x ? = 10−2 for all
schemes. Interface between materials is placed to be
at x ?int = 0.6. The value of the time-step parameter
is chosen according to corresponding requirements of
each scheme. The number of super-time-steps have
been taken as N RKC

S = 10 and N RKL
S = 20.

Results and discussion

Results of the simulations provide evidence that the
accuracy can be obtained almost at the same level
for all schemes. This can be seen from the Fig-
ure 3, where the order of the ε 2 error is kept around
O ( 10−3 ). In addition, from Table 2 it can be seen
that the ε∞ error is of the same order, being higher

for Euler explicit scheme because smaller ∆t due
to requirements of the stability condition. Nonethe-
less, simulations with all methods obtained about two
significant correct digits (scd). Important difference
between schemes can be noticed from the size of time-
steps and the number of time-steps. The CFL stabil-
ity condition (14) imposes ∆t ?Euler to be no bigger
than 3.6 × 10−5, which is a really small quantity at
the building physics scale. This extreme restriction
is relaxed with the STS methods. Even when N S is
taken to be equal to 10, the size of time-step becomes
bigger for 100 times, thereby reducing the number
N t also by 100. It basically means that the number
of iterations can be reduced considerably and, thus,
it is possible to save the extra computational cost.
The ratio %CPU also shows that with STS methods it
takes only 5 % and 7 % of Euler explicit computa-
tional time. Hence, at least, it is possible to cut the
costs by 93 %. The results in Figure 4 are presented to

Table 2: Comparison of the numerical results for the
linear case study. The number of super-time-steps:
N RKC

S = 10 and N RKL
S = 20.

Euler DF RKC RKL

∆t ? 3.6 · 10−5 10−3 3.6 · 10−3 7.5 · 10−3

N t 28 001 1 001 280 133

%N∆t [ % ] 100 3.57 1 0.47

ε∞ ( v ) 6 · 10−5 3 · 10−3 3 · 10−3 3 · 10−3

ε∞ (u ) 4 · 10−5 3 · 10−3 4 · 10−3 5 · 10−3

scd ( v ) 2.45 2.44 2.49 2.13

scd (u ) 2.69 2.64 2.30 2.04

tCPU [ s ] 16.3 0.77 1.14 0.89

%CPU [ % ] 100 4.72 6.99 5.46

verify the choice of the number of supersteps N S. It
shows how N S influences the overall efficiency of the
simulations. The tests are made for N S ∈ [ 10, 100].
The global uniform error for dimensionless u (Fig-
ure 4a) and v (Figure 4b) shows that both STS meth-
ods follow the order O (N 2

S ), which scales with the
definition of super-time-steps (18)–(19). The error
increases with N S, because a bigger N S implies a
wider superstep. Hence, fewer discretization points
and less accuracy during the simulation is obtained.
The ratio %N∆t (see Figure 4d), on the other hand,
is decreasing with N S. Therefore, depending on the
requirements, a bigger N S can be taken to perform
faster simulations, but with higher error. In terms of
stability, it can be noticed that RKL method is more
stable than RKC method.

Another interesting point to compare is the Figure 4c
of the ratio %CPU as a function of ε∞ error. As it
can be seen, higher the accuracy, less time is possi-
ble to save. For an error at a level of O ( 10−2 ) the
computational time can be cut for around 96− 97 %.
By summing up all observations, it can be concluded
that RKL method performs more accurately and sta-
ble than RKC method for a wider range of N S, hence,
it is more favorable in practice.

________________________________________________________________________________________________ 

________________________________________________________________________________________________ 
Proceedings of the 16th IBPSA Conference 
Rome, Italy, Sept. 2-4, 2019

 
1448

 

 
  



x
⋆

[

Ø
]

0 0.2 0.4 0.6 0.8 1

ε
u 2

[

Ø
]

10
-3

10
-2

Euler

RKC

RKL

DF

x
⋆

[

Ø
]

0 0.2 0.4 0.6 0.8 1

ε
v 2

[

Ø
]

10
-4

10
-3

10
-2

Euler

RKC

RKL

DF

Figure 3: Error between the numerical simulation results and the reference solution, for respective time steps ∆ t ?

reported in Table 4 and ∆x ? = 10−2.
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Figure 4: Influence of the number of supersteps N S on ε∞ error for dimensionless u (a) and v (b) variables; on the
ratios %CPU (c) and %N t (d) compared to the explicit Euler scheme results.

Qualitative comparison with experi-
mental observations

In this section, the main purpose is to validate the re-
liability of the mathematical model and to estimate
the fidelity (Clark and Kavetski (2010)) of the nu-
merical model. The drying of the wall during its first
year after installation shall be simulated and results
shall be validated with experimental data. The latter
has been obtained from the observations of a house
located in Saint-Antoine-l′Abbaye, in Isère, South-
Eastern France (Soudani et al. (2017)). In this house,
several walls were built with the RE material, and for
the sake of clarity we take only the South wall data.

One-dimensional simulations have been executed for
the RE wall `RE = 0.5m in width. Total simulation
time is τ = 365 d , i.e. the first year after installation
of the wall (starts from July). The material properties
of the RE material are obtained in the previous works
by Soudani et al. (2017) and presented in Table 3.

The variations of the temperature and moisture con-
tents are measured at 10cm from the inside and

outside surfaces of the wall (Soudani et al. (2017)).
Hence, the boundary conditions are taken as Dirich-
let type for the shorter width of a wall as ` new

RE =
0.5m − 2 × 0.1m = 0.3m. The initial conditions
are θ i = 0.53

[
∅
]

and T i = 291.3K .

The space discretization parameter is ∆x = 3mm
for all schemes. The number of super-time-steps:
N RKC

S = 10 and N RKL
S = 20.

The experimental temperature and the moisture con-
tent in the middle of the wall are presented together
with the simulation results in Figure 5. As can be
seen, the wall considerably dried during first 50 days
(by taking into account that the initial installation
was at the end of July). The negative values of the
temperature in the winter period are due to the fact
that the first year and a half after installation the
house was not occupied. The general comparison is
satisfactory in a qualitative view since some discrep-
ancies can be noted. They arise from a lack of infor-
mation to model the material properties. Secondly,
the rate of drying may depend on variations of the
surface transfer coefficients with external factors such
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Figure 5: Time evolutions of the mass content and temperature in the middle of the wall in comparison with the STS
schemes along almost one year of the experiment starting from the month of July.
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Figure 6: Total moisture content and the drying velocity of the rammed earth material.

Table 3: Material properties of the rammed earth and the insulation.
D θ DT cT kT kTM

RE 10−7 + 2.4 · 10−9 · ( θ − 0.1 ) 10−10 1730 · 648 + ρ 2 · c 2 · θ 5 · θ + 0.6 4 · 10−18

Ins 10−20 0 146 · 840 + ρ 2 · c 2 · θ 0.4875 10−17

as wind, radiation, etc. Nonetheless, both mathemat-
ical and numerical models proved to be sufficiently
reliable to simulate the desired physical phenomena.

Table 4: Numerical results of the STS schemes in com-
parison with Euler explicit method for one year simula-
tion. The number of super-time-steps: N RKC

S = 10 and
N RKL

S = 20.
Euler RKC RKL

∆t [min ] 3.4 · 10−2 3.4 7.1

N t 15 629 624 156 196 74 379

%N t [ % ] 100 1 0.48

tCPU [ h ] 25.4 2.1 1.9

%CPU [ % ] 100 8.2 7.64

% day
CPU [ s/d ] 250.6 20.6 19.2

Numerical investigation with the phys-
ical data

The goal of the numerical study is to analyze the
impact of an insulation layer on the moisture state
of the RE wall. The properties of a glass wool ma-
terial have been taken to model the insulation layer
(Mendes et al. (2008)). The material properties for
both layers are displayed in Table 3.

The simulations have been performed for the RE wall
`RE = 0.5m and the insulation material ` Ins =
0.125m in width. The boundary data have been
taken as in the previous section as well as the same
properties of the RE wall. Total simulation time is
τ = 365 d . The initial condition for the RE material

part is θ i,RE = 0.53
[
∅
]

and for the insulation layer

part is θ i, Ins = 0.053
[
∅
]
. The initial temperature

is T i = 291.3K for both materials.

The space discretization parameter is ∆x = 5mm
for all schemes. The number of super-time-steps:
N RKC

S = 10 and N RKL
S = 20.

One of the interesting points to observe is the drying
of the RE material with and without such type of an
insulation material. The simulations are performed
for three cases: 1) when an insulation layer is outside
(Ins – RE), 2) when an insulation layer is inside (RE
– Ins) and 3) without insulation (RE).

The total moisture content remaining within the ma-
terial (Equation (5)) and the rate of drying (Equa-
tion (6)) for all three cases are plotted in Figure 6.
It can be seen that imposing an insulation layer out-
side of the wall prevents it from fast drying. This
case might be dangerous. In contrast, insulation layer
from the inside maintains compatible rate of drying as
a wall without insulation. This can also be observed
from the rate of drying, where it is alike between cases
(RE – Ins) and (RE).

Table 4 is shown to demonstrate the effectiveness of
the STS methods in application to a real physical
data. By observing the ratio % day

CPU it can be clearly
seen that STS methods are able to reduce simula-
tion costs by more than 12 times, and the simulation
for a one year period of time might take only two

________________________________________________________________________________________________ 

________________________________________________________________________________________________ 
Proceedings of the 16th IBPSA Conference 
Rome, Italy, Sept. 2-4, 2019

 
1450

 

 
  



hours instead of a whole one day. In this case again,
RKL has slightly better results than RKC, however,
the difference in terms of the computational cost is
almost negligible comparing to more conventional ex-
plicit numerical approaches.

Conclusion

The impact of an insulation layer on the behavior of
the rammed earth wall has been investigated. The
strengths of an innovative STS method are illus-
trated in comparison with traditional explicit Euler
scheme. Results show that the main advantage of the
proposed STS method is that it allows to choose at
least 100 times bigger time-steps and to relax consid-
erably stability restrictions. It is also possible to re-
duce the number of time-steps by more than 200 times
to maintain high accuracy and to cut computational
time compared to an explicit scheme for more than
92 %. In general, it can be concluded that the method
proved to be both numerically efficient and accurate
enough. Further implementation of such methods to
BPS programs is expected to cut computational effort
and increase efficiency.
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Abstract 

This study proposes a method of specifying where there 

is leeway for improvement of thermal performance of an 

office building by identifying the thermal performance 

parameters, which refers to such as the insulation and 

fraction of solar shading, based on operating data. This 

can contribute to the planning of energy reduction retrofit. 

The proposed method combines two methods: identifying 

parameters using a thermal load calculation program and 

conducting an inspection following a prepared diagnosis 

flow. Various parameters within the input data in the 

thermal load calculation program are classified into a 

small number of group, and the representative parameters 

of each group are identified based on measured thermal 

load and room temperature. The identified and standard 

parameters are compared and, judging from the 

differences between them, it is determined whether or not 

each of the specified parameters is in an abnormal state. 

Afterwards, a diagnosis flow is proposed to specify which 

individual unknown parameters cause the abnormality. 

Introduction 

When the quantity of energy used in a completed building 

is larger than predicted during the design period, it must 

be determined whether there are areas where energy could 

be reduced, for instance, in the building envelope, in room 

usage, and in equipment and machinery. 

Many research studies in Tobias Maile, Vladimir 

Bazjanac, and Martin Fischer (2012) and E.H.Borgstein, 

R.Lamberts, and J.L.M.Hensen (2016), whose titles 

include the word “commissioning”, have been conducted 

to improve operation of equipment and machinery. 

However, there have been few research studies have 

considered the building envelope or the room usage. In 

the field of research for residential buildings, many 

studies in Okuyama Hiroyasu and Onishi Yoshinori 

(2012) and M.J.Jiménez, H.Madsen, and K.K.Andersen 

(2008) have conducted to identify the insulation 

performance. However, their studies conducted case 

studies in small-size buildings where nobody was living. 

The objective of this study is to propose a method for 

estimating the thermal performance such as insulation and 

infiltration of occupied office buildings using actual 

operating data. This method is expected to be contributed 

to do energy-saving action for practical situations. 

Figure 1 shows the proposed methodology. To establish 

the methodology, energy simulation is firstly conducted to 

identify unknown building parameters such as thermal 

insulation thickness and ceiling height using a thermal 

load calculation program. 

The unknown parameters are classified into two groups 

which are representatives of the considerable parameters. 

The proposed method identifies two parameters of the 

groups to briefly approximate thermal performance. 

Secondary, a diagnosis flow is proposed to specify which 

individual unknown parameters cause the abnormality in 

a representative. 

In this study, we use virtual measurement data generated 

by the thermal load calculation program. The virtual 

measurement data was generated under the condition that 

some specific parameters— amount of outside air, 

infiltration rate, and fraction of solar shading— had 

abnormal values comparing to standard values. The 

identification result shows the possibility of detecting 

abnormalities in parameters. 

 
Figure 1: Proposed methodology for thermal 

performance diagnosis 

Outline of parameter identification and 

diagnosis flow 

Figure 2 shows an overview of proposed parameter 

identification. There are the two groups which are 

mentioned in Introduction section: 1) the overall 

conductance group (Group 1) which represents some 

related parameters such as the amount of outside air and 

infiltration rate, 2) the steady thermal load group (Group 

2) which represents some parameters such as a fraction of 

solar shading. What is called at the beginning 

"representative parameter" is instead a calibration 

dimensionless index, which is used in equation 1) to vary 

all the physical properties of a group with the same 

Measurement data

Drawing information※1

Parameter identification※2

Detection of abnormal 

representative parameter※3

Manual inspection※2

Measures for energy saving※3

※1：Input information

※2：Method

※3：Output result
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Figure 2: Overview of parameter identification 

Thermal insulation thickness

Adjacent room temperature difference factor

Thermal transmission coefficient (window)

Fraction of solar shading

Ground reflectance

Height of adjacent buildings (by direction)

Depth of eaves

air change rate

Amount of outside air

Occupant density

Lighting electrical capacity

Electrical plug load

Overall conductance

Steady thermal load

standard
＋σ－σ

standard
＋σ－σ

Overall conductance is inferior to 

the standard.

Individual parameters

Representative parameters

percentage respect to their standard deviation (data in 

table 1). 

The two representative parameters were varied in units 

of 0.2 from −2 to +2. Parameter values were calculated 

using equation (1). When the value of a representative 

parameter is zero, all individual parameters which are 

included in each group have their mean values. 

When the value of a representative parameter is +1, it is 

represented by adding a standard deviation of the 

individual parameters to their mean values. Table 1 shows 

prior information (mean value and standard deviation) of 

each parameter. Here, this prior is used to Bayesian 

estimation. Air change rate, solar absorptance (outer wall) 

and occupant density are based on beta distribution, not 

normal distribution. Refer to the Appendix for details of 

Bayesian estimation and beta distribution.  

Parameter = mean + (standard deviation 

×representative parameter) (1) 

Table 1: Prior distribution (mean and standard 

deviation) for each parameter 

 
  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
The representative parameters in Table 1 were 

determined in terms of parameters’ characteristics as 

shown in Figure 3. The vertical and horizontal axes 

represent the daily thermal load and daily mean 

outdoor temperature, respectively. 
Overall conductance mainly affects gradient of 

regression lines both of cooling and heating loads. 

Steady thermal load mainly affects the intercept of x-

axis. These two groups are chosen as principal 

characteristics of building thermal load. 

 
Figure 3: Explanation of scatter diagram  

The two representative parameters are fitted so that the 

calculated thermal load and measured thermal load 

conform. For example, Figure 2 shows that the overall 

conductance (Group 1) is high because the value of the 

parameters after fitting is greater than +σ. 

The fitting of simulated load against the "measured" load 

(in your experiment virtual measured load) is done 

modifying what I called the calibration dimensionless 

indexes, which in turn modify all physical properties of 

each group. Then you know the attributed value to all of 

them during the fitting procedure; of course you do not 

know the "true" value. Thus the "fitted" individual 

properties are known, while the "true" are of course not 

known.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

After the fitting procedure is concluded, an on-site 

parameters Mean
Standard

deviation

Thermal insulation thickness (outer wall)(mm) 25 12

Thermal insulation thickness (roof)(mm) 50 25

Amount of outside air (m
3
/m

2
h) 5 2

Ceiling height (mm) 2700 100

Floor height (mm) 3800 150

Adjacent room temperature difference factor (-) 0.3 0.15

Thermal transmission coefficient (window) (W/m
2
K) 2.9 1

air change rate (1/h) 0.1 0.1

Ground reflectance (%) 10 5

Height of adjacent buildings (by direction) (m) 3 2

Depth of eaves (by direction) (m) 0.2 0.1

Solar absorptance (outer wall) (-) 0.8 0.1

Fraction of solar shading (Windows)(-) 0.515 0.2

Window height (mm) 1900 200

Lighting electrical capacity (W/m
2
) 12 4

Occupant density (people/m
2
) 0.1 0.1

Electrical plug load (W/m
2
) 12 6
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Group 2 (Steady thermal load)
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investigation conducted with manual inspection is trying 

to select among all physical properties in that reference 

group, which exhibits the highest variance, those with the 

furthest value from a possible "true" value coming out 

from inspection.  Hence, a diagnosis flow as shown in 

Figure 4 is used. This diagnosis flow is an example of a 

case in which identifying parameters indicated the overall 

conductance as being too low.  

In this process, firstly the specification of windows should 

be investigated. When the windows performance are high, 

thermal insulation thickness is investigated. After that, 

ceiling height, and state of the adjoining rooms were 

investigated. Investigation completed I to IV indicates the 

causal factors that have been identified. 

The investigation process mentioned above can determine 

specific parameters efficiently which should be 

considered to reduce energy consumption. 

The specified parameters will be used to improve energy 

performance in the future retrofit. 

 
Figure 4: Example a diagnosis flow 

(Assuming the case where the overall conductance is 

identified too low) 

Building conditions and calculation cases 

This study used a thermal load calculation program to 

compute the virtual thermal load of the building model, 

shown in Figure 5. Unknown parameters are identified by 

using these virtual data, instead of using measured data 

obtained from an actual building. An office building 

constructed in Tokyo was simulated in the program. It is 

a medium-height building with a total floor area of 610 m2. 

For outdoor air conditions, data from the Meteorological 

Agency for 2016 were used. The summer measurement 

period was from July 1 to July 31, 2016, and the winter 

measurement period was from January 1 to January 31, 

2016. To improve the precision of the identification of 

parameters, data from both periods were used. To confirm 

that it is possible to detect abnormalities in the parameters 

of a building, one parameter was selected from a number 

of individual parameters to prepare virtual measurement 

data. The value of this parameter was greatly altered from 

the standard value, while other values were standard. This 

study prepared virtual measured data for three cases by 

selecting the amount of outside air and infiltration rate 

from Group 1, and the fraction of solar shading from 

Group 2. Table 2 shows the parameter values, changed to 

prepare virtual measured data. Values of -2 and +2 were 

used for the representative parameter to yield the 

individual parameters according to equation (1). 

 
Figure 5: Plan drawing of standard building model 

In calculation case (1), the amount of outside air was 

set to 1 m3/m2h, and individual parameters such as 

thermal insulation thickness, ceiling height and floor 

height of same group as the amount of outside air were 

set to their  mean values.  
Table 2: Parameter settings for generating virtual 

measurement data 

  

Results of identifying parameters 

Table 3 shows the values of the parameters in each group 

calculated by parameter identification. In calculation case 

(1) whose amount of outside air is 1 m3/m2h, the 

representative parameter 1 is identified as -2, and the 

representative parameter is identified as 0.2.The values 

written in Italics show the groups to which the changed 

parameters belong. The amount of outside air and 

infiltration rate are presented in Group 1, and the fraction 

of solar shading is given in Group 2. The values of the 

parameters written in italics shows that the changes from 

zero in the infiltration rate and the fraction of solar 

shading did not reach 1, revealing that these cannot be 

significantly detected. In addition, the symbols of the 

values of the measured and the identified parameters did 

not coincide. However, the amount of outside air could be 

detected when it was 1 m3/m2h. Parameters belonging to 

the group not written in Italics were fixed at zero, and the 

virtual measured data were prepared, but the identified 

parameters were calculated as values that diverged from 

zero.  

Overall conductance too low

Temperature of adjacent

Thermal insulation thickness

Window specifications

Investigation 
completed III

Investigation 
completed II

Investigation 
completed I

Single

High insulation No thermal insulation 
or 

U=3(W/m2K) or higher

lower than U=3(W/m2K)

2.9 m or higher

Lower than 2.9m

Ceiling height

Air conditioning is off in 
the adjacent longer
than in the object room

Investigation 
completed IV

Temperature of use of 
Adjoining room and adjacent 
almost identical

Impact of drafts etc.?

Office

Core

5.4 m26.6 m

8.1 m

17.7 m

Inner wall

Outer

wall

(1) 1 m
3
/m

2
h

(2) 9 m
3
/m

2
h

(3) 0.01 1/h

(4) 0.275 1/h

(5) 0.115

(6) 0.915

Amount of

outside air

introduced
air change rate

fraction of

solar shading

________________________________________________________________________________________________ 

________________________________________________________________________________________________ 
Proceedings of the 16th IBPSA Conference 
Rome, Italy, Sept. 2-4, 2019

 
1454

 

 
  



Table 3: Results of identified representative parameters 

 
※group1: Overall conductance 

group2: Steady thermal load  

Figure 6 and 7 show the results of sensitivity analysis 

of thermal load. The representative parameter values of 

-2 and +2 are used to calculate each individual 

parameter value, setting the other individual 

parameters to 0. The changes in thermal load for the 

change in each individual parameter are shown in 

figure 6 and 7. The positive sign means the increase in 

thermal load compared to that calculated by setting all 

individual parameters to 0. The loads were calculated 

for summer (July) and winter (January). The figures 

show that the amount of outside air has a big impact on 

the monthly thermal load both in summer and winter. 

In contrast, infiltration rate and the fraction of solar 

shading have relatively small impact. If this is 

considered along with the results shown in Table 3, 

there is close relationship between the possibility of the 

detection in a parameter abnormality and the sensitivity 

of the parameter on thermal load. 

 
Figure 6: Sensitivity analysis of each unknown 

parameter in summer (July) 

 
Figure 7: Sensitivity analysis of each unknown 

parameter in winter (January) 

 

Figures 8 are regression line derived from each case 

shown in Table 2. The solid lines are the regression 

lines based on virtual measurement data generated with 

the values shown in Table2. The dotted lines are the 

regression lines obtained from the simulation results in 

which the representative parameters are set to the 

identified value shown in Table 3. As shown in Table 3, 

the signs of the identified parameters did not coincide 

with those of the actual parameters. One reason for this 

is the fact that in all cases (Figures 8), the gradient of 

the identified regression line was smaller, and the 

intercepts were changed towards lower temperature 

compared to those derived from the virtual 

measurement. These biases might hinder the accurate 

reproduction of the regression line.  

Improving precision by the correction 

method using gradient and intercept 

Table 4 shows the results before and after parameter 

corrections. The detail of the correction method is 

noted in Appendix. In the parameter corrections, the 

identified parameter values were changed to approach 

the gradient and intercept values of the regression lines 

obtained from the virtual measurement. The signs of 

the corrected parameters (in Italics) coincide to those 

of actual parameters. This result indicates that 

appropriate correction makes the precision of 

abnormality detection higher for the amount of outside 

air. On the other hand, the absolute values of identified 

representative parameters for infiltration rate and the 

fraction of solar shading are not greater than 1, thus the 

abnormality detections are difficult. This result shows 

that it is possible to detect the abnormality in a 

parameter only when the parameter has a big impact on 

thermal load. 
Table 4: Result of identified representative 

parameter before and after corection 
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group1 group2 group1 group2

1 m
3
/m

2
h -2 0.2 -1.3 -0.5

9 m
3
/m

2
h 0.6 0.6 1.2 0.6

0.01 1/h -0.8 0.4 -0.2 0.5

0.275 1/h -0.4 0.4 0.2 0.5

0.115 -0.6 0.2 0.7 -0.1

0.915 -0.6 0.6 0.7 0.2

fraction of

solar shading

before correction after corection

Amount of outside air

air change rate
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Conclusion 

Clarifying a building’s thermal characteristics at the 

operating stage plays a vital role in energy-saving. The 

objective of this study is to propose a method for 

estimating the thermal performance such as insulation 

and infiltration of occupied office buildings using 

actual operating data. This method is expected to be 

contributed to energy-saving during operating stage. 

In this study, the possibilities of detecting abnormality 

in thermal performance parameters are studied, using 

virtual thermal load generated by thermal load 

calculation program. The unknown parameters are 

classified into two groups which are representatives of 

the considerable parameters. The proposed method 

identifies two parameters of the groups to briefly 

approximate thermal performance. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The result show that it is possible to detect the 

abnormality in a parameter with a big impact on 

thermal load such as the amount of outside air. In 

addition, appropriate correction makes the detection 

precision higher. 

In the future, it is better to change the fitting target from 

the thermal load to the gradient and intercept of the 

regression line. In addition, it will be necessary to use 

actual measurement data instead of virtual 

measurement. Establishing an inspection procedure 

following a prepared diagnosis flow is also needed. 
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Appendix 

Bayesian estimation 

Bayesian estimation is used by Ushiyama (2014). 

The probability density was updated with Bayesian 

estimation when new information was obtained. The 

Bayesian estimation is represented in equation (2). 

 

Posterior probability ∝ Likelihood ×
Prior probability                           (2) 

 

The procedures to combine the representative parameters 

of group 1 and 2 are described below.  

 

Step 1): The prior probability, f(x)w, was calculated with 

equation (3). Prior distribution of the representative 

parameters of group 1 and 2 was calculated with 

equation (4). 

 

f (x)w =f(x)1× f(x)2 (3)  

    

f(x)1:Prior distribution of representative 

parameter of group 1 

f(x)2: Prior distribution of representative  

parameter of group 2 

 

𝑓(𝑥) =
1

√2πσ
exp

−
(𝑥−𝜇)2

2𝜎2  (4)

    

σ2: Variance (=1)       

x: Representative parameter value 

μ: Mean of representative parameter (=0) 

 

Step 2):The parameter value was calculated with 

equation (1). The zone air temperature and sensible heat 

load during the measurement period were calculated 

using the heat load calculation program. 

 

Step 3): The likelihood, L(x)w, was calculated with 

equation (5).L(x)1and L(x)2 were calculated with 

equation (6). 

 

L(x)w= ∏ L(x)1𝑖 × ∏ L(x)2𝑖  (5)  

L(x)1: Likelihood of representative 

parameters, x for average zone air temperature 

during unconditioned period for each day 

L(x)2: Likelihood of representative  

parameters, x for daily sensible heat  

load 

i: Day index 

 

 𝐿(𝑥) =
1

√2πσ
exp

−
(𝑔(𝑥)−𝜇)2

2𝜎2   (6)

   

σ2
: Variance 

μ: Average  room temperature during 

unconditioned period and integrated 

daily heat load (Actual measurement) 

 g(x): Average room temperature during 

unconditioned period and integrated 

daily heat load (Simulation) 

 

Step 4): The posterior probability was calculated by 

multiplying the likelihood with the prior probability. 

Beta distribution 

The range of the distribution function is not an infinite 

value, and any value (finite value) can be set. Also, the 

graph is distorted to the right or left depending on the 

values of p and q. 

 

Probability density function 

𝑓(𝑥) = 𝑘(𝑥 − 𝑎)𝑝−1(𝑏 − 𝑥)𝑞−1 

 k : constant 

 a : lower limit 

 b : upper limit 

 a≦x≦b , 0<p ,  0<q 

mean：a +
𝑝

𝑝+𝑞
(𝑏 − 𝑎) 

standard debiation：
𝑝𝑞

(𝑝+𝑞)2(𝑝+𝑞+1)
(𝑏 − 𝑎) 

 

Figure 9: Image of beta distribution 
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Method of correction using information about 

gradients and intercepts 

This correction method uses the information of the 

gradient and intercept of the value of the parameter.  

 

[1] The value of the representative parameter from -2 to 2 

such as overall conductance and steady thermal load is 

changed. Based on the above parameters, virtual 

measurement data in the actual measurement period of 

summer and winter is calculated. The change amount 

(representative parameter is -2 to +2) of the gradient and 

intercept of the regression line obtained from the data is 

calculated. The values obtained in Tables 5 and 6 are 

shown. 

Table 5: Quantity of change by gradients※ 

 
Table 6: Quantity of change by intercepts※ 

 
Unit is ℃ 

[2] The difference of the gradients and intercepts obtained 

when the result of the parameter identification is 

subtracted from the virtual measurement data in Figures 8 

are calculated. The values obtained in Tables 7 and 8 are 

shown. 

Table 7: Quantity of change by gradients※ 

 
Table 8: Quantity of change by intercepts※ 

 
[3] The value corrected of parameter are calculated using 

Figure 10, the value obtained in [1], and the value 

obtained in [2]. 

※ The values written in Italics are Group 1, and the rest 

are Group 2. 

 

 
Figure 10: Calculation methods 

 

Heating Cooling

Overall conductance 5.71 4.89

Steady thermal load 1.33 4.7

Heating Cooling

Overall conductance 8.23 8.54

Steady thermal load 12.51 7.28

Heating Cooling

1 m
3
/m

2
h 1.42 0.48

9 m
3
/m

2
h 0.45 1.14

0.01 1/h 0.79 0.81

0.275 1/h 0.62 0.93

0.115 0.68 0.61

0.915 0.62 0.97

Amount of outside

air

air change rate

fraction of

solar shading

Heating Cooling

1 m
3
/m

2
h 0.45 3.58

9 m
3
/m

2
h 1.31 1.5

0.01 1/h 2.64 2.3

0.275 1/h 2.22 1.86

0.115 0.3 1.29

0.915 2.55 2.83

fraction of

solar shading

Amount of outside

air

air change rate

X： Value corrected based on cooling and heating

X1： Value corrected based on cooling

X2： Value corrected based on heating

A： Difference of gradient and intercept when the value 

of a representative parameter is changed from -2 to 2.

(Table 5,6)

B： Difference values of gradient and intercept of

measured and identified parameters. (Table 7,8)

X1=4×B/A

X2=4×B/A

X=(X1＋X2)/2
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Abstract 

The paper deals with the development of the new 

numerical model of heat transfer with latent heat storage 

including short wave radiation. The model is based on 

original, moving mushy volume approach which is 

described in details taking into account more realistic 

description of phase change transition of PCM layer. The 

main advantages of presented method is the 

determination of solar radiation distribution within the 

structure and taking into account the intermittent 

properties of mushy state of PCM. The model was 

adopted to analyse heat transfer in complex triple glass 

component with one cavity filled with PCM. The initial 

simulation results presents the temperature distribution 

as well as latent heat storage. The results were presented 

for characteristic days in a year. 

Introduction 

The application of phase change materials in different 

building elements, from opaque to transparent, become 

more and more popular. Pure phase change materials 

(PCM) closed in the transparent structure like glazing 

unit, glass container or polycarbonate panels are also 

penetrable for short wave radiation (Silva, Vicente, and 

Rodrigues 2016). In solid and mushy state they are 

highly diffusive while in the liquid state they are 

completely translucent. When material is liquid its 

transmittance is very high (Bianco et al. 2018), while in 

solid and mushy state exponentially decreases versus 

thickness of the layer. There are some papers treating 

about the physical parameters of structures with PCM in 

mushy states, e.g. thermal conductivity  (Wang et al. 

2016), but for dynamic simulations of heat transfer 

involving the solar radiation distribution the whole new 

approach of modelling mushy state is still necessary. The 

existing models do not consider dynamic changes of 

absorptance/transmittance of PCM during phase change, 

which is highly important for the radiation absorption. 

The general aim of this research was to develop the new 

numerical model of heat transfer including short wave 

radiation. This method is based on original, moving 

boundary mushy volume approach which is described in 

details taking into account more realistic description of 

phase change transition of PCM layer in triple glazed 

unit. The existing solution methods assumed that PCM 

layer melted homogenously in the whole layer (Goia, 

Perino, and Serra 2014). In fact the PCM layer first 

become whole mushy and then split into a liquid and 

mushy phases till the moment when the whole volume 

become fully melted. The original methodology includes 

the changeable absorptivity-transmissivity of the mushy 

layer as well as location of this layer in the whole 

component. The presented methodology can be 

implemented in any building performance simulation 

environment using control volume or finite difference 

method. 

Modelling of PCM – a review 

Heat transfer within the phase change has been a subject 

of numerous researches since 19th century – firstly 

formulated by Lame and Clapeyron (1831) and further 

developed by Joseph Stefan (1890). Nowadays, it is 

called Stefan problem and its solution is strictly 

connected to tracking front of melting or solidifying 

(Front Tracking Method or Moving Boundary 

Condition). First considerations treated mostly about 

phase change taking place in freezing/melting of water 

(Alexiades and Solomon 1993). Later problem was 

explored in various fields, e.g. solidifying of metal casts, 

cooling of electronics (Weng et al. 2011), etc. In 

building physics heat transfer through PCM materials 

has been subject of numerous publications in different 

applications like opaque elements: brickwork structures 

(Vicente and Silva 2014) & (Wang et al. 2016), mortars 

(Olivieri et al. 2018) & (Rao, Parameshwaran, and Ram 

2018) as well as plasters (Heim and Wieprzkowicz 

2016) & (Lachheb et al. 2017). The second type of 

building components in the area of interest are 

translucent structures filled with PCM materials – double 

glazed vertical windows (Goia, Perino, and Haase 2012), 

(Liu et al. 2018), (Li et al. 2014) and double glazed 

skylights filled with PCM (Liu et al. 2017). In listed 

papers authors presented different approaches to existing 

modeling method - (Goia, Perino, and Haase 2012) used 

simple energy balancing method in analogy to electrical 

circuits; Li in (Li et al. 2014) used Finite Difference 

Method; Liu in (Liu et al. 2018) and (Liu et al. 2017) 

used Finite Volume Method (or Control Volume 

Method). The novel approach presented in this paper is 

closest to the model presented by Liu in (Liu et al. 2018) 

and (Liu et al. 2017) where mushy state was included. 

Moreover, the absorption of solar radiation was 

dependent from thickness of solid and liquid layers of 

PCM. The main differences is the method applied to 

solve solar radiation distribution within the structure. Liu 
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used ray tracing method while in this study authors used 

net balancing method. The case considered here is also 

more complex and the triple glazed window with one 

gap filled with PCM and one filled with gas is proposed 

as a case study. The third and the most important 

difference is taking into account the intermittent 

properties of so called mushy state of PCM. 

Proposed numerical model 

Depending on chosen method of solving heat transfer 

phenomenon analysis needs different mathematical 

formulation of the problem. In presented paper authors 

used Control Volume Method (or Finite Volume 

Method) which bases on integral formulation of 

extensive quantity conservation law: 

 
𝛿

𝛿𝜏
∫ 𝜑𝑑𝛺

 

𝛺𝑝
− ∮ (𝜆 

𝛿𝜑

𝛿𝑥𝑗
)

 

𝛤𝑝
𝑛𝑗𝑑𝛤 =  ∫ 𝑄𝑉𝑑𝛺

 

𝛺𝑝
 (1) 

φ - specific enthalpy [J/kg] 

τ - time [s] 

λ - heat conduction coefficient [W/(m∙K)] 

Q - internal heat source [W/m3] 

Ωp - analysed region 

Γp - edge of region 

 

 

Figure 1. Exemplary scheme of Control Volume 

geometry discretization. 

Differential equations were replaced with finite 

differences. Next step in solving problem was 

discretization of the domain (geometry). This paper 

describes one dimensional analysis of the heat transfer 

through the centre of the window. This assumption does 

not cover fluctuations of heat transfer caused by linear 

thermal bridges etc., but similar approach gave satisfying 

results in several researches (Liu et al. 2018). Authors 

decided that division will be done so that nodes of 

control volumes representing glass planes will be located 

on their surfaces. In nodes 1, 2, 4, 12 such approach 

helps in using convective boundary condition. In nodes 5 

and 11 it gives temperature results on the surfaces that 

are in contact with PCM layer, which was important 

because no averaged heat conduction parameters had to 

be used between nodes 5 - 6 and 10 - 11. 

 

Figure 2. Control Volume geometry discretization. 

Analysis of energy balance in presented structure 

demand some assumptions when it comes to thermal 

parameters of its components. As for glass planes 

specific heat capacity and thermal conductivity does not 

vary significantly in temperature ranges appearing in 

building structures and may be treated as constant 

values, for air gap and PCM layer some additional 

simplifications are needed. 

Specifications of Phase Change Materials properties 

usually present values for liquid and solid states. In 

reality between these two states the additional one 

appears so called mushy state. It is intermediate form 

that has parameters of neither liquid nor solid state. 

Because model presented in this paper was developed to 

perform simulations for time period of one year, authors 

decided to include mushy state in calculations. It might 

be crucial in winter situations were low temperatures on 

the outside makes melting impossible, but solar radiation 

penetrating through PCM layer may cause softening of 

inner parts without melting. In authors opinion including 

mushy state is important because its optical properties 

are far from liquid and cause higher absorptance. In 

order to do so authors used β parameter introduced by 

Liu in (Liu et al. 2018) and (Liu et al. 2017). If TS is the 

highest temperature that solid state can reach and TL is 

lowest temperature of liquid then for actual temperature 

T: 

𝑓𝑜𝑟 𝑇 < 𝑇𝑆                    𝛽 = 0 

𝑓𝑜𝑟 𝑇𝑆 < 𝑇 < 𝑇𝐿          𝛽 =
𝑇 −  𝑇𝑆

𝑇𝐿 −  𝑇𝑆

                    (2) 

𝑓𝑜𝑟 𝑇 > 𝑇𝐿                    𝛽 = 1 

Knowing β coefficient calculations of enthalpy (H), 

extinction coefficient (K) and refractive index (n) were 

performed according to following equation: 

 𝑋(𝛽) = 𝑋𝑆 +  𝛽 ∙ (𝑋𝐿 −  𝑋𝑆) (3) 

X  - analysed parameter (H, K or n) 

XS  - value of parameter X for solid state 

XL  - value of parameter X for liquid state 

Calculations of enthalpy of PCM is one of the most 

demanding steps in transient heat transfer problems 

because it is strictly connected to the temperature of 

analysed volume, while temperature is unknown. 

Precision in this matter is very important while latent 

heat phenomenon is the crucial part of presented 

research. Such coupling requires introduction of 

algorithm, whether iterative or approximate (Al-Saadi 

and Zhai 2013). In presented paper authors decided to 

use iterative calculations basing on linearization of 

enthalpy function within several ranges to make it 

applicable to Tri Diagonal Matrix Algorithm (TDMA). 

Approach described in equation 1 is sufficient for 

solving conduction problem involving heat gains from 

solar radiation calculated independently. Heat transfer 

through air gap requires some additional calculations 

considering convection and radiation within the air gap, 

resulting with equivalent heat conduction coefficient that 

could be applied to equation 1. 
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Convection heat transfer was solved with formulas 

basing on similarity theory giving equivalent heat 

conduction coefficient: 

 𝜆𝑟 =  휀𝑘  ∙  𝜆𝑓  (4) 

where 

λr  - equivalent heat conduction coefficient [W/(m∙K)] 

εk  - transfer intensity coefficient 

λf  - gas heat conduction coefficient for temperature Tf 

[W/(m∙K)] 

 𝑇𝑓 =  0,5 ∙ (𝑇1 +  𝑇2) (5) 

where T1 and T2 are temperatures of opposite surfaces of 

the gap. 

Transfer intensity coefficient is calculated from 

following equation: 

 휀𝑘 =  0,18 ∙ (𝐺𝑟𝑓  ∙  𝑃𝑟𝑓)
0,25

 (6) 

 

where 

Grf  - Grashof number calculated for Tf 

Prf  - Prandtl number for Tf 

Knowing the air gap depth δ we can calculate equivalent 

heat conduction resistance connected to convection 

within the gap from the following equation: 

 𝑅𝑐 =  
𝛿

𝜆𝑟
 (7) 

Radiation heat flux is given by Stefan-Boltzmann law: 

 𝑞𝑟𝑎𝑑 =  휀𝑐  ∙  𝐶 ∙ (
𝑇1

4

100
− 

𝑇2
4

100
) (8) 

where: 

εc - equivalent emissivity for parallel surfaces 

C - radiation constant 

Temperatures T1 and T2 in equation (8) are given in [K]. 

Knowing heat flux we can calculate equivalent heat 

conduction resistance connected to radiation within the 

gap from following equation: 

 𝑅𝑟 =  
𝑞𝑟𝑎𝑑

(𝑇1− 𝑇2)
 (9) 

Heat transfer resistance of air gap including convection 

and radiation heat transfer is calculated as follows: 

 𝑅𝑔𝑎𝑝 =  
1

1

𝑅𝑐
+ 

1

𝑅𝑟
 
 (10) 

Equivalent heat conduction coefficient is given by 

following equation: 

 𝜆𝑔𝑎𝑝 =  
𝛿

𝑅𝑔𝑎𝑝
 (11) 

Applying this parameter to equation 1 allows to perform 

calculations without including advanced computational 

fluid dynamics techniques. Most of presented equations 

require temperatures in nodes representing gap surfaces 

in current time step while being necessary to calculate 

those. Such coupling need introduction of iterative 

algorithm or use some assumption. In the presented 

method authors used iterative calculations. 

During the heat transfer analysis, calculations of 

absorption of solar and diffuse radiation are performed. 

Most commonly used method is ray tracing method. It 

has several advantages, e.g. in typical structures where 

no change of optical parameters and geometry is 

considered once calculated solution is possible to be 

applied in each time step. In case described in this paper, 

when change of optical parameters occur this method 

need as many solutions as may appear. E.g. when 

melting of PCM is starting from the outer side right after 

situation where whole PCM layer is solid, mushy 

volume appears in contact with outer side, as melting 

proceeds liquid layer is replacing mushy volume which 

is moving to the inner surface. Then there is only liquid 

and mushy, and the last step is only liquid. Melting from 

the outside needs 5 different solution of radiation 

distribution, but there is also possible melting from the 

inside, and melting from both sides. This makes Ray 

Tracing Method difficult to be applied in further 

simulation of translucent structures with PCM. 

Therefore, in this study authors decided to use Net 

Radiation Balancing Method which was introduced by 

Hottel and widely described in (Robert Siegel 1999). It 

is more demanding in computational proceeding but 

does not limit solutions to predefined cases. This method 

bases on formulation of number of equations sufficient 

to solve radiation distribution in structure by balancing it 

on chosen surfaces. Authors decided to choose as many 

surfaces as there are in division of Finite Control 

Volumes, which makes it much easier to introduce 

radiation absorption results to heat transfer calculation 

model. 

 

 

Figure 3. Net Radiation Balancing Method application. 

In presented model G1f is analysed solar radiation, 

whether direct or diffuse. Idea of radiation net balancing 

is presented on the example of layer 3 – all of the 

components are unknown and because of difference in 

refractive indexes between adjacent layers reflection 

occurs: 

 𝐺3𝑓 =  𝐽2𝑏  ∙ (1 − 𝜏2.3) (12) 

 𝐽3𝑓 =  𝐺3𝑓  ∙ ( 𝜌3𝑓) + 𝐺3𝑏  ∙ ( 1 −  𝜌3𝑏) (13) 

 𝐺3𝑏 =  𝐽4𝑓  ∙ (1 − 𝜏3.4) (14) 

 𝐽3𝑏 =  𝐺3𝑏  ∙ ( 𝜌3𝑏) + 𝐺3𝑓  ∙ ( 1 −  𝜌3𝑓) (15) 

Proper order of equations creates 5-diagonal matrix 

which allows using modified Thomas algorithm. In each 

time step matrix operations are computed to bring result 

of absorbed radiation separately for solar and diffuse 

components. Amount of energy absorbed in each layer is 

calculated as follows (example of energy absorbed 

between surfaces 2 and 3). 
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 𝐴23 = (𝐽3𝑓 + 𝐽2𝑏) ∙ (1 − 𝜏2.3) (16) 

Especially in case of solar radiation, optical properties 

are different for each angle of incidence. This is why 

authors decided that since presented tool is supposed to 

perform complex analysis of energy balance in 

simulations for one year, exact properties should be 

included. 

Angle of incidence for each hour was calculated in 

compliance with methodology presented in (Duffie and 

Beckman 2001). 

 cos(𝜃) = sin(δ) ∙ sin(𝜑) ∙ cos(𝛽) − sin(𝛿) ∙
cos(𝜑) ∙ 𝑠𝑖𝑛(𝛽) ∙ cos(𝛾)  + cos(𝛿) ∙ cos(𝜑) ∙ 𝑐𝑜𝑠(𝛽) ∙
cos(𝜔) + sin(𝛿) ∙ sin(𝜑) ∙ 𝑠𝑖𝑛(𝛽) ∙ cos(𝛾)  ∙
cos(𝜔) + cos(𝛿) ∙ sin(𝛽) ∙ 𝑠𝑖𝑛(𝛾) ∙ sin(𝜔)  (17) 

θ - angle of incidence [rad] 

δ - declination [rad] 

φ - latitude[rad] 

β - inclination of analysed surface [rad] 

γ - azimuth [rad] 

Ω - hour angle [rad], calculated according to (Duffie 

and Beckman 2001) 

 

It is harder to calculate angle dependent optical 

parameters for diffuse radiation, which has no obvious 

directional characteristics. In weather data used in 

analysis only sum of radiation from sky and ground was 

given, which demanded some simplifications in 

calculations. Effective angle approach described in 

(Duffie and Beckman 2001) was fully sufficient for 

presented model. For vertical surfaces (as analysed) 

effective angle of incidence for diffuse radiation from 

ground and sky was about 60 and optical parameters 

were calculated using that value.  

Reflectivity was calculated from following relations: 

𝑓𝑜𝑟 𝜃𝑖 = 90° 𝑎𝑛𝑑 𝑓𝑜𝑟 𝜃𝑖 = 0°     𝜌𝑓.𝑖 = 1         (18) 

𝜌𝑓.𝑖 = (
𝑛𝑖−1 − 𝑛𝑖

𝑛𝑖−1 + 𝑛𝑖

)
2

                                                (19) 

𝑓𝑜𝑟 𝜃𝑖 ≠ 0° 𝑎𝑛𝑑   𝜃𝑖 ≠ 90°        

 𝜌𝑓.𝑖 = 0,5 ∙ ((
sin( 𝜃𝑖−1 −  𝜃𝑖)

sin( 𝜃𝑖−1 +  𝜃𝑖)
)

2

+ (
tan( 𝜃𝑖−1 −  𝜃𝑖)

tan( 𝜃𝑖−1 +  𝜃𝑖)
)

2

)        (20) 

Changes of angles of incidence caused by passing 

through boundary between two mediums (materials) was 

calculated according to Snell’s law. 

 𝑛𝑖 ∙ sin( 𝜃𝑖) =  𝑛𝑖+1 ∙ sin( 𝜃𝑖+1) (21) 

then: 

 𝜃𝑖+1 = arcsin (
𝑛𝑖

𝑛𝑖+1
 ∙ sin (𝜃𝑖)) (22) 

Notice that e.g. on surface 2 (Figure 3), which was 

introduced to model only to make easier application of 

absorption results to heat transfer model, the same 

refractive indexes of layers 1-2 and 2-3 cause no 

reflection. 

Next parameter that is strongly angle dependent was 

transmittance. In presented model it was calculated 

according to Bouger’s law. 

 𝜏𝑖.𝑖+1 =  𝑒( −𝐾𝑖.𝑖+1 ∙ 𝑙𝑖.𝑖+1) (23) 

 𝑙𝑖.𝑖+1 =  
𝑑𝑖.𝑖+1

cos (𝜃𝑖)
 (24) 

τi.i+1 - transmittance of layer between surfaces i and i+1 

Ki.i+1 - extinction coefficient of layer between surfaces i 

and i+1 [1/m] 

l i.i+1 - path of radiation between surfaces i and i+1 [m]. 

To avoid singularity for angle of 90 l was equal 

to 100 m (penalty method). 

di.i+1 - thickness of layer between surfaces i and i+1 

[1/m] 

θ i - angle of incidence on surface i+1 [rad] 

Model database and general assumption 

In this section the general assumptions for numerical 

calculation are provided. Simulation was performed for 

one year with time step of one hour and weather data for 

Warsaw (Typical Meteorological Year) as an example. 

Simulation began with additional 48 hour period (start-

up hour) of warming up in purpose of avoiding artificial 

fluctuation at the beginning of the year. Internal 

temperatures were assumed to be constant during whole 

year and equal to 20C. Model is prepared to involve 

varying internal set-point, but authors decided that for 

purpose of this paper it will be more clear to omit 

melting caused by raise of internal temperatures. 

Table 1. Material parameters used in calculations 

No. Material 
Thickness 

d [m] 

Specific 

heat 

Cp [J/kgK] 

Heat 

conduction 

coefficient 

λ [W/mK] 

Density 

ρ [kg/m3] 

1 Glass 0.0020 840 0.800 180 

2 Glass 0.0020 840 0.800 180 

3 Air gap 0.0100 520 0.017 180 

4 Glass 0.0020 840 0.800 180 

5 Glass 0.0020 840 0.800 180 

6 PCM 0.0020 2000* 0.210 880 

7 PCM 0.0020 2000* 0.210 880 

8 PCM 0.0020 2000* 0.210 880 

9 PCM 0.0020 2000* 0.210 880 

10 PCM 0.0020 2000* 0.210 880 

11 Glass 0.0020 840 0.800 180 

12 Glass 0.0020 840 0.800 180 

* for only liquid or only solid. 

Parameters of specific heat given in Table 1 for PCM 

layers are not sufficient for complex analysis of transient 

heat transfer problem, and need some additional data 

given below. 
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Table 2. Parameters of PCM – HC21 

Parameter Index Unit Value 

Specific heat cp [J/kgK] 2 000 

Latent heat QL [J/kg] 155 000 

Highest temperature of 

solidus 
TS [oC] 18 

Lowest temperature of 

liquidus 
TL [oC] 23 

 

Parallel to heat transfer calculations, solar radiation 

distribution within the structure is analysed. In this 

purpose optical parameters where defined as follows. 

Table 3. Optical parameters of materials 

Index 
Refractive index 

n 

Extinction 

coefficient 

K [1/m] 

Air 1.00 0 

Glass 1.50 32 

Gas gap 1.00 0 

PCM solidus 1.52 30 

PCM liquidus 1.43 5 

Transmissivity, reflectivity and absorptivity were 

calculated from relations explained in previous section 

using values presented above. 

Authors decided to present results for three cases – 

heating season (16th January), cooling season (6th July) 

and transitional season (24th April). Examples were 

chosen to highlight importance of proper modelling of 

mushy volume. Results contain weather data (outside 

dry bulb temperature, direct and diffuse solar radiation), 

temperatures in nodes of CVM and stage of melting in 

PCM layers in each hour of the day. When it comes to 

stage of melting (β parameter) values higher than 0 and 

lower than 1 mean that it is mushy volume, 0 means 

solid, and 1 means liquid. 

Initial results 

Heating season – results for 16th January 

On 16th January external dry bulb temperatures were 

varying from -3.6C to 4.1C so with TS of 17.0C 

melting caused only by thermal transmittance between 

internal and external environments was not expected 

(Figure 4). However, the direct solar radiation (it should 

be noticed how high it was compared to further data 

from the transitional and cooling seasons) absorption 

caused significant growth of the mushy volume. As a 

result during the period of peak gains, temperatures in 

the PCM layers were slightly higher than the internal 

environment temperature (compare results for 10:00, 

11:00 and 12:00 to results for 8:00 and 14:00 on Figures 

5 and 6) despite low outside air dry bulb temperatures. 

Such results prove that profits of implementing PCM in 

the translucent structures can be important not only in 

the cooling or transitional seasons because of improving 

thermal comfort or reducing the energy consumption but 

also in the heating season significant benefits may be 

noticed. 

That is very important information in case of rational 

applicability in climates similar to Polish where the 

heating season lasts about 220 days a year. 

 

 

Figure 4. Weather data from typical meteorological year 

for 16th of January. 

 

 

Figure 5. Temperatures in nodes of CVM model in 

exemplary hours before noon for 16th of January. 

 

 

Figure 6. Temperatures in nodes of CVM model in 

exemplary hours after noon for 16th of January. 
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Figure 7. Stage of melting in layers 6-10 (nodes 

representing PCM layers) for each hour of the day(16th 

of January). 

 

Figure 8.  Weather data from typical meteorological 

year for 24th of March. 

 

 

Figure 9. Temperatures in nodes of CVM model in 

exemplary hours before noon for 24th of March. 

 

 

Figure 10. Temperatures in nodes of CVM model in 

exemplary hours after noon for 24th of March. 

 

 

Figure 11. Stage of melting in layers 6-10 (nodes 

representing PCM layers) for each hour of the day (24th 

of March).  

 

Transitional season –  results for 24th April  

On 24th March (Figure 8) external dry bulb temperatures 

were varying from 4.9C to 16.2C so with relatively 

high outside air dry bulb temperatures and TS of 17.0C 

and Ti of 20.0 C not only softening, but full melting was 

expected within the structure (at least in the innermost 

layers). However, such choice of the date for the 

exemplary results in the transitional season was done 

because of the relatively low direct solar radiation (lower 

than the diffuse during the whole day).  

Analysing results on Figure 11 we can see that despite 

the relatively high outside air dry bulb temperatures full 

melting (β = 1.0) did not happen in any of PCM Control 

Volumes. Comparison of figures presenting the stage of 

melting from the 16th January (Figure 7) and 24th March 

(Figure 11) shows that despite the full melting didn’t 

take place time period of the softened PCM layer is 

much longer in the transitional season. This proves that 

even though radiation absorption is crucial for short term 

heat storage using PCM, in proper modelling of the heat 

transfer through translucent structures transmission 

cannot be omitted. It is mostly important during hours 

with no or with weak radiation.  

This shows how important is yearlong simulation of the 

heat transfer through translucent structures filled with 

PCM in optimization of its parameters. Parallelly there is 

need for more detailed physical and optical parameters 

of PCM materials in mushy states. 

Cooling season – results for 4th August 

On 4th August (Figure 12) external dry bulb temperatures 

were changing from 17.8C to 31.1C so with 

TS = 17.0C (inside air temperature equal to 20C) 

melting is expected in all PCM layers. However in 

cooling season more interesting is behavior of PCM in 

night hours when solar radiation is not available - 

whether it is fully solidifying or it stays mushy. 

On the Figure 15 we can see that in cooling season full 

melting is taking place in all PCM layers from around 

08:00 to 18:00). Interesting phenomenon takes place in 

night hours, when despite the fact that no solar radiation 

is available, high outside air temperatures doesn’t allow 

PCM to solidify in any of layers (β > 0.0). This is 
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important observation due to necessity of modelling 

mushy state in calculations aimed on assessing 

applicability and economic legitimacy of such solution. 

Results for cooling season with Polish weather data 

prove that proper modelling of mushy state is very 

important also in periods when full solidifying does not 

take place.   

 

Figure 12.  Weather data from typical meteorological 

year for 4th of August. 

 

 

Figure 13. Temperatures in nodes of CVM model in 

exemplary hours before noon for 4th of August. 

 

 

Figure 14. Temperatures in nodes of CVM model in 

exemplary hours after noon for 4th of August. 

 

 

Figure 15. Stage of melting in layers 6-10 (nodes 

representing PCM layers) for each hour of the day 

(4th of August). 

Conclusion 

In this study a mathematical model is proposed and used 

to simulate the thermal processes with latent heat storage 

in a case of triple glass windows filled with PCM. 

Control Volume Method which bases on integral 

formulation of extensive quantity conservation law was 

applied to heat transfer problem. For short wave 

radiation distribution within the glazing structure the Net 

Radiation Balancing Method was used. The initial 

results show the effect of detailed optical modelling of 

PCM layer (divided on the parts being in a different 

physical states) on temperature distribution in the whole 

glazing component. 
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Löıc Frayssinet1,2, Lucie Merlier1,2, Damien David1,2, Jean-Jacques Roux1,2, Frédéric Kuznik1,2

1 Univ Lyon, CNRS, INSA-Lyon, Université Claude Bernard Lyon 1, CETHIL UMR5008,
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Abstract

Explicit simulations of the building heating and cool-
ing loads at the district scale is hard to achieve be-
cause of their huge computational cost and the lack
of relevant data at such an urban scale. A common
solution to answer both problems is to simplify the
model, usually resulting in a lower accuracy. This is-
sue rises the following question: how to design a dis-
trict energy model given computational limitations ?
A specific modelling and simulation platform, called
MoDEM (Modular District Energy Model), was de-
veloped to answer this question. The level of details of
the model is modular in order to fit the available data
or the available computational resources. For both
cases, the impact of the assumptions can be evaluated
as well as the loss of accuracy. To illustrate the pos-
sibilities offered by the platform, a district is taken
as a use case. The results are discussed regarding
the effects of various model adaptations on simula-
tion outputs. The introduced methodology evidences
the steps making it possible to reach explicit simula-
tions of the energy load of a district and demonstrates
the ability, and the limitations, of current tools.

Introduction

The building sector plays a major role in current
environmental, energy and urban growth challenges.
Therefore, modeling tools are needed to guide the
choices and practices of city decision makers, urban
planners and building designers. Regarding more par-
ticularly the prediction of the heating and cooling en-
ergy demand of urban buildings, different approaches
were developed (see Figure 1):

• Adjusted building energy models, which consider
some adjusted inputs in usual programs to inte-
grate some effects of the urban environment on
the building simulation results, although this was
not the original purpose of the BEMs.

• Urban Building Energy Models (UBEMs), which
integrate the interactions between a building and
its environment with details. UBEMs sometimes
use a microclimatic coupling, which limits the
simulated period because of the induced compu-
tational costs.

• District energy models (DEMs), which simulta-

neously compute the energy loads of the different
buildings of a district, but often simplifying the
interactions between them and with their envi-
ronment.

• City Energy Consumption Models (ECMs),
which can be either top-down (regression based
on historic aggregated energy values) or bottom-
up (extrapolation based on the consumption of
representative sets of buildings). These models
cannot assess the heating and cooling loads.

From these different approaches and with respect to
the current challenges linked with the design of en-
ergy efficient buildings and districts - including the
integration of renewables, energy sharing, smart grids
and effective systems - the availability of reliable dy-
namic DEMs such as microsimulation appears espe-
cially essential. Indeed, as they can explicitly model
the different buildings of a district, such approaches
enable different scenarios to be tested spatial analyses
of results to be performed. Nevertheless, the devel-
opment and use of such DEMs have to face two main
problems: (1) the computational costs of such de-
tailed district energy simulations (DESs) and (2) the
lack of available relevant data/parameters. Conse-
quently, simplifications are generally mandatory, es-
pecially with respect to the modeling of radiation, mi-
croclimate and building envelope (Frayssinet et al.,
2018b). Indeed, solving conductive heat transfers
in building envelopes and the directly related phys-
ical phenomena represent the most expensive part
of building energy simulations (BESs), while these
transfers are critical in determining the heating and
cooling loads. Therefore, the present paper intro-
duces a new simulation platform - MoDEM - standing
for Modular District Energy Model, which is able to
evaluate the suitability of usual DEM simplifications
and to discuss the reachable objective of a DEM given
its technical constraints.

The MoDEM approach is techno-explicit, physically-
based and capable of studying different scenarios
(Frayssinet, 2018). The tool automatically handles
the generation of the model geometries based on ge-
ographical information systems (GIS), integrates up-
to-date and growing standards of the new generation
of building energy models (BEMs) and uses simula-
tion parallelizing to reduce the computational time.
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Figure 1: Main numerical approaches used to compute the energy consumption of urban buildings and districts.

In addition, the platform is able to automatically pro-
cess geometric and building input data to generate
the BEMs, with different levels of details - BEM adap-
tations - as well as to build the DEM including, or not,
interactions between buildings - DEM adaptations.

To introduce the platform, the Method section
presents the developed toolchain, in terms of compu-
tational implementation and embedded physics. The
application case is presented in the Case study sec-
tion. Simulation results are analyzed to discuss the
suitability of current DEM simplifications depending
on the simulation objective, and thus highlight the
possibilities offered by the MoDEM platform. The
strengths and expected improvements of the platform
are further considered in the Discussion section. Fi-
nally, the Conclusion section synthesizes the main
results of the study towards the definition of guide-
lines related to the design of DEMs depending on
technical limitations and simulation objectives.

Method

Toolchain implementation
The automatic generation of the model geometry
based on GIS is performed using the MERRUBI
tool (Lauzet et al., 2016; Ribault et al., 2017), via
sketchup. A detailed .xml (.bsp) file of the geometry
is then created, and a form factor table is generated
using the ray tracing method. To build the BEMs, the
building properties are selected from the TABULA
database (Rochard et al., 2015), which gives typical
compositions of building envelopes and U-value for
French residential buildings depending on the con-
struction period and the retrofitting stage. This
database has been enriched with values of thermo-
physical parameters such as surface emissivity and
albedo, or wall layer thickness and thermal conduc-
tivity to reach the indicated U-value. Scenarios of
occupant behaviors are generated using SMACH, an
EDF R&D’s agent-based model (Huraux et al., 2015;

Reynaud et al., 2017) able to generate activity scenar-
ios for each individual at short time steps, depending
on parameter such as sociology, location...

Based on these data and a weather data file,
BEMs are generated for each building using the
BuildSysPro Modelica library (Plessis et al., 2014,
2016). BuidSysPro is developed by EDF R&D and
has been validated with respect to experimental data,
especially regarding highly energy efficient buildings
(Bontemps et al., 2013, 2016). BuildSysPro is based
on a 0D/1D approach, and a finite volume method
for conduction. Each created BEM is basically an
assembly of submodels, automatically generated and
connected to allow the modeling of different levels of
details (BEM adaptations), each geometric element
being extracted from the .xml file and parameterized
with data sources or default values. BESs are then
run using the Dymola environment. The ‘Dassl’ time
step adaptation solver is used to solve the Modelica
equations. The basic observational time step is fixed
to 1 hour because of the common time step of weather
files.

The DEM is then generated as an assembly of BEMs.
Then, the problem is converted using Dymola into
functional mockup units (FMUs), which encompasses
both a BEM and a numerical solver according to func-
tional mockup interfaces (FMIs). This technique al-
lows performing distributed computations, currently
managed by Dacosim (Galtier et al., 2015), and makes
possible the automatic integration of different levels
of building interactions (DEM adaptations). For this
purpose, data exchanges can be performed between
FMUs by Dacosim every 900 seconds.

All the different parts of the platform are linked
thanks to specific Python scripts. Figure 2 synthe-
sizes the general structure of the MoDEM toolchain.
In terms of computational performance, a typical
BES lasts for 2 minutes on a 8 cores computer with
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Figure 2: The MoDEM toolchain.

2.5 GHz and 8Gb of RAM, and a DES including 23
embedded BEMs lasts for 30 minutes on the same
computer. Cluster computations are also possible.

Possible model adaptations
Focusing on the heating and cooling needs, which are
mostly determined by the properties of the building
envelope (building scale) and local micrometeorolog-
ical conditions (district scale) as well as modeling as-
sumptions, the modular MoDEM platform can auto-
matically manage numerous BEMs and DEMs adap-
tations. In particular, the tool includes the different
options listed below.

• In the BEMs, the following features are modular:

– the wall discretization for conductive heat
transfers: coarse resolution, e.g. a single
node per wall [Cond−τlarge], or a finer spa-
tial resolution [τsmall], where τ is the char-
acteristic time in s;

– the building zoning: monozone [Zoning −
0], multizone by floor [−lvl], by outer wall
orientation [−ori] or both [−comb];

– the controlled physical quantity: the indoor
air temperature [Control− 0] or the opera-
tive temperature [−1];

– the distribution of the transmitted solar
flux: on the floor [trSol− 0] or proportion-
ally distributed on walls depending on their
area [−1];

– the modeling of internal long wave radiative
exchanges: linearized exchanges based on
the indoor air temperature [intLW − 0] or
the operative temperature [−1]

– the integration of the internal thermal mass:

modeling of internal walls [inertia − 0] or
not [−1];

– the modeling of external convective heat
transfers: constant convective heat transfer
coefficient (CHTC) [CHTC − 0] or wind-
dependent formulation (CHTC = 4 + 4v),
where v is the normal projected wind veloc-
ity [−1];

– the modeling of external long wave heat
transfers: linearized formulation [extLW −
0] or complete formulation derived from the
Stefan Boltzmann law [−1];

– the general representation of the envelope:
differentiation of walls depending on their
properties [EqEnv − 0] or one equivalent
thermal wall [−1].

• In the DEM, the following aspects are modular:

– the integration of solar masks and multi re-
flexions: received solar flux directly derived
from the weather file [Solar − 0] or esti-
mated using ray tracing [−1];

– the estimation of long wave radiative heat
transfers: ground and building surface tem-
peratures approximated by the outdoor air
temperature [LWRad − 0] or estimated by
energy simulation and the complete long-
wave radiative exchange formulation de-
rived from the Stefan Boltzmann law[−1];

– the consideration of adjoin buildings: adia-
batic half party walls [ajoin−0] or coupled
interface [−1].

Table 2 summarizes and illustrates most of these dif-
ferent model options.
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Figure 3: Geometry of the use case. Dotted and par-
allel lines highlight the considered adjoin walls.

Case study

Modeling
To illustrate the ability of the MoDEM platform to
handle DESs and analyze the effect of different BEM
and DEM adaptations, a district of Paris is taken as
the use case. This use case comes from a collabora-
tion with the CES MINES Paritech laboratory and
was used for model comparison in Frayssinet et al.
(2018a). Figure 3 shows the selected district, which
is composed of apartment buildings having the same
typology. About 900 flat units compose this district
built in the 1930’s. Table 1 gives the main build-
ing thermal properties derived form the TABULA
database.

Table 1: Building thermal properties.
Building component U − value [W ·m−2 ·K−1]

Wall 1.7
Roof 3.2

Windows 2.8

Ventilation [vol−1]

Natural 0.5

Geometric data were taken from the IGN database
BD TOPO. 23 buildings are assumed connected to
each others with adjoin walls (parallel lines in Fig-
ure 3). The selected weather file is that of Paris
Montsouris. Because of the building typology and the
regional climate, the study focuses on heating needs,
with a set point fixed to 19oC.

To evaluate the effects of model adaptations, a ref-
erence model was defined. Its characteristic time τ
is 900s for conduction, its basic BEM options are de-
tailed in bold in Table 2 and are [−0]. Similarly, the
reference DEM options are in bold in Table 2, they
are [−1]. The different options synthesized in Table 2
were then simulated. Note that [Zoning − 1] cor-
responds to a division of the biggest buildings with
respect to the main orientation, and not floor by floor.

Table 2: Tested model adaptations. The options of
the reference model are indicated in bold.

Model option Meaning

Wall model

Wall discretization
[Cond−] τ1 / τ2 < 1

τ = 900s /τ = 59s or15s

BEM - Building model

Thermal zones
[Zoning−] 0 / 1

One / One by orientation
Controlled temperature

[Control−] 0 / 1
Air temp. / Operative temp.

Allocation of solar flux
[trSol−] 0 / 1

On the floor / Distributed
Internal long wave
[intLW−] 0 / 1

Air temp. / Operative temp.
Internal walls

[Inertia−] 0 / 1
Included / Neglected

External CHTC
[extConv−] 0 / 1

Fixed / Wind-dependant
External long wave

[extLW−] 0 / 1
Linearized / Complete
Envelope representation

[EqEnv−] 0 / 1
Explicit / Equivalent wall

DEM - Interactions between buildings

Solar masks and reflection
[Solar−] 0 / 1

Neglected / Accounted for
External long wave

[LWRad] 0 / 1
Ground and sky / + Buildings

Adjoin buildings
[Adjoin−] 0 / 1

Adiabatic / Balance
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This zoning generated 33 zones with 12 adjoin walls,
represented with dotted and parallel lines in Figure 3.
This configuration is considered to study the effect of
adjoin walls.

Results analysis
Simulation results in terms of year-round power loads
for the reference model are shown in Figure 4. Results
show daily, monthly and seasonal variations of the
heating needs curve. The heating period goes from
mid-September to mid-June. Maximum heating loads
occur during January and February.

To evaluate model adaptation effects, Table 3 gives
three indicators informing on the relative effect of
the different BEM and DEM adaptations in terms of
power difference between the reference model and the
selected adapted models. More precisely, considering
the time series differences:

D = {p(a)i − p
(ref)
i , i ∈ [1, N ]} = {di, i ∈ [1, N ]} (1)

where p is the power load, the superscripts ref and
a refer to the reference and adapted models and d is
the power difference, the indicators are:

the mean value (m(·))

m(D) =
N∑
i=1

di
N
, (2)

the standard deviation (σ(·))

σ(D) =

√√√√√ N∑
i=1

(
di −m(D)

)2
N

, (3)

and the maximal value (M(·))

M(D) = i ∈ [1, N ]max
(
|di|
)
. (4)

The mean value (m(·)) quantifies discrepancies in
terms of annual energy predictions. The standard
deviation (σ(·)) quantifies discrepancies in terms
of power fluctuation amplitudes and phase shifts.
The maximal value (M(·)) quantifies discrepancies in
terms of ability to handle particular events.

Results show that lower wall discretization has few
effect on the mean and standard deviation but de-
viation can locally be more important. Indeed, low
wall discretization delays the building response to dy-
namic solicitations, especially linked with rapid so-
lar loads. Regarding other BEM adaptations, results
highlight that modeling multizone buildings does not
significantly alter the prediction of heating needs.
Controlling the operative temperature instead of the
air temperature generally increases the simulated
heating needs. This trend is explained by the fact

Table 3: Relative effects [%] of the model adaptations
on heating on the mean (m(·)) standard (σ(·)) and
maximal (M(·)) deviations.

Option m(.) σ (.) M (.)

Wall - Reference [· −] : 900s

[Cond−] 59 -0 0 1
[Cond−] 1296000 0 5 24

BEM - Reference [· −] : 0

[Zoning−] 1 1 1 8
[Control−] 1 4 6 26
[trSol−] 1 0 1 5
[intLW−] 1 -13 16 64
[Inertia−] 1 3 6 72
[extConv−] 1 -10 10 74
[extLW−] 1 -1 1 7
[EqEnv−] 1 7 7 40

DEM - Reference [· −] : 1

[Solar−] 0 -4 5 37
[LWRad−] 0 1 0 5
[Adjoin−] 0 0 0 0

that the wall temperature is lower than the air tem-
perature. Uniformly distributing the solar flux over
the different walls has few effects on simulation re-
sults. This conclusion may be explained by the higher
availability of solar heating but a lower heat storage
which balances each others. For the same reason as
the control temperature, using the operative temper-
ature instead of the air temperature to estimate long
wave heat transfers decreases the prediction of heat
losses with a typical daily pattern. Deviation is lower
around midday because the operative temperature is
closer to the air temperature due to the sun heating.
Note that the mean and standard deviation of this
adaptation are the highest of the tested adaptations.
Maximum deviation is also substantial. Neglecting
internal walls tends to decrease the simulated floating
temperature periods and increase heating needs, also
with a dynamic temporal pattern. Heating is more
necessary after sunny periods, because of the absence
of buffer effect. Considering the wind-dependency of
the external CHTC tends to decrease the predicted
heating needs as the estimated CHTC is generally
lower than the constant default value. This effect is
significant, both in terms of mean and standard devi-
ation. It is also the most influential model adaptation
with respect to the maximum deviation. This effect
has no specific temporal pattern as wind does not de-
pend on solar loads in the model. Not considering
the linearized formulation of the long wave external
exchanges also induces lower heat losses and thus es-
timates of heating needs. This effect is however less
important than the effect of the CHTC. Finally, con-
sidering an equivalent envelope does not much change
the general trends, but causes significant local devia-
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Figure 4: Simulated power load curve (1 hour time step) for the reference district model and a typical year.

tion as the dynamic behavior of the envelope is altered
by the equivalence assumption.

Regarding DEM adaptations, almost only the adap-
tation of the short wave heat flux is highlighted as
influential on simulations results. Indeed, account-
ing for solar masks increases the estimates of heat-
ing needs because of less solar heating, leading to
substantial local deviations. The effect of estimating
long wave radiative heat exchanges using BEMs re-
sults and taking the thermal balance of adjoin walls
into account appear negligible. These results have
nonetheless to be modulated by the facts that the
present study focuses on the heating needs and that
the adjoin wall surfaces is very small compared to
the total building envelope area. Present results may
thus be very case specific.

Hence, this case study suggests that if the output
of interest is the annual heating energy demand of
an old residential district, usual BEMs and DEMs
adaptations are acceptable, with the exception of as-
similating the indoor surface temperature to the in-
door air temperature to compute long wave radiative
heat exchanges, and neglecting the wind-dependency
of the external CHTC. Conversely, when aiming to
study the load curve, considering that the operative
temperature is controlled and a fine discretization of
walls, even more if considering an equivalent enve-
lope, as well as the modeling of internal walls and
of the solar shading appear mandatory, as maximum
deviation criteria is also restrictive. A control model
would also be required.

Discussion

According to the developed methodology and case
study, the MoDEM platform is able to quantitatively
evaluate the effects of different model adaptation-
s/simplifications with respect to a given quantity of
interest - presently the heating load curve. Note that
only a first order analysis (no coupling between adap-
tations) was carried out in this study as it focused on
adaptation effects. Interactions are thus not crucial.

Despite focusing on a specific use case, results show

that the developed platform is able to highlight devi-
ations, which, when further relevantly quantified and
compared to a defined tolerance, can state on the suit-
ability of a given model adaptation depending on the
simulation objective. Reciprocally, the developed ap-
proach can also inform on a model uncertainty given
a lack of relevant input data or technical/numerical
possibilities.

Nonetheless, it is worth mentioning that the analysis
presented in this paper only focuses on usual indi-
cators to quantify the effects of the different model
adaptations. When analyzing the time-dependent
load curve, many other methods could alternatively
be used. Indeed, as there is no consensual specific
and relevant indicator, methodologies derived from
the uncertainty quantification analysis such as local
sensitivity analysis, Morris methods or Sobol indexes
can also be considered. As present model adaptations
do not correspond to parametric uncertainties but to
model uncertainties, modeling options can be consid-
ered as functional parametric uncertainties. Possible
indicators of suitability are thus various and more or
less adapted to a given objective. Therefore, a combi-
nation of some of the previously-mentioned indicators
with some graphical representations could be advan-
tageously used to relevantly inform on the suitability
of modeling adaptations.

In addition, to better address energy loads issues in
urban areas, the platform could still be improved. Ex-
pected model developments are notably:

• the consideration of non residential buildings,
which are now often mixed with housing to re-
duce commutation,

• and the integration of the complementary part
of the envelope modeling, i.e. the modeling of
systems, a better integration of occupants and a
more complete modeling of local microclimatic
conditions.

Although the present study focused on the relative
effects of different model adaptations, a validation
study appears also essential, but this aspect high-
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lights one of the main difficulties of addressing district
scale high resolution energy problems: the access to
detailed and accurate input data (geometry, system
efficiency, materials etc.), and to the quantity of inter-
est (currently the load curve), as well as the diversity
and complexity of the aspects that the model have to
handle to reproduce as close as possible realistic con-
ditions (envelope, systems, local climate, occupants,
etc.).

Conclusions

The present paper introduces a new techno-explicit
DEM platform - MoDEM- able to automatically han-
dle DESs from GIS data, with different levels of de-
tails regarding BEMs and their interactions. This
platform was developed with up-to-date and growing
standards of the new generation of BEMs (python,
Modelica, FMU) and uses simulation parallelism to
reduce the computational cost. Its main application
is to predict the energy load of a district taking into
account interactions between buildings. In this pa-
per, the platform is used to evaluate the suitability
of different BEM and DEM adaptations, which are
often made necessary because of the lack of available
and relevant data or computational resources. In-
deed, such adaptations, which generally correspond
to simplifications of the description of buildings or
physical phenomena, could lead to substantial uncer-
tainties and errors on simulation results. Such inac-
curacies become more and more critical with respect
the contemporary issues related to the dynamic en-
ergy management at the urban scale. The MoDEM
platform can thus discuss the relevancy of a DEM to
deal with a given problem. Further, reduction tech-
niques of state models can be used (Kim et al., 2014).
Doing so, the computational cost of city scale energy
demand computations can be substantially reduced
(up to 2000 times (Garcia-Perez et al., 2018)).

To illustrate possibilities offered by the MoDEM plat-
form, a case study was developed, considering a dis-
trict of old residential buildings located in Paris. The
effects of various BEM and DEM adaptations were
analyzed. Results especially showed that usual BEMs
and DEMs adaptions are relevant when addressing
the annual energy demand of buildings. However,
substantial local deviations were highlighted, when
analyzing the time-dependent heating load curve, i.e.
when considering short time periods. These effects
may be counterbalanced over a day and are thus not
critical for general energy problems, but can become
critical for the management of electric grids and/or
smart grids. Such conclusions may be even more
stringent if considering the cooling needs of new en-
ergy efficient buildings including passive strategies.

Hence, this study highlights that further detailing the
physical model allows to better capture the fast dy-
namic behavior of a district. Such improvements ap-
pear critical in a context of climate change and en-

ergy conservation challenges. Nevertheless, increas-
ing the level of details generally has a substantial
computational cost. For example, considering a sim-
ple BEM, estimating and considering internal wall
temperatures to control the operative temperature
or better estimate the long wave radiative heat ex-
changes doubles the computational time. Considering
the actual building envelope and not an equivalent en-
velope is also two times more costly. Even more costly
would be the consideration of a full microclimatic cou-
pling including computational fluid dynamics to esti-
mate more accurately the external CHTC of buildings
and natural ventilation potential / infiltration (Mer-
lier et al., 2019a,b). Such a simulation would in ad-
dition require a supplementary expertise of the mod-
eler. Increasing the level of details of a DEM has thus
also to face other issues than the computational time
and the physical description of the intrinsic building
heat transfers, as identified at the beginning of this
study. These issues especially concern the access to
relevant and detailed input data, such as the inter-
nal composition of buildings to estimate internal long
wave exchanges or the behavior of occupants, or the
access to the very local microclimatic conditions to
better estimate building boundary conditions. There-
fore, the development of pluridisciplinary collabora-
tions (e.g. with computer, data, environmental and
social sciences and geomatics) appears as very benefi-
cial to better address the complexity of the problem.

Nomenclature

BEM: Building energy model
BES: Building energy simulation
DEM: District energy model
DES: District energy simulation
FMI: Functional mockup interface
FMU: Functional mockup unit
GIS: Geographical information system
τ : Characteristic time
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: Une méthodologie de modélisation adaptée. In:
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quartiers. In: Conférence IBPSA France. Marne la
Vallée, France.

Reynaud, Q., Haradji, Y., Sempé, F., Sabouret, N.,
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Abstract 

The model of the reference office building, reported in 

IEA SHC Task 56, is implemented by different experts in 

building simulations, with different tools (i.e. dynamics 

simulation tools such as EnergyPlus, TRNSYS, 

CarnotUIBK, ALMAbuild, DALEC, Modelica and quasi 

steady state calculation tool such as PHPP). The aim is to 

set up reference models for (virtually) testing different 

solar passive and solar active façade systems. Hence, 

identifying deviations between the resulting energy 

balance for heating and cooling of the used tools due to 

different levels of detail of their models is of great 

importance, while in the same time, trying to get rid of the 

user influence was experienced as a real challenge.   

It can be concluded that even considering a relatively 

simple case study, it is hard to reach a good agreement 

between different tools and an additional calibration 

phase is necessary. In particular, it was found that the 

resolution of the window model can lead to considerable 

differences.  

As a perspective, it seems to be a challenge if the building 

modelling is entrusted to non-expert users (e.g. from 

Building Information Modelling to Building Energy 

Modelling, where BIM-to-BEM interoperability issues 

might arise and affect the simulation results). 

 

Introduction 

In spite of higher efficiency, the energy consumption of 

buildings has increased over the past decades and 

currently accounts for approximately 37% of the total 

primary energy consumption in European Union (i.e. 26% 

is taken up by residential and 11% by commercial 

buildings) (Pérez-Lombard, et al., 2008). The European 

Union has set three key targets for the year 2030:  40% 

cuts in greenhouse gas emissions, 27% share for 

renewable energy, 27% improvement in energy efficiency 

(Council of the European Union, 2014). To reach this 

goal, the building system will be required to be an energy 

producer other than an energy consumer (i.e. prosumers) 

(Brange, et al., 2016). Nowadays, solar thermal systems 

for building integration are gaining attention. Advanced 

materials and technologies are integrated into the building 

envelope with the aim to reduce the energy needs (energy 

conservation) or to collect energy from local sources 

reducing the primary energy consumption (energy 

collection) (Martinez, et al., 2017). The use of dynamic 

simulations can play an important role in helping 

designers and researchers to analyse the integration of 

renewables, the improvement of the efficiency and the 

reduction of the demand of the system. However, 

conclusions from simulation studies can be influenced by 

the calculation algorithms, numerical errors, non-identical 

inputs, different processing of climate data and on the 

choice of physical model (Feist, 1994). 

The scientific community contributed to the progress of 

dynamic simulation by proposing different tools and 

approaches (Castaldo and Pisello, 2018). Studies 

regarding the comparison between different tools, are 

present in the literature. Kim, et al., (2013) presented a 

stochastic calibration and comparison between a 

simplified calculation approach (ISO 13790:2008, 2008) 

and EnergyPlus for an office building. The calibrated ISO 

13790:2008 delivers results significantly identical to the 

dynamic model while the non-calibrated fails. 

Dermentzis, et al., (2019) evaluated an energy auditing 

tool (PHPP) against TRNSYS for a set of buildings and 

climates. The results show that the average deviation 

between the tools is 8% for the heating demand and 15% 

for the cooling demand. Strachan, et al., (2016) carried out 

an empirical analysis involving 21 modelling teams with 

different simulation programmes. After the building 

validation phase, in which a significant number of input 

errors were detected, many of the tested programs showed 

a good agreement with the measured data. Since new tools 

(e.g. CarnotUIBK, ALMAbuild, DALEC) and updated 

software versions are available, it is important to continue 

carrying out new comparison studies, although some are 

already present in the literature.  

Within this scenario, IEA SHC Task 56 Subtask C, (IEA, 

2016) describes the boundary conditions to adopt for the 

transient simulation of a reference office room, that 

allows each dynamic simulation tool user to implement 

the same building system. The office cell is representative 

for a typical new European office space and is taken as a 

reference for the study of different solar active façades. 

To ensure the credibility of this reference, it is important 

that it can be implemented in different BPS tools, and that 

there is only modest deviation between the results.  In this 

work, the model of the reference office cell, described in 

D'Antoni, et al., (2017), is developed by experienced 

users of building simulation software, with different tools 
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(i.e. the dynamic simulation tools EnergyPlus, TRNSYS, 

CarnotUIBK, ALMAbuild, DALEC, Modelica and the 

quasi steady state calculation tool  PHPP). The tools 

analysed in this work have different focus and depending 

on it, component models (window, wall, HVAC, control, 

etc.) vary from simplified to detailed. The results of the 

different tools are compared considering all the 

components of the building energy balance. Particular 

attention is given to the window model because, in this 

case study, it strongly influences the results.  
 

Methods 

Boundary Conditions 

The reference building is chosen in order to be 

representative of a typical European office cell located in 

middle floor of a high-rise building.  Three different 

European climates are considered in this study: Rome (hot 

temperate), Stuttgart (cold temperate) and Stockholm 

(cold climate). Figure 1 shows the considered office cell, 

which has a heated area of 27 m2 and a volume of 81 m3. 

All the surfaces are considered adiabatic, except for the 

façade oriented toward South (with window-to-wall ratio 

of 60%) where ambient boundary conditions are applied 

and solar active technologies such as daylighting systems 

can be installed (not applied in the present comparison). 

Shading from adjacent obstacles is not considered, 

whereas an external movable shading, able to block 70% 

of the incoming radiation, is activated when direct solar 

radiation impinging the south façade is higher than 120 

W/m2. 

 

Figure 1: View of the reference office zone. 

The thermal properties of the wall infill element and the 

characteristics of the windows depend on the three 

climates, as shown in Table 1. The internal walls are 

typical plasterboard walls, the exterior wall is a three layer 

structure with different insulation thicknesses depending 

on the climate. 

Table 1: Main properties of the south oriented façade. 

Properties Rome 

(Italy) 

Stuttgart 

(Germany) 

Stockholm 

(Sweden) 

Uext,wall [W/m2K] 0.80 0.40 0.20 

Uwin [W/m2K] 1.26 1.35 0.90 

g-value [-] 0.33 0.59 0.63 

Tsol [-] 0.462 0.426 0.260 

Rfsol [-] 0.237 0.266 0.218 

Tvis [-] 0.749 0.706 0.659 
 

Table 2 shows the yearly average ambient temperature 

(Tamb,av), yearly global irradiation over a horizontal 

surface (Ig,h) and yearly irradiation over a south oriented 

vertical surface (Isouth) for each climate. 

Table 2: Main boundary conditions: yearly average 

ambient temperature (Tamb,av), yearly global irradiation 

over a horizontal surface (Ig,h) and yearly irradiation 

over a south oriented vertical surface (Isouth). 

Location Tamb,av Ig,h Isouth 

[°C] [kWh/m2] [kWh/m2] 

Rome 15.8 1632 1253 

Stuttgart 9.9 1101 889 

Stockholm 7.8 952 884 

User behaviour (e.g. occupancy, appliances and lighting) 

is taken into account by means of hourly profiles, 

different for week and weekend days (SIA, 2015). Figure 

2 reports the schedule profiles for occupancy, appliances 

and lighting. A contemporaneity index of 0.8 is used for 

occupancy and appliances. Three persons are present 

during the working time and a sensible and latent heat of 

70 W/person and 0.08 kg/h/person are considered. The 

internal gain due to appliances is assumed to be 7 W/m2 

and the electric gain due to lighting is 10.9 W/m2. 

The lighting schedule follows occupied hours and is 

defined considering a non daylight responsive system 

  

Figure 2: Schedule profile for occupancy, appliances 

and lighting. 

The natural infiltration rate is assumed to be constant and 

equal to 0.15 1/h. A fresh air supply of 40 m3/h/person is 

covered by a mechanical ventilation system with heat 

recovery (70% sensible efficiency). A bypass of the heat 

recovery is activated when the temperature of the zone is 

higher than 23 °C and the ambient temperature is lower 

than the indoor temperature.   

Simplified all-air heating and cooling systems are 

included within the models. The set point temperature for 

the indoor convective temperature during the wintertime 

and summertime are 21 °C and 25 °C. When the 

convective temperature is between 21 °C and 25 °C 

neither the cooling system nor the heating system are 

activated. A detailed description of the boundary 

conditions is reported in D'Antoni, et al., (2017). 
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General modelling features  

The tools analysed in this work have different focus: 

 EnergyPlus™ (EP) is a whole building energy 

simulation program that engineers, architects, and 

researchers use to model both energy consumption for 

heating, cooling, ventilation, lighting and plug and 

process loads and water use in buildings (Crawley, et 

al., 2000) ; 

 TRNSYS (TRN) is a transient system simulation 

program based on a component approach with 

modular structure. The TRNSYS library includes a 

detailed multizone building model and components 

for HVAC systems, renewable energy systems, etc. 

(Klein, et al, 1979); 

 Simulink UIBK (SIM_IBK) is a Matlab/Simulink 

library, compatible with CARNOT Toolbox, 

developed by the University of Innsbruck, based on 

object-oriented programming of a parameterized 

building model (Siegele, et al.,  2019); 

 ALMAbuild (SIM_BO) is a Matlab/Simulink library, 

compatible with CARNOT Toolbox, developed by the 

University of Bologna where a user develops a 

building model by means of a series of Graphical User 

Interfaces (Campana, et al., 2017); 

 DALEC (DAL) is a free web tool developed by 

Bartenbach, University of Innsbruck and Zumtobel. 

The main focus is on combined thermal and lighting 

building simulations in early design phases (Werner, 

et al., 2017); 

 MODELICA (MOD) is a non-proprietary, object-

oriented, equation based language to conveniently 

model complex physical systems, with a wide open 

source library (in this case the LBNL Buildings library 

is used) (Wetter, et al., 2014); 

 PHPP Passive House Planning Package is a quasi 

steady state calculation tool, developed as spread 

sheet, for the use of architects and planning experts 

(Feist, 2019). 

The different tools implement models with different level 

of detail and approach the numerical solution of the 

building system with different equations.  

Table 3 reports the physical models used by the different 

tools for the calculation of the room balance and the time 

step used in the numerical simulations. The two star node 

model includes a convective node (representing the 

thermal capacity of the air) and a radiative node (the long-

wave radiative exchange between the surfaces is modelled 

using the star network). In the simplified calculation 

mode, TRN implements a star network where an artificial 

temperature node (Tstar) is used to consider the parallel 

energy flow from the inside wall surface to the zone air 

by convection and the long-wave radiation exchange 

between the surfaces. EP uses a grey interchange model 

(ScriptF) involving an approximation of direct view 

factors for the radiative exchange between surfaces. 

MOD implements a more detailed model for the radiative 

exchange based on net radiation exchange approach 

(Wetter, et al., 2011). DAL model is based on the 

Standard ISO 13790:2008 where the room heat balance is 

solved considering three nodes and both the air 

temperature and mean radiant temperature are calculated. 

The nodes are connected between each other by means of 

specific coupling conductance defined by the standard. 

The whole thermal capacity of walls and air volume is 

connected to the node representing the mean radiant 

temperature. PHPP is a quasi steady state tool that 

calculates losses and gains considering a fixed set point 

temperature. It performs two different balances by using 

the two set point temperatures for winter and summer.  

Each tool performs the simulation using different time 

steps and, in particular: SIM_IBK and SIM_BO use 

variable-step solvers, which vary the step size during the 

simulation depending on the required numerical accuracy 

and the solver. All the other tools perform the calculation 

with a constant time step as reported in Table 3. The 

definition of the time step influences the run time and the 

accuracy of the results. 

Table 3: Model of the room heat balance and simulation 

time step. 

Tools Surface to zone heat 

transfer 

Time step 

EP Radiative and conv. node Const.: 15 m 

TRN Star node model Const.: 60 m 

SIM_IBK Two star node model Var.: max 10 m 

SIM_BO Two star node model Var.: max 10 m 

DAL Standard ISO 13790 Const.: 60 m 

MOD Radiosity and conv. node Const.: 15 m 

PHPP Steady state balance  Monthly 

Table 4 reports the model used for the wall structure in 

each tool. EP and TRN model the opaque structure with 

the transfer function method, whereas both Simulink 

libraries and MOD are based resistance-capacity (R-C) 

method. DAL and PHPP implement a simplified model of 

the walls, based on the overall heat transfer coefficient (H) 

of the external structures. 

Table 4: Model of the walls.  

Tools Wall model 

EP Transfer function 

TRN Transfer function 

SIM_IBK R-C 

SIM_BO R-C 

DAL Unique H value 

MOD R-C 

PHPP Unique H value 

Different window models are implemented in the 

analysed tools, (Table 5). In particular, EP, TRN, 

SIM_BO and MOD perform an energy balance over each 

pane of the window while DAL, SIM_IBK and PHPP are 

based on a simplified window thermal model where the 

transmission losses of the window are calculated by using 

a constant heat transfer coefficient. An additional layer 

representing the shading system is involved in the thermal 

balance of the window only in EP and MOD. 

Gains from solar radiation are computed differently in 

each tool. EP, TRN, SIM_BO and MOD consider how 
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solar radiation is absorbed by each pane of the window, 

which increases the pane temperature, and influences 

convective and radiative exchange.  

In the presented heat balances for EP, SIM_BO and MOD 

solar gains are defined as directly transmitted radiation 

(convective and radiative gains from the inner pane do 

contribute to the room heat balance but they are not 

reported as ‘solar gains’ in the presented balances). The 

calculation of the solar gain in DAL is based on an angular 

dependent g-value of the façade dependent on the sun 

position, SIM_IBK calculation is based on an angular 

dependent g-value of the glazing system, dependent on 

the sun position. Depending on the definition of the solar 

gain (total or only transmitted part), also the definition of 

the transmission losses is different. When only the 

directly transmitted part of the solar radiation is reported 

as solar gain, the transmission loss is represented by the 

exchange between the internal side of the window and the 

thermal zone (�̇�𝑖𝑛𝑡,𝑝2 in Figure 3). Contrariwise, when the 

total solar gain is reported (including absorbed solar 

radiation reemitted to the inside), the transmission losses 

are calculated as (�̇�𝑡𝑟,𝑝1−𝑝2 in Figure 3). 

 

Figure 3: Sketch of the Complex window model. 

The models used to predict the diffuse radiation on a tilted 

surface can be based on either isotropic or anisotropic sky 

models. All the tools except for DAL calculate the diffuse 

radiation on a tilted surface with anisotropic sky models 

while DAL uses an isotropic sky model.  

Table 5: Window model.  

Tools Window model Solar Gain 

EP ‘Complex’ Directly transmitted (τ-sol) 

TRN ‘Complex’ Total  

SIM_IBK ‘Simplified’ Total (g-value) 

SIM_BO ‘Complex’ Directly transmitted (τ-sol) 

DAL ‘Simplified’ Total (g-value) 

MOD ‘Complex’ Directly transmitted (τ-sol) 

PHPP ‘Simplified’ Total (g-value) 

The profiles for the occupancy, appliances and lighting 

could not be implemented in DAL and PHPP. In DAL a 

constant internal gain of 8.79 W/m2 from 8 a.m. to 19 p.m. 

is considered while in PHPP a constant internal gain of 

6.5 W/m2 is considered.  

With regard to the ventilation system, EP, TRN, 

SIM_IBK, SIM_BO and MOD calculate the ventilation 

rate, bypass control and infiltration losses as described in 

the report (D'Antoni, et al., 2017) while DAL uses a 

constant energy equivalent air exchange rate that takes 

into account the infiltration and energy effective air 

exchange rate. The additional ventilation losses due to 

activation of the bypass are modelled as window/night 

ventilation. PHPP considers ventilation losses using a 

constant equivalent air exchange rate. A different rate is 

used, for summertime and wintertime, which account for 

the frequency with which the bypass is activated in that 

period. These equivalent air exchange are calibrated in 

order to match the ventilation losses calculated by 

SIM_IBK. 

The shading control system is modelled based on a 120 

W/m2 beam direct solar radiation threshold as described 

in the report (D'Antoni, et al., 2017) for all the tools 

except for the PHPP where it is only possible to set a 

constant value for the summer and winter time. The 

shading values are calibrated in order to match the solar 

gain calculated by SIM_UIBK. 

Table 6: Internal gain profile and ventilation rate.  

Tools Internal 

Gain 

Ventilation 

rate/control 

Shading 

control 

EP Profile Profile/Dynamic ctr. Dynamic  

TRN Profile Profile/Dynamic ctr. Dynamic  

SIM_IBK Profile Profile/Dynamic ctr. Dynamic  

SIM_BO Profile Profile/Dynamic ctr. Dynamic  

DAL Constant Constant  Dynamic  

MOD Profile Profile/Dynamic ctr. Dynamic  

PHPP Constant  Constant  Constant 
 

Simulation Results 

Comparison between simulation results 

The reference office building is simulated with the 

different tools considering three different locations (i.e. 

Rome, Stuttgart and Stockholm, see Table 2. The 

properties of the wall and windows are varied with the 

climate (see Table 1). Table 7 shows the yearly simulation 

results, for each scenario, reporting heating demand Qh, 

cooling demand Qc, sum of ventilation and infiltration 

losses Qvv, transmission losses Qtr and solar gains Qsol. 

Internal gains Qgi are not shown because the annual sum 

is the same for each tool in each instance (i.e. 56.5 

kWh/(m2a)).  

PHPP outputs only the heating and cooling demand, the 

other components are estimated starting from the summer 

and winter balance calculated by the PHPP. The 

transmission losses and solar gains have to be analysed 

bearing in mind, the different definitions used by the 

different tools (see previous section).  

The heating demand increases with the colder climates in 

spite of the higher insulation level of the envelope. The 

solar gain is higher in Stuttgart and Stockholm compared 

to Rome because the glazing system has lower g-value 

(see Table 1) and because of lower solar altitude angles. 

The presence of a high efficiency heat recovery unit 

ensures lower ventilation losses.  

Table 8 shows the relative deviation of the results reported 

in Table 7 with respect to the median value. The high 

relative deviation for the heating demand in Rome is 

caused by the low absolute values of heating demand. For 

the cooling demand, which contributes most to the energy 

demand in all the climates, the deviation between the 
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different tools reaches the maximum value of 21% in 

Stockholm.  

Table 7: Yearly simulation results for all the cases. 

Loc. Tools Qh Qc Qvv Qtr Qsol 

[kWh/(m2a)] 

R
O

M
E

 

EP 3.6 -36.4 -27.1 -19.8 25.4 

TRN 3.5 -33.3 -30.6 -29.1 32.9 

SIM_IBK 5.8 -38.2 -30.4 -30.3 36.8 

SIM_BO 3.1 -33.4 -29.5 -23.1 25.9 

DAL 5.9 -35.9 -31.7 -37.7 42.7 

MOD 7.1 -34.0 -31.0 -30.0 31.4 

PHPP 5.7 -37.9 -28.6 -34.1 36.6 

MEDIAN 5.7 -35.9 -30.4 -30.0 32.9 

S
T

U
T

T
G

A
R

T
 

EP 15.8 -28.1 -42.4 -47.3 48.4 

TRN 18.7 -23.2 -45.8 -66.2 59.9 

SIM_IBK 16.0 -31.7 -47.4 -49.7 56.4 

SIM_BO 13.2 -23.9 -45.1 -37.7 37.1 

DAL 18.2 -28.4 -45.9 -56.2 56.8 

MOD 17.1 -27.9 -49.3 -42.2 45.8 

PHPP 14.5 -27.6 -47.7 -56.5 56.7 

MEDIAN 16.0 -27.9 -45.9 -49.7 56.4 

S
T

O
C

K
H

O
L

M
 

EP 17.0 -32.2 -50.2 -34.2 46.0 

TRN 21.3 -23.8 -50.5 -61.6 58.0 

SIM_IBK 14.5 -31.0 -54.3 -41.9 56.2 

SIM_BO 17.4 -23.6 -49.3 -38.6 37.7 

DAL 16.9 -28.2 -52.7 -44.6 52.8 

MOD 14.5 -30.0 -54.4 -39.3 52.7 

PHPP 14.6 -31.0 -55.1 -44.8 56.2 

MEDIAN 16.9 -30.0 -52.7 -41.9 52.8 
 

Table 8: Relative deviation with respect to the median 

value. 

Loc. Tools Qh Qc Qvv Qtr Qsol 

R
O

M
E

 

EP -36% 1% -11% -34% -23% 

TRN -38% -7% 1% -3% 0% 

SIM_IBK 2% 6% 0% 1% 12% 

SIM_BO -46% -7% -3% -23% -21% 

DAL 4% 0% 4% 26% 30% 

MOD 25% -5% 2% 0% -5% 

PHPP 0% 6% -6% 14% 11% 

S
T

U
T

T
G

A
R

T
 EP -1% 0% -8% -5% -14% 

TRN 17% -17% 0% 33% 6% 

SIM_IBK 0% 13% 3% 0% 0% 

SIM_BO -17% -15% -2% -24% -34% 

DAL 14% 2% 0% 13% 1% 

MOD 7% 0% 7% -15% -19% 

PHPP -9% -1% 4% 14% 1% 

S
T

O
C

K
H

O
L

M
 EP 1% 7% -5% -18% -13% 

TRN 26% -21% -4% 47% 10% 

SIM_IBK -14% 3% 3% 0% 6% 

SIM_BO 3% -21% -6% -8% -29% 

DAL 0% -6% 0% 6% 0% 

MOD -14% 0% 3% -6% 0% 

PHPP -13% 3% 5% 7% 6% 

A good agreement is reached for the ventilation and 

infiltration losses, where the relative deviation is lower 

than 11%. Transmission losses and solar gain have to be 

analysed considering the different definition of these 

components used by the different tools (see previous 

section). Solar gain and transmission losses are expected 

to be lower or equal to the average for EP, SIM_BO and 

MOD. SIM_IBK and PHPP have similar ventilation-

infiltration losses and solar gain because the average air 

exchange rate and the effective shading value used in the 

PHPP were “calibrated” taking as a reference SIM_IBK. 

Figure 4 reports the monthly heating and cooling demand 

for each tool for the climates of Rome, Stuttgart and 

Stockholm. From March to November in Rome, and from 

April to October in Stuttgart and Stockholm, the cooling 

demand is higher than the heating demand. TRN and 

SIM_BO have the lowest cooling demand in each climate, 

with deviations with respect to the median values of each 

month, ranging for the climates of Stockholm from -93% 

to -1%, for Stuttgart from -85% to +0% and for Rome 

from -49% to 0%. The results present higher deviation, 

especially for the cooling demand, during the transition 

months, when longer periods in which the temperature is 

free to float are present, while during the central summer 

month deviations are contained between +15% and -10%. 

TRN features the highest heating demand during the 

winter months, with deviations from the monthly median 

values, ranging from +24% to +36%  and +9% to +21%, 

for the climates of Stockholm and Stuttgart respectively. 

SIM_BO has the lowest heating demand every month for 

the climates of Rome and Stuttgart.  

Figure 5 shows the monthly average convective 

temperature. The internal and solar gains cannot be easily 

dissipated through the well-insulated envelope and 

therefore, high indoor temperatures also occur during 

mid-seasons. This can be clearly seen in Figure 5, where 

all the tools have an average temperature higher than the 

heating set point also during the coldest month of the 

coldest climates. In Rome, the heating demand is nearly 

zero and the convective temperature is higher than the 

heating set point.  Longer periods in which the convective 

and mean radiant temperatures are not controlled by either  

the heating system or the cooling system occur during the 

transition months.  

The dynamic behaviour of the free floating temperature is 

influenced by the way in which the tools model the 

thermal capacity of the building and the convective and 

radiative exchange occurring within the studied office 

cell. DAL models the office zone with only one thermal 

capacity and this assumption has an influence on the 

convective average temperature, which is the highest 

during the winter months. Deviations in convective and 

mean radiant temperature influence heating and cooling 

demands. The deviation with respect to the median value 

for each month (excluding the temperature from PHPP) 

are within -2% and +3%. The maximum deviation is 

reached during the transition months.  Figure 6 shows the 

monthly solar irradiation impinging the south façade for 

every tool in each climate. It can be seen that all tools are 

in good agreement except for DAL, which presents lower 

irradiation (in average -15% with respect to the median 

value). This is due to the different methods used for the 

calculation of the solar radiation on a tilted surface, all the 

tools are based on anisotropic model of the sky while 

DAL models the diffuse part of the sky radiation as 

isotropic. 
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Figure 4: Comparison of monthly heating and cooling demands simulated with all the considered tools and climates. 

 

Figure 5: Monthly average of the convective temperature for all the considered tools and climates. 

  

Figure 6: Monthly values of the solar radiation impinging the south façade for all the considered tools and climates.
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Figure 7 shows the yearly transmission losses through the 

wall and windows for each tool in each climate. The wall 

transmission losses are in the same range in every climate. 

The median value ranges from -8.2 kWh/(m2a)  in Rome 

to -7.1 kWh/(m2a) in Stuttgart. 

 

Figure 7: Yearly values of the transmission losses of the 

walls (top) and windows (bottom).  

The deviation of the yearly transmission losses through 

the wall with respect to the median value (considering the 

results from EP, TRN, SIM_IBK, SIM_BO and MOD) 

ranges in Rome from +41% (DAL) to -27% (SIM_IBK), 

in Stuttgart ranges from +19% (DAL) to -15% 

(SIM_IBK) and in Stockholm ranges from +15% (PHPP) 

to -11% (DAL). The transmission losses through the 

windows are significantly higher than those through the 

wall and are in the range of 80% of the total transmission 

losses. The deviation of the windows transmission losses 

are due to different definitions of the transmission losses, 

different models of the window and thus different 

assumptions for the input data. 
 

Influence of the window model 

Detailed inputs are required for those tools that use a 

complex window model (i.e. reflectivity and absorption 

coefficients for each layer of each pane). The Task56 

report (D'Antoni, et al., 2017) describes only the overall 

glazing system properties defined using a specific set of 

boundary conditions (i.e. U, g-value, Tsol, Rsol and Tvis, see 

Table 1). The translation of these overall properties into 

detailed pane level properties was identified as a source 

of deviations. In this reference office, the window model 

plays an important role in the building energy balance of 

the thermal zone since its properties define the admission 

of solar gains and 80% of the transmission losses. 

To illustrate the influence that user interpretation of 

overall glazing properties can have on the overall results, 

four different window system alternatives are tested for 

the Rome case with EP. The alternatives have similar 

overall glazing properties but differ in the position and 

characteristics of the solar control coating, (see Table 9 

and Table 10). The window system alternatives are based 

on measured glass properties from the IGDB. 

EP case 1 has the coating placed outside of the inner pane 

(pos. 3), EP case 2 has the same type of coating placed 

inside the outer pane (pos. 2) and EP case 3 has an 

alternative coating in the same position as case 2 which 

was selected to better match the overall glazing 

properties, EP case 4 assumes an equivalent layer single 

pane glazing system with the same overall glazing system 

properties, under NFRC boundary conditions, as case 3.  

Table 10 reports the overall glazing properties and the 

properties of the coated pane used by EP, TRN, SIM_BO 

and MOD. TRN, SIM_BO and MOD placed the coating 

inside the external pane (pos. 2). SIM_BO does not use 

Tvis and Tsol because the directly transmitted irradiation is 

calculated with the overall transmission value of the 

window.   

Table 9: Overall glazing system properties. 

Cases U 

[W/m2K] 

SHGC 

[-] 

Tvis 

[-] 

Coating 

Position 

Reference 1.290 0.333 0.659 ? 

EP: Case 1 1.223 0.359 0.594 Pos. 3 

EP: Case 2 1.202 0.326 0.607 Pos. 2 

EP: Case 3 1.260 0.350 0.593 Pos. 2 

EP: Case 4 1.260 0.350 0.593 Pos. 2 

TRN 1.290 0.333 0.659 Pos. 2 

SIM_BO 1.290 0.333 0.659 Pos. 2 

MOD 1.322 0.334 0.614 Pos. 2 

Table 10: Properties of the coated pane. 

Cases Emissivity 

(coated side) 

[-] 

Tvis 

 

[-] 

Tsol 

 

[-] 

Reference ?  ? ? 

EP: Case 1 0.021 0.656 0.250 

EP: Case 2 0.014 0.673 0.305 

EP: Case 3 0.034 0.658 0.269 

EP: Case 4 - - - 

TRN 0.110 - - 

SIM_BO 0.110 - - 

MOD 0.016 0.671 0.310 
 

Table 11 shows the heating and cooling demand of the 

four variants of the window analysed in EP.  Different 

user interpretations of the overall glazing properties lead 

to relative deviations, taking as a reference the case 4,  in 

the heating and cooling demand up to 55% and 27%, 

respectively. The largest deviations can be explained by 

the position of the solar control coating. With the coating 

positioned on the inside pane (pos. 3), a smaller fraction 

of the solar radiation which is reflected and absorbed by 

the coating, will exit the glazing system on the front side. 

The overall glazing properties, however, do not represent 

the angularly dependent nature of the interreflections 

between the panes well, as can be seen from the deviations 

of results between cases 3 and 4. 

Table 11: Heating and cooling demand for the climate of 

Rome, with different windows system alternatives. 

Cases Qh Qc Qtr Qsol 

[kWh/(m2a)] 

EP case 1 1.6 -46.3 -9.4 28.2 

EP case 2 2.5 -39.7 -21.6 32.3 

EP case 3 3.6 -36.4 -19.8 25.4 

EP case 4 3.4 -40.0 -24.4  33.5 

TRN 3.5 -33.3 -29.1 32.9 

SIM_BO 3.1 -33.4 -23.1 25.9 

MOD 7.1 -34.0 -30.0 31.4 
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Conclusion 

The model of the office cell, reported in IEA SHC Task 

56, is implemented by experts in building simulations 

with different simulation tools (i.e. dynamic tools 

EnergyPlus, TRNSYS, CarnotUIBK, ALMAbuild, 

DALEC, Modelica and calculation tool PHPP).  The 

heating and cooling demands, heat losses and gains are 

investigated considering three different climates (i.e. 

Rome, Stuttgart and Stockholm).  Even when high caution 

is taken in defining the boundary conditions of a 

geometrically simple space, user interpretation and 

implementation in the software remains one of the main 

reasons for deviations. After several feedback loops, 

agreement between the experts was achieved to have 

comparable simulation models implemented. The results, 

proved to be particularly sensitive to user interpretation of 

overall glazing system properties. Such deviations 

amongst tools can be reduced by describing glazing 

systems using a combination of detailed pane properties 

as well as overall system properties under varying 

boundary conditions.  A future work will be carried out in 

order to calibrate the models considering more weather 

conditions so that they can be used for testing solar 

passive and solar active façade systems. 
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Abstract 

A thermal and electrical co-simulation was developed to 

evaluate and assess power and energy (P&E) systems for 

remote applications. A stand-alone hybrid system 

comprised of a solar array, a direct methanol fuel cell and 

a battery storage system housed in separate insulated 

enclosures was found to be a suitable option to 

autonomously operate a data-logging system year-long in 

the High Arctic. Parametric studies were conducted to 

optimize the insulation levels of the enclosures as well as 

the size of the power generation system and the control 

strategy used for thermal management. The versatile 

hybrid co-simulation model is able to capture the crucial 

interactions and trade-offs between thermal and electrical 

demands. A first version of the system was deployed in 

the High Arctic during the mid-summer season and 

successfully operated autonomously for four months – 

providing proof of concept and model validation for the 

hybrid P&E system.  

Subsequent simulations and parametric studies were run 

to determine and evaluate additional strategies to extend 

the autonomous operation of the system. Reducing the 

power consumption of selected components, increasing 

the renewable energy generation by installing cold-

climate wind turbines, and scaling up the storage capacity 

by redesigning a new battery pack were found to be 

effective means of achieving extended operation. 

Simulation results indicated that the data-logging system 

could be powered for up to 8 and 12 hours daily during 

the winter and summer months, respectively, compared to 

just 30 minutes for the first version of the system with 

similar fuel consumption. Future work will focus on the 

simulation-based design of an improved system capable 

of continuous year-long operation and its validation. 

Introduction 

Data-logging and communication stations located in 

arctic regions, in both military and civilian applications, 

are challenged by harsh environments, isolation and a lack 

of local energy sources. As a result, nearly all energy used 

to meet electrical and thermal demands in these regions 

comes from diesel generators and diesel-fired heaters. In 

Canada, these remote locations ultimately rely entirely on 

imported fuels, delivered in bulk by ship or aircraft during 

the short summer season and stored on-site. This makes 

them vulnerable to supply disruptions, fuel spills as well 

as high energy prices. Moreover, all power generation is 

community-based due to the absence of territory-wide 

electricity grids. These aspects affect not only the local 

communities but also government operations. 

The importance of reducing this diesel dependency and its 

potential role in shrinking Canada’s carbon footprint is 

well-recognized. Through Defence Energy and 

Environment Strategy (DEES, 2017), the Department of 

National Defence (DND) is tasked to reduce its energy 

consumption to meet greenhouse gas (GHG) emission 

reduction targets while maintaining its operational 

mandates. In line with these goals, Defence Research and 

Development Canada (DRDC) initiated a project in 2016 

to explore alternative and sustainable energy supply 

options for a remote underwater acoustic array system 

(UAAS) in the High Arctic (75th parallel North) (DRDC 

Heard et al., 2016).  

The development of an autonomous power and energy 

(P&E) system for this application proves particularly 

difficult. It requires addressing constraints such as 

remoteness, harsh climate, uncertain weather patterns, 

wildlife, uninhabited site (one annual visit at most), as 

well as weight, size, and transport restrictions. Examples 

exist of autonomous weather stations in remote locations 

like the Arctic that rely on renewable energy such as 

small-scale wind and/or solar for year-long power 

generation. The ultimate challenge resides in being able 

to meet the unique operational profile of an energy-

intensive UAAS during the ~130 days of polar night. 

This paper focuses on the thermal and electrical co-

simulation of a P&E system to identify a suitable solution 

for autonomous operation of the UAAS. First, 

conventional and alternative technologies for electricity 

and heat generation considered in the context of this 

project are reviewed. Then, the development of a 

preliminary simulation model based on nameplate and 

estimated power draws of the power and energy system is 

presented with a discussion on parametric studies 

conducted to find a suitable design. A comparison of the 

simulation results to the monitored performance is 

presented followed by the validation of the P&E 

simulation model. Finally, a modified version of the 

system for extended operating frequency is developed. 

While the focus of the paper is on a solution for the High 

Arctic, the strategy and modelling concepts can easily 

find application in other remote locations globally. The 

integration of both thermal and electrical systems in the 

simulation allows one to assess the trade-offs between the 
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electricity requirements and the heating and cooling loads 

for a given system. Whereas the optimal solution will 

differ based on the location mainly due to climate, the 

methodology employed can be generalized for other 

stand-alone systems with different equipment, schedules, 

or power and thermal requirements. 

Modelling Considerations 

Details of the remote UAAS and site (Gascoyne Inlet, 

NU) can be found in the DRDC Overview of the 

Technical Results of the Northern Watch Project Report 

(DRDC Heard et al., 2016). With the system historically 

operating only when the site was occupied, an 

autonomous P&E system was desired to enable operation 

throughout the year when the site is mostly unmanned. 

Further, it was desirable to increase the operating 

frequency of the system to three times daily, each time for 

a period of 10 minutes, including 5 minutes for system 

startup, shutdown, data transmission and computing for 

real-time analysis. The anticipated peak power draws of 

the system were estimated to be ~400 W based on the 

expected array power draw, inverter inefficiencies, 

computing loads, and eventual controllers, modems, 

thermal energy management and data transmission 

equipment power requirements. Further, the annual 

energy consumption would be dependent upon thermal 

energy requirements and standby power draws of the 

UAAS. As well, the size dimension restrictions for aerial 

transport for the P&E system could not exceed 0.25m3, 

which had to be factored into the overall design.  

Review of power generation options 

Before carrying out simulation studies, a review of 

existing P&E supply technologies was conducted to 

identify a robust solution and predetermine which 

technologies were feasible. The most obvious power 

supply option consisted of using a micro diesel generator 

to power the system throughout the year. Unfortunately, 

there are no commercially available diesel generators of 

the required size that offer remote-start capabilities at sub-

zero temperatures. As such, block heaters, furnaces or 

thermal storage would be required to ensure startup 

capabilities. Moreover, a significant dump load would 

need to be installed in order to run the diesel generator at 

a respectable part-load to avoid excessive wear. This 

option would also go against DND’s efforts to reduce 

diesel dependency, however, it was investigated only to 

provide a baseline comparison of the fuel savings 

provided by other design alternatives.  

Photovoltaics (PV) were considered a suitable and robust 

solution to operate the system during the 235 days when 

solar energy is available. This technology is known to be 

reliable in the harshest conditions (NTPC, 2019), with 

improved efficiency at lower ambient temperatures, and 

can operate without intervention for decades. However, 

the solar PV array would need to be coupled with a battery 

system for storage to supply peak power, provide power 

during periods of cloudy weather, and most importantly 

supply power during the months of polar night. One 

option would be to size the PV system such as to cover 

the load during the summer months while also charging a 

large battery bank (lead-acid), which would then be 

discharged continuously when solar power is not 

available during the polar nights. While potentially 

feasible, this approach was rejected because of logistics 

concerns (expensive, difficult to ship to remote locations, 

requires a large enclosure with complex thermal 

management) and risk of performance degradation (self-

discharge, reduced lifetime due to deep discharge). 

Investing in a large battery bank to be charged only once 

a year was also deemed financially unattractive. With the 

solar resource being abundant during periods of midnight 

sun, a solar PV battery system could be supplemented 

with an additional low-wattage power generation 

technology for polar night operation, thus, minimizing the 

overall size of the system.  

Wind energy is also a potentially viable option for 

supplementary power generation particularly for the polar 

night period. Considerations for use include operation at 

extremely low temperatures, wind resource availability, 

permafrost installation and adequate energy storage.  

Another technology with proven operation in cold and 

remote locations are thermoelectric generators (TEGs), 

which have no moving parts and convert heat flux from a 

gas burner into electricity (Gentherm, 2019). Some units 

as small as 50 W can be started remotely, but only down 

to temperatures around -20°C and with limited on/off 

cycles. A TEG would require large quantities of fuel – 

typically propane or natural gas – because they are 

characterized by very low efficiencies (5-10%), which 

makes them best suited for applications where the thermal 

load is significantly higher in comparison to the electrical 

power requirements.  

The last commercially available off-grid power supply 

technology considered was a direct methanol fuel cell 

(DMFC) that converts methanol into electricity through a 

catalytic conversion process (25% electrical efficiency) 

(FuelCell Today, 2019). This equipment has the 

advantage of being maintenance free, sustainable, and 

able to operate fully autonomously down to -40°C. 

Commercial systems of compact size combining a fuel 

cell stack with the required thermal management system, 

control circuitry and fuel delivery components are readily 

available. A DMFC could provide an adequate 

complement to solar by switching on to charge the 

batteries when the solar  resource is not available and 

operating in standby mode with negligible fuel 

consumption when not needed the rest of the time. 

Based on the technology reviews within the geographical, 

climate constraints and project timelines for installation at 

the site during the summer period, the most attractive 

option identified was the use of a hybrid 

PV/DMFC/battery system because it could support the 

reliable performance required in harsh and remote 

environments while lowering the energy footprint.  

Power and energy system simulation  

Simulation model 

Having determined that a DMFC and solar PV panels 

coupled with battery storage would be most reliable for 
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this stand-alone application, a P&E simulation model of 

the proposed system was developed. This flexible model 

supports the design and assessment of any insulated 

enclosure and estimates the energy saving potential of 

different control strategies, increased battery storage and 

additional renewable energy sources. TRNSYS v.17, a 

modular and open-source simulation software, was 

selected due to its ability to model various renewable 

energy and HVAC systems, and to integrate them with 

building energy models (Klein et al., 2014). The novelty 

of this study resides in exploiting the adaptability of 

TRNSYS to develop a versatile hybrid energy system 

simulation model, integrating both thermal and electrical 

systems. The model developed was used to conduct 

parametric studies to determine optimal design and 

efficiency strategies to limit methanol consumption.  

The P&E system was divided into two enclosures – one 

housing the DMFC, and the other the electronic 

equipment, the batteries and the UAAS. To avoid 

exposure to high winds and drifting snow, the two 

enclosures would be located in an unheated, uninsulated 

building. To ensure functionality of the electronic 

equipment and sufficient battery capacity, the electronic 

equipment enclosure would be maintained above 0°C 

with the aid of small electric heaters when necessary. The 

DMFC enclosure would not be heated as the system is 

capable of operating down to -40°C with a proper heat 

trace on the condensate line. To simulate the P&E system 

and surrounding conditions, the building housing the 

enclosures was modelled using Type 56 – a standard 

multi-zone building model used in TRNSYS. The 

electronic equipment and fuel cell enclosures were 

modelled separately, using Type 88 as only one Type 56 

component can be included in a given simulation. Type 

88 models a simple lumped capacitance single-zone 

structure subject to internal gains. Furthermore, it 

assumes an overall thermal conductivity value for the 

entire structure and it neglects solar gains, which is 

appropriate since the enclosures are stored inside a 

building. Its usefulness comes from the speed at which 

building heating and/or cooling loads can be added to a 

system simulation. To estimate these loads, Type 88 

requires an effective surface area which is determined 

using equation (1) to properly account for insulation:  

𝐴 = 2(𝑙𝑤 + 𝑤ℎ + 𝑙ℎ) + 2.16𝐿(𝑙 + 𝑤 + ℎ) + 1.2𝐿2  (1) 

where l, w and h are the respective interior enclosure 

length, width and height, and L is the thickness of the 

insulating layer (Incopera and  DeWitt, 1990). This 

equation was used to conduct parametric studies in order 

to determine the minimum thickness of the insulating 

layer of the insulated electronic enclosure to ensure 

sufficient methanol fuel is available for year-long 

operation. Infiltration into the insulated enclosure was 

modeled with the ASHRAE K1, K2, K3 method 

(ASHRAE 1997) (Type 571) neglecting the effects of 

wind driven infiltration due to the indoor location. 

The solar PV and battery system was modelled using 

Type 94 solar PV array component and Type 47 lead-acid 

storage battery in conjunction with the Type 48 power 

conditioning component. The latter acts as a charge 

controller with several functions as illustrated in Figure 1 

namely: 

1. Distributing DC power from the solar cell array (PPV), 

2. Switching on the DMFC and distributing its DC 

power (PFC) when required,  

3. Distributing DC power to and from the battery (PB±), 

4. Converting DC power to AC and sending it to the 

load when required (PL), and 

5. Dumping excess power when the batteries are fully 

charged (PE). 

The storage capacity of the Type 47 lead-acid storage 

battery was modeled at a design temperature of 0°C. As 

the battery storage capacity degrades with decreasing 

ambient temperature, modelling the capacity at 0°C was a 

conservative approach as the batteries would not fall 

below this temperature during operation. Future 

improvements to the component model could be 

incorporated to account for the storage capacity 

temperature degradation. This approach was not 

implemented due to time constraints of the project.   

 
Figure 1 : Charge controller modelling strategy 

An extensive effort was undertaken to adapt the charge 

controller model to off-grid applications. Normally, Type 

48 is designed to interact with an electrical grid of infinite 

capacity, with the possibility of using grid power to meet 

the load and/or charge the battery storage. The DMFC 

could therefore not be modelled as the grid as it can 

deliver a maximum of 110 W. Since there is no parameter 

in the Type 48 component model to isolate a power and 

energy system from the grid or to limit the available 

power capacity of the grid, the model was adapted by 

resorting to a control strategy that would anticipate when 

solar power was not sufficient and consequently turn on 

the fuel cell. In line with the control strategy provided by 

the fuel cell manufacturer (EFOY, 2019), differential 

controllers and run-time calculators are used to sense 

drops in battery voltage (𝑉(𝑡)) and fractional state of 

charge (𝐹𝑆𝑂𝐶) to then switch on the fuel cell to charge 

the battery bank for a maximum of 24 hours at a time. The 

DMFC was modelled using a TRNSYS equation editor, 

with a constant fuel efficiency of 1.1 kWh/L and an 

electrical efficiency of 25%. About three times more heat 

than electricity is generated, which is rejected inside the 

fuel cell cabinet and exhausted using the fan if required. 

Additionally, a thermostat was used to turn on the 10 W 
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heat trace on the DMFC condensate line when the 

building air temperature is below 5°C. 

The simulation model was run with a five-minute time 

step to estimate the annual electric demand and heating 

and cooling loads, taking into account anticipated standby 

power consumptions and internal heat gains from 

electronic equipment. The TMY weather file from nearby 

Resolute Bay, NU was used as there is very limited 

historical weather data available for Gascoyne Inlet, NU.  

With the power and energy simulation model, parametric 

studies could then be run to determine the required 

electronic equipment enclosure insulation level, the 

required heating capacity, and the energy saving potential 

of various efficiency measures. Sizing constraints would 

need to meet the aerial transport restrictions in addition to 

the maximum DMFC methanol fuel storage capacity 

limited to 176 L (set by the manufacturer).  

Simulation results 

To confirm the amount of methanol that would be 

required to maintain the as-built enclosure above 0°C and 

operate the UAAS as planned, the TRNSYS simulation 

model was run and parametric studies conducted to 

evaluate different control strategies and the fuel saving 

potential of various energy efficiency measures. Due to 

the size of the electronic equipment for the UAAS and 

space required for the batteries, a standard electrical 

cabinet enclosure meeting the transport size constraints 

was specified and insulated from the inside to minimize 

heat losses. A parametric analysis on insulation thickness 

was performed with eventual insulation size selected 

based on maximum thickness permissible due to the 

electronic equipment space requirements. Initial 

simulations therefore modelled the cabinet with 152 mm 

of polyisocyanurate (polyiso) insulation and a 30 W 

electric heater to maintain the enclosure above 0°C year-

long. Heat gains from the equipment and thermal 

capacitance were all included in the model. During the 

warmer summer months, a cooling fan would draw in 

cooler air to bring the electronic insulated cabinet below 

25°C. Summer temperatures at the location rarely exceed 

10°C, so no vapour compression cooling system was 

deemed necessary. The UAAS would operate for 10 

minutes every 8 hours on a daily basis to process and 

transmit data. During non-operation periods, much of the 

equipment would be in standby mode with very low 

power draws. 

Estimates for this initial design indicated that the DMFC 

would require close to 195 L of methanol to operate the 

entire system over the year. Table 1 summarizes the 

anticipated annual electricity requirements, annual 

electricity production requirements from the fuel cell, 

heating requirements during the polar night and the total 

amount of methanol required for this scenario as well as 

the scenarios to be considered next. With a DMFC fuel 

cell efficiency of 1.1 kWh of electricity produced per litre 

of methanol, 20.8 kWh of electricity required from the 

fuel cell would need to be reduced annually to be within 

the fuel storage capacity limit (10% reduction).   

Parametric run #1: Infiltration reduction 

The first parametric run examined the impact of making 

the enclosure more airtight. The ASHRAE K1, K2, K3 

method is typically used for buildings and thus the 

equation has a constant air infiltration rate. With an 

insulated enclosure, if care is taken in sealing the cabinet, 

the constant infiltration rate is likely not applicable and 

only differences in temperature would induce infiltration. 

Running the simulation omitting the constant infiltration 

rate component resulted in 10 L methanol savings (185 L 

total), still above the 176 L limit (Table 1).  

Parametric run #2: Lower setpoints and staged heaters 

To save some energy used for heating, the use of two 

different sized heaters was evaluated, with each heater 

staged at a different temperature setpoint. The parametric 

study evaluated a 10 W heater set to 3°C (stopping at 

10°C) and a 30 W set to 0°C (stopping at 7°C) 

(thermostats had a 7°C temperature dead band). As such, 

instead of maintaining the enclosure at 7°C with one large 

heater, a smaller heater could be used first to maintain an 

enclosure temperature closer to 3°C and then a 

supplemental heating capacity added if the 10 W heater is 

unable to maintain the enclosure temperature above 

freezing. This resulted in 3 L of additional methanol 

savings (182 L total) (including the savings from 

parametric run #1), which is closer to the annual target of 

176 L (Table 1). 

Parametric run #3: Additional solar PV panels 

The next parametric study assessed the potential methanol 

savings achievable through an increase in the solar power 

production by adding two more identical south-facing 

solar PV panels (265 Wp) to the system. While sufficient 

electricity is generated during the summer periods, the 

additional solar PV panels could reduce the need of the 

DMFC during the shoulder periods close to the polar 

night, when the sun is partially blocked by the local south-

facing hill and cliff. From the simulation results, 

increasing the solar PV array in addition to the 

modifications mentioned in parametric runs #1 to #3 

would be a viable option to reduce the annual methanol 

consumption below the maximum 176 L (Table 1). 

Table 1: Simulated power and energy requirements of UAAS for various scenarios 

Scenario 
Annual Electricity 

(kWh) 

Annual Electricity 

from Fuel Cell (kWh) 

Polar Night Heating 

Electricity (kWh) 

Annual Methanol 

(L) 

Initial design 324 214 103 195 

#1 316 204 95 185 

#2 309 200 88 182 

#3 306 190 88 173 

#4 279 174 61 158 
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Parametric run #4: Additional insulation 

Lastly, to further reduce the transmission of thermal 

energy through the array enclosure walls, the possibility 

of adding insulation to the exterior of the enclosure was 

also considered. It would not be possible to increase the 

insulation level inside the enclosure because of lack of 

space. A parametric run with an additional layer of 51 mm 

of polyiso around the outside of the enclosure was run. 

The results shown in Table 1 highlight a substantial 30% 

reduction in electricity consumed for heating during polar 

night, which would lead to 15 L of methanol savings 

compared to the previous scenario. Unfortunately, this 

option was not practically viable due to the additional 

complexity and time associated with adding the external 

insulation while on site. The insulation layer could not be 

installed prior to shipping the enclosure because of tight 

size constraints. 

The system simulation results for the final version of the 

power and energy system to be installed, which includes 

the first three improvements described above, are 

presented in Figure 2. The solar array comprised of four 

PV panels is able to deliver sufficient power to cover the 

electrical load during six months (from April to 

September) when the heating load is at its minimum. 

Heating is required almost throughout the year, even 

during temperate summer months, because of the fuel cell 

heat trace that is almost continuously. With the 

implemented operating schedule, meaning the electronic 

equipment cycling on and off three times daily, only about 

40% of the total energy (130 kWh) is consumed by the 

data-logging system. The rest of the energy (176 kWh) is 

dedicated to auxiliary equipment such as the electric 

heaters and cooling fans. Operating a system sensitive to 

temperature extremes in a frigid environment proves to be 

a challenge in terms of thermal management. The fuel cell 

is estimated to operate for a total of 1,700 hours over the 

year with an annual methanol consumption of 173 L – 

compared to over 2,000 L of fuel had the system been 

powered by a diesel engine generator. This is within the 

maximum annual available quantity of methanol (176 L) 

for the fuel cell, so this option was selected as the final 

design for the first version of the remote power and energy 

system. As shown in Figure 2, there is a considerable 

amount of excess solar energy (denoted “Excess 

Renew.”) which could not be harvested (over 80% of total 

energy from PV) because it could not be stored in the 

batteries at the time of availability. 

Existing system design and operation 

In August 2017, the first version of the P&E system was 

installed in the High Arctic and tested over a year until the 

next annual site visit. The final version of the system 

installed, however, differs slightly from the design 

described above. To meet the desired operating frequency 

of the UAAS, the electronic equipment and batteries were 

placed in an airtight insulated enclosure with 10 W and 

30 W staged heaters. The excess solar PV electricity was 

rejected through an electric resistance heater inside the 

building, although not providing noticeable savings, 

because this was embedded in the solar charge controller 

installed. The main difference between the proposed 

design and the as-built system is that only two solar panels 

were installed because of the tight timeline and logistical 

constraints of the project. According to the parametric 

studies conducted previously, this modification in the 

design would lead to an annual fuel consumption closer 

to 182 L (parametric run #2). This was deemed acceptable 

for the first version of the system since the weather file 

used in the simulation corresponds to a colder and more 

northern location than the actual site, which presumably 

lead to an overestimation of the heating requirements and 

an underestimation of the available solar energy during 

shoulder periods. Further model refinements would be 

done following the validation with real-time operation.  

The UAAS was successfully powered until the third week 

of December 2017 providing proof of concept for the 

autonomous hybrid P&E system design. A subsequent 

visit to the remote site in July 2018 allowed for a 

diagnosis of the P&E system and for subsequent 

improvement suggestions. Important observations made 

during the visit helped determine why the system did not 

operate throughout the entire year. Firstly, the solar 

charge controller was switched off at some unknown time 

(by what was thought to be a bear), which shortened the 

period over which solar power was available to charge the 

batteries and led to an increase in DMFC methanol 

consumption. In addition to this, an issue with the fuel cell 

configuration prevented the system from accessing the 

fourth methanol fuel cartridge thereby reducing the 

available  fuel to 116 L.  Temperature  measurements and 

Figure 2: Monthly energy generation and consumption for the first version of the power and energy system 
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power draws of various equipment were also recorded 

during the 2017 operation. The collected temperature and 

power data were used to correct and validate the 

simulation models, especially highlighting that the 

antifreeze operation of the fuel cell had a significantly 

greater impact on the fuel consumption than initially 

anticipated. This is highlighted with the simulation model 

predicting that only 80 L would be required to power the 

UAAS system until the time in December when the 

system stopped working, well below the 116 L of 

available methanol. The antifreeze operation of the 

DMFC was confirmed with the temperature 

measurements of the fuel cell cabinet. It indicated that the 

fuel cell operates for approximately 5 minutes every 2 

hours when it is not being used to charge the batteries. 

This allows heating up the fuel cell stack and preventing 

it from freezing. The control strategy of the DMFC was 

modified in subsequent versions of the simulation model 

to account for the additional fuel consumption associated 

with the antifreeze mode.  

To compare with the actual system operation, an updated 

simulation model was run. The antifreeze mode was 

modelled and the PV array assumed to be turned off in 

mid-September. Moreover, the power draw of the 

equipment was modified to match the measured values, 

rather than using the nameplate power requirements. The 

methanol consumption from August until the end of 

December is then predicted to be 110 L, which is 

comparable to what was actually used by the system 

(112 L) when taking into account uncertainty in the 

ambient environmental data. Had the system been able to 

operate as expected, the fuel required to power the system 

year-long is estimated to be 200 L, which would have 

enabled operation through the month of February.  

Future system for extended operation 

Following the successful deployment of the first version 

of the P&E system in the High Arctic, it was decided to 

investigate upgrading the system for extended and 

remotely controlled operation. Simulation-based 

assessment and optimization were used to redesign the 

system to achieve longer and/or more frequent 

autonomous operation. To this end, strategies to reduce 

power requirements, to integrate additional renewable 

energy, to increase the storage capacity and to vary 

operational schedules were undertaken and are discussed 

below. 

Reduction of the energy consumption 

Prior to evaluating the potential of adding renewable 

energy technologies or batteries, energy efficiency 

measures were assessed. A major energy reduction 

opportunity was identified at the level of the data-

processing equipment, more specifically in the data 

collection unit (DCU). Modifications to the DCU allowed 

for a twenty-fivefold reduction in power draw – from 

155 W down to 6 W. Fuel savings from this change are 

negligible under the original operation strategy (operating 

3 times daily for a period of 10 minutes) because the 

reduction in heat gains from the electronic equipment 

would have to be compensated by additional auxiliary 

heating. However, the savings become significant if the 

DCU is to be left on at all times, which would ensure 

easier custom control and continuous data transfer. As 

such, all subsequent simulations were run assuming that 

the DCU and the transmission and control equipment are 

powered constantly. Only the most energy intensive data 

acquisition component would operate periodically, either 

on demand or according to predetermined schedule.  

Integration of additional renewable energy 

As mentioned previously, the biggest challenge in 

powering the data-logging system is to do so during polar 

nights. This ~130 day period is characterized by solar 

irradiation too low or absent to provide any PV power, 

and temperatures averaging -35°C, which are associated 

with high heating loads. It is therefore interesting to 

consider harnessing wind power, which is omnipresent 

throughout the year to help improve the system autonomy 

during polar nights. A review of commercially available 

wind turbines was undertaken to assess and confirm their 

suitability for this project and two 400 W wind turbines 

with proven operation in cold weather were selected.  

Wind power was integrated in the simulation model using 

the wind energy conversion system (WECS) Type 90 

TRNSYS component. Hourly wind speed and wind 

direction data from the Resolute Bay airfield were used, 

because very limited historical weather data is available 

for the exact remote location. Based on a power versus 

wind speed characteristic curve obtained from the 

manufacturer, the model estimates the power output while 

taking into account the impact of air density and wind 

speed changes with height. The total annual energy 

production, assuming 10% of losses due to transmission 

and wind data uncertainty, was estimated to be 655 kWh. 

The monthly wind power production was approximately 

constant, averaging 55 kWh/month during both the winter 

and the summer seasons. Daily output showed more 

variability, with an estimated 70 days without any power 

produced by the wind turbines. 

Several simulations were run with the new, less energy-

intensive DCU and the integration of the two wind 

turbines in order to determine the maximum viable 

extended operation. To maximize the total operation time 

over the year, seasonal operating schedules were 

determined to make the most of the solar power available 

during the midnight sun (24-hr daylight). The maximum 

daily frequency of operation at the desired 10-minute 

interval is 36 times over the winter (mid-October to mid-

March), and 48 during the summer. There is a limit to the 

extension of the system operation because the 110 W fuel 

cell does not provide enough power to simultaneously 

meet the load (up to 200 W with the entire system on) and 

charge the batteries, hence the system needs regular 

downtime or to be coupled to a larger fuel cell.  

Under this new operational strategy, approximately 85% 

of the total annual energy use is dedicated to the data-

logging system, while the rest is used by the auxiliary 

equipment. The thermal management of the insulated 

enclosure  (to prevent the batteries from freezing) is now 

mostly met by the heat rejected by the electronic 
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equipment operating continuously rather than by auxiliary 

electric heating. This leads to a near 60% reduction in 

heating load. The fuel cell is now operating every month 

of the year, which is a consequence of the modified 

DMFC model to account for the antifreeze mode. The fuel 

cell is estimated to operate for a total of 1,700 hours over 

the year, 15% of which correspond to operation in the 

antifreeze mode. This results in approximately 3 L of 

methanol being consumed monthly during the summer, 

for a total of 174 L for the full year. An important 

observation is that there is significant excess energy 

produced by the solar panels and the wind turbines. Thus, 

by storing more of this renewable energy, further fuel 

savings could be achieved or the operation frequency 

increased.  

Increase of the electrical storage capacity 

Boosting the energy storage capacity was deemed 

necessary so as to capture more of the excess wind and 

solar energy and make it available when the demand is 

there. Upgrading an existing system comes with its 

constraints; it is challenging to integrate new batteries in 

existing, custom, restrained enclosures. The option of 

housing additional batteries in the existing fuel cell 

cabinet was assessed through simulation. However, the 

poor cabinet insulation and the high sporadic bursts of 

waste heat discharged from the fuel cell (~300 W) are not 

a good combination for thermal management. Designing 

a new custom insulated box dedicated to the new batteries 

proved to be a better alternative. Similarly as to what was 

done for the initial design of the electronic equipment 

insulated enclosure, parametric studies were run to 

optimize the insulation of the battery box and the number 

and type of batteries. The insulation material selected was 

polyiso whereas the thickness of the insulation layer was 

a parameter to be optimized. The upgraded energy storage 

system would still be comprised of AGM valve regulated 

lead acid batteries, but of larger capacity. A dozen 

batteries were selected based on their capacity (Ah), size 

(volume), and low temperature performance, and 

compared through annual system simulation.  

Using the P&E simulation model developed, parametric 

studies on the various battery types and thermal energy 

requirements were conducted to find the optimal solution. 

More precisely, the parametric studies performed showed 

that the benefit of additional storage capacity might be 

offset by an increase in heating loads to keep the batteries 

from freezing. To store more electrical energy, a higher 

number of batteries and/or larger batteries would be 

required. These would have to be stored in a larger casing 

or in a lesser insulated one to provide more battery 

installation space, which would be detrimental from a 

thermal management point of view.  

The TRNSYS Type 88 component model was used to 

simulate the battery box. The building surface area and 

volume, the building loss coefficient and the building 

capacitance were modified to reflect the different 

insulation and battery configurations. The optimal 

combination studied was comprised of three 260-Ah 

AGM batteries, contained in a rotomolded polyethylene 

case, with 76 mm polyiso insulation on all sides and 

152 mm on the top and bottom. From anticipated internal 

gains and heat losses, it was estimated that a 30 W electric 

heater would be necessary in order to keep the batteries 

above 0°C; temperature at which the available capacity of 

the batteries are reduced to 85% of their rated conditions.  

Annual simulations of the UAAS with additional battery 

storage were run to estimate the maximum 10-minute 

operating frequency. The results suggest that during the 

winter the system can be operated 48 times and during the 

summer period 72 times daily. The detailed monthly 

energy and fuel consumption for this improved design 

under 10-minute operation are presented in Figure 3. For 

the scenario displayed, a 27% increase in electricity 

requirements can be observed – due partly to higher 

heating loads – while the fuel consumption is reduced 

especially during transition from summer to winter. 

Conclusions and future work 

This paper discussed the design and optimization of a 

hybrid power and energy system through the use of 

thermal and electrical co-simulation for an arctic-based 

application. A holistic simulation model was developed in 

TRNSYS and used to assess alternative technologies to 

replace the diesel generators and diesel-fired heating 

devices typically used for remote applications. Taking 

into account the logistical and technical constraints 

associated with the project location in the High Arctic, 

review of existing power supply options was carried out. 

Figure 3: Monthly energy consumption with new DCU, wind turbines and new battery system 
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A system comprised of solar photovoltaic panels, a direct 

methanol fuel cell and a lead-acid battery storage system 

was identified as being a viable combination to 

sustainably, autonomously and reliably operate the 

underwater acoustic array system (UAAS) three times 

daily for 10 minutes over an entire year. A fixed building 

and two indoor insulated enclosures were modelled in 

TRNSYS to accurately simulate operating conditions and 

estimate the HVAC requirements to satisfy the minimum 

operating temperature of various equipment. Through the 

simulation model, the required insulation thickness and 

enclosure size were optimized and several parametric 

studies were conducted to improve the energy efficiency 

of the system and to ensure that the annual methanol 

consumption was within the limit of 176 L. 

After several months of operation, the simulation model 

was validated with measured performance data and then 

used to assess different measures to extend the operation 

period and frequency of the UAAS. As part of the 

extended operation, a wind turbine component was 

integrated into the energy model to evaluate the energy 

generation potential. With the addition of two cold-

climate 400 W wind turbines, the simulation model 

estimated that the system could operate up to 6 hours a 

day during the winter and 8 hours a day during the 

summer when compared with 30 minutes daily under the 

previous operation strategy for similar fuel consumption. 

Simulation results highlighted the presence of significant 

excessive renewable energy that could not be stored or 

used at the time of availability, which motivated the 

redesign of the system with increased storage capacity. By 

integrating both thermal and electrical systems in the 

simulation model, parametric studies could be run to 

optimize the new battery pack (size, capacity) and its 

designated enclosure (insulation level). Under the final 

design with 780 Ah of battery capacity, the hybrid power 

and energy system could increase the provision of power 

for the UAAS to 8 and 12 hours during the winter and 

summer months, respectively. 

Future work will look at redesigning the system to achieve 

year-long continuous autonomous operation. Preliminary 

studies have indicated that increasing the solar array size 

could contribute to powering the system continuously 

during the summer. However, with the present UAAS 

power draws, the inclusion of wind energy as well as a 

larger capacity fuel cell would be required to run the 

system constantly through the winter, which will be 

investigated.  

Lastly, this simulation methodology can be used to design 

hybrid power and energy systems for military or civilian 

applications with different equipment, schedules, and 

power draws in any climate. The simulation-based design 

process and use of parametric studies are replicable, and 

the strategy implemented to adapt the charge controller 

can prove useful for the assessment of other off-grid 

systems.  
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Abstract 
Modelling of heating and cooling demand of the building 

stock is valuable for estimating the sizing of HVAC 

technologies. However, designer faces oversizing 

problems as they rely on their experiences or the use of 

single zone simulations. Multizone building stock models 

that take into consideration the interaction between the 

different zones’ profiles, and building envelope properties 

to obtain reliable estimations is needed. Simulations of 

large amount of building stock models require extensive 

computation and simulation time.  Therefore, we 

developed multi-zone generic modelling approach that 

allows modelling and simulation of large population of 

building stock cases in shorter time. The approach relies 

on splitting the building into modules that are modelled 

separately and of which the simulation results are 

aggregated afterwards. This paper investigates the 

strengths and limitations of the proposed approach on a 

selected case-study building by comparing it to classical 

modelling approaches. A reduction of 80% in simulation 

time was achieved. The hourly heating and cooling 

demands for the proposed and classical approaches 

reached a lowest deviation of 1.4% for buildings with 

higher U-values, and one set temperature. 

Introduction 
Building stock modelling has high potential for assessing 

the energy demand in existing buildings in order to 

evaluate energy performance of buildings (Dascalaki, et 

al. 2011) and new retrofit schemes (Sandberg, et al. 2016). 

Besides, it is used to investigate the potential energy 

savings and CO2-reduction strategies (Ballarini 2014; 

Kavgic 2010; Tuominen 2014). In conclusion, building 

stock energy modelling is a powerful approach to assess 

the effectiveness and feasibility of energy efficiency and 

renewable energy measures for the building stock as a 

whole, and for segments of buildings with similar 

properties. It may be used to offer policy makers guidance 

regarding future regulations, and actors in the building 

and energy sector to decide which solutions to develop 

and apply for various segments in the building stock. 

 

An example is the hybridGEOTABS project, that looks at 

the development, demonstration and exploitation of a 

hybrid combination of GEOTABS (geothermal heat 

pumps combined with thermally activated building 

systems) and secondary systems for the heating and 

cooling of buildings (HybridGeotabs Project 2016). In 

this project, using building stock modelling, the feasibility 

and energy reduction potential of the hybridGEOTABS 

technology for various building typologies in various EU 

climates is investigated, and recommendations for policy 

and market deployment will be formulated. Another 

application of energy-use simulations of the variety of 

buildings in the building stock relies on the generation of 

energy demand outputs (e.g.  heating and cooling load 

duration curves). They are a valuable source of 

information for HVAC-designers aiming to provide a 

better system sizing for their clients. In the 

hybridGEOTABS project, detailed heating and cooling 

demand simulations for the building stock are used to 

develop an optimized sizing of hybridGEOTABS, while 

avoiding case-by-case simulations of the building.  

 

To acquire accurate heating and cooling demand, the 

different zonal requirements based on different functions 

and profiles (e.g. Internal gains profiles, heating and 

cooling zone requirements) and its interaction with the 

building envelope properties should be considered. Thus, 

multi-zone dynamic models are needed. Bottom up 

modelling approach could be used, as it considers the use 

of the building properties and the physical characteristics 

of the building stock. Bottom-up modelling of the 

building stock requires an extensive database of the 

characteristics and the physical properties of buildings 

(Shorrock 1997; Wang 2018; Kavgic 2010). Gathering 

the building stock data is considered difficult because the 

data is either scattered or, due to the privacy of the 

information. In this research the Energy Performance of 

Building data EPB regional database from Flanders is 

used as a source for the building stock database (VEA-

EPB database 2016) . The data include general 

geometrical and building physical properties of the 

individual buildings.  This information is not sufficient to 

develop detailed multi-zone energy simulation models. A 

fitting process that allows transforming the general 

geometrical data into multi-zone building models was 

developed by Delghust (2015) for residential buildings. In 

this research the fitting approach is implemented and 

further developed for office buildings, starting from a 

multi-zone archetype office building. 

 

When modelling the variety of individual buildings in the 

building stock, one will typically end up with a very high 

amount of building cases to simulate. When simulating all 

these cases using a dynamic multi-zone BES-model, this 
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results in high computation times. For example, the 

database used in this study accounts for 40176 cases. The 

estimated time required to simulate all these cases is about 

5 months. Adding to this the time needed to model each 

case, it is concluded that a generic yet accurate modelling 

approach that allows to reduce the simulation time is 

needed. In this research, a modelling process is developed 

that relies on splitting the building into modules that are 

modelled separately and of which the simulation results 

are aggregated afterwards. 

 

In this paper we present (1) the fitting process that 

translates the building stock data into input data for multi-

zone building models, and (2) the approach proposed for 

modelling the building stock. Furthermore, we investigate 

the strengths and limitations of the proposed modelling 

approach by comparing it to a full model of the building 

classical modelling approach). In the validation, a case-

study building is used, with varying temperature settings 

and building envelope properties.  The different models 

are compared using absolute difference and normalized 

root mean square error (RMSE).  

 

Modelling method 
 

Building stock fitting process 

Building stock data for office buildings was gathered 

from the Flemish EPB-database (VEA-EPB database 

2016). The available data are general geometrical data, 

such as the building volume, gross surface area, heat loss 

surface area and window-to-wall ratio. To go from these 

data to a multi-zone building model, the data is fitted to 

an archetype form (Delghust 2015).  First, an archetype 

multi-zone building model is created that represents the 

typical building functions and spaces of the office 

building typology. This archetype geometry is 

parametrized to fit the gathered building stock 

geometrical data. Thus, the archetype building model is 

stretched to the dimensions of the various buildings in the 

stock. This is achieved by choosing a modular form and 

combination of building zones that can be parameterized. 

The archetype typical floor plan is divided into 5 zones 

with typical office functions: meeting rooms, single 

offices, landscape offices, restaurants and service areas. 

 

The building geometry is defined by variables such as the 

length, width, height and number of floors, that are 

functions of the building area, volume and heat loss 

surface area available in the building stock data. The 

building shape consists of two cuboid forms (A and B) 

that are attached to each other via one surface as in Figure 

1. The building width (a) is fixed to 15.5 meters, 

representing two office zones with 6m width, facing each 

other with a 2.5 meters corridor in between (the 

dimensions are based on the standard Neufert (2000) for 

office buildings. The first form (A) has (n) number of 

floors and is assumed between 2 and 10 floors, which is 

representative for office buildings in Flanders. Building 

floor height (h1) is derived from the building input data by 

dividing the volume by the gross floor area. 

 
Figure 1: Building archetype geometry 

 

The building length (l) is a variable that is parametrized 

based on each individual case in the building stock. The 

building height is a function of the number of floors (n). 

The second form (B) has a fixed height of one floor (h1) 

and has (b) variable length. As such this additional form 

(B) allows to take up the variations in building volume, 

heat loss area and gross floor area in the building stock 

data that cannot be taken up by the main form A. 

  

Modelling approach 

 

The fitting process results in a multi-zone building 

geometry for each case in the building stock, and is the 

basis of the BES-model for each case. Together with a 

number of variations in building physical parameters, 

about 40176 office cases need to be simulated, which 

would take about 6 months of simulation time. To reduce 

the simulation time, a more generic modelling approach 

is investigated based on the following assumptions. We 

consider that all the building floors has TABS installed, 

hence, the floors are thermally separated with no heat 

transfer between the floors. This is translated in the model 

as following: there is no heat transfer between the ground 

floor and the intermediate floors in the building, or 

between the last floor and the intermediate floors. Thus, 

for cases where the number of floors is higher than three, 

a separated floor modelling approach is used. In such 

cases, the building is split into its floors and we model 3 

separated models, each represent a building floor (see 

Figure 2). The building ground floor is modeled with an 

adiabatic ceiling so there is no heat flow between the 

ground floor and the intermediate floors. The intermediate 

floor is modelled with an adiabatic floor and ceiling, so 

there is no heat exchange with the surrounding floors. 

Likewise, the last floor is modelled with an adiabatic 

floor. The total heating and cooling demand of the whole 

building can be calculated by summing up the heating and 

cooling demands Q1, Q2 and Q3, where the demand of 

the intermediate floor will be multiplied by (i), the 

number of intermediate floors in the building, as in 

Equation (1) 

Qdemandtotal  = Q1 + (Q2 * i) + Q3            equation (1) 

 

(A) 

(B) 
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Figure 2: Building stock modelling approach 

 

Validation method 
 

Case-study office building 

 

 
Figure 3: Photo of the case study building used in 

modelling, showing the geometrical form. 

 

To validate the presented modelling approach, a reference 

office building was selected. The case study office 

building is located in Dilbeek, Belgium Figure 3 . The 

building geometrical properties are presented in Table 1 

and the layout is shown in Figure 4. 

 

Table 1: Reference building geometrical variables 

 

 By applying the presented fitting process to fit the 

reference building geometry to the proposed archetype 

form from Figure 1, two possible solutions were obtained. 

The first solution has 4 floors, the length (l) is 39.7 m, and 

the length (b) is 4.96 m as in Figure 5. For the second 

solution, the number of floors is 10, and length (l) is 15.9 

m, and (b) is 4.07 m. We selected the first solution for 

testing the validity of our model as it has the same number 

of floors as the real reference case. 

Building energy simulation models  

BES-models were created in Modelica modelling 

language, using the Dymola tool and the OpenIDEAS 

library (Baetens 2015). 

 

 
Figure 4: Reference layout dimensions for model (A) 

 

 
Figure 5: Fitted layout dimensions for models (B&C) 

 

The BES-model is made of different classes, each 

defining a model component. The first class is the 

building structure that defines the building geometry with 

different zones. Each zone is defined by the number of 

surfaces, such as walls, floor, windows, and internal 

walls. These surfaces are connected to adjacent zones. For 

each surface type, the thickness of the building materials 

is based on the identified U-value. The second class 

contains the heating and cooling system. For this we have 

used an ideal heating system with different temperature 

settings. The third class defines all building geometrical 

variables. An external shading system was implemented 

with an on-off controller for all models. The larger façade 

is facing north. The shading system is on when solar 

irradiation is higher than 250 W/m2 on the external 

window surfaces. Neither ventilation system, nor internal 

heat gains were taken into consideration in the models at 

this stage.  

 

Three models were used for the validation process. Model 

(A) is a detailed BES-model based on the real office 

building(reference case).The model is created by Cupeiro 

Figueroa (2018). Model (B) and model (C) are simplified 

models, resulted from the implemented fitting process to 

fit into the form shown in Figure 1. Model (B) is a model 

where the four floors are coupled. Model (C) is a model 

with three separated floors as in Figure 2,  in this model 

the intermediate floor energy demand simulation output 

will be multiplied by 2. Model (A) has four floors divided 

into 27 zones similar to the real reference building. 

 

Adiabatic

i

Q1

Q2

Q3

Adiabatic

Building design Variables 
 

Area [m2] 2538 

Volume [m3] 10413.3 

Heat loss surface area [m2] 3236.6 

Height [m] 16.3 

Number of floors 4 

Window to wall ratio [%] 14.00 
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Model(B) has four floors divided into 21 zones, where 

volume (A) as shown in Figure 1 has 20 zones spread over 

four floors each of 5 zones, while volume (B) has one 

zone. On the other hand, model (C) has three separated 

models, each represents a floor with a total of 16 zones. 

The zones follow the same division as model (B) with 15 

Zones divided on 3 floors, while one attached zone 

contained in volume (B).  The zones of the three models 

represent the following functions: meeting rooms, 

landscape offices, closed single offices, restaurant and 

service zones such as stairs, kitchen, bathrooms, copy and 

printing rooms. 

Results and discussion 
The heating and cooling hourly demand simulations of the 

three models A, B and C were compared to see to what 

extent the models are in agreement. An ideal 

heating/cooling system is supposed and the agreement is 

checked for two setpoint temperature settings: one 

setpoint temperature (TS = 22.5°C) for all zones, or 

different setpoint temperatures for heating (TH = 20.0°C) 

and cooling (TC = 25.0°C). All three models have the 

same building physical properties. Regarding the U-

values, for roof Uroof= 0.15 [W/m2. K], for external walls 

Uwall = 0.18 [W/m2. K] and for ground floors Ufloor = 0.22 

[W/m2. K]. The air tightness of the building is 1.3 at n50-

value (1/h) and the glazing has U-value of 1.0 [W/m2. K]. 

 

The three models were compared to see the difference in 

terms of simulation time as in Table 2. Model(A) has the 

highest simulation time, since it is more detailed, while 

model (B) is lower than model (A) due to reduced number 

of zones and model (C) has the lowest simulation time. 

The simulation time of model (C) represents the sum of 

the simulation time of the three separated models of each 

floor. Model (C) has 75% less simulation time than model 

(B) since each floor has only 5 zones, therefore less time 

is needed for solving the physical model equations. A 

significant reduction in simulation time is thus possible 

using the proposed modular approach. By applying this 

approach, the simulation time for the 40176 cases can be 

reduced from 6 months to 1 month of simulations 

equivalent to 80% reduction of simulation time. 

  

Table 2: Comparison between models in terms of 

simulation time  
Model(A) Model (B) Model (C) 

Simulation Time 

[Sec] 

385 195 49 

 

Figure 6 and Figure 7 shows the hourly heating and 

cooling demand simulations for one year for the three 

models, and for the two set point temperatures 

respectively. Model (A) has the highest hourly heating 

demand during winter and the lowest cooling demand in 

summer. 

 
Figure 6: Comparison between hourly heating and 

cooling demand at Ts = 22.5°C for models (A), (B) and 

(C) 

 
Figure 7: Comparison between hourly heating and 

cooling demand at TH =20°C, TC = 25°C for the 

model(A), (B) and (C) 

 

Models (B) and (C) behave very similar to each other in 

terms of hourly demands. The building is heat dominated 

rather than cooling. Table 3 and Table 4 shows comparison 

of the annual heating and cooling demand between the 

three models per square meter and there absolute 

difference. The heating demand reaches a difference of 

15% between models A and B, same for models A and C. 

For cooling, the overall cooling demand is very low: 

below 1 kWh/m²/year for TH and TC setpoints and below 

2.5 kWh/m²/year for TS setpoint.  The cooling load for TH 

and TC is lower due to the free-floating temperature 

between the temperature bounds of 20.0°C and 25.0°C 

allowing for lower cooling demand as the ideal heating 

and cooling system is turned off. When comparing the 

models B and C, that do have identical form and zone 

distribution per floor, the difference for space heating and 

cooling is very small lower than 1%. As a preliminary 

conclusion, the new modelling approach works well for 

this case-study. These findings hold for both temperatures 

set point scenarios. 
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Table 3: Comparison between the annual heating and cooling demand per square meter for the models (A), (B) and(C) 

 

Table 4: Comparison between the absolute difference of  the annual heating and cooling demand per square  

meter for the models (A), (B) and(C ) 

 

To further analyze the influence of the insulation and air 

tightness level of the building on the heating and cooling 

demands for models B and C, the models are compared 

for three different levels of insulation and airtightness. 

The three levels are documented in  

Table 5. Moreover, both temperature setpoint settings are 

applied with these three different levels. 

 

Table 5: The different groups of parameters varied in the 

models  
Air 

tightness 

[1/h] 

U-value 

envelope 

[W/m2. K] 

U-value 

glassing 

[W/m2. K] 

Group (1) 2.5 0.30 1.1 

Group (2) 1.3 0.24 1.0 

Group (3) 0.6 0.15 0.8 

 

In Table 6 and Table 7, the resulting total yearly heating 

and cooling demands are documented, for the two setpoint 

temperature settings respectively. The absolute difference 

for the heating and cooling demand per square meter for 

model(B) and (C) was very low at TS (22.5°C).Whereas, 

the absolute difference of both models at TH(20°C), and 

TC (25°C) for the different settings were higher regarding 

the cooling demand in Table 7 however, the cooling loads 

remain very small since internal gains from occupants, 

lighting and equipment are not considered.  

 

Next, models (B) and (C) are compared by observing the 

hourly heating and cooling demands, for the different 

combinations of insulation, air tightness levels, and 

setpoint temperatures Figure 8. The normalized root mean 

square error (NRMSE) is calculated to see the average 

difference between models (B) and (C) in percentage for 

the hourly demand. By applying one temperature setting 

for heating and cooling the NRMSE values between the 

two model were lower in comparison to applying two 

different temperature settings for heating and cooling. In 

terms of the U-values, the lower the U-value the better the 

fitting of the heating and cooling demand output of 

models(B) and (C). since there are high heat losses which 

decreases the chance for the thermal mass to store energy. 

As it is shown in setting (A) where U-value is 0.30 [W/m2. 

K] at TS the hourly demand difference between models in 

percentage is low around 1.6%, whereas setting (F) where 

U-value is 0.15 [W/m2. K] at TH and TC has higher 

difference percentage of 14.4%. This is due to the low 

heat losses from the building to the outside thus, allowing 

the heat to be stored in the building mass. From this 

analysis we can see that the differences are bigger for the 

most insulated buildings, and for the cases with the 

different set point temperatures. While low differences is 

obtained with less insulated buildings, with one set 

temperature. 

 

 
Figure 8: Normalized RMSE-value [%] of the difference 

between the simulation data of model(B) and (C) at the 

different model settings

 
Model(A) Model(B) Model(C)  

Heating 

demand 

[kWh/m2. a] 

Cooling 

demand 

[kWh/m2. a] 

Heating 

demand 

[kWh/m2. a] 

Cooling 

demand 

[kWh/m2. a] 

Heating 

demand 

[kWh/m2. a] 

Cooling 

demand 

[kWh/m2. a] 

TH=20.0°C &TC=25.0°C 47.91 0.004 40.69 0.04 40.80 0.05 

TS=22.5°C 64.52 2.35 54.58 2.08 54.56 2.03 

Absolute difference  
Models(A)&(B) Models(A)&(C) Models(B)&(C) 

 
Heating 

demand 

[kWh/m2. a] 

Cooling 

demand 

[kWh/m2. a] 

Heating 

demand 

[kWh/m2. a] 

Cooling 

demand 

[kWh/m2. a] 

Heating 

demand 

[kWh/m2. a] 

Cooling 

demand 

[kWh/m2. a] 

TH=20.0°C &TC=25.0°C 7.2 0.04 7.11 0.05 0.11 0.01 

TS=22.5°C 10.0 0.30 10.0 0.32 0.02 0.05 
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Table 6: Comparison between model (B) and (C) at TS = 22.5°C 

 

Table 7: Comparison between model (B) and (C) at TH = 20°C and TC = 25°C 

Perspectives 
This paper has shown a methodology for modelling 

buildings with TABS floors. The building stock model’s 

simulation output such as heating and cooling demand 

and load duration curves will be used for sizing of 

hybridGEOTABS systems. In the next steps, we are going 

to expand the methodology to cover three other 

typologies: school buildings, elderly homes and multi-

family buildings. Then, the methodology will be applied 

on a larger set of buildings, representing the European 

building stock for these four typologies within the 

different climatic zones appearing in Europe.  

Conclusions 
In this paper, a methodology is developed and validated 

for multi-zone BES-modelling of the offices building 

stock starting from general geometrical data. One aspect 

of the approach is the fitting of real building geometry to 

the geometry of an office building, starting from general 

geometrical. A second aspect of the approach is the 

splitting of the BES-model into models for the different 

modules (floors) that can be simulated are combined 

faster than modelling the entire building. The assumption 

is that the floors are thermally separated anyway, if they 

are TABS floors. The validation of this approach is 

explained and discussed. 

 

It is concluded that by using one set temperature, a lower 

absolute difference of less than 1 kWh/m2/year between 

models (B) and (C) is achieved thus the new modelling 

approach can be used for modelling the whole building 

stock of offices. 

This approach will further be explored and applied to 

simulate heating and cooling demands for the purpose of 

evaluating the feasibility and performance of 

hybridGEOTABS technology in the EU building stock for 

offices, elderly homes, multi-family buildings and 

schools. 
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Heating 

demand 
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demand 
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Abstract 
Conventional design development and simulation 
methods provide a top-down approach towards 
exploration of design solutions. This research identifies 
this limitation and presents a bottom-up approach 
framework inspired by nature. Natural interaction 
processes operate based on component to component 
interaction. This research re-creates such natural 
interactions using principles of cellular automata and 
complexity. Developed simulation models represent the 
various components of the building fabric and re-create 
complex natural processes such as heat-loss. The result is 
an emergent pattern in response to the heat-loss process. 
This pattern can be utilised as a starting point by designers 
for design exploration. The contribution of this research 
is that, through this bottom-up approach it visualises the 
complex interaction processes of heat-loss and empowers 
built-environment professionals with a stronger 
understanding of the building behaviour. 
Introduction 
Contemporary Building Simulation Methods and Its 
Shortcomings 
The current state-of-the-art approach for building 
simulation and optimization stems from the profound 
development of mathematical knowledge in the past few 
centuries. Methods, such as Finite Element Method, 
Topology Optimization, Shape Optimization etc. have 
lent themselves to provide a new plane for analysis of 
building behaviour. These methods gained popularity 
from the structural field with the work of Bendsøe 
(Bendsøe, 1989) etc. and soon propagated to other fields 
such as fluid-flow (Hansen et. al., 2005), acoustic 
(Wadbro and Berggren, 2006), aero-elasticity (Maute and 
Allen, 2004) etc. While these methods generate solutions, 
they represent the domain as system of equations. As a 
result, the solutions developed are approximations. These 
methods provide a top-down approach where the problem 
is brought closer to the solution through simplification. 
Furthermore, complex solving methods such as Finite 
Element Analysis and Navier-Stokes equations require 
significant number of iterations, information and 
assumptions to generate an output for a specified time 
period and in the case of the latter solutions cannot be 
solved.  
In his book, Wolfram (2002) states that traditional 
mathematics, over the last three hundred years, has only 

managed to reproduce some of the simplest natural 
behaviours. As contemporary building simulation tools 
use traditional mathematics that use systems of equations 
to develop solutions, this leads to incomplete solutions 
and to a performance gap.  
The approach is comprised of and is founded upon the 
need for solving complex mathematical equations. Here, 
a physical system is defined as a whole, using a system of 
equations that are solved through iteration (Jankovic, 
2017). Additionally, the approach requires the user to 
provide information in great detail, resulting in a time 
consuming model development process. As a result of this 
top-down approach, designers are forced to resort to 
simplifications “while compromising result accuracy” 
(Jankovic, 2017). 
How can these shortcomings be overcome? This research 
investigates a more direct approach to simulation and 
investigate insulation design, which follows the heat-loss 
gradient. In order to do this, self-organising emergent 
models are needed, which attempt to serve as a more 
direct interface to enable our stronger understanding of 
complex natural processes. 
Building thermal behaviour is a natural phenomenon, 
where the overall system behaviour occurs as a result of 
complex interaction processes of physical entities and is 
devoid of complex equations. Kauffman (1995) explains 
that the reductionist approach presents limitations in 
being able to explain the complex natural behaviour by 
breaking it into smaller parts. How can this limitation of 
the reductionist approach be overcome to provide a 
stronger understanding of the natural process of building 
behaviour? Natural phenomena are based on the process 
of component to component interaction, which results in 
much faster processes than that presented by the 
reductionist top-down approach. Furthermore, Kauffman 
(2002) presents the argument that this top-down approach 
is unable to explain natural behaviour, stating that it 
would require knowledge of initial conditions in great 
detail and in infinite precision. This is practically not 
possible to achieve. Instead, the use of simple behavioural 
rules provides much more information, in the form of 
‘emergent’ behaviour and pattern, than what is initially 
put into the model, empowering a strong understanding of 
natural behaviour. 
The focus of this paper is to investigate the use of cellular 
automata (CA), where, autonomous entities representing 
various components of the building fabric will be created, 
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and where their interaction gives rise to emergent 
behaviour. The paper will illustrate how, through this 
approach, heat transfer is simulated and the heat-loss 
process is visualised. Further, the paper will demonstrate 
how the emergent behaviour can be captured and used as 
a starting point for designers to explore the design space. 
Previous Work 
A considerable body of work exists exploring the use of 
CA models to study fluid-flow behaviour since the early 
1970s. Some of the most noticeable work has been done 
by Hardy, Pomeau and dePazzis in 1973 and is known as 
the HPP model. This model was developed to study fluid 
behaviour based on a square lattice which provided 
orthogonal interaction between fluid particles. As this 
model did not facilitate any diagonal movement it was 
superseded by the FHP model. The FHP model was 
developed by Frisch, Hasslacher, and Pomeau (1986) and 
was designed based on a hexagonal grid, which provided 
cellular interaction in six directions. Jankovic (2017) 
examines that model and states that through the model the 
authors demonstrated that it was possible to simulate fluid 
behaviour despite the discreet Boolean nature of the 
lattice. Building upon these models, Salem and Wolfram 
(1985) developed emergence-based model of 
hydrodynamic flow around a plate. Wolfram 
subsequently published a theory on cellular automata 
fluids (Wolfram, 1986). Toffoli and Margolus (1987) 
developed CA-based emergence models simulating flow 
tracing, flow around obstacles, circular waves etc. Guided 
by the notion that “when things are what they seem, we 
can safely let them do what they must” they advocated the 
use of CA as a means of delivering solutions as it is devoid 
of numerical instabilities. Outside this body of work there 
are several CA models developed within the fields of 
social and medical sciences, urban traffic and public 
movements etc. 
Methodology 
The methodology of this research stems from the work by 
Bharadwaj et. al. (2017) and is comprised of three stages;  
1. Development of a CA model simulating the natural 

phenomenon of heat-loss through the building fabric. 
2. Capturing and Assessment of generated self-

organized emergent pattern using dynamic 
simulation tools such as IES-VE. 

3. Development and refinement of a solution based on 
the emergent behaviour of the model. 

Bharadwaj et. al. (2017) explain the creation of a two-
dimensional model using a multi-agent-system (MAS) 
based approach. This model focused on capturing the 
emergent self-organization behaviour of insulation cells 
in response to heat-loss when instantiated within the test 
space. Results from that model provided more appropriate 
insulation design solutions that can be refined and 
aesthetically enhanced by designers. Key findings of that 
research were: (a) solutions generated through this 
process matched more closely with the complex processes 
observed in nature; (b) these solutions provided higher 
thermal performance compared to solutions developed 
using conventional methods; (c) real-time visualisation of 

heat-diffusion enabled identification of parts of the 
building fabric significantly affected by heat-loss 
phenomenon; (d) research enabled increased 
understanding of the building behaviour.  However, the 
work presented in this paper has some key differences, in 
that: (1) The models developed in this research utilise 
principles of CA and complexity. Here, the environment 
has been initialised as a tightly packed grid of cells, such 
that at any instance of time and location on the grid is 
occupied by a single cell. (2) The research investigates 
and assimilates the emergent behaviour of insulation cells 
and the building in response to the phenomenon of heat-
loss when subjected to new test models;  

a. What is the self-organised pattern created when 
insulation cells are instantiated outside the test-
space? 

b. What is the building behaviour when the 
convection processes are modelled based on 
complexity and CA? 

This paper will further explain the different stages of the 
methodology and illustrate the creation of the CA models. 
Further, the paper will also illustrate how the results from 
the experiments are captured, evaluated and analysed to 
develop appropriate design solutions. 
Model Development 
This research utilises models which are developed based 
on principles of CA, similar to those developed by 
Bharadwaj et.al. (2017). Models in this research share 
some common attributes and are comprised of two major 
components; 
1. A global environment. 
2. Cells, which represent building blocks of the building 

fabric components such as Wall, Air and Insulation. 
Bharadwaj et. al. (2017) explain the role of these 
components of the model, where the global environment 
provides the cells in the model with a traversable 
environment in the test space and enabling interaction 
with other cells. The global environment is set-up such 
that the edge wrapping is prevented by truncating the 
Moore neighbourhood cells beyond the edges. 
Cells are the analogue representation of different 
components of the building fabric and can be thought of 
as groups of molecules representing specific parts of the 
physical system (Bharadwaj et. al., 2017). In this research, 
four cell-types are instantiated in the global environment; 
1. Air 
2. Wall 
3. Insulation 
4. Heat-source 
The interaction between the two major components 
(global environment and cells) of the model is based upon 
simple behavioural rules that are specified at an individual 
cell level. Each cell type is specified with a set of rules 
unique to its own role. These rule-sets replace the need for 
solving complex equations by modelling interactions that 
are “similar to those between building materials and air” 
(Jankovic, 2017). The behavioural model for the cells is 
discussed later in this paper. 
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Once the global environment is set-up, initial conditions 
of the model are specified to provide a starting point for 
the simulation. Heat-loss phenomena are simulated by 
specifying the initial cell temperature of the wall and 
internal air cells at 25oC thereby representing a uniformly 
heated internal environment. External winter environment 
conditions are specified by initialising much lower cell 
temperature for outside air cells to be at 2oC. This was 
chosen as an average temperature from the annual 
temperature graph for Birmingham obtained from IES-
VE. Insulation cells were randomly instantiated outside 
the physical test-space and were specified with a constant 
cell temperature of 2oC. Material specification of the 
building fabric was chosen as a generic construction 
template, where, wall and insulation cells represent 
properties of brick and wood-fibre insulation respectively. 
The next step after specifying initial conditions for the 
model is the specification of the behavioural rule-sets for 
the cells. This is discussed in the model physics section of 
this paper. 
Model Physics 
To capture emergent behaviour of the CA model, each cell 
in the model is provided with a set of behavioural rule-
sets. These rule-sets can be thought of as algorithms that 
are the most compact description of the behaviour of a 
phenomenon (Kauffman 1995) and are not based on the 
need to solve complex mathematical equations. These 
directives enable each cell to make autonomous responses 
as it encounters various circumstance during the 
simulation. 
In their paper, Bharadwaj et. al. (2017) discuss the model 
physics for developing such CA models. The models 
presented in this paper are developed utilising similar 
principles. This is illustrated further in this paper. Each 
agent in the model is an autonomous and independent 
entity and is specified with behavioural rule sets that can 
be categorised into three sets;  
1. Heat-transfer, 
2. Temperature calculation, and  
3. Movement 
Heat-transfer in the environment is achieved by 
implementing Fourier’s law, as explained by Jankovic 
(2017) and is expressed as 

𝑄 =	−	∑ 𝑘	 '()
'*
	× 	𝐴-

.   (1) 

Where, 
Q = heat flow (W) 
K = conductivity (W/(m·K)) 
𝛥𝑇1 = Temperature difference between the current cell and 
its i-th neighbour cell (K) 
𝑙 = distance (m) 
𝐴 = Surface area (m2) 
N - Number of neighbour or each cell 
 
Cell temperature ‘T’ for each agent in the environment is 
calculated as 

𝑇 =	
𝑄

𝜌	 × 	𝑉	 × 	𝑐 (2) 

Where, 
𝑄 - heat flow (W) 
𝜌 - density (kg/m3) 
𝑉 - volume (m3) 
𝑐 - specific heat (J/(Kg·K)) 
Density and volume for each air cell are specified in two 
ways for the two different model types; 

(a) In the case of the heat-conduction model, density 
and volume are specified at a constant value of 
unity. 

(b) In the case of heat-convection model, density is 
calculated using standard calculation methods 
and volume is specified at a constant value of 
unity. 

In both cases, heat-gradient for the wall and insulation 
cells us calculated using values specified for volume and 
specific heat based on their material properties viz. brick 
and wood-fibre insulation respectively for the purposes of 
this simulation. Heat-gradient is calculated at each 
discreet time-step using equation 1. 
Movement  
Interaction and movement for each cell in the 
environment are based on the specification of behavioural 
models. The behavioural model can be thought of as a 
rule-set provided to the cell which is specified at an 
individual level. These rule-set enable the cell to perform 
autonomous actions based on conditions encountered 
within the simulation at a discreet time-step progression. 
The motivic force acting on each insulation cells is the 
attraction towards higher heat-gradient area of the 
building envelope.  
Initially, the simulation was developed using the HPP 
(Hardy et, al. 1973) interaction model, which provides 
tetragonal interactions on a square grid (Figure 1), 
however as this did not produce the realistic turbulent 
flow, the model was recast to use the FHP (Frisch et, al. 
1986) interaction model. The FHP interaction ruleset 
facilitates hexagonal interactions (Figure 2), this was 
utilised by Wolfram (1986) to develop a theory for 
cellular automaton fluids resulting in the key findings 
showing a realistic turbulent flow of fluids. This finding 
was later corroborated by Margolus and Toffolli (1987). 
This grid was then simplified (Figure 3) to implement the 
FHP interaction ruleset on a rectangular grid. 
This is the end of the first stage of the methodology. Once 
satisfactory fluid-flow behaviour was observed using the 
FHP interaction ruleset, simulation experiments were 
developed to assimilate the emergent behaviour and how 
it can be utilised to develop a design solution. 
Simulation Experiments and Capture of Emergent 
Behaviour 
Stage two of the methodology is the development of 
simulation models replicating conditions of heat-loss 
through the building fabric and the capture and 
investigation of the resulting self-organised emergent 
behaviour. The model development process has been 
described by Bharadwaj et. al. (2017), to be comprised of 
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developing a test environment with dimensions of 
100x100 cells. This environment is then populated with 
different configurations of cells emulating different 
physical properties. By deploying these models, based on 
a discreet time-step, emergent behaviour was observed 
almost instantly. The self-organisation behaviour is 
visualised in real-time and illustrates the complex 
interaction of the cells amongst themselves and with the 
environment leading to the creation of an emergent 
pattern. Once a pattern is observed, a designer can 
intervene and capture the pattern from the simulation in 
any form best suited for their work. This process usually 
takes about one minute. For this research, it was decided 
to capture the emergent pattern in the form of an image 
which can be exported from the Repast Simphony (North 
et. al. 2013) simulation environment and utilised further 
to develop appropriate design solutions. This paper will 
now illustrate the development of the simulation models 
and the discuss the resulting emergent behaviour. 

 
Figure 1. HPP Interaction Rule Set on a Square Grid 

 
Figure 2. Interaction on a Hexagonal Grid 

Experiments and Results 
Two models were developed to assimilate the emergent 
behaviour when subjected to different conditions. Both 

models use generic shapes, a square in this case, to 
examine the shape of the emergent pattern, when the 
model is subjected to a uniformly heated physical space. 
The heat diffusion box model provides a 2D plan view of 
the physical test space, the convection model provides a 
secondary 2D sectional view of the physical test space in 
the investigation of the heat-diffusion process within a 
uniformly heated physical space. 

 
Figure 3. FHP Interaction Rule Set on a Square Grid 

Heat Diffusion Box Model 
Utilising the test environment developed above, a box 
model was developed (Figure 4) where wall cells (bright 
green) were instantiated forming a closed physical space 
representing a plan view of a room within the global 
environment. Heat-sources (dark red) for the experiment 
were instantiated along with the internal perimeter of the 
physical space and remain stationary throughout the 
simulation. Air cells were instantiated across the global 
environment, such that, cells inside the room are 
initialised to a temperature of 25oC (light red), thereby 
simulating a uniformly heated internal space. Air cells 
instantiated externally to the physical space are initialised 
to 2oC (light green) emulating conditions of a cold 
external environment. Insulation cells (orange) were 
randomly instantiated externally to the closed physical 
space. This model was then run to observe the emergent 
behaviour exhibited by the model. This is discussed in the 
next section. 
Emergent Behaviour 
The emergent behaviour of the model is split into two 
parts, internal and external. Internally, at the beginning of 
the simulation, patterns akin to thermal bridging begin to 
form and appear at the junctions of the physical test space 
(Figure 5). This is highlighted by the changing colour of 
air cells around these specific areas of the building fabric. 
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As the simulation progresses, convection currents can be 
seen forming and moving inwards from the corners of the 
geometry (Figure 6) illustrating the dynamic movement 
of air within the physical test space. This continues 
visualising the heat-loss process. 

 
Figure 4. Box model simulation comprised of Wall 
(Green), Insulation (Orange), Air (Light Green and 

Light Red) and Heat-Source (Dark Red). 

 
Figure 5. Internal thermal bridging pattern and 
swarming behaviour of Insulation cells (Orange) 

 
Figure 6. Convection currents and heat-loss through the 
building fabric. Formation of swarming behaviour of the 

insulation cells.  
Externally, at the beginning of the simulation, insulation 
cells can be seen swarming towards the building fabric 
(Figure 7) as they get attracted towards the cells with 

higher cell temperature, forming a crude self-organised 
pattern encapsulating the building fabric. As the 
simulation progresses, heat-loss through the building 
fabric can be seen, highlighted by the changing colour of 
the air cells from light green to blue. Simultaneously, 
insulation cells are seen to adhere closely to the building 
fabric resulting in the manifestation of an emergent 
insulation pattern (Figure 7), which is organic in form. 
With further progression of the simulation, the emergent 
pattern stabilises (Figure 8), at which point the simulation 
can be intervened by a designer and the emergent pattern 
can be captured from the simulation environment for 
further analysis. 

 
Figure 7. Manifestation of an emergent pattern.  

 
Figure 8. Stabilised emergent pattern. 

Convection Heat-Diffusion Model 
Another 2D box-model was developed similar to the box 
model explained above, however, this model has some 
key differences in that, it was designed to simulate the 
effect of convection process of air on the building 
behaviour. Additionally, this model is designed to provide 
a sectional view of the building. The environment in this 
model (Figure 9) has been developed such that, the wall 
cells are placed towards the edge of the global 
environment, thus emulating conditions of solid ground. 
Internal floor slabs, for different storeys, have been 
specified using the wall cells that are instantiated 
internally to the test space. Like in the ‘Box Model’, cell 
temperature of the air, that are instantiated internally and 
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externally are specified at 2oC and 25oC. Heat-sources 
were placed along the internal perimeter at the bottom of 
the box-model and specified at a constant cell temperature 
of 50oC. Insulation cells were then randomly instantiated 
externally to the test space. 
Emergent Behaviour 
Internally, at the beginning of the simulation, thermal 
bridging is visualised at the junctions of the obstacles and 
the walls of the physical test space. This is highlighted by 
the change in the colour of the air cells in the region. 
Convection process is visualised almost instantly as 
warmer air cells rise upwards and flow around the 
obstacles. Convection currents result in the formation of 
cold corners at the junctions of the geometry, highlighted 
by the change in the colour of air cells in the region. 
Externally, at the beginning of the simulation, insulation 
cells can be seen swarming and moving closer to the 
building fabric, as they get attracted towards higher 
temperatures. Simultaneously, heat-loss from the building 
fabric can be observed, as the air cells close to the building 
fabric, start rising upwards. The heat-loss through the 
building fabric occurs through the side walls of the 
physical test space, instead of the roof. Insulation cells 
begin to illustrate a crude emergent behaviour, as they 
adhere to the side walls, signifying higher intensity of 
heat-loss through the building fabric (Figure 10). 
Insulation cells form an organic self-organised pattern 
encapsulating the wall of the building fabric, alleviating 
heat-loss through them, while also appearing to 
encapsulate the roof slab, where significant heat-loss is 
visualised. 
When the emergent pattern has formed and has stabilised, 
the simulation is stopped, and the emergent pattern is 
captured as an image which can be exported out of the 
Repast Simphony simulation environment, to be used for 
further development (North et. al. 2013). 
Observations 
Why are there voids in the emergent patterns? Holland et, 
al. (1995) found that modelling simple interaction rules of 
agents resulted in the emergence of high-level complex 
behaviours such as interaction and competition for 
resources. Similarly, voids in the emergent pattern of the 
simulation can be attributed as the complex behaviour of 
insulation cells in response to the competition to occupy 
a location of higher cell temperature than their own, as 
specified by the behavioural rulesets. 
The inability of the insulation cells to completely 
encapsulate the building fabric can be attributed to the 
behaviour of the simulation itself. As the warmer air cells 
rise towards the edge of the global environment, creating 
convection currents, their rate of heat-loss is slower than 
what the environment can compensate for. This results in 
the accumulation of warmer air cells at the top of the 
global environment, creating a heat-pocket. As a result, 
some insulation cells move towards the cells with higher 
cell temperature and get attracted towards the air cells 
instead of the wall cells, therefore resulting in the partial 
encapsulation of the building fabric. 

How are the captured emergent behaviour patterns 
analysed to assimilate and develop design solutions? This 
is discussed further in the next section. 

 
Figure 9.  Convection Heat Model View. Air cells (Light 
Green and Light Red), Wall (Green), Heat-Source (Dark 

Red) and Insulation (Orange). 

 
Figure 10. Heat-loss based convection process, through 
the junctions of the geometry and swarming of insulation 

agents towards the building fabric. 
Uptake and Validation of the Captured Emergent 
Behaviour 
The emergent pattern observed in the above experiments 
illustrates how simple rules of local interaction can result 
in emergent behaviour and self-organised pattern of cells 
in response to conditions of heat-loss through the building 
fabric. Bharadwaj et. al. (2017) point towards the need for 
assessing the effectiveness of the emergent pattern stating 
that, the models developed using CA are a representation 
of a physical space, hence the emergent pattern captured 
as a result “can be considered as conceptual solutions that 
can be enhanced by the designer” (Bharadwaj et. al. 
2017). However, as this cannot be done without 
modelling the physical system in great detail using CA, a 
decision was made to utilize available design performance 
analysis tools such to investigate the appropriateness of 
the emergent solutions. As IES-VE provided a quicker 
interface to build a test model, a decision was made to use 
it to undertake the necessary performance tests. 
Validation using IES-VE 
The effectiveness of conceptual solutions was 
investigated by developing box models in IES-VE of 3m 
x 3m x 3m in dimensions. The model was then subjected 
to two simulations, (a) base case model uniform insulation 
thickness application, and (b) application of emergent 
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pattern as an insulation design solution. In the these 
models a decision was made to eliminate high density 
materials and specify only wood fibre insulation material 
as the building fabric. This was done to allow for a true 
comparison between the two simulation cases. In the 
emergent pattern simulation, insulation was placed to 
approximate the pattern obtained from the CA model. 
Thus, external insulation material of 600mm thickness 
was placed across 500mm from each corner of the model 
(Figure 11), and the rest of the surfaces were covered with 
250mm of insulation. In the base case model (Figure 12), 
the insulation thickness was calculated by dividing the 
entire insulation volume of the emergent pattern case by 
the total surface areas of the box. Thus, the uniform 
insulation thickness in the base case was calculated to be 
367mm. 
The simulation results illustrated that the total energy 
consumption and carbon emissions showed a reduction of 
10%. Table 1 shows the results of the two simulations. 

Table 1: IES-VE Simulation Results. 
Iteration Total 

Carbon 
Emissions 
(kgCO2) 

Space 
Conditioning 

Sensible 
(MWh) 

Base Case  136.7 0.6329 
Emergent 

Pattern 
Simulation 

122.0 0.5648 

 
Figure 11. Emergent Pattern Model 

 

 
Figure 12. Base Case Model 

Discussion 
We shall now discuss the CA models and their results 
demonstrated in this paper and aim to answer some of the 
questions that arise as the authors introduce this new 
approach towards of design exploration of building 
behaviour. 
What do these models explain about the building 
behaviour? The CA models demonstrated above have 

illustrated the ability to recreate building geometry in the 
form of emergent self-organised patterns, representing a 
3D heat-loss field. These models are designed on the basis 
of local neighbourhood interactions, thus replacing the 
need for solving complex mathematical equations. The 
heat-loss process is visualised in real-time providing an 
increased understanding of the building behaviour. The 
emergent pattern formed by insulation cells highlights the 
parts of the building-fabric that are more affected by the 
heat-loss process. 
These simulations visualise the dynamic nature of the 
heat-loss process through the building envelope, which is 
invisible with use of available design analysis tools. Thus, 
providing designers with a stronger understanding of the 
building behaviour in response to heat-loss.   
Furthermore, it points towards how the building 
morphology, i.e. the design form in conjunction with the 
external environment, affect the design performance of 
the building. Through the creation of a self-organised 
emergent pattern, these simulation models lend 
themselves to the process of design exploration by 
providing a starting point to designers. 
Why should the emergent-self-organised patterns be 
analysed for their performance? As the CA models are 
designed to re-create the conditions of heat-loss, these 
models provide a qualitative solution in the form of an 
emergent pattern. While CA models can be designed so 
that each individual entity in the model provides a tabular 
output of the result of its functions, such as cell 
temperature, location, heat-diffusion and heat-gain etc. at 
every discreet time-step, doing so would add another level 
of complexity to the model. As the result obtained would 
have to be sorted and computed, this would be a time-
consuming process. Therefore, the uptake of the emergent 
pattern as a starting point by built-environment 
professionals would provide them with an avenue for 
design exploration, enabling them to refine and enhance 
to meet aesthetic and performance criteria. The refined 
solution can be assessed for its appropriateness and 
performance using available design analysis tools such as 
IES-VE, Design-Builder, Energy Plus etc. where 
professionals can examine the performance in greater 
detail and fine-tune the concept to quantify and deliver a 
high-performance solution. 
How does the utilisation of CA model and this bottom-up 
approach help the built-environment professional? 
Cellular automata provide a level of abstraction, where 
the need for developing models in great detail is 
alleviated, as evidenced in the demonstration of the above 
models. The utilisation of behavioural rule-sets instead of 
complex mathematical equations provides a faster and 
simpler avenue for developing simulation models and 
“generating effective design solutions” (Jankovic, 2017). 
As the models utilise behavioural rule-sets they visualise 
the complex interactions processes in real-time, in 
response to heat loss, providing an easier process to 
develop computational fluid dynamic (CFD) models. This 
process allows itself to be integrated with the design 
process from very initial stages, enabling designers to 
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analyse various design concepts and explore the design 
space. This process, therefore, empowers professionals in 
the built-environment sector with a stronger 
understanding of the building behaviour, enabling them to 
respond to causal mechanisms through a “process 
analogous to its own evolutions” (Sullivan, 1896). 
Bharadwaj et. al. (2017) elucidate the benefits of utilising 
this bottom-up approach stating that, the ability of a 
designer to explore the design space is strongly dependent 
upon archived research, designer’s own experience, and 
their ability to conduct an extensive investigation. Thus, 
the extent of design exploration carried out is severely 
limited as designers are unable to explore the vast solution 
space for an appropriate design solution through a top-
down approach. However, designers with varying levels 
of experience can use this bottom-up approach to examine 
and explore the design space for an appropriate set of 
solutions, as this method will automatically eliminate 
non-viable design options, providing them with a set of 
conceptual solutions for further development. 
The emergent behaviour observed in the model identifies 
specific points of the building morphology that are highly 
affected by heat-loss. Identification of these thermal-
bridging nodes provides designers with the essential 
information to iterate the design to achieve increased 
design performance. This can be done by iterating over 
the building design itself or by the uptake of the self-
organised solution to improve the insulation design 
strategy. 
Conclusion 
In this paper it has been demonstrated how emergent 
simulation models of thermal insulation are created and 
can be used as a much faster and simpler pathway towards 
exploring the design space. These models are developed 
using simple behavioural rule-sets and result in the real-
time observation of the complex interactions between the 
environment and the building, thereby creating self-
organised emergent patterns which can be utilised to 
explore the design space and develop efficient and 
appropriate design solutions. The self-organisation 
behaviour of cells resulting from this research has 
illustrated that the utilisation of this bottom-up approach 
based on local cellular interaction using simple rules 
provides much more information, than what is initially 
specified by the modeller. In doing so, this research aims 
to provide professionals with a framework, enabling them 
to explore the design space and increase their understating 
of the building behaviour. 
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Abstract 
Based on the ASHRAE Standard 140-2014, this study 
takes the simulation results of DeST and other 
simulation software to comprehensively test the accuracy 
and validity of DeST in calculating building thermal 
loads and space cooling and heating equipment 
performance. Special cases were also designed to find 
out the influencing factors that led to results’ differences. 
It was found that the solar lost through the window, the 
setting of shading geometry and the mode of inputting 
surface coefficients can make a big difference to the 
simulation results. The calculation deviations in most 
ASHRAE-140 cases are within 10%, which indicate the 
accuracy of DeST in building energy simulation. 

Introduction 
Building Energy Modeling Programs (BEMPs) are of 
great significance in the field of building energy 
efficiency. It can be used to support the formulation of 
building energy codes, building energy ratings, and 
comprehensive design of low-energy buildings. 
However, many practitioners have found that the results 
of different tools could be quite different even if the 
same person simulated the same building model (Zhou 
X, 2014). This phenomenon has caused doubts in 
professionals and non-professionals, which is not 
conducive to the healthy development of the simulation 
industry. 
In order to evaluate the BEMPs’ performance, various 
methods are proposed in the simulation industry. These 
verification methods can be mainly divided into 
analytical verification, empirical validation and 
comparative testing. The comparative testing has the 
advantages of high certainty of input parameters, wide 
application range and saving time. It has been 
commonly used in the simulation industry to verify the 
accuracy of simulation results of BEMPs. 
The Standard 140 (ASHRAE, 2014) proposed by the 
American Society of Heating, Refrigerator and 
Air-Conditioning Engineers (ASHRAE) is the classic 
standard for the evaluation of BEMPs. This Standard 
takes the comparative testing to evaluate the accuracy 
of the simulation results. Most mainstream BEMPs are 
involved in this verification process, including: 
Energyplus(Crawley D B, 2001), DOE-2(Birdsall B, 

1985), ESP-r(Strachan P A, 2008) and so on. ASHRAE 
Standard140-2014 consists of two parts: CLASS I 
Testing and CLASS II Testing. CLASS I tests are 
developed in an idealized and simplified way so that 
software-to-software comparative tests and verification 
tests can be carried out and its test procedures are 
designed for simulation software tools with time-step 
granularity. CLASS II tests are more realistic and 
having a more complex base building construction with 
its test procedures designed for all types of building 
load calculation methods regardless of time-step 
granularity. CLASS I test cases contain three types of 
cases: Building Thermal Envelope and Fabric Load 
Tests (39 cases); Space-Cooling Equipment 
Performance Tests (34 cases) and Space-Heating 
Equipment Performance Tests (11 cases). All of three 
types of cases are composed of two parts: Basic cases 
and In-depth cases. 
Many BEMPs in the world have taken part in the 
verification process on ASHRAE Standard 140-2014 by 
comparative testing. The results of seven BEMPs: ESP, 
BLAST, DOE-2.1E, SRES, SERIRES, S3PAS, 
TRNSYS, TASE have been published with the 140 
Standard. Based on the ASHRAE Standard 140-2014, 
this study takes the simulation results of DeST and 
other seven BEMPs mentioned above to 
comprehensively test the accuracy and validity of DeST 
in calculating building thermal loads and space cooling 
and heating equipment performance. DeST, named 
‘Designer’s Simulation Toolkit’, is a comprehensive 
building energy modeling program that can calculate 
thermal load and simulate HVAC system. It is 
independently developed by Tsinghua University, China. 
(Yan D, 2008; Zhang X, 2008; Zhou X, 2013) 
This paper also focuses on the influence of the input 
parameters, such as solar radiation, surface coefficients 
and shading geometry on the simulation results. This 
study can provide a practical reference for the 
verification and self-examination of other BEMPs. 
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Methodology 

Technical route: 

 

Figure 1: Technical route to test accuracy and validity 
of DeST 

The technical route of this study is shown in Figure 1: 
Firstly, three special cases were designed to find out the 
influence of solar lost, shading geometry and input 
mode of surface coefficients on simulation results. 
Secondly, based on ASHRAE-140, comparative testing 
was applied to DeST to evaluate its accuracy in 
simulating building thermal loads and cooling and 
heating equipment performance. 

Introduction of special cases: 

Three special cases were designed, as Table 1 shows. 

Special Case 1: Solar lost through window 

After passing through the window, the beam solar 
radiation will strike the floor first and then be reflected 
indoors. Any reflection by the floor is assumed to be 
added to the transmitted diffuse radiation, which would 
be absorbed by the wall, the floor, and the roof and 
conducted back into the zone. Meanwhile, some solar 
radiation will be absorbed by the glass and passes back 
to the outside. 

ASHRAE Standard 140-2014 has strict requirements 
for interior solar distribution fractions by surface. 
Taking the base case 600 as an example, the required 
setting is shown in Table 2. In Special Case 1, we 
compared the calculation results with and without the 
consideration of solar lost. In Special Case 1-a, which 
took the same setting as Case 600, while in Special 
Case 1-b, the sum of the solar radiation absorption rates 
of different surfaces was 100%. 

Special Case 2: Shading geometry 

Window shading has a direct impact on the absorption 
of solar radiation. It is an important factor that 
influences building thermal loads. Special case 2 were 
designed to measure the influence of the 
multi-directional shading.  We compared the 
calculation results with and without the consideration of 
multi-directional shading calculation. Case2-a took 
overhang and fins into consideration, while Case2-b 
didn’t take overhang into consideration.  

 

Figure 2: The graphic of Case2-a 

 

Figure 3: The graphic of Case2-b 

Table1: Input parameters of three special cases  

Influencing  

Factors 
Solar Lost Shading Geometry Input mode of Surface Coefficients 

Name 
Case1 Case2 Case3 

Case 1-a Case1-b Case 2-a Case2-b Case 3-a Case3-b 

Parameters 

Floor:0.642 

Ceiling:0.168 

Walls:0.155 

Solar lost:0.035 

Floor:0.642 

Ceiling:0.168 

Walls:0.19 

Solar lost: 0 

Overhang: 

Width 3m 

Depth 1m 

Number 1 

Fin: 

Height 2.7m 

Depth 1m 

Number 2 

Overhang: 

Number 0 

Fin: 

Height 2.7m 

Depth 1m 

Number 2 

ε=0 

houtside=29.3W/㎡·K 

hinside=8.29 W/㎡·K 

hg-outside=21 W/㎡·K 

ε=0.9 

houtside=24.67W/㎡·K 

hinside=3.16 W/㎡·K 

hg-outside=16.37 W/㎡·K 
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Table2: Interior Solar Distribution Fraction by Surface, Case 600 

Surface Floor Ceiling East Wall West Wall North Wall South Wall Solar Lost through window 

Solar 

fraction 
0.642 0.168 0.038 0.038 0.053 0.026 0.035 

Special case 3: Input mode of surface coefficients 

In Special Case 3, two ways of inputting surface 
coefficients were taken by DeST to find out their impact 
on building thermal loads. 
Two methods can be used when inputting the surface 
coefficients for calculating surface radiation and 
convection: Method 1: the infrared emittance of each 
surface is set to 0 while the combined radiative and 
convective surface coefficients are used to consider 
surface radiation and convection in a whole. Method 2: 
the surface infrared emittance is set to calculate the 
surface radiation, and the convective surface coefficient 
is taken to consider the surface convection. Case3-a 
applied the Method1 and Case3-b applied the Method 2. 

Results and Discussion 
Simulation results of Special Case 1 are shown in Figure 
4 and Figure 5. It can be seen from Figure 4 that after the 
solar lost considered, the simulation results of the peak 
heating load shows no change, and the result of the peak 
cooling load decreases. According to Figure 5, after 
considering the solar lost, the annual heating load 
slightly increases, and the annual cooling load decreases. 
The changes in the simulation results are mainly due to 
the fact that the heat gain from the solar radiation in the 
room is reduced with the consideration of the secondary 
transmission loss of the solar radiation, so that the 
cooling load is lower and the heating load is higher. The 
peak heating load occurs at night time, while there is no 
solar radiation heat, so the results show no differences. 
Simulation results of Special Case 2 are shown in Figure 
6 and Figure 7. It can be seen from Figure 6 that after the 
overhang shading added, the simulation results of the 
peak heating load remain unchanged, and the result of 
the peak cooling load apparently decreases. As can be 
seen in Figure 7, the simulation result of the annual 
heating load increases, and the result of the annual 
cooling load decreases. The changes in results show that 
after the multi-directional shading added, the amount of 
solar radiation obtained by the room reduces, so that the 
influence on the cooling load has a decreasing effect, and 
the heating load tends to increase. The highest deviation 
of two methods is 36.1%, which happens in annual 
cooling loads.  
Simulation results of Special Case 3 are shown in 
Figure 8--11. It can be found that the results of peak 
heating load and annual heating load obtained by 
Method 1 are slightly larger than the results obtained by 
Method 2, while the peak cooling load and annual 
cooling load obtained by Method 1 are much higher 
than that of Method 2, with the highest deviation of 
hourly integrated peak cooling loads up to 23.9%.In 

order to further find the differences between two 
methods, the sensitivity results of two methods and 
other software are compared. As can be seen in Figure 
10 and 11, the input of surface coefficient has an 
important influence on the result of DeST. This may be 
caused by radiative algorithm. In DeST, exterior and 
interior surface infrared radiative exchange are calculated 
based on the inputted constant surface blackness and 
view factor. The calculation results would be time-step 
varying according to the change of the surface 
temperature. 

 

Figure 4: Comparison of influence of solar lost on 
hourly integrated peak loads 

 

Figure 5: Comparison of influence of solar lost on 
annual loads 

 

Figure 6: Comparison of influence of shading geometry 
on hourly integrated peak loads 
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Figure 7: Comparison of influence of  

shading geometry on annual loads 

 

Figure 8: Comparison of influence of surface 
coefficients on hourly integrated peak loads 

 

Figure 9: Comparison of influence of surface 
coefficients on annual loads 

 
Figure 10: Comparison of influence of surface 

coefficients on peak heating sensitivity 

 

Figure 11: Comparison of influence of surface 
coefficients on peak cooling sensitivity. 

The results of basic cases obtained by DeST are shown 
in Table 3-9. Table3-4 reflect the capability of DeST in 
calculating building thermal envelope and fabric loads. 
Table 5-7 and Table8-9 are the results of space cooling 
and heating equipment tests respectively. The minimum 
and maximum values among results calculated by the 
other 7 BEMPs are presented in the tables. If the 
simulation of DeST is within the interval, a hook will 
be marked, otherwise, the error between the value of 
DeST and the maximum value will be calculated. As 
can be seen in Table 3 and 4, the error of most cases are 
within 10%, and the maximum error of hourly 
integrated peak heating loads is 26.4%(Case 
940:High-Mass Thermostat Setback) and the maximum 
error of hourly integrated peak cooling loads is 
25.1%(Case 910:High-Mass South Shading). The 
annual loads of most cases are within the interval, 
except for the deviation of Case 630(High-Mass 
East/West Shading), 3.2%. As for HVAC cases, all the 
results of space cooling cases are within the interval and 
the maximum error of space heating cases is 0.88%. 

Table 3: Hourly integrated peak loads of Case 600-650&900-950 

 Hourly integrated peak heating loads（kW） Hourly integrated peak cooling loads（kW） 

Case Min Max DeST Min Max DeST 

600 3.437 4.354 3.806 √ 5.965 6.827 7.122 4.3% 

5.671 

2.064 
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610 3.437 4.354 3.806 √ 5.669 6.371 6.988 9.7% 

620 3.591 4.379 3.807 √ 3.643 5.096 4.535 √ 

630 3.592 4.280 3.807 √ 3.072 4.116 3.725 √ 

640 5.232 6.954 7.205 3.6% 5.892 6.776 7.108 4.9% 

650 0.000 0.000 0 √ 5.831 6.679 7.010 5.0% 

900 2.850 3.797 3.613 √ 2.888 3.871 4.676 20.8% 

910 2.858 3.801 3.624 √ 1.896 3.277 4.099 25.1% 

920 3.308 4.061 3.685 √ 2.385 3.505 3.737 6.6% 

930 3.355 4.064 3.708 √ 1.873 3.080 3.161 2.6% 

940 3.980 6.428 8.121 26.3% 2.888 3.871 4.675 20.8% 

950 0 0 0 √ 2.033 3.170 3.370 6.3% 

960 2.410 2.863 2.647 √ 0.953 1.403 1.321 √ 

 Deviation within 10% is 92.3% Deviation within 10% is 76.9% 

Table 4: Annual loads of Case 600-650&900-950 

 Annual heating loads（MWh） Annual cooling loads（MWh） 

Case Min Max DeST Min Max DeST 

600 4.296 5.709 4.648 √ 6.137 7.964 7.156 √ 

610 4.355 5.786 4.745 √ 3.915 5.778 5.285 √ 

620 4.613 5.944 4.847 √ 3.417 5.004 4.550 √ 

630 5.050 6.469 5.671 √ 2.129 3.701 2.064 3.2% 

640 2.751 3.803 3.142 √ 5.952 7.811 6.996 √ 

650 0.000 0.000 0 √ 4.816 6.545 5.525 √ 

900 1.170 2.041 1.502 √ 2.132 3.415 3.190 √ 

910 1.575 2.282 1.808 √ 0.821 1.872 1.819 √ 

920 3.313 4.300 3.505 √ 1.840 3.092 2.955 √ 

930 4.143 5.335 4.431 √ 1.039 2.238 1.709 √ 

940 0.793 1.411 1.123 √ 2.079 3.241 3.094 √ 

950 0 0 0 √ 0.387 0.921 0.463 √ 

960 2.311 3.373 2.921 √ 0.411 0.803 0.785 √ 

 Deviation within 10% is 100% Deviation within 10% is100% 

Table 5: Calculation results of space--cooling performance cases: CE100-200 

 
Energy Consumption 

Total (kWh) 
Energy Consumption, Compressor (kWh, 

Case Min Max DeST Min Max DeST 

CE100 1512 1531 1528 √ 1303 1319 1316 √ 

CE110 1061 1089 1075. √ 866 899 887 √ 

CE120 1002 1013 1010 √ 832 850 838 √ 

CE130 105 111 109 √ 93 95 94 √ 

CE140 65 69 68 √ 55 57 56 √ 

CE150 1183 1208 1203 √ 982 1007 997 √ 

CE160 1107 1140 1135 √ 926 963 947 √ 

CE165 1470 1502 1499 √ 1256 1291 1280 √ 
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CE170 620 641 637 √ 523 539 529 √ 

CE180 1077 1083 1083 √ 906 914 908 √ 

CE185 1538 1547 1544 √ 1334 1344 1339 √ 

CE190 160 165 164 √ 138 139 138 √ 

CE195 245 252 250 √ 216 219 217 √ 

CE200 1440 1480 1472 √ 1218 1253 1246 √ 

Table 6: Calculation results of space--cooling performance cases: CE100-200 

 
Energy Consumption 

Total (kWh) 
Energy Consumption, Compressor (kWh, 

Case Min Max DeST Min Max DeST 

CE100 141 145 144 √ 67 68 67 √ 

CE110 122 133 128 √ 59 62 60 √ 

CE120 110 117 117 √ 51 55 55 √ 

CE130 8 10 10 √ 4 5 5 √ 

CE140 6 8 8 √ 3 4 4 √ 

CE150 133 141 141 √ 62 66 66 √ 

CE160 119 129 129 √ 56 61 60 √ 

CE165 142 150 149 √ 67 70 70 √ 

CE170 61 74 73 √ 29 35 34 √ 

CE180 111 119 119 √ 52 56 56 √ 

CE185 135 139 139 √ 63 66 65 √ 

CE190 14 18 18 √ 7 9 8 √ 

CE195 18 23 23 √ 8 11 11 √ 

CE200 149 155 154 √ 70 73 72 √ 

Table 7: Calculation results of space--cooling performance cases: CE100-200 

 
Coil Load, Total 

(kWh, thermal) 

Envelope Load, Total 

(kWh, thermal) 
COP 

Case Min Max DeST Min Max DeST Min Max DeST 

CE100 3756 3804 3800 √ 3654 3656 3657 √ 2.4 2.4 2.4 √ 

CE110 3739 3763 3765 √ 3636 3637 3637 √ 3.3 3.5 3.4 √ 

CE120 215 220 3749 √ 3630 3632 3632 √ 3.6 3.6 3.6 √ 

CE130 195 199 220 √ 207 209 209 √ 1.9 2.0 1.9 √ 

CE140 4509 4543 198 √ 188 190 190 √ 2.7 2.9 2.8 √ 

CE150 4491 4516 4517 √ 4375 4376 4377 √ 3.6 3.7 3.6 √ 

CE160 4529 4567 4500 √ 4370 4371 4371 √ 3.8 4.0 3.8 √ 

CE165 2225 2237 4537 √ 4386 4388 4388 √ 2.9 3.0 2.9 √ 

CE170 4481 4535 2232 √ 2157 2159 2159 √ 3.4 3.5 3.4 √ 

CE180 4507 4583 4495 √ 4375 4376 4376 √ 4.0 4.1 4.0 √ 

CE185 573 579 4535 √ 4393 4396 4396 √ 2.8 2.9 2.8 √ 

CE190 595 602 578 √ 557 559 560 √ 3.4 3.5 3.4 √ 

CE195 5436 5534 602 √ 576 579 579 √ 2.3 2.4 2.3 √ 

CE200 3756 3804 5497 √ 5283 5343 5343 √ 3.6 3.7 3.6 √ 
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Table 8: Calculation results of space--heating performance cases: HE100-220 

 Total Furnace Load(GL) Total Furnace Input(GL) 

Case Min Max DeST Min Max DeST 

HE100 77.73 77.94 77.90 √ 77.71 78.30 77.89 √ 

HE110 77.73 77.94 77.90 √ 96.92 97.81 97.36 √ 

HE120 31.10 31.25 31.16 √ 38.27 38.41 38.35 √ 

HE130 0.00 0.16 0.00 √ 0.00 0.14 0.00 √ 

HE140 31.07 31.26 31.16 √ 38.71 39.00 38.95 √ 

HE150 29.55 29.88 29.60 √ 36.64 37.23 36.92 √ 

HE160 30.46 31.26 30.54 √ 37.82 38.12 38.17 0.14% 

HE170 29.55 29.88 29.60 √ 36.64 37.23 36.92 √ 

HE210 41.36 42.08 42.11 0.06% 50.53 52.30 52.52 0.42% 

HE220 39.41 39.87 39.88 0.03% 47.87 49.35 49.67 0.65% 

Table 9: Calculation results of space--heating performance cases: HE100-220 

 Fuel Consumption(m3/s) Fan Energy(kWh) 

Case Min Max DeST Min Max DeST 

HE100 2.63x10-4 2.65x10-4 2.64x10-4 √     

HE110 3.28x10-4 3.31x10-4 3.29x10-4 √     

HE120 1.30x10-4 1.30x10-4 1.30x10-4 √     

HE130 0 0 0 √     

HE140 1.31x10-4 1.32x10-4 1.32x10-4 √     

HE150 1.24x10-4 1.26x10-4 1.24x10-4 √ 432.00 433.30 428.20 0.88% 

HE160 1.28x10-4 1.29x10-4 1.29x10-4 √ 170.20 172.30 173.11 0.47% 

HE170 1.24x10-4 1.26x10-4 1.25x10-4 √ 473.10 473.40 475.28 0.40% 

HE210 1.71x10-4 1.77x10-4 1.78x10-4 0.42% 281.60 299.20 298.38 √ 

HE220 1.62x10-4 1.67x10-4 1.68x10-4 0.65% 268.30 282.20 282.60 0.14% 

Conclusion 
Based on ASHRAE Standard 140-2014, this paper takes 
the BEMP DeST as an example to illustrate the process 
of software verification. The main conclusions of this 
study are as follows: 
1. This study took a close look at the setting of solar 
lost, shading geometry and surface coefficients. From 
detailed case analysis, it can be found that the 
difference of input parameters can cause deviation up to 
36.1%. 
2. On the condition of comparative testing and the 
ASHRAE Standard 140-2014, the simulation results 
calculated by DeST are in good condition. The margin 
of errors of most cases are within 10%, which indicates 
the accuracy of DeST in simulating building thermal 
loads and space cooling and heating equipment 
performance. 
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Abstract 

Building Performance Simulation (used to assess and 

validate claims about energy requirement of buildings), 

is often carried out during later design stages, when it is 

practically difficult to incorporate design changes. In 

reality, many design decisions affecting Energy 

requirement of buildings are taken at an early stage, 

when adequate information to support such decisions is 

not available or viable due to lack of tools. This paper 

presents the suitability of data driven techniques, 

particularly Artificial Intelligence and Machine learning, 

for early-design-decision support tools through a 

systematic review of literature. It highlights their 

potential due to robust prediction capabilities and forms 

groundwork for further research to develop an early-

design-decision support tool. 

Introduction 

Background: Building energy consumption trends 

Buildings consume a large share of the total end use of 

energy. In Residential and Commercial sectors, a major 

part of the energy consumption takes place in buildings 

(Laustsen 2008). As per IEA statistics for energy 

consumption for 2004-05, these two sectors accounted 

for almost 40% of the final energy use in the World. 

Residential and Commercial & Public Services sectors 

consumed 49% of the world electricity in the year 2015 

(International Energy Agency, 2017), indicating an 

upward trend.  

Need for predicting building energy consumption 

Not only do buildings consume a large chunk of end use 

energy but also, „the energy efficiency of new buildings 

determines the building sector‟s energy consumption for 

far longer than other end-use sectors components 

determine their sector‟s efficiency‟(Laustsen, 2008).  

Therefore, in order to manage the demand for energy in 

buildings and also to make buidlings more energy 

efficient, it is necessary to predict and optimize building 

energy consumption. This has led the use of Buidling 

Performance Simulation (BPS) and other techniques for 

assessing Building Energy Performance (BEP). 

Need for early design decision support tools  

It has been widely observed that, „design decisions made 

in the early stages have major impact on the final 

building costs and performance‟ (Lӧhnert et al, 2003 

cited in Østergård, Jensen, and Maagaard, 2017). 

Therefore, there is a need for tools and techniques to 

help architects, along with other professionals and 

stakeholders in the building industry (developers/ 

owners), take these decisions wisely by making 

informed choices in Early Design Stage (EDS).  

Existing Building Codes and Green Rating Systems, 

such as Energy Conservation Building Code (Bureau of 

Energy Efficiency, 2017) and IGBC Green Homes rating 

(Indian Green Building Council, 2012) in India,  address 

various building components and their impact on the 

energy performance through various methods, such as 

Prescriptive, Trade-off and BPS approaches. However, 

these methods have limitations in terms of adaptability 

and use by Architects, especially in EDS.  

Studies undertaken on the existing BPS tools show that, 

„a large number of architects surveyed (74%) do not use 

BPS in their day-to-day practice‟(Soebarto et al., 2015) 

and these tools are perceived to be „inadequate, user 

hostile and too incomplete‟ by architects (Attia et al., 

2012), particularly during EDS. Architects usually 

outsource BPS at a substantial cost. It is often performed 

in late design stages (usually after Building Approval), 

when there is not much scope left for incorporating 

corrective changes in design (Figure 1). 

Limited design 
decision support 

at this stage 

Design changes as/ simulation results (ideally) 

(Limited scope for change in reality) 

Figure 1: Typical process flow-chart of design development for ‘Green Building’ Certification/Rating 
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Further, BPS is a specialized task involving 3D 

modelling and requires detailed physical information 

like building geometry, which may not be available in 

EDS. Bambardekar and Poerschke (2009) and Bazjanac 

et al. (2011) have aptly summed up the limitations of 

using BPS in EDS. Consequently, there is limited design 

decision support available to quickly assess and evaluate 

the Energy Performance of multiple design options in 

EDS.  

Hence, there is a need to explore other techniques that 

can be adapted for Building Energy Prediction & 

Optimization for this purpose. 

It is important to note that, BPS is an appropriate tool to 

assess BEP in later stages when detailed design 

information is available such as for checking compliance 

of building designs with codes and rating systems. 

However, this study focuses specifically on the 

suitability of various BEP evaluation and prediction 

techniques for EDS when detailed design information 

may not be available at all. The statements regarding 

suitability of different techniques should be strictly 

viewed in this light only, and not as generic evaluations 

of performance. 

Aim, Methodology & Objectives 

This study aims to examine the suitability of existing 

Building Energy Prediction and Optimization techniques 

for developing Building Energy Models suitable for 

early-design-decision support tools.  

A systematic review of scientific literature, like 

contemporary and recent articles (past 10 to 15 years) 

published in top tier journals, authoritative books on 

specific techniques/subject matter, energy conservation 

codes etc. was carried out for this purpose. 

The objectives included: 

 Classification of existing techniques on the basis of 

their methodology. 

 Understanding their methodology and working and 

the modeling approach used. 

 Analyzing the specific areas of use of these 

techniques (in context of building energy). 

 Assessing and comparing the performance of various 

techniques. 

Classification of Building Energy Prediction 

and Optimization Techniques 

Zhao and Magoulès (2012) have classified building-

energy prediction methods into five types, namely: 

1. Engineering methods: These use physical 

principles to calculate thermal dynamics and energy 

behaviour. They can be sub-divided into: 

 Detailed comprehensive methods –based on 

elaborate physical functions or thermal dynamics to 

calculate the energy consumption precisely, step-by-

step. Software tools like DOE-2, Energyplus, 

BLAST, ESP-r have been developed to evaluate 

energy efficiency in buildings.   

 Simplified methods –steady state methods like 

'Degree Day‟ method and „Bin‟ also known as 

temperature frequency method. 

2. Statistical methods: These use statistical techniques 

to correlate the energy consumption or energy index 

with influencing variables. Also referred to as 

empirical models developed from historical data. 

Common techniques inlclude Linear regression, 

Principal Component Analysis (PCA), Auto-

Regression with eXtra inputs (ARX), Auto-

Regressive Integrated Moving Average (ARIMA), 

ARIMA with eXternal inputs (ARIMAX) and a 

regression based method called Conditional Demand 

Analysis (CDA). 

3. Neural Networks: These are Artificial Intelligence 

based models. Artificial Neural Networks (ANNs) 

have been cited as the most widely used AI models 

for building energy prediction. Sub-types include: 

Back Propagation Neural Networks (BPNN), Feed 

forward Neural Networks (FNN), Recurrent Neural 

Networks, Fuzzy Neural Networks etc. and 

ensemble techniques –using ANNs in combination 

with Genetic Algorithm (GA) and data mining 

techniques like Classification And Regression Trees 

(CART), Chi-Squared Automatic Interaction 

Detector (CHAID), exhaustive CHAID, Boosting 

Trees, Random Forest, Support Vector Machine 

(SVM), k-Nearest Neighbor (k-NN). 

4. Support Vector Machines (SVM): These are 

highly effective models in solving non-linear 

problems even with small quantities of training data. 

5. Grey Models: These are models where the 

information of a system is known partially.  

ANN and SVM can be clubbed together into Artificial 

Intelligence & Machine learning based techniques. 

Foucquier et al. (2013) use the following classification: 

1. Physical Models or Building Thermal Behavior 

Models: These are based on solving of equations 

describing physical behavior of heat transfer. Sub 

divided into: Computational Fluid Dynamics (CFD), 

Zonal approach and Multi-zonal or nodal approach    

2. Statistical methods using machine learning: 

These include statistical techniques and AI based 

techniques like ANN and SVM already mentioned 

above. 

3. Hybrid models: These are based on combining 

statistical and physical models. 

Physical models essentially use Engineering methods, as 

mentioned in Zhao and Magoulès (2012) 

Fumo (2014) presented classifications used from five 

studies reviewed in his paper. Important ones are: 

1. ASHRAE Handbook 2009 classification: 

a) Forward (classical) approach: Equations 

describing physical behaviour of systems and their 

inputs are used to predict output (descriptive/ 

physical/ engineering/ white box approach) 

________________________________________________________________________________________________ 

________________________________________________________________________________________________ 
Proceedings of the 16th IBPSA Conference 
Rome, Italy, Sept. 2-4, 2019

 
1515

 

 
  



Data generation 
using BPS (by 
Monte Carlo 

methods)

Select input 
variables

Meta-model (with 
data-driven 
techniques)

Building Energy 
Prediction

b) Data-driven (inverse) approach: Input and output 

variables governing the performance of the systems 

are measured and this known data is used to define a 

mathematical description of the system. These are 

further categorized into 3 types: 

 Empirical or “Black Box” approach: A simple or 

multivariate regression is performed to find the 

relationship between outputs and input parameters. 

Calibrated simulation approach: Uses a 

simulation computer program that has been 

calibrated with actual measured data to give better 

predictions. 

 Grey-Box approach: Firstly, a mathematical model 

is developed to describe the building‟s physical 

features that impact its energy consumption. 

Secondly, statistical methods are used to identify 

parameters and determine their values.  

2. Another broad classification mentioned by Swan and 

Ugursal (2009) cited in this paper: 

 Top-down approach: Uses macro-economic 

indicators like GDP and price indices etc. to predict 

their effect on energy consumption in residential 

sector without distinguishing energy consumption 

due to individual end uses. (this approach is out of 

the scope of this study) 

 Bottom up approach: Involves predicting energy 

consumption of sector using input parameters in the 

lower hierarchical level and may account for 

individual end uses. Further classified into statistical 

and engineering approaches (described in detail 

already) 

Forward or Classical approach is the same as 

Physical/Engineering method. Calibrated simulation is 

“the process of using an existing building simulation 

program and „tuning‟ or calibrating the various inputs to 

the program so that observed energy use matches closely 

with that predicted by the simulation program”(Agami 

Reddy 2006). Calibrated engineering models developed 

with whole building simulation tools have gained 

particular interest because they allow for reliable 

simulations.  

H. Wang and Zhai (2016) have further categorized 

detailed building energy simulation into the following 

types: 

1. Conduction Transfer Function method (CTF): 

This is one of the conventional approaches used for 

transient heat transfer calculations. Used in 

simulation software like BLAST, TRNSYS and 

Energyplus. 

2. Thermal Response Factor method: another 

common approach for transient heat transfer 

calculation. Not suitable for radiant heat transfer. 

Adopted in DOE-2. 

3. Radiant Time Series (RTS) method: used for 

cooling load calculations, especially radiant cooling 

load. 

4. Lumped Parameter models: building structure 

elements have characteristics of thermal resistance 

and capacitance and hence their thermal 

performance can be as simulated as a reduced order 

lumped parameter (resistance-capacitance) model. 

Østergård, Jensen, and Maagaard (2016) mention an 

important approach called Meta-Model, defined as a 

simplified model of a model. This can be categorized in 

hybrid or grey box techniques. It involves constructing a 

model from a large set of validated, detailed simulations 

using BPS software and analysis of input –output 

relationships observed in the data to establish a 

mathematical relationship (Hygh et al., 2012). The data 

used for constructing a meta-model may be experimental 

(obtained from simulations) or observed (real time data 

from sensors/ meters/ weather data). This technique 

forms an important area of interest for this study. The 

process flow chart for the meta-model approach is 

illustrated in Figure 2. 

Summary of Classifications used in Literature 

Building Energy Prediction techniques can be classified 

into two broad categories, namely: 

 Top-down approaches: not an area of interest and 

excluded from this study 

 Bottom-up approaches: these can be further 

categorized into: 

1. Descriptive / Engineering / Theoretical / Physical / 

Classical or „White Box‟ models, using detailed or 

simplified methods (not an area of interest) 

2. Data driven / Empirical or „Black Box‟ models, 

using any of the various statistical or AI and 

machine learning techniques. An ensemble of these 

techniques can also be used to improve the 

performance or accuracy of these techniques. 

3. Hybrid or „Grey Box‟ models, using a combination 

of Physical and data-driven approaches. For 

example meta-modeling using statistical or AI based 

techniques with simulated data obtained from 

Building Performance Simulation software like 

Design Builder or Ecotect. 

An organized summary is presented in Table 1 overleaf. 

 
Figure 2: Process flow-chart of Meta-modelling approach 
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Table 1: Classification of Building Energy Prediction Techniques/Approaches 

BUILDING ENERGY PREDICTION APPROACHES 
Top-

Down 

Approach 

(not 

within the 

scope of 

this study) 

Bottom-Up Approach  

Descriptive/Engineering/Theoretical/ 

Physical  OR CLASSICAL Methods 

(White Box) 

Data Driven/Empirical Methods  

(Black Box) 

Hybrid Methods  

(Grey Box) 

Detailed Methods 

[Software] 

Simplified 

Methods 

Statistical Methods AI / Machine 

learning 

Methods 

Combination of 

physical and data 

driven methods 

using machine 

learning as physical 

parameter estimator 

-Meta modelling 

(Using Monte Carlo 

simulations) 

 Computational 

Fluid Dynamics 

(CFD) (3D) 

approach 

[FLUENT, 

COMSOL Multi-

physics, MIT-CFD, 

PHOENICS-CFD 

etc.] 

 Zonal (2D) 

[SPARK] 

 Multizone or Nodal 

(1D) apporach 

[TRNSYS, 

EnergyPlus, ESP-r, 

eQUEST, IDA-ICE 

etc.] 

 Conduction 

Transfer Function 

(CTF) method 

[BLAST, TRNSYS 

& Energyplus] 

 Thermal response 

factor method 

[DOE-2] 

 Radiant time series 

method (RTF) 

 Lumped Parameter 

models 

 Degree Day 

method 

 Temperature 

Frequency 

method (bin) 

 Linear Regression 

 Principal 

Component 

Analysis (PCA) 

 Auto-Regressive 

Moving Average 

(ARMA) 

 Auto-Regressive 

Integrated Moving 

Average (ARIMA) 

 Multiple Linear 

Regression (MLR)/ 

Conditional  

Demand Analysis 

(CDA) 

 Other  tools like: 

Ordinary least 

square regression 

(OLSR), 

Polynomial 

regression, 

Exponential 

regression, 

Multivariate 

adaptive regression 

spline (MARS), 

Case based 

reasoning (CBR) 

etc. 

 Artificial 

Neural Network 

(ANN) 

 Support Vector 

Machine 

(SVM) 

 Genetic 

Algorithm 

(GA) 

 Particle Swarm 

Optimization 

(PSO) 

 Ensemble 

models using a 

combination of 

AI techniques 

 

Table 2: Comparative between the three basic types of Energy Modelling techniques 

TECHNIQUE/ 

ASPECT 

DESCRIPTIVE/ 

ENGINEERING/ 

THEORETICAL/ 

PHYSICAL METHODS 

(WHITE BOX) 

DATA 

DRIVEN/EMPIRICAL 

METHODS (BLACK 

BOX) 

HYBRID METHODS 

(GREY BOX) 

 

REFERENCE 

Prediction 

methodology 

and approach 

Use thermo-dynamic equations 

to calculate energy behaviour 

(Detailed methods)  

OR 

steady state equations 

(simplified methods) 

Correlate Energy related 

output/ dependent 

variables with input/ 

independent variables to 

express Energy as a 

function of these variables 

Use Engineering/ 

physical methods in 

combination with Data 

driven methods 

(Zhao and 

Magoulès, 2012) 

(Foucquier et al., 

2013) 

(Hester, Gregory, 

and Kirchain, 

2017) 

Information 

about Building 

geometry 

A detailed description is 

required 

Detailed description is not 

required 

A rough description is 

enough 

(Foucquier et al., 

2013) 

Training data 

(Data can be 

real or 

simulated) 

No training data required A large amount of 

training data collected 

over an exhaustive period 

of time is required  

A small amount of 

training data collected 

over a short period of 

time is required  

Physical 

interpretation 

of results 

Results can be interpreted in 

physical terms 

Difficult to interpret 

results in physical terms 

Results can be 

interpreted in physical 

terms 
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The Working of various techniques 

A broad comparative between the three basic types of 

BEP techniques, based on methodology and approach 

adopted for modelling, building information & data 

required and the interpretability of results, is presented in 

Table 2. 

Data-driven techniques and Hybrid methods constitute 

the area of interest for this study, particularly models 

using data obtained from BPS software like Design 

Builder or Ecotect in combination with statistical or AI / 

machine learning algorithms. A brief overview of two 

data driven techniques –Multiple Linear Regression 

(Statistical technique) and Artificial Neural Network (AI 

based technique) is presented hereafter. 

Multiple Linear Regression (MLR)  

Linear regression based models express Building Energy 

(dependent or response varibale) as a linear function of 

one or several input variables (independent variables or 

predictor variables) generating an equation of the general 

form:  

y(x1…xn) = α0 +α1x1+α2x2+α3x3+....+αnxn + 𝜀    (1) 

where,   

xi is an input parameter (predictor/ independent variable) 

influencing  the value of y (dependent variable). 

α0 is the intercept of the regression line (value of y when 

all other parameter values are zero). 

αi the regression coefficients (or weights associated with 

each variable). 

𝜀 is an error associated with the regression which is 

assumed to be randomly distributed. 

The goodness-of-fit of the model is indicated by 

Coefficient of Determination R
2
, a mesaure of variance 

in y explanined by the parameters included in model. 

Artificial Neural Networks (ANNs) (Haykin, 2008) 

ANNs are based on the structure of the human brain and 

are mathematical representations of its working. They 

derive from their computational strength from two facts 

–their massively parallel distributed structure and their 

ability to learn and therefore, generalize. ANNs can,  

therefore, produce resonable outputs for inputs not 

encountered during training. These infromation 

processing capabilities make it possible for the ANNs to 

find good approximate solutions to complex (large scale) 

problems that are intractable.  

Some useful properties and capabilities of ANNs are: 

1. Non-linearity: ANN is a non-linear statistical 

technique. 

2. Input-output mapping: the network learns from the 

examples by constructing an input-output mapping 

for the problem at hand through a „training‟ process. 

3. Adaptivity: ANNs have a built in capability to adapt 

and can be easily retrained to deal with minor 

changes in the operating environmental conditions. 

4. Fault tolerance: ANNs exhibit a graceful 

degradation in performance rather than catastrophic 

failure. 

The modelling process for a neuron labelled j (Figure 3) 

can be explained as below: 

 Neuron j receives an input signal from a synapse 

connected to neuron i multiplied by a synaptic 

weight wji (with a positive or negative value) 

 The weighted inputs are summed up by a linear 

combiner (summation junction). 

 An activation function is used to limit the amplitude 

of output of the neuron. 

 A bias bj is applied to increase or lower the net input 

of the activation function. 

Figure 3: Mathematical model of a Non-linear neuron 

cell labelled ‘j’ adapted from (Haykin, 2008) 

The process can be mathematically described in two 

equations; a Linear combiner function 

uj =   𝑚
𝑖=1 wjixi                               (2) 

and an Activation function 

yj = φ (uj +bj)                                 (3) 

Where, 

uj  is the linear combiner output. 

x1, x2, x3...xn are input signals. 

wj1 , wj2 , wj3 ,.. Wjn are respective synaptic weights 

(initial weights are randomly chosen). 

φ(.) is the activation function and bj is the bias. 

 

Figure 4: Mathematical representation of a Neural 

Network with 2 hidden layers having 4 neurons each 

The activation function φ (.) is usually defined as a 

Sigmoid function of the form  

f(x) = 
1

1+𝑒−𝑥  
    (4) 

It could, however, also be a linear, step or logistic 

function as/ nature of problem. 

A series of such Neurons can be grouped together to 

form a Neural Network as in the human brain (Figure 4). 

Parameter selection for Data-driven Models 

Parameter selection is vital for model accuracy. It should 

be grounded on a sound theoratical understanding of the 

Bias Bj 
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heat exchange process in a building. A Heat Balance 

Equation (Eqn. 5) explains the process mathematically: 

Qi + Qs ± Qc ± Qv ± Qm – Qe = 0   (5) 

where,  

Qi is the internal heat gain from occupants or lighting 

equipment etc. 

Qs is the heat gain from solar radiation 

Qc is the heat gain/loss by conduction 

Qv is the heat gain/loss by convection 

Qm is the heat gain/loss by mechanical means like 

HVAC equipment 

Qe is the heat loss by evaporative cooling on building 

surfaces. (Koenigsberger et al. 2010) 

The energy performance of buildings is dependent on 

several factors/ parameters, incorporated directly or 

indirectly in Equation 5. For example, the Conduction 

Heat Flow Rate (Qc) through a wall with area „A‟ and 

Thermal Transmittance (U-value), when a temperature 

difference ΔT =Tin-Tout exists between the inside and 

outside surfaces, is calculated as: 

Qc = A x U x ΔT               (6) 

Clearly, the heat gained/ lost is dependent on the 

parameters Wall Area (A) and Thermal Transmittance 

(U). However, in case of solar heat gain from windows, 

the Radiation Heat Flow Density may vary with the 

orientation of the window and additionally, with any 

shading devices used. Further, windows will contribute 

to both conduction and radiation heat flow rate, which 

may lead to a co-linearity between the predictor 

variables. Moreover, the impact of predictor variables on 

energy consumption may not be simply „additive‟ or 

linear but „multiplicative‟ and therefore non-linear. 

Hence, a Regression Model (such as expressed by 

equation 7) cannot accurately estimate the impact of the 

predictor variables „area of wall‟ and „U-value of wall‟ 

on heat gain/loss inside a building (and consequently, the 

„Cooling Load‟ (CL)). 

               CL= β0 + β 1*Awall + β 2*Uwall              (7) 

The strategy suggested to overcome this problem is, to 

add a product term to the main effect model (Jaccard and 

Turrisi, 2003; Cortina, 1993). This strategy was also 

used by Hygh et al. (2012) to refine their model. Doing 

this transforms equation 7 as below:  

CL =β0+β 1*Awall +β 2*Uwall +β 3*Awall*Uwall        (8) 

which is a more realistic model of the process. 

Trends for use of Modelling techniques 

Amasyali and El-Gohary (2018) reviewed 53 papers 

using various data driven techniques to make building 

energy predictions. Their analysis showed that, 47% of 

the studies reviewed employed the use of ANNs, which 

is significantly more than statistical techniques (24%), 

pointing towards a greater interest shown by researchers 

in this area. In fact, 72% of the studies used AI/ Machine 

learning techniques (ANN +SVM). A greater interest in 

AI techniques is attributable to better performance. 

 

Figure 5: Frequency of use of data driven techniques in 

various studies (Amasyali and El-Gohary 2018)  

A similar trend was reported by Ahmad et al. (2018) 

who have reported the use of ANNs in 41% of studies 

reviewed by them. 

Performance Analysis of various Techniques 

Qualitative assessment of basic modelling techniques 

To assess the suitability of various prediction techniques 

for application in early-design-decision support tools it is 

important to have an understanding of their capabilities, 

limitations and modelling approaches. Table 3 provides 

a broad comparative, based on methodology and 

modelling approach, building information & data 

required and the accuracy of results. 

Table 3: Comparative performance of prediction techniques; 

Source (Zhao and Magoulès 2012) 
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Elaborate/ 

Detailed 

Engineering 

Fairly 

high 

No  Low  Detailed Fairly 

high 

Simplified 

Engineering 

High  Yes High  Simplified High 

Statistical Fair  Yes Fairly 

high 

Historical 

data 

Fair 

 ANNs High No High  Historical 

data 

High 

SVM Fairly 

high 

No Low  Historical 

data 

Fairly 

high 

Whereas, model complexity for detailed engineering and 

simplified engineering methods is high, they also show a 

corresponding high accuracy of the result. Detailed/ 

simplified information of building geometry, weather 

etc. is required for Elaborate/Detailed Engineering as 

well as Simplified Engineering models. However, the 

high complexity of modelling along with the 

requirement of detailed information/inputs about the 

building is a deterrent for their use in early-design-

decision support tools.  

In contrast, the modelling complexity and the result 

accuracy of statistical techniques is „fair‟. But, the 

performance and capability in terms of prediction 

accuracy is limited because of an assumption of linearity 

which may not exist in reality. Also, the performance 

ANN
47%

SVM
25%

Decision 
trees
4%

Statistical 
algorithms

24%
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falls when the range of input parameters is significantly 

changed from the range of data set used for training the 

regression model. Running speed is high for simplified 

engineering methods and ANNs. Model complexity (not 

for end user) and prediction accuracy of ANNs and 

SVMs are again „high‟ / „fairly high‟ respectively. 

However, from the perspective of suitability for an early 

design decision support tool, data driven techniques 

present the opportunity of reducing modelling 

complexity for end user since only parametric inputs for 

predictor variables is required instead of a complex 

model of the building geometry. Moreover, much of the 

information regarding building geometry is not available 

at all in EDS. 

Quantitative assessment of modelling techniques 

For existing buildings, ANN based models have been 

shown to outperform BPS software. Neto and Fiorelli 

(2008) compared the performance of an ANN model 

with a BPS model (using EnergyPlus simulation) for 

predicting daily total electricity consumption (kWh) of 

Administrative Building of the University of Sao Paulo. 

EnergyPlus consumption forecasts presented prediction 

errors of 12% -16% in comparison to about 10% in case 

of ANN. Massana et al. (2015) compared three models 

(MLR, ANN and SVM) for making short term load 

forecast for a Non- residential building. MLR presented 

a Mean Absolute Percentage Error (MAPE) of 4.68% 

compared to ANN (0.45%) and SVM (0.06%). Chou and 

Bui (2014) compared prediction models with various 

techniques including ANN, SVM, CART, CHAID, GLR 

and ensemble model. 768 experimental datasets from the 

literature were used with 8 input parameters and 2 output 

parameters (cooling load and heating load). Ensemble 

model (SVM+ANN) showed substantially improved 

performance.  

Limitations of Data-driven Techniques/ Models 

1. They may not give accurate predictions if input 

values lie outside of their training data range. 

2. AI based models like ANNs are „black-box‟ models, 

they are not interpretable and do not provide a 

detailed understanding of underlying relationships 

between predictor and response variables. 

Conclusions and observations 

Data-driven techniques/ models are better suited for 

early design stage decision support tools as only 

parametric values of predictor variables are required as 

input. 

Performance of different techniques may vary from 

model to model depending on factors like input 

parameters used, type/quality of data available for 

training, suitability of a technique to the specific type of 

model etc. However, for EDS decision support, a normal 

distribution of prediction errors is important. 

Input parameters play a crucial role in model accuracy. 

Sensitivity analysis of input variables is desirable for 

parameter selection. Parameters like meteorological 

factors and occupant behavior are difficult to model 

accurately and bring an element of uncertainty in energy 

prediction. Uncertainty analysis and calibration of 

prediction models is suggested by Fumo (2014). 

AI and Machine learning techniques have been indicated 

as promising in literature because of „superior capability 

to handle the complex input and output relationship‟ 

(Raza and Khosravi, 2015). ANN based models show 

better performance than statistical and time series 

methods for forecasting problem and result accuracy can 

be enhanced using integrated/ensemble approach. 

No technique is universally better than others, 

performance-wise. However, authors Z. Wang, Wang, 

and Srinivasan (2018) and Z. Wang and Srinivasan 

(2017) have presented a strong case for ensemble 

methods coupling more than one techniques to improve 

performance.  

To sum up, Building Energy Prediction and 

Optimization requires careful selection of input 

parameters and modelling techniques, coupled with a 

suitable model-calibration strategy to ensure good 

performance and accurate results.  

Early-design-stage decisions require comparing multiple 

design options to evaluate implications of design 

decisions in terms of Capital and Operational/Life Cycle 

costs of buildings.  

Data-driven models can make the process simpler as 

they need elementary parametric information (available 

at EDS). These techniques can be used at the back-end 

of a tool, while the decision makers/end users are only 

required to think about the input parameters in a way 

that is common knowledge for them (example Built-up 

area, glass & other materials, window-to-wall ratio etc). 
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Abstract

The recent growth of the building performance re-
search community has been in parallel with the oneb-
uilding.org Bldg-sim email list. This list was formed
in 1999 and steadily grew into a major venue for
building simulation community announcements, dis-
cussions, and questions and answers (Q&A). This pa-
per presents an analysis of the Bldg-sim email archive
to determine how traffic has grown over the years and
what general trends have come and gone in this par-
ticular user community. We use a text mining ap-
proach to find the most prominent topics over the
years and create trend metrics from the frequency of
the most common words from those topics. The re-
sults illustrate the relative rise and fall of various soft-
ware tools, organizations, and simulation topics from
the portion of the simulation community who used
the email list. Visualizations showing the trends are
presented and discussed. The paper also discusses
the generalizability of results as it should be noted
that the users of this email list are primarily English-
speaking simulation practitioners from North Amer-
ica. All data and code used in this analysis are avail-
able in a reproducible GitHub repository.

Introduction

Many professionals in the building simulation domain
are members of the Bldg-sim email list1. This email
discussion list was created in 1999 as a means of
posting questions, announcements, and discussion-
starters for various topics in the building simulation
community. The volume of communication on the
email list grew and then receded steadily, following
the general trends of email list used for such pur-
poses. The reduction in traffic is due to other lists
that have gradually branched off Bldg-sim that focus
on more specific topics such as eQuest, EnergyPlus,
and TRNSYS. Also, other channels have taken over
some of the load, especially with the growth of the
now popular Q&A for building simulation platform
called unmethours.com2.

1http://lists.onebuilding.org/listinfo.cgi/

bldg-sim-onebuilding.org
2https://unmethours.com

The archive of Bldg-sim is publicly available as a
source of information about the topics of discussion
in the community. The emails from this archive are a
source for understanding the trends of subjects, soft-
ware, and stakeholders. Text mining is a maturing
field of data mining that combines various pattern
recognition techniques to extract high-quality insight
from large amounts of text. One field of text mining is
trend analysis; this sector focuses on the extraction
of various keywords over a time range to show the
growth or recession of various topics. Google trends
is a popular website that leverages text sources from
across the internet to show the popularity of various
terms and concepts3. In various research communi-
ties, trend analysis has gained traction as a means of
determining where a field is headed or where gaps ex-
ist to help target future focus. Some examples are in
business analytics (Moro et al., 2015) and psychiatry
(Abbe et al., 2016).

This paper provides an analysis of building simulation
community trends using data from the Bldg-sim email
list. We treat the list archive as a sample of commu-
nication from the domain represented by users that
have posted to this specific email list. The methodol-
ogy of data collection, processing, and text mining is
showcased, and the trend analysis results are given in
the format of time-series visualizations. A discussion
is included that provides context to the analysis and
discusses the limitations and generalizability of the
results.

Methodology

This section outlines the process of data extraction,
text analysis, and visualization. First, the email
archives from 1999 to 2019 were downloaded and com-
piled into text files to be processed. These files were
scraped from the public email list web archives4,5.
Various attributes were extracted from these files and
targeted for analysis such as author, date/time, and

3https://trends.google.com/trends/
4http://onebuilding.org/archive/

bldg-sim-onebuilding.org/index.html
5http://lists.onebuilding.org/pipermail/

bldg-sim-onebuilding.org/
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content. The topic modeling process utilized the
Scikit-learn package in Python using Non-Negative
Matrix Factorization (NMF) and TF-IDF weighting
(Pedregosa et al., 2011).

The first information extracted was the total volume
of traffic on the email list. Figure 1 illustrates the
monthly email volume on the list in the last 20 years.
For the first five years, email volume hovered around
one email a day (∼30/month) - a manageable amount
for even casual users. Sometime in mid-2007, the vol-
ume increased quickly to a peak of 360 emails per
month by July 2007. The monthly volume then sta-
bilized at around ∼150 emails and has been steadily
decreasing due to a split in the email list that oc-
curred in 2008 and the introduction of other channels
to the community.
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Figure 1: Monthly volume of emails from the Bldg-
sim email list archive.
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Figure 2: Frequency of top twenty words found in the
topic modeling process on each annual email content.
These and other selected words have been classified in
various categories and the frequency of their occur-
rence in the email archives are illustrated in Figures
3-8. Table 1 illustrates an example of six topics per
year with five words per topic.

To conduct the topic modeling, the text was trans-
formed to features in a way that their importance
within an email, and across all emails, is captured.
A common representation for this is a Bag-of-Words.
With this technique, text files are represented by their

word frequencies, ignoring the words’ relative position
in each document. However, in any language, some
words are presumed to be non-informative despite be-
ing rather frequent. These words are tagged as stop
words. Stop words should be removed to avoid us-
ing them as a signal for modeling (Silva and Ribeiro,
2003). Examples of these words in the English lan-
guage are words like and, the, her ; in an email sce-
nario, these words can be extended to words such as
from, by, subject. A matrix representation of all the
documents and their terms can be visualized as fol-
lows: 

o1
0 o1

1 . . . o1
t

o2
0 o2

1 . . . o2
t

...
...

. . .
...

on0 on1 . . . ont


Where onm is the term frequency count (o) of term m
in text n.

In a large collection of texts (also referred to as a
corpus), even after removing stop words, some words
will still be overly-represented relative to how inter-
esting they are for the analysis. Relying purely on
the frequency of occurrence will make these terms
stand out more than rarer though perhaps more in-
teresting terms. To minimize this effect, a weight
coefficient is added to the count features, known as
Term Frequency-Inverse Document Frequency (TF-
IDF), which will in turn capture more valuable infor-
mation about the documents for our queries (Ramos,
2003). The weight coefficient in this new representa-
tion comes from the IDF portion, which is calculated
in Scikit-learn as follows:

idf(t) = log
nd

df(d, t)
+ 1 (1)

where nd is the total number of texts, and df(d, t) is
the number of texts that contain the term t. Finally,
the resulting values are normalized by the Euclidean
norm:

vnorm =
v

‖v‖2
=

v√
v2

1 + v2
2 + · · ·+ v2

n

(2)

Resulting in the final formula for every term t :

tf(t) ∗ idf(t)

vnorm
(3)

With the different text of all documents being rep-
resented numerically, the unsupervised learning tech-
niques known as Non-negative Matrix Factorization
(NMF) is used to cluster documents (Li et al., 2014)
into topics and then find the top n highest-rank terms
in each topic as the most representative words for
such a cluster.

Table 1 shows an example of such an analysis where
the top six items for each year of the Bldg-sim data
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Table 1: The main analysis of this paper clustered ten topics per year with ten words recorded. This table shows
topics detected using the methodology using a smaller number of topics to fit in a single page. This table uses
six topics clustered per year with the top five words illustrated. The full list of topic detected in this analysis is
found in the project Github repository.

Topic 1 Topic 2 Topic 3 Topic 4 Topic 5 Topic 6
1999 doe, 1e, user, ver-

sion, software
research, ashrae,
information, look-
ing, bill

jason, administra-
tor, consultant,
analytics

number, jun, bill,
see, large

systems, software,
better, source,
available

thermal, pro-
gram, hourly,
interested, web

2000 doe, doe2, ener-
gyplus, powerdoe,
program

weather, hourly,
john, website,
find

heat, water, air,
temperature

software, develop-
ment, effort, uni-
versity, available

ashrae, research,
systems, projects,
engineer

public, private,
open, source,
software

2001 jason, problem,
today, gpc18,
analytics

weather, doe,
looking, street,
group

trnsys, engineer-
ing, university,
software

doe2, heat, 1e,
temperature

research, people,
ashrae, corp, vice

load, loads, doe,
office, equipment

2002 air, systems, con-
trol, floor, cooling

jason, il, analyt-
ics, busse, high-
way

powerdoe, dmi-
inc, ma, dmi,
savings

energyplus, avail-
able, software, in-
formation

doe, 1e, control,
modeling, case

weather, sources,
location, architec-
ture, doe2

2003 doe, equest,
chiller, doe2, 1e

mass, thermal,
air, cooling, heat

tamu, esl, jeff,
haberl, texas

yahoo, weather,
actual, equest

software, ar-
chitects, tools,
getting, architect

ashrae, leed, mod-
eling, method,
standard

2004 air, cooling,
equest, vav, water

radiant, heating,
systems, tempera-
ture, research

yahoo, equest,
gerald, daylight,
pde

weather, tmy2,
energyplus, pro-
gram

wall, window,
lighting, glass,
fenestration

vikram, jason, fo-
rum, sami, web

2005 equest, glumac,
window, con-
struction, vikram

bb, jeff, haberl,
tamu, texas

yahoo, spam, ger-
ald, tired, protec-
tion

energyplus, en-
gineering, green,
software, infor-
mation

heat, water, re-
covery, exhaust,
pump

floor, thermal,
temperature,
south, air

2006 air, cooling, heat,
water, tempera-
ture

energyplus, doe,
weather, software,
doe2

yahoo, spam,
tired, protection,
best

natural, venti-
lation, ramana,
koti, appendix

equest, kendra,
tupper, vikram,
sami

pv, bb, jeff, ibpsa,
bipv

2007 loop, heat, pump,
water, cooling

software, devel-
oping, modeling,
studioma, rosiers

baseline, leed, ori-
entation, existing

elevator, vikram,
elevators, sami,
direct

bb, jeff, haberl,
tamu, texas

nexant, unmet,
john, equest,
hours

2008 equest, weather,
floor, wizard, pro-
gram

air, heat, cooling,
water, load

baseline, leed, ex-
isting, appendix,
ashrae

pae, engineers,
jpeg, image, bytes

bnim, ramana,
consultant, koti,
elements

uk, paul, zed, cfd,
carey

2009 yahoo, loads,
cooling, roof, load

unmet, hours,
rosenberg, jim,
michael

fan, power, sup-
ply, exhaust, kw

air, leed, baseline,
ashrae, leakage

hay, cost, leed,
paul

ies, energyplus,
cfd, software,
equest

2010 baseline, cooling,
proposed, air,
heating

modeling, leed,
ibpsa, conference,
ashrae

john, eurek,
equest, nwo,
voodoo

whiteboxtechnologies,
weather, doe,
source, joe

perkinswill,
vikram, sami,
addressee,
chi01exmb

window, nick,
frame, smith-
boucher, glass

2011 baseline, air, fan,
proposed, ventila-
tion

sheffer, leed, cost,
marcus, hours

3d, font, span,
style, div

doe, haberl,
weather, comfort,
energyplus

nick, smith-
boucher, leed,
jpeg, caton

epsteinglobal, ce,
et, epstein, mar-
tin

2012 weather, energy-
plus support, ya-
hoo, groups, ener-
gyplus

heat, cooling,
heating, baseline,
water

alex, wichert,
robert, mark, jon

modeling, ibpsa,
leed, conference,
meeting

bre, uk, wales,
registered, eng-
land

cleantech, analyt-
ics, cleantechan-
alytics, sheelam,
khare

2013 ibpsa, energyplus,
iesve, modeling,
performance

weather, white-
boxtechnologies,
joe, binned,
huang

fan, wichert, seer,
robert, power

residential, floor,
dormitory, floors,
roof

thumb, loads,
christian, cooling,
rules

baseline, pro-
posed, air, venti-
lation, outdoor

2014 openstudio, per-
formance, model-
ing, ibpsa, train-
ing

plug, loads,
aeieng, chris, eac1

whiteboxtechnologies,
weather, joe, ra-
diation, low

jacobs, ven-
tilation, jim,
casework, base-
line

fan, curve, vav,
reset, archenergy

genopt, daysim,
command, batch,
bat

2015 actual, app,
models, jacob,
appendix

designbuilder,
training, days,
energyplus, open-
studio

julien, fan, light-
ing, gouv, dutel

weather, white-
boxtechnologies,
joe, utility, bills

certification, ex-
perience, techni-
cal, leed, usgbc

ibpsa, usa, news,
newsletter, sub-
scribe

2016 performance, ex-
perience, webinar,
research, leed

openstudio,
mc cid, mc eid,
uniqid, psdcon-
sulting

ibpsa, usa, confer-
ence, news

weather, white-
boxtechnologies,
joe, climate, epw

energyplus, work-
shop, openstudio,
designbuilder,
training

jones, jim, water,
thermal, intended

2017 cgi, 40gmail, suc-
cessfully, tresid-
der, entitled

network, go-
totraining,
attendee, per-
formance, register

jim, buildingper-
formanceteam,
dirkes, leed,
linkedin

ibpsa, usa,
buildingsimu-
lation2017, news,
conference

energyplus, open-
studio, workshop,
bigladdersoft-
ware, training

weather, joe,
whiteboxtech-
nologies, doe,
solar

2018 ibpsa, usa, news,
conference, uniqid

energyplus,
openstudio,
bigladdersoft-
ware, workshop,
training

weather, wind,
joe, rain, white-
boxtechnologies

webinar, perfor-
mance, tools, re-
search, modeling

tickets,
eventbrite, tool,
cost, optimization

lighting, linkedin,
leed, value, cgi
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Figure 3: General simulation terms that are commonly found in the topic discussions and have not fluctuated
significantly over time. The top area chart is the number of occurrences of the word in every six months and the
lower area chart is the percentage of the word’s occurrence relative to the other words in this particular analysis.
This visualization method is the same in Figures 4-8. These graphics are best viewed in color.
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Figure 4: Occurrence of concepts that are more specific to applications in which more volatility can be seen over
time. LEED starts slowly, but eventually becomes the most frequent word in the topic extraction process.

are extracted. In the table, each topic is represented
by five words from the process. These words give
a sense of the focus of that topic. The analysis for
this paper actually uses ten issues each year with ten
descriptor words. Figure 2 illustrates the highest fre-
quency words found in those topics throughout the
years. Each of the subsequent sections of this paper
is focused on grouping the words found in the top-
ics from year to year. These words have been tagged
with the categories: general concepts, software and
systems, and organizations and companies. The fur-
ther analysis highlights the most frequent users. The
overall trends of these categories are the main focus
of the following sections. These sections outline the
summary of changes of the most frequent words in
the total Bldg-sim corpus.

General Concepts and Terms

The next few sections analyze the temporal trends of
each category to show the frequency of use of var-
ious prominent words in the email list. The first
set of words interpreted are the most common and
somewhat generic terms. Figure 3 illustrates nine of
the top words considered generalized terms used in
the simulation process. They include words such as
performance, engineering, and other notations that
are common in the discussion of simulation of build-
ings. These terms seem to be reasonably consistent
over time, illustrating that general terminology hasn’t
changed significantly over time. This result is unsur-
prising as the way we describe the building simulation
process has likely not changed over these two decades.
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Figure 5: Software tools and engines that most commonly found in the topic models - major shifts have occurred
over the years - the most obvious being from doe2 to openstudio. The growth and recession of the discussions
of various tools is more volatile than the systems they simulate.
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Figure 6: Occurrence of building systems that are being discussed in the topics - these trends are more consistent
than the tools. A slow but steady increase in the prominence of lighting and day-lighting can be seen in the
trends.

Figure 4 illustrates words that are more specific to
certain concepts in simulation as applied to the built
environment. This visualization shows significantly
more volatility and, therefore, more interesting em-
pirical information about the popularity increase and
decrease of these topics. For example, LEED slowly
grew through the 2000s and has maintained at the
same level since 2009. This behavior matches the
growth of the LEED model creation process over that
period. Even though LEED itself has maintained
popularity, it seems that the concept of calculating
a baseline had its peak between 2008 and 2014, but
has since become negligible. This behavior is unusual
as perhaps the baseline creation process has become
mainstream, and the collective learning curve of the
community has reached maturity.

Systems and Software

Figure 5 illustrates the modulation of various simu-
lation software platforms discussed on the email list.
This visualization turns out to be one of the most fas-
cinating in that it captures the change of emphasis on
various programs over time. In the early 2000s, doe2,
equest, and trnsys dominated the discussions; this
insight follows the logic of the favorite practitioner
tools that were commonly used in that time frame.
The first program to make a dent in that dominance
was iesve at around 2009. The open studio platform
has slowly been gaining ground since about 2014 to
the point where it is now the most popular simula-
tion platform discussed. This situation is intuitive in
some ways, but engaging in that the popularity only
started at that time, as open studio had been avail-
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Figure 7: Trend of the various non-profit organizations that are most frequent in the topics over time. IBPSA
has recently overtaken ASHRAE over time.
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Figure 8: Trend of various companies, or for-profit entities, over the last twenty year. There is much more
volatility than the non-profit entities.

able for years before 2014. The demand for equest has
remained reasonably consistent over the years but is
also slowly being squeezed out.

Figure 6 captures the trends of the building system
types that are simulated and discussed on the email
list. There is much less variability over time as com-
pared to the software and specific concepts. The
insight gained from this analysis is that while our
tools and specific implementation objectives might be
changing over time, the core systems that we simulate
have remained fairly constant. One interesting varia-
tion is the slow, but steady growth of the lighting and
day-lighting topics. These two topics have been over-
shadowed by heating and cooling system simulation,
but are becoming more mainstream with the growth
of tools like radiance.

Organizations and Companies

Figure 7 shows the non-profit organizations that are
among the most frequent words in the topic model-
ing process. The ASHRAE organization has dom-
inated the discussion for many years, likely not just
due to the discussion of the organization, but also be-
cause of its various standards used in the simulation
process. This dominance has slowly eroded over the
last decade due to the progression of IBPSA. Orga-
nizations such as Texas A&M (tamu) University are
present for many years, likely due to a large num-
ber of emails sent by members labs there focused on
buildings. The United States National Laboratories
such as the National Renewable Energy Laboratory
and Pacific Northwest National Lab (nrel/pnl) are
present over time, as is the US Green Building Coun-
cil (usbgc).
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Figure 8 shows the companies, or for-profit entities,
that are among the most frequent words in the topic
modeling extraction. Most of these companies show
up in the email list due to people from those compa-
nies participating in the discussions. There is more
volatility over time with companies than with non-
profits. The results of this analysis should be taken
lightly as these companies are only the ones that show
up prominently in the topic modeling process, likely
because one of their employees becomes a vital con-
tributor of a particular set of discussions. For each
year, there are employees from dozens of other com-
panies that don’t show up on this analysis that also
have significant contributions to the talks.

Super Users

Since people are not just merely part of a topic, we
wanted to quantify the users based on the To/From
fields of the emails. An analysis using this method re-
sulted in a list of over 3,312 people - 126 of which have
posted 30 times or more. This situation proves there
is a reasonably large, active group of participants, and
many of the most active users are participating heav-
ily in the Q&A portions of the email list. To recognize
the top users in terms of the number of emails sent
on the list, we compiled a list of the top 20 posters of
all time, as seen in Table 2. One interesting finding
is that the topic modeling process failed to capture
many of the top users of the platform. This situation
is likely due to the TF-IDF algorithm filtering names
that are found in multiple topics, thus relegating the
names as words as they are not specific to a single
topic. Users who comment on a diversity of issues
would not show up in the topic modeling process it
seems.

Table 2: Top users on the platform by number of
emails from the last twenty years.

User Email Count
Nick Caton 309

John Aulbach 289
Jason Glazer 275
Joe Huang 254
Jeff Haberl 251

Vikram Sami 246
Jim Dirkes 205

David Eldridge 192
Drury Crawley 184

Chris Jones 184
Varkie Thomas 183

Karen Walkerman 158
Robert Wichert 138
Brandon Nichols 122

Chris Yates 106
Leen Peeters 99
Ramana Koti 97
Carol Gardner 90

Mike Tillou 85
James Hansen 84

Generalizability of results

This paper is not meant as a comprehensive analysis
of the entire building simulation community. It would
be impossible to collect all correspondence emails
from all people in the simulation community to accu-
rately capture the entire community’s trends. There-
fore, this analysis is only applicable to the popula-
tion represented by the users of this particular email
list. It is outside the scope of this paper to create a
detailed demographic or professional analysis of the
users of the platform; however, there are general at-
tributes that allow us to make certain assumptions
about the generalizability of the results. The follow-
ing are a list of points to consider when interpreting
the usefulness of the results:

• The email list is primarily in the English lan-
guage; thus the population captured is likely
from North America, Australia, New Zealand,
and parts of Europe where a large percentage of
practitioners and researchers use English as their
working language.

• Further, while ASHRAE and IBPSA have a large
international reach, many of the other non-profit
organizations and companies are based in the
United States. This suggests that the topics,
tools, and users are likely biased towards the
simulation community in the USA and Canada.
This insight is reinforced when looking at the top
20 users of the platform over the years, as most
of them are based in North America.

• The prominence of free, open-source simulation
tools in the email list points to the fact that
these platforms generally only have community-
driven support for users. This situation can be
compared to for-profit simulation tools that will
often include on-demand support from the ven-
dor. Open-source tool users are likely going to
be more active on this email list.

• The analysis shows that the use of software tools
has transitioned from tools like equest to newer
platforms like openstudio. This transition more
closely resembles what would be expected from
simulation practitioners rather than researchers.

• The splitting of this more general topic email list
into more niche lists that focus on simulation en-
gines like equest and transys likely have had an
influence in the slowdown of traffic for those top-
ics. The impact of those lists was not accounted
for in this analysis.

• Other text mining methodologies could produce
slightly different results based on the methodol-
ogy in which the keywords were chosen. Read-
ers are welcome to reproduce the analysis in this
paper and use different combinations of words to
understand various issues that are important to
them.
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Conclusion

The analysis of the email archive of the BLDG-SIM
list has uncovered numerous interesting building en-
ergy simulation trends over time. This analysis is
relevant to the population of practitioners who have
regularly used the platform over the last twenty years.
Some of the most prominent insights include:

• Most of the general simulation terminology such
as type of system or application has changed lit-
tle in twenty years

• There have been major shifts in the types of sim-
ulation tools with major phase transitions occur-
ring every 5-10 years. These results show ex-
actly when the adoption of new platforms (such
as open studio) actually occurs, often years after
they are introduced.

• One of the key open-source community shifts has
been the transition from doe2 and equest to their
modern relatives energyplus and open studio. In-
terestingly, these transitions occurred long after
the introduction of the tools to the community.

• The simulation of heating, cooling and ventila-
tion systems maintains a strong majority, but
lighting and daylighting systems are slowly gain-
ing ground.

• Non-profit organizations’ popularity has had
shifts on the email list over time, the most promi-
nent being the focal point shift from ASHRAE
to IBPSA over the last five years

• For-profit companies have shown a lot of volatil-
ity, mainly due to the activity levels of a few
employees. The applicability of this analysis of
these entities was found to be limited by this
methodology.

• While the email users numbered at above 3,300,
the heaviest users (30 or more emails in twenty
years) was 126. The top 20 users include several
key industry and academic thought leaders; how-
ever, the results are mostly limited to the USA
and Canada communities.

While many of these conclusions are intuitive, this
publication is the first that has attempted to em-
pirically quantify these shifts to detect the speed or
length of these transitions.

Future work

Over the last five years, the volume of the email
list has reduced due to the increase in use of the
www.unmethours.com website. There are less emails,
but they are more focused on the non-Q&A simula-
tion topics such as announcements. Unmethours has
rapidly grown with over 6,834 questions posted as of
May 2019. This knowledge source should be analyzed
in a similar way to better understand the trends from
2015 and into the future. A combination analysis of
emails and Q&A websites would provide a more com-
prehensive overview of the field. The results from this

source could likely be considered more generalizable
as a publicly-accessible website should have more di-
versity than the Bldg-sim email list. The site also has
the benefit of collecting other types of user behavior
information like up and down votes, traffic informa-
tion, and the number of answers per question.

Reproducibility

The entirety of this analysis from data collection to
visualization is reproducible through a set of Jupyter
notebooks and guidance hosted on Github6. The au-
thors encourage feedback and community-driven fur-
ther analysis.
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Abstract 
This research tests the potential susceptibility of a 
prevalent, residential, wall assembly to the risk of 
sustained mold-growth in predicted future climate 
conditions. Here, the authors demonstrate a methodology 
that combines hygrothermal and mold-growth simulation 
tools with future weather files. This paper also explores 
the sensitivity of the results to predicted weather 
conditions, using nine weather context simulations for 
one city and separating the effect of rainfall from other 
climatic factors. The results illustrate how future climates 
may provide adequate conditions for sustained mold-
growth in a wall assembly where no such problem exists 
today. This study demonstrates the potentially widespread 
need for this type of analysis. Further, the method lays the 
groundwork for exploring building designs and material 
selection from the perspective of climate resilience. 

Introduction 
Climate change is broadly changing temperature and 
moisture regimes (Easterling et al., 2018), which will 
inevitably translate into implications for physical 
structures and indoor environments (deWilde, 2012). 
Given that building standards and codes in the U.S. and 
elsewhere have not yet evolved to require forward-
looking climate information (GAO, 2016), the incidence 
of climate-sensitive building envelopes among the 
existing building stock may be significant. Simulating 
emerging risks can help guide design and lifecycle 
decisions toward the goal of achieving buildings that are 
more resilient (Kurth et al., 2018), in that they are better 
able to plan and prepare for, absorb, recover from and 
adapt to stressors and disruptive events (American 
Institute of Architects (AIA), 2014; US National Research 
Council (NRC), 2012).  

A significant concern of envelope design and building 
operation is moisture control (Odom and DuBose, 1996) 
and consequently risk of mold, which can thrive on 
building materials under specific temperature and 
moisture conditions. Mold can have health and financial 
consequences and is a sign of vulnerability of a timber 
structure (Mjörnell et al., 2012; Heseltine and Rosen, 
2009).  

Whereas typical hygrothermal simulation studies focus on 
vapor condensation within an envelope assembly, 
understanding how best to enhance the resilience of 
envelopes to future climates requires a more 

comprehensive analysis of materials’ humidity and 
temperature conditions over time. This is necessary in 
order to identify potential future susceptibility to mold 
growth and appropriate and cost-effective strategies to 
mitigate risk, recover from failure, and adapt current 
designs.  Fortunately, there is a growing body of literature 
on mold-growth risk, as well as several mathematical 
models created to calculate mold-growth based on 
moisture and temperature. (Gradeci et al., 2017; Hukka 
and Viitanen, 1999; Isaksson et al., 2010; Togerö, 2011; 
Sedlbauer, 2001; Johansson et al., 2010; Gobakken et al., 
2010, Moon, 2005; Geving, 1997; Clarke et al., 1999).  

Therefore, simulation can play an essential role in 
understanding the susceptibility of existing building 
envelopes –which were originally designed to perform 
under potentially outdated climatic norms– to mold 
occurrence under new climatic regimes. Simulation 
represents an important tool since the dynamics of 
biological activity and environmental conditions yield 
non-intuitive outcomes (Gradeci et al., 2018).  

Numeric modeling, such as WUFI Pro 6 (Zirkelbach, 
2007), applies exterior weather conditions (e.g., 
temperature and relative humidity) and operational 
controls (e.g., HVAC and interior setpoints) to a defined 
envelope assembly to simulate hygrothermal transfer 
across each material. Several researchers have validated 
the simulation capacity of WUFI PRO by comparing it to 
field measurements of moisture levels in building 
materials (Alev and Kalamees, 2016; Hägerstedt and 
Arfvidsson, 2010; Mundt-Petersen and Harderup, 2013). 

A secondary mathematical model such as the empirically-
based VTT model (Ojanen et al., 2010), described later, 
can calculate the micro-environments where mold might 
occur in and on each assembly material. At each time step, 
based on governing factors, conditions could be found to 
be favorable for mold, resulting in growth, or unfavorable, 
resulting in delay or decline (Gradeci et al., 2017).  

While the hygrothermal performance and, to a lesser 
extent, mold-inhibiting performance of building 
envelopes is relatively well-studied (Pihelo et al., 2016; 
Langmans et al., 2012; Hall et al., 2013; Gullbrekken et 
al., 2015), the question of how resilient current façade 
designs will be to future climate-related shocks and 
stresses remains underdeveloped. Specifically, the 
existing mold-modeling literature has not included 
simulation under future weather conditions and the 
repercussions of a changing climate to envelope design 
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(Viitanen et al., 2015; Watt et al., 2015; Clarke et al., 
1999). 

The hypothesis, for which a modified methodology is 
required, is that envelope designs warrant rethinking for 
new climatic conditions. For example, in mixed (hot and 
cold) climates, traditional placement of a vapor barrier 
inboard of the insulation may prove to be suboptimal 
under future climate scenarios, trapping internal 
condensation and creating conditions for mold growth.  
Therefore, in this paper, we demonstrate a framework for 
identifying an elevated risk of mold-growth under future 
climate conditions. This research takes a conventional 
residential building envelope assembly in the northeast of 
the United States and simulates its hygrothermal and 
mold-growth performance under morphed future weather 
files. The results demonstrate the potentially widespread 
need for this type of analysis. 

Methodology 
Overview 

The methodology consists of three main steps. First, 
morphing weather files from current weather data to a 
future year using existing EnergyPlus weather files 
(EPW) or a Typical Meteorological Year data file (TMY). 
Second, performing a hygrothermal simulation of a 
defined building envelope in WUFI Pro. And third 
analyzing the mold occurrence potential from simulated 
temperature and moisture data of the interior of the wall, 
with use of the VTT model (Viitanen 1996; Hukka and 
Viitanen 1999; Viitanen et al. 2000; Viitanen and Ojanen 
2007). The result is a mold-growth index time series that 
spans both a three year and a 10-year simulation. Here, 
this study tests the impact of both water vapor and 
(separately) rainfall on mold-growth. 

Future Weather Files 

In this research, we select New York City for a case study, 
because it lies within the American Society of Heating, 
Refrigerating, and Air-conditioning Engineers 
(ASHRAE) climate zone 4A, a mixed and humid climate 
zone that will generally see an increase in heat and 
specific humidity in the future, with little change in 
relative humidity (Brown and DeGaetano, 2012; Dai, 
2006; Trenberth et al., 2007; Willett et al., 2008). 

The first step is to morph a typical weather file to a future 
climate-change scenario. The tool used in this research is 
CCWorldWeatherGen weather file generator V1.9, which 
transforms a typical year weather file to a future 
projection based on data from the Intergovernmental 
Panel on Climate Change (IPCC) Third Assessment 
Report, HadCM3 A2 experiment. “Morphing” 
superimposes climate change simulation results on 
existing hourly weather data series (Jentsch et al., 2008), 
which allows for simulation under future weather 
predicted conditions. Jentsch et al. (2013) state that the 
morphed results are likely to underestimate the effects of 
climate change, even though these future weather files are 
morphed under the IPCC A2 emissions scenario.  

This morphing methodology was initially developed to 
transform weather data from the United Kingdom by the 

Sustainable Energy Research Group. Today it has been 
expanded to other weather file formats including EPW 
and TMY2/3 by Belcher, Harcker and Powell (2005). 
CCWorldWeatherGen is a free tool that works within 
Microsoft Excel to run the morphing calculations. One 
shortcoming of the tool is its inability to morph data 
related to precipitation and radiation, including visibility, 
ceiling height (m), aerosol optical depth (0.001), snow 
depth (cm), albedo (0.1), liquid precipitation depth (mm), 
and liquid precipitation quantity (hr). This shortcoming is 
because the ‘present day’ CIBSE TRY/DSY data that is 
the basis of the software does not contain information on 
rainfall, and thus the tool does not include rain data in the 
morphed weather file. (Jentsch, 2010) 

Because the future precipitation patterns are particularly 
uncertain, we chose to test the impact of rain data in our 
hygrothermal simulations using two methods. First, we 
ran the simulations with no precipitation. Second, we 
manually added rain data, as described below, into the 
morphed files via Excel.  

The U.S. Department of Energy has three weather files for 
New York City in their EnergyPlus database. Each 
weather file has specific conditions of temperature, 
relative humidity, and rain. We took two very different 
cases: the weather data from New York J. F. Kennedy 
(JFK) International Airport 744860 (TMY3), which 
contains rain data (normal to a horizontal surface), and 
New York Central Park 744860 (TMY2), which does not 
include rain data. We morphed these two weather files 
with CCWorldWeatherGen to the year 2080 and manually 
added the missing rain data columns from the original 
JFK TMY3 file.  

Rainfall data can be essential for hygrothermal 
simulations, and therefore WUFI Pro has a database of 
weather files under the format of WUFI Binary Climate 
(WBC) that contain rain load (as well as radiation load 
incident on vertical surfaces). We elected to use rainfall 
data that shows less precipitation overall (compared to the 
WUFI database files of New York City) to be 
conservative about the influence of rain. Figure 1 shows a 
comparison with WUFI’s New York City weather files 
provided: “cold year” and “warm year” which are the 
10%-coldest and the 10%-warmest year selected from 30 
years, and “ASHRAE Year 1”, which is the most severe 
typical weather file “concerning moisture damage within 
the building envelopes according to ASHRAE RP 1325” 
(Zirkelbach et al., 2007; Wufiwiki Dialog).  

Several authors have demonstrated that the validity of the 
underlying ‘present day’ data is critical to the outcome of 
future weather morphed files (Jentsch et al., 2013; 
Belcher et al., 2005). Figure 2 shows the dry-bulb 
temperature and relative humidity conditions in the 
original and morphed (future) weather files.  One can see 
that even though the relative humidity levels drop slightly 
(in average 4.16%) in the future files, the temperatures 
increase in average 4.7°C. This means that the absolute 
water content of the air increases in general by 
approximately 4 g of water per kg of dry air. Mold growth 
is sensitive to both high moisture and high temperature, 
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Figure 1: A comparison of Rain data from different weather files of New York City. Top to bottom: WUFI Cold Year, 

WUFI Warm Year, WUFI ASHRAE 1 (worst case scenario), and TMY3 John F. Kennedy Airport

 

Figure 2: Comparison of Relative Humidity and Dry Bulb 
Temperature between two typical year weather files in 
New York City and their 2080 future weather files.  

  ̶  TMY3 JFK Airport 

 ̶  2080 TMY3 JFK Airport

  ̶  TMY2 Central Park 

 ̶  2080 TMY2 Central Park 

Hours (1 year) 
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so this sets a more inducive environment for growth. 
Figure 2 also shows the difference between the two EPW 
files of New York City (JFK and Central Park). The 
temperatures are similar between both EPW weather files, 
but the difference in humidity will impact the mold-
growth results. 

Hygrothermal Model 

In this research, we use WUFI Pro 6 (Zirkelbach, 2007), 
which is a dynamic hygrothermal simulation software that 
simulates vapor diffusion, as well as moisture and heat 
transport through building materials and exceeds the 
steady-state calculation method used by most architects. 
The program divides the parameters into three sections: 
the component (comprised of a building envelope 
assembly of materials, orientation, surface transfer 
coefficient, and initial conditions); the control (the 
calculation period and related numerical parameters); and 
finally, the outdoor and indoor climates. WUFI Pro allows 
the user to collect hygrothermal data from any depth on 
the wall section, and therefore analyze how the materials 
are reacting to temperature and moisture changes. 

Wall Assembly 

The component modeled is the exterior wall of a typical 
lightweight timber building construction, often found in 
existing residential buildings located in the mixed climate 
of the northeast United States. This wall configuration is 
part of the typical wall sections listed in the Exterior Wall 
Assemblies section 11.293 of Architecture Standards 
(Hedges, 2017).  

 
Figure 3: Wall Section. Materials left (exterior) to the 
right (interior): Fiber Cement Sheathing Board (8mm, 
0.3 inches), Vapor Retarder 1 perm (1mm, .04 inches), 
Oriented Strand Board (13mm, 0.5inches), Cellulose 
Fiber Insulation (89mm, 3.5 inches), Air and Vapor 

Barrier 3M 3015 (1mm, .04 inches) and Gypsum Board 
(13mm, 0.5 inches) 

As shown in Figure 3, the wall section includes cellulose 
insulation between Douglas fir stud-framing. The total 
thickness of the wall is 12.4 cm and has a U-Value of 
0.345 W/(m2 K) [R-value of 15.39 (ft2 °F h)/BTU]. The 
wall is oriented north to avoid most direct solar radiation 
interference, and the initial condition of the assembly is 
80% relative humidity and a temperature of 20°C (68°F).  

WUFI Parameters  

The research compares two simulation periods to 
understand the growth and decay of mold. These are three 
years for an initial comparison and then ten years to 
confirm that mold will be sustained over time. The indoor 

climate follows ASHRAE 160 standards (TenWolde, 
2008), keeping indoor conditions between 21.1°C (70°F) 
and 23.9°C (75°F) via mechanical cooling and heating. 
We also specified the interior moisture loads (i.e., gains 
due to people and indoor activities) as 0.00014 kg/s, and 
the maximum indoor relative humidity is capped at 50%, 
via mechanical dehumidification. 

Mold Model 

The VTT model, developed by VTT Technical Research 
Centre of Finland (Hukka and Viitanen, 1999), was 
selected for this research. The model’s overlaying 
equations are a result of experimental studies in a 
laboratory with pine sapwood (Viitanen and Ritschkoff, 
1991), which later was updated to other building materials 
by Ojanen et al. (2010). Several research papers validate 
this model and detail the differential equations and 
regression models used to arrive at a mold index (MGI) 
(Viitanen et al. 2015; Ojanen et al., 2010; Gradeci et al., 
2018). The mold simulation model accounts for growth 
and decline based on three parameters: dry-bulb 
temperature, relative humidity (water content), and the 
material sensitivity to mold-growth. The growth 
computation is based on the original Equation 1: 

∙ . . . . .
𝑘 𝑘   (1) 

Where: T is temperature, RH is relative humidity and k1 
and k2 are intensity coefficients. W refers to the timber 
species and SQ the surface quality (that only applies to 
types of wood, otherwise it is calculated as 0). The 
calculation is computed hourly, and it simulates both 
mold-growth and decay. The mold-growth index ranges 
from zero, which represents no growth, to six, which 
represents 100% surface coverage of "tight and heavy" 
mold-growth.  

Table 1: The VTT Mold Growth Index (MGI)  
(Ojanen et al., 2010) 

Index Growth Rate 

0 No growth 

1 
Small amounts of mold detected only with a 

microscope, initial stages of local growth 

2 
Several local mold-growth colonies on the surface 

detected with microscopy 

3 
Visual findings of mold on surface <10% coverage, 

or <50% coverage of mold (microscope) 

4 
Visual findings of mold on surface, 10%–50% 

coverage, or >50% coverage of mold (microscope) 

5 
Plenty of growth detected visually, >50% visual 

coverage 

6 
Very heavy and tight growth detected 

visually (coverage 100%)

Most building materials have enough nutrients for mold-
growth (Kalamees and Vinha, 2004), and lightweight 
timber building envelopes with cellulose insulation are 
especially prone to mold growth. Susceptible materials, 
such as pine wood or paper products, start developing 
mold-growth with a relative humidity of 80%.  

This research uses the WUFI’s Mould Index VTT 2.0 
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program. This software uses simulation results from 
WUFI Pro to test mold growth in each material separately. 
The tool requires a user to export humidity and 
temperature hourly data from the material WUFI 
simulation as the “climate” input for the mold simulation. 
In addition to this, a user needs to specify the sensitivity 
of the material to mold growth, which can be custom or 
chosen from a list of standard materials provided by VTT.  

The relative humidity and temperature data from within 
the wall assembly are extracted from the WUFI Pro 
simulation sensors as a .csv or .asc file. We collected data 
from several virtual interior sensors to understand the 
moisture accumulation in each material of the wall. We 

found that relative humidity was higher within the 
insulation and timber cavity of the wall, therefore we 
extracted the moisture and temperature data from each 
side of the insulation layer. The interior face of the cavity 
showed higher relative humidity. We then used this data 
to simulate the mold-growth in the Douglas Fir timber 
framing. The VTT classification of “pine sapwood” 
includes Douglas Fir, a common wood species used in 
lightweight timber residential walls. Pine sapwood is one 
of the most sensitive material in the VTT library and 
probably the most well-studied one since it was the base 
substrate to produce the original mathematical VTT 
model. We used the default sensitivity and specifications 
of pine sapwood for our mold index simulations.

 

      

              
 

 

 
Figure 4: (a) Mold Index simulation of pine sapwood interior structure of wall assembly from five current typical 

weather files. (b)Mold index comparison of pine sapwood under TMY3 JFK weather file and its morphed version to the 
year 2080. (c) Mold index simulation of the interior pine sapwood from two future weather files of New York City, with 
and without rain data. The dashed line in red shows the threshold of Mold Index of 3, where mold becomes visible to 

the naked eye. 

 

      ̶  TMY3 JFK with rain 

      ̶  TMY2 Central Park without rain 

      ̶  WUFI NYC Cold Year with rain 

  ̶  WUFI NYC Warm Year with rain 

  ̶  WUFI NYC ASHRAE 1 with rain 
      (extreme conditions)  

      ̶  TMY3 JFK with rain 

      ̶  2080 Morphed TMY3 JFK with rain 
 

      ̶  2080 Morphed TMY3 JFK with rain          ̶  2080 Morphed TMY2 Central Park with rain 

      ̶  2080 Morphed TMY3 JFK without rain      ̶  2080 Morphed TMY2 Central Park without rain 

(a) (b) 

(c) 
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Results 
“Current Climate” Results 

The interior of the wall assembly performs as expected 
using current EPW weather files; it shows minimal mold-
growth that does not pose problems to the building 
integrity or the indoor air quality, see Figure 4a. More 
specifically, the simulation results using the five original 
New York weather files (WUFI warm year, WUFI cold 
year, WUFI ASHRAE 1, TMY3 JFK and TM2 Central 
Park) do not surpass a mold index of 1.25. This low index 
indicates minimal local mold that would only be 
detectable under a microscope and is categorized as 
acceptable by the VTT model (Gradeci et al., 2018).  

“Future Climate” Results 

However, the simulations from the 2080 future weather 
files show a substantial increase in mold-growth 
compared to the ones from current weather data. Under 
future weather conditions, moisture builds up within the 
wall due to the higher moisture content of the outside air 
and the higher temperature difference between a warmer 
exterior climate and a constant interior set-point 
temperature of 23.9°C (75°F).  

Figure 4b shows the simulation results from the TMY3 
JFK file (red) and its morphed 2080 derivative (black). 
The future weather file simulation yields five times the 
mold-growth predicted under the current typical year file. 
This result indicates that future conditions may have a 
severe impact on existing walls, such as this case. 

The Impact of Weather Files 

The ‘present day’ climate results in Figure 4a show that 
these five simulations yield very different results even 
though all of them refer to the same wall assembly under 
New York City weather conditions. One might expect 
different outcomes from the WUFI “warm year,” “cold 
year” and the “ASHRAE 1” extreme weather scenario but 
may find it surprising that the EnergyPlus typical year 
weather files also produced such different results. The 
simulation from the TMY3 JFK station, shown in red, is 
four times higher than the mold index from the TMY2 
Central Park station simulation, shown in orange. One of 
the main differences between these two files is that the 
TMY2 Central Park file is missing rain data. However, 
they also differ in other respects, such as relative 
humidity, since these weather files are an amalgamation 
of weather from typical days from a different pool of years 
(Wilcox and Marion 2008). Therefore, we performed 
several simulations to test the sensitivity of the results to 
different weather files, testing both the impact of rain and 
the other weather conditions. 

Figure 4c shows a simulation of 10 years using the four 
morphed EPW files from two sources, the TMY3 JFK and 
TMY2 Central Park data, each with and without rain data. 
All conditions result in mold-growth within the first six 
months, partially due to the initial conditions of the 
model, where all materials started with 80% relative 
humidity and a temperature of 20°C (68°F). However, the 
simulation from the 2080 TMY2 Central Park file without 
rain (pink), does not reach a mold index of 3 and declines 

to an index of 0 within five years, then remaining under a 
threshold of significant growth. 

In stark contrast, the simulation from the 2080 TMY3 JFK 
weather file with rain (black), surpasses the index of 3 
within the first winter and remains in seasonal fluctuation 
just below the index of 4 for the entirety of the simulation 
period. An index of 4 refers to visual findings of 10% to 
50% mold surface coverage apparent to the naked eye, or 
more than 50% coverage of mold under a microscope 
(Ojanen et al., 2010). This high mold-growth is a 
consequence of higher temperatures and higher moisture 
in the exterior climate. Results from Figure 4c show the 
potential importance of rain data, even though these are a 
result of adding the record with the least precipitation of 
the four weather files. Even in the same wall model, rain 
data can either be the defining factor of mold-growth, or 
it can be almost negligible. It seems that in scenarios 
where the moisture and temperature conditions are at the 
threshold of decay, like we see in the TMY2 Central Park 
plot (pink), rain data (green) adds the extra moisture 
needed for constant mold-growth and maintains a 
permanent mold colony for ten years. 

Discussion 
Future climates may present an elevated risk of mold-
growth in building envelopes and subsequently, could 
pose a risk to indoor environmental quality (Dales et al., 
1991), as well as building stability and useful life span via 
damaged wall structures. 

As described in the introduction, in traditionally mixed 
(hot and cold) climates, such as New York City, architects 
frequently placed a vapor barrier inboard of the insulation 
layer to protect against vapor flow under cold conditions. 
This decision is suboptimal on summer days when hot, 
moist air migrates into the cool wall (kept so by insulation 
and air-conditioning), raising its relative humidity, 
sometimes even to the point of condensation, which 
cannot dry toward the interior due to the vapor barrier. As 
expected, the results of our simulations confirm that, 
under the current climate conditions, this situation of 
suboptimal performance is infrequent enough that 
prolonged high-moisture and mold-growth are not a 
serious risk in the wall assembly modeled. However, the 
results also indicate that a warmer and moister (at least in 
terms of absolute humidity) climate would indeed pose a 
risk, since the situation that creates conditions for mold-
growth would occur more frequently and for a more 
prolonged period.  

Our study demonstrates one potentially problematic 
scenario, thereby illustrating a widespread need for this 
type of investigation since the problems identified here 
are likely to be present in other combinations of wall 
assemblies and future climate conditions. Furthermore, 
climate change could pose an increased mold-growth risk 
in other ways as well. For example, mold risk may be low 
under normal operating conditions but amplified by 
increasingly probable extreme weather events followed 
by power outages, since a properly functioning HVAC is 
often crucial to managing excess moisture inside 
buildings. Wetting scenarios, e.g., wind-driven rain and 
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flooding, may also pose increased risks and, therefore, 
should be included in simulations to represent sources of 
envelope failure. Ironically, well-intentioned climate 
mitigation practices, such as adding more insulation to a 
traditional design or switching to organic-based materials 
to reduce embodied energy, might inadvertently 
exacerbate the risk of mold growth in a warmer climate. 

Future Work 

Our study demonstrates a framework for this type of 
analysis, i.e., one that includes hygrothermal and mold-
growth simulation considering future climates. It also 
identifies some of the uncertainty of existing methods 
considering the sensitivity of the results to the quality and 
accuracy of the weather data input. Other authors have 
indicated this relationship (e.g., Alev and Kalamees, 
2016; Gradeci et al., 2018) and the necessity to use 
accurate climate context data. Predicting climate data is 
an extensive and quickly-growing field of research. Also, 
more empirical studies are needed to underpin further the 
mold modeling calculations, which is also an active field 
of research.  

In ongoing research, the authors are continuing to assess 
envelope assemblies under projected climate conditions. 
Future research will investigate how building envelope 
design decisions, such as insulation levels and choice of 
materials, can impact the risk of mold-growth. The 
methodology presented here and similar ones for 
understanding the performance of other building 
components, in combination with financial and decision 
analyses, are advancing the concept of resilience for the 
building industry. For example, this approach can be 
applied with a life-cycle cost analysis to translate risk and 
resilience outputs into economic decisions for existing 
constructions as well as to new and prospective building 
designs.  

Conclusions 
This research develops a framework that combines 
existing hygrothermal and mold-growth simulation tools 
with future weather files, including a proxy for future 
rainfall data. This method has the potential for 
determining a metric for building resilience. Through this 
study, we conclude that the wood stud assembly analyzed 
is maladapted to future climate conditions and faces a risk 
of prolonged mold-growth and moisture accumulation 
inside of the wall. The wall assembly analyzed represents 
a sizable number of buildings. Our finding of potential 
future moisture/mold problems is critical because it 
reveals the overarching issue of climate change adaptation 
and the need to consider resilience in building standards. 
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Abstract 

A new zone air balance method has been developed for 

EnergyPlus to allow the simulation of more than one air 

handling unit (AHU) serving the same zone. The new 

method allows each zone to be served by one or more 

AHUs and one or more zone HVAC units. The zone air 

mass flow balance allocates return air flows to multiple 

AHUs while accounting for zone exhaust flows, 

infiltration, and interzone mixing. At the same time, each 

AHU must balance supply and return flow with available 

outdoor air. Infiltration and interzone mixing flows may 

be automatically adjusted. The method can model various 

applications which previously could not be modeled or 

required awkward workarounds including pressurized 

systems (hospital), transfer air (food service), dedicated 

outdoor air systems in parallel with multi-zone VAV 

systems (school), and systems with no return 

(warehouse). This paper documents new algorithms at the 

heart of the EnergyPlus HVAC simulation. Modeling 

multiple air handlers serving the same zone(s) is a 

significant new capability for a widely used building 

energy modeling tool. 

Introduction 

EnergyPlus (U.S. Department of Energy, 2019) is an 

open-source whole building energy modeling tool 

originally released in 2001. From its inception, it has been 

limited to one air handling unit (AHU) per zone plus any 

number of zone HVAC units. This single-AHU limitation 

and a general inability to control return air flow frustrated 

users for a variety of applications which previously could 

not be modeled or required awkward workarounds 

including pressurized systems (hospital), transfer air 

(food service), dedicated outdoor air systems (DOAS) in 

parallel with multi-zone VAV systems (school), and 

systems with no return (warehouse). 

DOAS systems have been promoted by Stanley Mumma 

since the 1990s “as a way to improve energy efficiency 

while meeting tighter ventilation requirements” (Manuel 

2003). In Mumma’s many publications on the benefits of 

DOAS systems, several system configurations are 

suggested, including DOAS in parallel with FCU (fan coil 

units or other similar zone units), DOAS in parallel with 

radiant or chilled beam, and DOAS in parallel with VAV 

(Mumma 2003 and 2010). Of these, EnergyPlus could 

model all of them except DOAS in parallel with VAV. 

Two prior development efforts sought to overcome this 

limitation. In 2010, a single-zone dedicated outdoor air 

(DOAS) model was added to EnergyPlus version 5.0.0 

(Chae and Strand, 2010). This model allowed the user to 

add a DOAS system to a multi-zone AHU by breaking it 

into multiple single-zone DOAS units. In 2011, a special 

air terminal unit was added to EnergyPlus version 7.0.0 to 

allow a DOAS to be modeled using one side of a dual-

duct AHU while using the other side of the dual-duct 

system as a recirculating VAV system (Miller and Sekhar 

2010). These capabilities improved the ability to model 

DOAS systems, but each came with limitations, and 

neither one was straightforward for users to implement. 

To meet this need, as well as other applications, in 2017 

(version 8.8.0) a new zone air balance method was 

developed to allow the simulation of more than one AHU 

serving the same zone. Some improvements were added 

to the method in early 2019 (for version 9.1.0). This paper 

describes the original air balance method, the new method 

and some example results comparing the original method 

(with workarounds) against the new method. References 

to specific EnergyPlus syntax are provided for clarity. 

Original single-AHU method 

The original zone air balance method assumed that each 

zone would have only one (or no) return air node. This 

imposed a limit of one AHU serving any given zone, 

along with any number of zone HVAC units (e.g. fan 

coil). 

Default method 

The default single-AHU zone air balance method looks 

only at HVAC and exhaust fan flows, ignoring infiltration 

and zone-to-zone (mixing) flows. The method sums all 

inlet flows, less all zone HVAC exhaust flows, less zone 

exhaust fan flows and sends the remainder to the AHU 

return.  

 �̇�𝑟𝑒𝑡𝑢𝑟𝑛 = ∑ �̇�𝑖𝑛𝑙𝑒𝑡,𝑖
𝑚

𝑖=1
− ∑ �̇�𝑒𝑥ℎ𝑎𝑢𝑠𝑡,𝑗

𝑛

𝑗=1
 (1) 

Any incoming flow from infiltration and mixing is 

assumed to exfiltrate without impacting HVAC system 

flows. Also, all zone exhaust fan flow rates on a given 

AHU are assumed to be replaced by outdoor air from the 

AHU mixing box. 

Optional zone air mass balance 

The optional zone air mass balance method starts with the 

default air balance, then looks at infiltration and mixing 

flow rates. It will adjust infiltration and mixing flow rates 
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as needed to balance the HVAC system flows. (Reference 

ZoneAirMassFlowConservation.) 

Optional specified return flow 

There is an optional method to schedule the return flow 

from a zone or set it to track the flows of some other 

HVAC system node(s) in the model. This may be used to 

model a pressurized system, for example, by setting the 

return flow to be zero or some fraction. If used in 

combination with the zone air mass balance feature, the 

pressurized system flow can reduce infiltration or increase 

mixing to an adjacent zone. (Reference 

ZoneHVAC:EquipmentConnections “Zone Return Air 

Node 1 Flow Rate Basis Node or NodeList Name.”) 

New multiple-AHU method design 

Requirements 

The new method was designed to meet the following 

requirements: 

• Allocate Multiple Return Flows - The original zone air 

balance methods described above all assume a single 

return air path (return node) leaving a given zone. 

With multiple AHUs in a given zone, the new method 

requires logic to allocate the net total return flow to 

each available return node. 

• Allocate Exhaust Flows - With multiple AHUs the 

exhaust fan makeup air must be allocated to each 

AHU. Does one AHU provide all of the makeup air, 

or do multiple AHUs share the task? 

• Work with Zone Air Mass Balance - The new method 

must still work with the zone air mass balance option. 

Figure 1 shows an example system diagram for two AHUs 

serving two zones. 

New user inputs 

The following new user inputs were added to support the 

new multi-AHU method. 

• Multiple return nodes - The new method allows more 

than one return air node (outlet) to be specified in each 

zone. It also removes the previous requirement that a 

return path be defined for every AHU, even if it was a 

dedicated outdoor air system (DOAS) with no 

physical return path. So, if a zone is served by N 

AHUs, it may have N or fewer return nodes. 

(Reference ZoneHVAC;EquipmentConnections 

“Zone Return Air Node or NodeList Name.”) 

• Return air flow controls - The new method requires 

options to give the user control over how much return 

flow goes to each AHU in order to specify balanced or 

pressurized systems. The existing scheduled and 

node-based return flow controls remain available for 

the first return node in a zone. More directly, there is 

a new input to specify the design return air flow 

relative to the supply flow for each AHU. This 

defaults to 1.0, but may be set to 0.9 for example to 

model a pressurized system, or zero for a DOAS. 

(Reference AirLoopHVAC “Design Return Air Flow 

Fraction of Supply Air Flow.”) 

• Return air heat gains - Lights, refrigerated cases, and 

air flow windows can all add a heat gain or loss to 

return air. These gains may now be assigned to a 

specific return air node. (Reference Lights “Return Air 

Heat Gain Node Name,” Refrigeration:Case “Under 

Case HVAC Return Air Node Name,” and 

WindowProperty:AirflowControl “Airflow Return Air 

Node Name.”) 

• Air terminal sizing - With multiple AHUs serving a 

single zone, new inputs have been added to allow each 

AHU terminal unit to serve a specified fraction of the 

zone sensible cooling and heating loads and the zone 

outdoor air requirement. For example, consider a zone 

served by two AHUs: a DOAS and a VAV with reheat. 

The DOAS may be sized to meet 100% of the outdoor 

air requirement and none of the sensible loads, while 

the VAV may be sized to meet 100% of the sensible 

loads but no outdoor air. New optional air terminal 

sizing inputs allow the user to specify these fractions 

which are applied when sizing the terminal units and 

AHUs. (Reference 

DesignSpecification:AirTerminal:Sizing.) 

 

Figure 1. Example system schematic for two zones with 

two AHUs. System A is recirculating only, System B is 

outdoor air only, Zone 1 has an exhaust fan. 
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New multiple-AHU zone air balance 

algorithm 

The new multiple-AHU zone air balance method uses the 

following algorithm to solve for the return air flow rate to 

each AHU from each zone. (Reference EnergyPlus 

functions CalcZoneAirMass andCalcZoneReturnFlows.) 

The flow chart in Figure 2 provides a visual overview of 

the following steps. 

Step 1 – Calculate expected return air flow for the 

zone 

Sum all inlet node flows and subtract all exhaust node 

flows (same as the old method): 

 �̇�𝑧𝑜𝑛𝑒,𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 = ∑ �̇�𝑖𝑛𝑙𝑒𝑡,𝑖
𝑚

𝑖=1
− ∑ �̇�𝑒𝑥ℎ𝑎𝑢𝑠𝑡,𝑗

𝑛

𝑗=1
(2) 

Step 2 – Set initial return node flows 

Set each return node flow rate based on the matching inlet 

node flow rate and the design air loop return fraction. 

If the available outdoor air flow rate for the corresponding 

AHU is greater than zero: 

 �̇�𝑟𝑒𝑡𝑢𝑟𝑛,𝑖 = 𝑅𝑒𝑡𝑢𝑟𝑛𝐹𝑟𝑎𝑐 × �̇�𝑖𝑛𝑙𝑒𝑡,𝑖 (3) 

If the available outdoor air flow rate for the corresponding 

AHU is zero, tag this return node as “fixed” (cannot be 

adjusted later) and set return equal to supply: 

 �̇�𝑟𝑒𝑡𝑢𝑟𝑛,𝑖 = �̇�𝑖𝑛𝑙𝑒𝑡,𝑖 (4) 

Subscript i matches the inlet node and return node which 

are on the same AHU (which is not necessarily the order 

that the nodes are listed in the input). 

If return flow basis nodes are specified for return node 1, 

tag this return node as “fixed” and set the flow rate based 

on other node flow(s), also applying the zone return flow 

schedule fraction: 

 �̇�𝑟𝑒𝑡𝑢𝑟𝑛,1 = 𝑍𝑜𝑛𝑒𝑆𝑐ℎ × ∑ �̇�𝑏𝑎𝑠𝑖𝑠,𝑖
𝑘

𝑖=1
 (5) 

Step 3 - Allocate unbalanced exhaust air flows to each 

air loop 

If the initial total zone return flow exceeds the expected 

zone return flow, then adjust the return flow 

proportionately across all return nodes (except those 

which have been tagged as “fixed”). 

 �̇�𝑧𝑜𝑛𝑒,𝑖𝑛𝑖𝑡𝑖𝑎𝑙 = ∑ �̇�𝑟𝑒𝑡𝑢𝑟𝑛,𝑖
𝑙

𝑖=1
 (6) 

 𝐼𝐹 �̇�𝑧𝑜𝑛𝑒,𝑖𝑛𝑖𝑡𝑖𝑎𝑙  > �̇�𝑧𝑜𝑛𝑒,𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑇𝐻𝐸𝑁 (7) 

Sum the return flow for nodes which are not tagged as 

“fixed”: 

 �̇�𝑧𝑜𝑛𝑒,𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 = ∑ �̇�𝑟𝑒𝑡𝑢𝑟𝑛,𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒,𝑖
𝑙

𝑖=1
 (8) 

Calculate the flow adjustment factor: 

 𝐴𝑑𝑗𝐹𝑎𝑐𝑡𝑜𝑟 = (1 −
�̇�𝑧𝑜𝑛𝑒,𝑖𝑛𝑖𝑡𝑖𝑎𝑙 −�̇�𝑧𝑜𝑛𝑒,𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑

�̇�𝑧𝑜𝑛𝑒,𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒
) (9) 

Adjust the return flow for all variable flow nodes: 

 �̇�𝑟𝑒𝑡𝑢𝑟𝑛,𝑖 = 𝐴𝑑𝑗𝐹𝑎𝑐𝑡𝑜𝑟 × �̇�𝑟𝑒𝑡𝑢𝑟𝑛,𝑖 (10) 

Calculate the final zone total return flow, summing all 

return nodes: 

 �̇�𝑧𝑜𝑛𝑒,𝑓𝑖𝑛𝑎𝑙 = ∑ �̇�𝑟𝑒𝑡𝑢𝑟𝑛,𝑖
𝑙

𝑖=1
 (11) 

Step 4 - Adjust infiltration and mixing flows for zone 

air mass balance 

If the optional zone air mass balance method is active, 

then adjust infiltration and mixing flow rates as needed to 

balance the HVAC system flows. (Reference 

ZoneAirMassFlowConservation.) 

Step 5 - Balance each air loop 

When the optional zone air mass balance method is not 

active, the air loops check for any zones with excess 

exhaust flow that is greater than the available supply 

flows (without accounting for infiltration or mixing 

flows). If there is any excess exhaust flow, the air loop 

returns are adjusted proportionally to the available 

outdoor air from each air loop serving those zones. 

Step 6 - Iterate until converged or limit reached 

If the optional zone air mass balance method is active, 

several iterations may be necessary to balance the 

infiltration and mixing flows. 

Step 7 – Check zone and air loop balances 

Conservation of mass is checked for each zone and each 

air loop and a warning is reported for any imbalance. 
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Figure 2. Zone air balance flow chart  

(for standard case without automatic adjustment of infiltration and mixing flows). 

Calculation example 

For the system shown in Figure 1, assume the inlet 

(supply) and exhaust flow rates shown in Table 1 and the 

system flows shown in Table 2. The optional zone air 

mass balance is not active. The results of each step are 

shown in Table 3. 

Table 1. Example Calculation Zone Assumptions 

 Zone 1 Zone 2 

System A Inlets 1.00 2.00 

System B Inlets 0.25 0.50 

Exhaust 0.25 0.00 

 

Table 2. Example Calculation System Assumptions 

 System A System B 

Design Return Fraction 1.00 1.00 

Outdoor Air 0.00 0.75 

 

Table 3. Example Calculation 

 Zone 1 Zone 2 

Step 1   

Total Inlets 1.25 2.50 

Total Exhaust 0.25 0.00 

Expected Total Return 1.00 2.50 

   

Step 2   

Return A 1.00 2.00 

Return B 0.25 0.50 

Initial Total Return 1.25 2.50 

   

Step 3   

Total > Expected? 1.25 > 1.00 2.50 = 2.50 

AdjFactor (1 – (1.25-

1.0)/0.25) = 

0.0 

n/a 

Return A 1.00 “fixed” 2.00 

Return B 0.0 x 0.5 = 

0.0 

0.50 

Final Total Return 1.00 2.50 

   

Step 4 n/a n/a 

   

Step 5 System A System B 

Total Supply 3.00 0.75 

Total Exhaust 0.00 0.25 

Total Return 3.00 0.50 

Imbalance 0.00 ok 0.00 ok 
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Simulation example 

DOAS with parallel VAV AHU 

The example case is a five-zone building similar to the 

one illustrated in Figure 1. The building is served by two 

air handlers: 

• System A is a 100% recirculating VAV system 

serving the space conditioning load. 

• System B is a dedicated outdoor air system (DOAS) 

with 100% outdoor air and no return path. 

• Zone 1 has an exhaust fan. 

Old method – Single AHU with multiple outdoor air 

units 

Prior to the new multiple-AHU capabilities, the only way 

to model this configuration was to use a VAV AHU plus 

multiple zone outdoor air units. The system schematic for 

the first two zones are shown in Figure 3. System A is the 

VAV AHU serving five zones. (Reference 

AirLoopHVAC, AirTerminal:SingleDuct:VAV:Reheat.) 

System B (the DOAS) is divided into five outdoor air 

units, one for each zone. (Reference 

ZoneHVAC:OutdoorAirUnit.) These units are similar to a 

fancoil unit, with a fan, cooling coil, and heating coil in 

each zone, greatly increasing the number of components 

to be input and simulated. This method is awkward to set 

up, especially for a large building, and it does not 

correctly model the part-load operation of the DOAS 

coils. 

New method – Two AHUs 

With the new multiple-AHU capabilities, the system is 

modeled with two AHUs similar to Figure 1. System A is 

the VAV AHU serving five zones. (Reference 

AirLoopHVAC, AirTerminal:SingleDuct:VAV:Reheat.) 

System B is the DOAS AHU serving five zones. 

(Reference AirLoopHVAC, 

AirTerminal:SingleDuct:VAV:NoReheat.) If the DOAS 

AHU does not collect air for heat recovery, then the return 

side of the loop may be omitted. This method allows more 

efficient and intuitive input using the same number of 

coils and other components as the actual system design. 

Simulation results 

Key simulation results are summarized in Table 4 with 

yellow highlights indicating values which are 

significantly different (i.e. incorrect) using the old 

method. The key difference in the two simulations comes 

from the oversized chiller and boiler using the old 

method. This also results in oversized pumps which 

significantly increases the pump power which then 

increases the required cooling electricity to offset the 

added pump power. EnergyPlus v9.1.0 was used for these 

results. The new method results in a slight reduction in 

simulation elapsed time. 

Conclusion 

The new multiple-AHU zone air balance method in 

EnergyPlus has increased the range of applications which 

can be modeled while simplifying input requirements and 

adding flexibility. The method can be used to model 

various applications including pressurized systems 

(hospital), transfer air (food service), dedicated outdoor 

air systems in parallel with multi-zone VAV systems 

(school), and systems with no return (warehouse). The 

new method also avoids sizing and other control pitfalls, 

providing greater confidence in the simulation results. 

 

 

Figure 3. System schematic for single AHU with multiple 

single-zone outdoor air units. 

 

Table 4. Simulation results comparing new method vs. 

old. Yellow highlights indicate significant differences. 
 

Old New 

Heating Gas [GJ] 59.1 59.6 

Cooling Electricity [GJ] 24.2 18.8 

Fan Electricity [GJ] 10.5 10.5 

Pump Electricity [GJ] 9.2 2.1 

Total Site Energy [GJ] 102.9 91.0 
   

Chiller Capacity [kW] 34.2 29.0 

Boiler Capacity [kW] 40.9 26.6 

   

Elapsed Time [mm:ss] 04:31 04:11 
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Nomenclature 

𝐴𝑑𝑗𝐹𝑎𝑐𝑡𝑜𝑟 Flow adjustment factor 

�̇� Mass flow rate [kg/s] 

𝑅𝑒𝑡𝑢𝑟𝑛𝐹𝑟𝑎𝑐 Loop design return fraction 

𝑍𝑜𝑛𝑒𝑆𝑐ℎ Zone return schedule fraction 

Subscripts 

𝑏𝑎𝑠𝑖𝑠 Return flow basis node 

𝑒𝑥ℎ𝑎𝑢𝑠𝑡 Exhaust node (flow leaving the zone) 

𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 Expected zone return flow 

𝑓𝑖𝑛𝑎𝑙 Final flow rate after adjustments 

𝑖𝑛𝑖𝑡𝑖𝑎𝑙 Initial flow rate before adjustments 

𝑖𝑛𝑙𝑒𝑡 Inlet node (flow entering the zone) 

𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 Return node not tagged as “fixed” 

𝑟𝑒𝑡𝑢𝑟𝑛 Return node (to an AHU) 

𝑧𝑜𝑛𝑒 Total zone return flow 

 

𝑖, 𝑗 Summation indices 

𝑘 Number of return flow basis nodes 

𝑙 Number of return nodes 

𝑚 Number of inlet nodes 

𝑛 Number of exhaust nodes 
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Abstract 

In efforts to reduce energy consumption in buildings, 

building performance simulations have often been used to 

support energy-efficient design. Evaluating the 

performance and energy efficiency of multiple design 

scenarios can be a time-consuming process due to the 

large number of simulations that are required to predict 

the building’s performance in each scenario. To overcome 

these challenges, this study introduces a Python-based 

framework for automating the preparation and execution 

of a large number of performance simulations in a cloud-

based high-performance computing environment, which 

contains numerous nodes that can be used to run tasks 

simultaneously. The proposed framework was 

successfully applied to simulate hourly daylighting and 

glare simulations of 144 scenarios in just a few hours. The 

processing time was reduced over one thousand times. 

The proposed framework not only speeds up the 

simulations but also addresses other challenges, such as 

storage space limitations as well as results analytics and 

visualization.  

Introduction 

For the past few years, there has been increasing interest 

in parametric modeling. This is mainly due to the 

availability of recently emergent visual parametric 

modeling tools, which manage the algorithmic 

complexity of a model behind an easy-to-use user 

interface, reducing the technical skills required for the use 

of computation tools. This ultimately leads to the 

accelerated adoption of these tools in architectural design. 

Parametric tools facilitate the exploration of alternative 

designs within a single model, using various model 

parameters to control geometric and constructive aspects 

of architectural models (Terzidis 2006). 

Building energy consumption accounts for 30% of global 

energy consumption, and this provides a substantial 

opportunity for energy conservation (IEA 2014). To 

address this issue, architects, designers, planners, and 

engineers have begun to utilize a new set of increasingly 

popular building performance simulation tools to support 

energy-efficient building design. Programs that simulate 

building performance are powerful tools for examining 

various aspects, such as energy consumption, thermal 

comfort, and daylight performance. The number of 

available simulation tools has been rapidly increasing in 

recent years. 

Parametric tools are used alongside performance 

simulation programs to achieve energy-efficient building 

design. Parametric tools facilitate the production of a 

large number of design variations. This is crucial for 

investigating the performance of all variations to select 

the most energy-efficient configuration. However, the 

process of carrying out performance simulations is time-

consuming. For example, the annual daylighting 

performance of one configuration can take one to two 

hours on a powerful workstation computer, and even more 

time on regular-use computers. Similarly, annual glare 

analysis can take a few hours to calculate the daylight 

glare probability value for each hour daylight during the 

year, or an average of 4380 hours.  

It is evident that daylighting and glare simulations are 

time consuming and often require significant computing 

resources. Therefore, an alternative cloud-based High-

Performance Computing (HPC) environment is very 

beneficial when running hundreds of simulations. An 

HPC environment consists of thousands of computer 

nodes, each of which can be used individually to compute 

a task, facilitating the processing of thousands of tasks 

running in parallel. Initially, the use of HPC was hindered 

by many obstacles, such as the high cost of the hardware 

and maintenance. However, many companies introduced 

cloud-based HPC solutions, which enabled researchers to 

rent clusters of computing nodes to carry out their 

research tasks without the need to purchase equipment or 

pay maintenance fees, Thus, on-demand cloud-based 

HPC provides an economical solution (Zhai et al. 2011). 

Although many research studies have demonstrated the 

benefits of modern computational environments, which 

provide vast amount of computational resources (Thain, 

et al. 2005; Pérez-Lombard, et al. 2008), in the field of 

building performance simulations, the benefits of cloud-

based modern computing environments have not been 

fully examined.  

In this study, the Extreme Science and Engineering 

Discovery Environment (XSEDE), which is a cloud-

based HPC environment that serves scientists and 

researchers in the United States (Towns et al. 2014), was 

used to examine the performance of a smart blind system 

to maximize daylighting in a single office room. The 

system has various blinds that rotate around the X-axis 

and Z-axis via the application of actuators.  

The specifications of the HPC system that were used in 

this paper are shown in Table 1. The HPC environment 

used for the simulations consists of 1944 computing 
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nodes that can run tasks simultaneously. This process is 

known as parallel computing, and it facilitates the 

computation of numerous tasks for time-efficient 

processing. When compared to a workstation, a node has 

three times the processing power and two to three times 

the active memory. To put that into perspective, each 

computing node has 24 processing cores and 128 GB of 

RAM; meanwhile, most modem workstations are 

equipped with 8 processing cores and between 32 and 64 

GB of RAM. 

Table 1: Technical specifications of the XSEDE HPC 

cloud-based system.  

System component Configuration 

Node count 1944 

Processor type Intel Xeon E5-2680v3 

Sockets 2 

Cores per node 24 

Clock speed 2.5 GHz 

Flop speed 960 GFlop/s 

Memory capacity per node 128 GB DDR4 DRAM 

Flash memory 320 GB SSD 

Memory bandwidth 120 GB/s 

STREAM Triad bandwidth 104 GB/s 

Case Study 

In order to optimize the daylighting and eliminate glare 

inside an office building, the performance of the smart 

blinds system was examined. The blinds system consists 

of 1.5 x 1.5 m units that rotate around the X-axis. The 

units contain individual blinds that rotate on their Z-axis, 

making the blind flexible to rotate on both axes (Figure 

1). The blinds system is expected to rotate via actuators 

that are programmed to move the blinds to the position 

that yields the best daylighting conditions.  

To determine the optimal rotation angles around both axes 

for each daylight hour of the year, it was necessary to 

perform hourly daylighting and glare simulations, which 

enabled the investigation of detailed illuminance 

performance coupled with high dynamic renderings 

(HDR). This facilitated the calculation of the daylight 

glare probability (DGP), a metric developed by Wienold 

and Christoffersen (2006) that is used to evaluate glare in 

a rendered scene. HDR renderings have been used in 

assessing glare that is caused by a high ratio of luminance 

between the task that is being performed and the glare 

source (Borisuit et al. 2010; Suk and Schiler 2012). HDR 

rendering is capable of representing the full dynamic 

range, from the brightest light (direct sunlight) to the 

darkest spots, such as deep shadows in the examined 

scene, making it one of the best tools for assessing glare. 

Rotation angles around the X-axis were set to every 15 

degrees from 0° to 180°; thus, 12 angles were 

investigated. Similarly, rotation angles around the Z-axis 

were set to every 15 degrees from 0° to 180°; thus, another 

set of 12 angles were investigated. To determine the 

optimal X-axis and Z-axis rotation angles, it was 

necessary to investigate the combination of all angles. 

Therefore, a total of 144 configurations (12x12) had to be 

examined.  

The blind system is installed on an office room on front 

of the room’s south wall, which is fully glazed. The office 

room is 4.5 x 5 m and the ceiling height is 3m.  

 

Figure 1: The blinds system. Units that rotate around the 

Z-axis are shown in blue, and blinds that rotate around 

the X-axis are shown in red 

Challenges  

Performing such large-scale hourly daylighting and glare 

simulations is cumbersome due to the intensive 

computing power that is required to carry out the 

enormous numbers of simulations. This results in various 

challenges, which might ultimately hinder the simulation 

process. Some of the challenges are as follows: 

• Time limitation: To determine the optimal angles of 

the blinds system for each daylight hour of the year, 

an average of about 4380 hours, all 144 configurations 

are examined. Therefore, two hourly simulations, 

illuminance and glare, are carried out for all 144 

configurations for every hour. This means that a total 

of 1,261,440 illuminance and glare simulations are 

combined, and as noted before, each simulation can 

take a few seconds to minutes to complete on a regular 

PC. Thus implementation of all the simulations would 

take months to complete. 

• Simulation preparation and storage: It is 

challenging to prepare large-scale simulations due to 

the need to handle numerous files. The files must be 

organized, uniquely named, and finally stored on a 

local hard drive, which can become troublesome due 

to the large size of the files. 

• Data analytics and visualization: The amount of data 

from the daylighting and glare simulation processes is 

usually very large. Hence, it is almost impossible to 

open the numerous files that contain the results in 

order to analyze and visualize the data. Additionally, 

the results are often in a raw format, and thus 

additional calculations are needed to convert the data 

into a readable format that a regular user can interpret 
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in the context of the daylighting performance of the 

examined strategy.  

Methodology 

As mentioned previously, in this study 144 configurations 

of the angles of rotation around both the X-axis and the 

Z-axis were examined for each analysed case to determine 

the optimized daylighting performance of the blinds 

system.  

Considering that the blinds system is rotated on both axes 

on an hourly basis, illuminance simulations coupled with 

image-based glare analysis were used to determine the 

optimized configuration that results in (i) the best indoor 

daylighting conditions that have the highest illuminance 

levels, (ii) the highest performance Lighting Uniformity 

Ratio (LUR), which is the ratio of the minimum 

illuminance to the average illuminance, as suggested by 

the Illuminating Engineering Society of North America 

(DiLaura 2011), and (iii) a comfortable glare-free 

environment, which is assessed by the daylight glare 

probability metric. 

Given the complexity of the daylighting simulations being 

performed, it was determined that the use of a parametric 

modelling environment was essential. Therefore, one 

office room was modeled in Grasshopper, a Rhino 

graphical editor plugin that allows designers to create 

algorithmic geometries without knowledge of computer 

programming (McNeel 2010). Grasshopper facilitates the 

input of various model data, such as the different X-axis 

and Z-axis rotation angles, for detailed analysis and 

examination. In addition to Grasshopper, Honeybee, a 

plugin for Grasshopper that allows researchers to perform 

various building performance simulations (Roudsari et al. 

2013), was used to perform hourly illuminance 

simulations and image-based glare analysis. Honeybee 

calls the Radiance engine, a ray-tracing daylighting 

simulation engine (Ward 1989). 

An initial hourly illuminance and glare simulation process 

for one configuration for one hour was performed on a 

mobile workstation equipped with an i7-7700HQ 

processor with a processing speed of 2.80 GHz (up to 

3.80GHz with Turbo Boost technology) and 16 GB of 

RAM. In both simulations, Radiance’s ambient bounces 

value (ab) was set to 5, and the image quality was set to 

“medium.” The hourly illuminance simulation took about 

17 seconds to complete, and the image-based hourly glare 

analysis took about 111 seconds. Another set of 

simulations were performed on one HPC node. The 

illuminance calculation took about 10 seconds, and the 

image-based glare simulation took about 65 seconds. 

Thus, it is was evident that one node was much faster than 

performing the simulation on one computer, and by 

utilizing the parallel computing framework, simulations 

could be significantly sped up. 

It is evident that carrying out such large-scale simulations 

can be time-consuming and require intensive computing 

resources and a great deal of storage space. Therefore, 

executing the simulations in an HPC environment can be 

a time-efficient alternative, as batch simulation jobs that 

contain various computing tasks are run in parallel as 

opposed to running the batch job just on a single 

computer, where only one task can run at a time (Figure 

2). 

 

Figure 2: The execution of a batch simulation job on a 

computer as apposed to executing it in an HPC 

environment  

To prepare the files required for simulating the 

daylighting and glare performance in the HPC 

environment, Honeybee was used to create 144 scenes 

and batch files for one hour only. The batch files 

contained Radiance commands that allow the simulation 

to be run at a later time on any machine as long as the 

machine has Radiance installed. The scene files contained 

information about the geometric model and its Radiance 

materials. The process of creating the batch and scene 

files was automated using Grasshopper sliders, which are 

automation tools that are native to the Grasshopper 

environment. A similar process was repeated to produce 

the required files for glare simulations for only one hour 

during the day. Figure 3 explains the workflow that was 

adapted for the purpose of this study. 

Later, the produced batch files were uploaded to the 

cloud-based HPC environment using Python scripts that 

automate the upload process via FTPS, which is a secure 

file transfer protocol. Another custom Python script, 

which was executed in the HPC environment, was written 

to automate the following processes: 

• Radiance sky creation: Consdering that each hourly 

Radiance simulation uses a unique sky file, which is 

Radiance’s scene description for the CIE , which 

stands for Commission Internationale de l’Éclairage,  

standard sky distribution for the given month, day, and 

time, it was necessary to create sky filesfor each 

daylight hour of the year. The “gensky” Radiance sky 

file creation command was maniuplated by the python 

script to ensure an automated time-efficient process. 

• Convert the windows-based files to Linux ones: 

The batch files resulting from Honeybee contained 

windows-based Radiance commands. However, the 

HPC enviroment is Linux-based. Therefore, it was 

necessary to convert the windows-based Radiance 

commands into Linux-based Radiance commands, 
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which are excuted later from bash files (compatiable 

with Linux-based platforms).  

• Create hourly Radiance commands: In order to 

perform hourly simulations, Radiance commands had 

to be repeated using each one of the Radiance skies 

that were produced in the previous step. 

• Grouping the commands into bash files: Finally, the 

produced Radiance commands were grouped togther 

to produce two sets of one thousand bash files, which 

can be executed on Linux machines. This was 

necessary due to XSEDE’s usage limitation of a 

thousand nodes per batch job per user. One set of files 

contained Radiance commands used for illuminance 

simulation, and the other set contained Radiance 

commands used for glare analysis.  

Finally, two batch jobs were submitted to XSEDE’s HPC 

system via a secure file transfer environment. The first job 

called a thousand computing nodes, each node running 

one bash file, and all of the thousand bash files were 

executed simultaneously. The first set was completed in 

about 1.9 hours. Upon completion of the first batch job, 

the second batch job was submitted to the HPC 

environment, which in turn assigned a bash file to each 

node to run in parallel. The second batch job was 

completed in about 11.3 hours.  

After executing both batch jobs, Radiance wrote the 

results to text files and images. More than one million 

files were produced, which were stored on the HPC 

platform. To open the files, a python script was 

implemented to extract the results, parse the results from 

the file, and select the best configuration for each daylight 

hour, i.e., (i) the highest illuminance levels, (ii) the best 

Lighting Uniformity Ratio (LUR), and (iii) the best 

conditions for visual comfortability as measured by DGP. 

In addition to data parsing, the script was used to visualize 

the results using plots and graphs. Python is a great tool 

not only for data analysis but also for data visualization. 

Its abilities can be greatly improved when used in 

conjunction with JavaScript to produce easy-to-use 

interactive plots, such as pie charts, polar charts, wind 

roses, and heatmaps. 

An example of interactive heatmaps is the plot that 

visualizes the DGP values of every daylight hour for the 

whole year. A static image of one such interactive 

heatmap is shown in Figure 4. Heatmaps were produced 

by embedding HTML and JavaScript within the Python 

code (Figure 4). 

Finally, the script facilitated the downloading of some of 

the results files to visualize the illuminance grid using 

Honeybee in Rhino and Grasshopper. Figure 5 shows six 

examples of illuminance grid visualization at different 

times of the year for one blind system configuration. In 

addition to data visualization, the script can be 

manipulated further to plug in the best rotations angles 

into a program that controls the blinds’ actuators. This 

approach is extremely useful for data-driven design, 

where intensive data is required to manipulate a specific 

geometry to optimize building conditions. 

Figure 3: The workflow for executing large-scale daylighting and glare simulations in the cloud-based HPC environment. 

The blocks in the gray shaded area are processes that are executed on the HPC, while the other blocks contain processes 

that are executed on a computer 
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Conclusions 

Using the Linux HPC environment platform facilitated 

the execution of large-scale illuminance and glare 

simulations, which were difficult to accomplish using a 

single computer in a reasonable time period. An hourly 

illuminance simulation and glare analysis were performed 

on both a single computer and an HPC computing node. 

  

The computer that was used was a mobile workstation 

equipped with an i7-7700HQ processor with a processing 

speed of 2.80 GHz (up to 3.80 GHz with Turbo Boost 

technology) and an active memory of 16 GB RAM. 

Calculations on a single computer took about 17 seconds 

and 111 respectively, and on a HPC computing node they 

took 11 seconds and 65 seconds respectively. Thus, the 

calculations were 64% and 58% faster on one node than 

on the single computer. Running over 1,261,440 

simulations would impractical on a single machine or 

even on an HPC computing node. Therefore, it was 

crucial to design a python script that grouped the 

Radiance commands into a thousand single files in order 

to run all the simulations in parallel, thereby significantly 

reducing the time required for such intensive simulations. 

In addition to speeding the simulation, the Python 

framework facilitated the automation of various 

processes, such as the uploading of the initial Radiance 

geometry and scene files to the HPC environment, 

conversion of the initial windows-based Radiance 

commands to Linux-based ones, preparation of about 

4380 Radiance sky files, writing Radiance commands for 

every hour (skyfile), grouping the commands, and 

splitting them into a thousand Linux bash files. 

Additionally, the utilization of the HPC environment 

along with the custom Python workflow mitigated the 

challenges that users face when tasked with simulations 

of this magnitude. HPC not only reduced the simulation 

time a thousand fold but also addressed the issue of 

storage availability, as all the simulation files, sky files, 

and results files were stored on the XSEDE’s HPC 

platform, which allows up to 10TB of storage space per 

user. Finally, the custom Python code was crucial to 

extracting, 

Figure 5: The visualization of illuminance simulations in Rhino using Honeybee visualization tools 

Figure 4: An interactive heatmap for visualizing the DGP values over the entire year. The heatmap was produced by a 

custom Python script containing embedded HTML and JavaScript code 
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organizing, and analyzing the data, which were stored in 

millions of files and thus impossible to examine manually. 

These datasets helped to better assess occupants’ visual 

comfort and the performance of the blinds system to 

facilitate an informed design decision. 

Future studies and work in progress 

Although this methodology has been proven to be 

extremely beneficial for the purpose of carrying out 

intensive simulations that are useful for the design of 

geometries and are data driven, the execution of such a 

workflow requires a knowledge base of various 

disciplines, such as architecture design and computer 

science. Hence, it is clear that the workflow introduced in 

this paper could be difficult for the regular user. 

Therefore, future studies are required to investigate an  

approach for the non-programmer user with less 

specialized knowledge. A better approach for such users 

could be achieved using Grasshopper components, which 

use an easy to understand graphical user interface and 

hide complicated code from entry-level users. Figure 6 

shows a Grasshopper component that was developed to 

automate the process of uploading files to the HPC 

system. The component is still under development, as are 

other Grasshopper components allowing the execution of 

Python code, submission of batch jobs, and downloading 

of the results from the HPC system.  
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Abstract 
In Europe, the CO2 emissions generated by buildings can 
be decreased only by enhancing the performances of 
existing building, and the principle “energy efficiency 
first” is strongly promoted by the new EPBD. In order to 
foster the implementation of the renovation, the process 
has to become faster and the post-intervention 
performances should be evaluated with a high level of 
reliability. This research was developed within the EU 
H2020 project 4RinEU (www.4rineu.eu) and aimed to 
develop and evaluate a methodology for comparing the 
performances of deep renovation packages (RPs), 
implementing traditional and innovative technologies. 
This paper focuses on the prefabricated façade component 
in which active elements such shading systems, single-
room ventilation devices, and photovoltaic panels have 
been integrated. Within 4RinEU, Europe was divided into 
six climatic geo-clusters. The RPs have been defined for 
a set of representative residential building archetypes 
selected from TABULA database, based on the 
characteristics and renovation needs of the building stock 
in each geo-cluster. This paper presents the general 
methodology and the preliminary results of the 
application to one building archetype defined within the 
project. The results show that the developed methodology 
is easily replicable and can be a very useful support in the 
design phase of these complex renovation interventions. 
Introduction 
The EU building stock de-carbonization promoted by EU 
policies is very relevant and it aims to increase the 
renovation rate towards the 3% (European Commission 
2018). To meet this target, the integration of innovative 
technologies, effective methods and viable investment 
schemes, based on industrializing the renovation process, 
are needed in order to optimize the investment and to 
reduce the construction site impact. The evaluation of 
such solutions requires innovative approaches that enable 
a comprehensive performance assessment with the 
support of a structured parametrization of the renovation 
packages (RPs). 
Simulating complex systems and technologies could be 
challenging, but it is strategic in order to ensure the 
reliability of the performance evaluation providing a 
consistent support of the decision-making process. 

Previous research focused on the definition of deep 
renovation packages for EU building stock (FP7 project 
INSPIRE 2012-2016), (H2020 project More-Connect 
2015-2018) (H2020 project P2Endure 2016-2020) 
(Gustafsson, et al. 2017), (D’Oca et al, 2018) and 
introduced methodologies for cost-optimal evaluation of 
the solutions (Dalla Mora, et al. 2018), and in some cases 
applied a multidisciplinary approach (Serrano-Jimenez, 
Barrios-Padura und Molina-Huelva 2017). Nevertheless, 
the definition of a structured and systematic methodology 
for comparing the overall performances of the solutions 
was missing in the literature. For this reason, within 
4RinEU project, a multi-objectives systematic approach 
was developed and tested considering the integration of 
functions in an advanced prefabricated façade system 
used for building renovation.  
The methodology presented in this paper addresses the 
issue, since it is easily replicable and hence represents a 
support for the designers in the definition of the most 
suitable RP according to the boundaries and to the specific 
building renovation needs. 
The RPs have been structured considering the elements 
that can be integrated within a prefabricated façade 
system, and each technology is represented by a set of key 
parameters adopted for the performance assessment. This 
research focuses on the integration of mechanical 
ventilation, shadings and photovoltaic systems. For each 
deep RP, different variants have been defined and 
evaluated through a parametric simulation campaign. 
The assessment is based on a set of indicators grouped 
into in five thematic areas: energy, environment, comfort 
& Indoor Air Quality, economics, and building site 
management. 
For each selected building archetype in six reference 
countries of the EU geo-clusters, namely Norway, Poland, 
Hungary, Spain, the Netherlands, and the UK, 289 
parametric simulations are set-up in order to assess the 
KPIs for comparing the performances of the proposed RP. 
The proposed methodology represents a robust structure 
for assessing the effectiveness of deep RPs, since it 
provides reliable and shared boundaries and multi-criteria 
key performance indicators. In particular, the 
parametrization of the deep RPs supports the decision 
making process during the early design phase, enabling 
the comparison of several solutions with a structured 
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approach. Further than the methodology, 4RinEU will 
create a database of RPs analysed according to the defined 
KPIs in the EU context for representative archetype 
buildings. This paper presents the preliminary results of 
this activity, describing the approach, the assessment 
methodology and the application to an exemplary case 
study. 
Methodology 
This section describes the steps for evaluating the 
performances of the RPs, as defined within the project 
4RinEU. On first, the main boundaries and modelling 
assumptions are presented, then the technologies included 
in the RPs and the simulation for assessing the impact on 
the project KPIs. In this research, a number of deep 
renovation technologies were combined into different 
possible renovation packages that were likely to be energy 
effective in the European context. Then, Europe was 
divided into geo-clusters, and representative building 
archetypes were defined for each geo-cluster. The deep 
RPs were adapted to each geo-cluster and their 
performances were tested by means of dynamic thermal 
simulations. The following sections describe the overall 
approach of the RP performance evaluation. 
Boundaries and Modelling Assumptions 
Annual simulations have been performed with hourly 
time-step using Trnsys (TRNSYS Various contributors 
2017). The parametric simulation has been performed 
with JEplus tool (Zhang 2012). 
In the following section the main boundary conditions 
used in Trnsys are presented. 
Infiltration control 
The infiltration values of the zones have been calculated 
in accordance to an empirical method suggested by the 
ASHRAE K1, K2 and K3 (ASHRAE 1989) model. 
Therefore, it has been possible to evaluate the air changes 
per hour (ACH) in the thermal zones at each time-step of 
the simulation (Equation 1).  

𝐴𝐴𝐴𝐴𝐻𝐻𝐼𝐼𝐼𝐼𝐼𝐼 = 𝐾𝐾1 + 𝐾𝐾2 ∗ (𝑇𝑇𝑧𝑧𝑧𝑧𝑧𝑧𝑧𝑧 − 𝑇𝑇𝑧𝑧𝑜𝑜𝑜𝑜) + 𝐾𝐾3 ∗ 𝑉𝑉𝑤𝑤 (1) 

Table 1 K coefficients values for infiltration calculation 

Constru
ction 

Quality 
K1 K2 K3 Description 

Loose 0.1 0.023 0.070 
Poor construction on 
older buildings where 
joints have separated 

Medium 0.1 0.017 0.049 
Conventional 

construction procedures 
for building 

Tight 0.1 0.011 0.034 
Special precautions 
have been taken to 

prevent infiltrations 

Where K1, K2, K1 are coefficients, Tzone is the 
temperature of the thermal zone in [°C], Tout is the 
temperature of the outdoor ambient in [°C] and Vw is the 
wind velocity in [m/s]. 

ASHRAE indicates different values of the K coefficients 
(Table 1) depending on the air tightness quality of the 
building envelope. 
In this study, loose quality has been assigned to the 
existing case, while tight quality to the retrofitted 
condition. 
Natural ventilation 
In this model, the proposed strategy links the window 
openings to the hour of the day, zone occupancy and the 
indoor and outdoor temperature. The opening from 7:00 
to 21:00 occurs with ambient temperature between 18°C 
and 28°C and if indoor temperature is out of the range 
20.5°C and 26°C. During night (22:00 to 6:00) only if 
outdoor temperature is between 20.5°C and 25°C. Natural 
ventilation is designed to provide 2 ACH. 
Heating system – existing condition 
The heating system has been modelled in a simplified 
way, by assigning an efficiency to the building sub-
systems. In the case of existing building, where the system 
is supposed to have low performances, low efficiency 
values have been assigned to the emission (0.9), 
regulation (0.94), distribution (0.97) and generation 
(0.82) of the heating system. On the other hand, these 
efficiencies have been increased in the retrofit case. All 
the adopted values have been taken from the UNI113000-
2 2008. 
The chosen set point for heating system was 20°C. 
Moreover, in order to estimate the power capacity of the 
heating system to be installed, a preliminary steady state 
calculation has been performed for each geo-cluster, 
taking into account transmission and ventilation losses. In 
this way, the maximum power for the heating system has 
been designed. 
Internal gains 
The occupancy, appliances and lighting profiles were 
generated using a stochastic model (Widèn und 
Wäckelgard 2010). 20 typical occupancy and use profiles 
(absent / present_active / present_inactive) are proposed 
and have been randomly selected for representing the 
modelled zones (Pernetti, Prada and Baggio 2013) 
(Pernetti, Prada and Baggio 2014). 

Table 2 Internal gains parameters 

Parameter Value Unit 
People density 0.04 [pers/m2] 

Electric equipment power density 3 [W/m2] 
Light power density 3.2 [W/m2] 

Convective fraction of sensible heat 
gains from persons 0.42 - 

Convective fraction of sensible heat 
gains from electric equipment 0.73 - 

Convective fraction of sensible heat 
gains from lighting 0.60 - 

Sensible heat gains form persons 252 [kJ/h] 
Latent heat gains form persons 0.08 [kg/h] 
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Table 2 reports other parameters needed in order to 
calculate the gains to be assigned at the internal zones. 
They have been taken from literature or technical 
documents (e.g. EN 16798 for people, electric equipment 
and light density in residential areas). 
Model set-up 
Different renovation packages 
This section describes the renovation packages analysed. 
The focus is on the use of a prefabricated timber framed 
multifunctional façade. These prefabricated modules are 
designed to be anchored to the existing building envelope 
and represent the new “skin” integrating functions (i.e. 
building services and components) and able to strongly 
increase the lifetime of the building. 
The different combinations of the prefabricated façade 
with the different integrated components and services 
represent the renovation packages. 
In particular, the following variants integrated in the 
façade have been considered: 

- Timber prefabricated element: two types of 
façade module for retrofit have been considered; 
they are both composed by a timber frame and 
cellulose fibre insulation in different 
thicknesses, ensuring two different values of 
thermal transmittance. 

- Window: two typologies of windows have been 
used, namely a double low emission glazing and 
a triple glazing, combined with a high 
performances frame. 

- Ventilation: decentralized or centralized 
ventilation machines have been considered in the 
study, considering that the former can be 
completely integrated in the prefabricated façade 
and the latter can partly be integrated (e.g. the 
ventilation ducts) 

- BiPV: photovoltaics panels  
- Advanced shading system: an automated 

external shading system  
Moreover, we analysed also three further technologies, 
not strictly related with the prefabricated façade, but 
studied by 4RinEU within the renovation packages: 

- Cooling system 
- Heat pump 
- Ceiling fan 

Shading control 
A shading control system is present both in the existing 
and in the retrofitted configuration. The main difference 
is that, while in the existing condition the control is based 
only on the external incident radiation, in the retrofitted 
condition the shading system is also activated depending 
on the indoor and outdoor temperatures. 
Traditional heating system – retrofit condition 
In the case of retrofit building condition, a condensing 
boiler has been chosen as a traditional heating system; it 
has been selected in order to have high performances, 
therefore high efficiency values have been assigned to the 

emission (95%), regulation (99%), distribution (99%) and 
generation (97%) of the heating system.  
Heat pump 
In the retrofit condition, the condensing boiler was 
replaced with a heat pump. A coefficient of performance 
(COP) of 3 has been chosen for the component as this is a 
typical value of current systems. 
Cooling system 
A cooling system with unlimited capacity has been 
included in the retrofit scenario of the models. Working 
hours have been set from 8:00 to 16:00 with setback set 
point during night. According to the ASHRAE 55 
adaptive model, considering the 80 per cent acceptability 
upper limits, the set point for cooling is variable and 
depending on the weakly mean outdoor temperature 
(Tm). The set point is calculated as follows: 
                  Tmax(80%) =21.3°C + 0.31*Tm                 (2) 
Centralized mechanical ventilation 
A possibility for the retrofitted scenario is to have a 
centralized mechanical ventilation system.  
Considering the example of the multi-family house, one 
machine managing 600 [m3/h], consuming 140 W, per 
each floor has been provided. This accounts for 0.25 
[ACH] per zone. This system enables also a heat recovery 
between inlet and outlet air with an efficiency of 0.81.  
These values have been taken from a commercial 
centralized ventilation unit. Two possibilities for 
infiltration control have been set. On the one hand, no 
infiltration have been supposed, due to the effect of over-
pressure in indoor rooms because of mechanical 
ventilation. In this condition, in order to ensure the right 
amount of indoor ACH, a doubled airflow from 
mechanical ventilation machine has been considered. In 
the second option, the infiltration rate is taken into 
account without considering the over pressure effect 
induced by mechanical ventilation machine. 
Decentralized mechanical ventilation 
In order to have a mechanical ventilation system in the 
retrofit, another option is the use of a decentralized 
system. These machines consume up to 20 [W], and can 
provide 42 [m3/h] of airflow with 0.7 heat recovery. When 
this technology has been used, the chosen ACH per 
apartment were 0.23 [ACH]. 
These values have been taken from a commercial 
decentralized ventilation unit. 
PV panels (roof & façade integrated) 
PV panels placement for renovated cases have been 
optimized for each geo-cluster and different building 
geometries. The optimization has been performed with a 
Eurac internally developed tool, namely ‘Early Reno’ 
(Lovati, Adami und Moser 2018). It considers the yearly 
irradiation, with hourly time-step, on an available set of 
panels, and suggests as an output the configuration with 
the best positioning in order to have the highest net 
present value (NPV) within a defined period. The 
available positions of the PV panels were given on the 
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roof and on the south façade. The chosen module 
dimension has been 1.44 m2 with a peak power of 255 W. 
Ceiling fan 
Another possible improvement applicable to the 
retrofitted scenario was smart ceiling fans. Considering 
that the aim of the ceiling fan is to create an air movement 
able to lower the perceived temperature by the occupants, 
and hence reducing the energy demand for space cooling, 
this was simulated with the method proposed by (Babich, 
et al. 2017). Therefore, in order to account for this effect, 
in case of ceiling fans operations at 0.9 [m/s], the cooling 
set point has been increased by +1.8°C.  
Analysis of the EU building stock 
Geo-cluster division 
In order to provide a European framework for the 
parametric analysis of the RP performances, Europe has 
been divided in six geo-clusters, according to the features 
of the residential building stock (share of single and multi-
family houses), the average building performances 
provided by the law (in terms of U-value for the envelope) 
and climatic conditions. National boundaries have been 
used since they influence technical constraints and 
legislative requirements in case of renovation (Figure 1). 
Each geo-cluster includes either a demo case or an early 
adopter (EA) building where the 4RinEU renovation 
packages will be integrated respectively with a real 
implementation (demos) or a feasibility study: 
• Geo-cluster 1: Northern Europe countries with cold 

climate and prevalence of single-family houses – 
reference country: Norway 

• Geo-cluster 2: Northern East Europe countries with 
cold climate and large amount of multi-family houses 
built between 1960 and 1990, with prefabricated 
concrete panel – reference country: Poland 

• Geo-cluster 3: Continental West and central with 
continental climate. The building stock is mainly 
composed by single-family houses and there is no 
prevailing construction period, thus the stock 
presents different construction features (masonry, 
concrete or prefabricated structure) – reference 
country: The Netherlands 

• Geo-cluster 4: Continental East, main building 
typology is single-family with a significant amount 
of multi-family houses built after the 2nd World War 
with prefabricated concrete structure – reference 
country: Hungary 

• Geo-cluster 5: Mediterranean countries with warmer 
climate, where the building stock is split almost 
equally in single and multi-family houses built in 
different construction periods mainly with masonry 
or concrete structures – reference country: Spain 

• Geo-cluster 6: Atlantic zone with cold oceanic 
climate and single-family houses as main building 
type - reference country: the UK 

 

Definition of Building Archetypes 
For each geo-cluster, four representative building 
archetypes in the respective reference country have been 
selected. The source for this selection was the national 
building typologies developed as part of the Tabula 
project (IEE Project TABULA 2018). All 4RinEU 
archetypes are selected among these example buildings. 
However, in order to keep the number of models 
manageable, four main geometries have been identified 
and used for the simulation in each geo-cluster (Table 3).  

  
Figure 1 Geo-cluster division 

Table 3 Simulated geo-cluster geometries 

Geo-cluster Geometry Building characteristics 

 

Archetype: TERRACED 
HOUSE (TH) 

Reference floor area: 88 m2 

Floor Height: 2.8 m 

 

Archetype: SINGLE FAMILIY 
HOUSE (SFH) 

Reference Floor Area: 228 m2 

Floor Height: 2.5 m 

 

Archetype: APARTMENT 
BLOCK (AB) 

Reference Floor Area: 1330 m2 

Floor Height: 2.6 m 

 

Archetype: MULTIFAMILY 
HOUSE (MFH) 

Reference Floor Area: 3456 m2 

Floor Height: 2.8 m 

Although the geometries were identical in each geo-
cluster (e.g. windows number and dimensions), the 

________________________________________________________________________________________________ 

________________________________________________________________________________________________ 
Proceedings of the 16th IBPSA Conference 
Rome, Italy, Sept. 2-4, 2019

 
1555

 

 
  



envelope’s characteristics have been varied according to 
the typical features of each geo-cluster. 
Technical data for the archetypes has been extracted from 
the Tabula data tool. Therefore, existing building’s 
envelope characteristics (i.e. wall, roof, window glazing 
and window frame) have been defined for each geo-
cluster. 
Job list & simulations 
The different combinations between renovation packages 
have been studied performing a parametric analysis per 
each of the 4 building geometries in the 6 climatic areas. 
The software used has been JEplus. This tool is able to 
read specific strings referring to the parameters to be 
changed within the *.dck and *.b17 execution files of 
Trnsys. Then, it assigns to these parameters the 
corresponding values given by the user in a “job list”. 
Each raw of this file corresponds to a simulation and it 
contains the values of each of the parameters to be 
specified. 
In Table 4, the parameter list of the multifamily house 
archetype in the Netherland is presented as an example. 

Table 4 Parameter list 

PARAMETER 
Involved 

controls/technologies COMBINATIONS 

RETROFIT 
CONDITION 

Shading control, 
infiltration control, 
traditional heating 
system efficiency, 

cooling system 
operability 

1 

TRADITIONAL 
HEATING SYSTEM 

Heating performed by 
a traditional system 

2 
HEAT PUMP 

HEATING SYSTEM 
Heating performed by 

an heat pump 

NO MECHANICAL 
VENTILATION 

No mechanical 
ventilation is used 

3 
DECENTRALIZED 

VENTILAITON 
MACHINE 

Mechanical ventilation 
provided by a 

decentralized system 

CENTRALIZED 
VENTILAITON 

MACHINE 

Mechanical ventilation 
provided by a 

centralized system 

PV INTEGRATED 
PV panels presence 
within the building 2 

CEILING FAN & 
COOLING SYSTEM 

Ceiling fan presence 
within the building 
(different working 

combinations) 

3 

RETROFIT WALL 
TYPOLOGY 

Two different layouts 
of the prefabricated 

panel performing the 
renovation of the 

envelope 

2 

WINDOW 
TYPOLOGY 

Two different new 
window typologies to 

be installed  
2 

INFILTRATION 
Takin into account 
infiltration effect 2 

TOT =288 + 1 (existing case) 

Only parameter referring to the possible renovation 
packages are shown, because the existing condition of the 
building has been simulated apart. 
Description of selected KPIs 
The performances of the 4RinEU deep renovation 
packages are evaluated using a set of Key Performance 
Indicators (KPIs), set as the outputs of the parametric 
study.  
The evaluated thematic areas considered within the 
project are: 

- Energy: indicators dealing with the energy 
consumptions of the building and with the 
energy produced with Renewable Energy 
Sources (RES). In particular, both energy 
demand, energy consumption and primary 
energy consumption have been considered for all 
the energy-consuming technologies within the 
building or integrated in the renovation 
packages. 

- Comfort and Indoor Air Quality (IAQ): 
indicators dealing with users comfort and indoor 
air quality. 

- Environment: evaluation of the environmental 
impact of the building after the renovation 

- Economic issues: evaluation of the NPV of the 
renovation calculated along 25 years from the 
intervention; moreover, the investment cost and 
energy cost for the renovation. 

- Building site management: indications on the 
whole renovation time, differentiating between 
production of the element and complete 
intervention. 
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In this paper, the chosen KPIs are limited to those 
presented in Table 5: 

Table 5 KPIs – Simulation Outputs 

Energy  

Net Energy demand for heating [kWh] - [kWh/m2] 

Final Energy Demand (considering the 
efficiency of each subsystem of the heating 

plant) 
[kWh] - [kWh/m2] 

Net Energy demand for cooling [kWh] - [kWh/m2] 

Final Energy demand for cooling 
(considering the efficiency of each sub-

system of the cooling plant) 
[kWh] - [kWh/m2] 

Net Energy demand for DHW production [kWh] - [kWh/m2] 

Final Energy demand for DHW production [kWh] - [kWh/m2] 

Energy demand for ventilation (due to 
ceiling fans operation and mechanical 

ventilation) 
[kWh] - [kWh/m2] 

Energy produced via PV system [kWh] - [kWh/m2] 

Electricity self-consumption [kWh] - [kWh/m2] 

Energy produced via ST systems [kWh] - [kWh/m2] 

ST energy balance [kWh] - [kWh/m2] 

Global Building Energy demand [kWh] - [kWh/m2] 

Environment  

Co2 Emissions for Heating & Cooling kg CO2/year 
Comfort & IAQ  

IAQ n°hours categories – Adaptive comfort 
model (EN15251:2007) 

(to be used during cooling season) 
[h] 

IAQ n°hours categories – PMV model 
(EN15251:2007) 

(to be used during heating season) 
[h] 

Overheating Degree Hours (>28) [°C] 
Severe Overheating Degree Hours (>29) [°C] 

CO2 concentration categories 
(EN15251:2007) [h] 

Results 
The results of the simulations are organized in a database 
containing, for each building, the job list and the assessed 
KPIs. The added value of the database is the possibility to 
prioritise the RP according to the category of interest 
(comfort/energy/environment).  
The following section reports a couple of exemplary 
charts summarising the results, representing the RP 
performances in one archetype, i.e. the multifamily 
archetype in the Netherland (Continental Central 
geocluster) and showing relations between different KPIs. 
In the graphs, colors of the marker are used to distinguish 
between different combinations of retrofit wall (Uvalue= 
0.1 W/m2K or Uvalue=0.2 W/m2K) and window typologies 
(triple glazing filled with Argon or low-emissive double 
glazing). 
In each graph, different groups of results are highlighted 
in order to recognize easily the effects of the application 
of different technologies and simulation settings. 

By comparing the performances of the renovation 
packages it is possible to highlight which of them suits 
more effectively the target of the users, thus it will be 
easier to define the technologies to be applied in case of 
renovation. 
Figure 2 and Figure 3 present, as examples, an analysis on 
the results coming from the parametrization. A cross 
analysis using such graphs can lead to the definition of the 
best scenarios in a specific contest. 

 
Figure 2 Heating and Cooling demand [kWh/m2] 

 
Figure 3 Number of occupied hours in CO2 ppm 

categories for Indoor Air Quality Evaluation (EN15251) 
in the complete set of simulations 

This general overview could be the starting point for a 
more detailed analysis in the design phase. Hence, using 
a filtering process on all the possibilities based on a 
priority criterion, the best configuration could be defined. 
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One of the following step of the project is developing a 
user interface in order to select and compare easily the 
RPs in terms of different performances.  
Conclusions 
The approach presented in this paper represents a 
comprehensive methodology for comparing the effect of 
different RPs in different climatic context and building 
typologies, as defined and adopted in the H2020 project 
4RinEU. It is easily replicable and can represent an 
effective support for the designers in the definition of the 
most suitable RP according to the boundaries and to the 
specific building renovation needs. 
On one hand, the results of the application of the 
methodology to the selected building archetypes represent 
a demonstration of the consistency and of the replicability 
of the methodology. On the other hand, at the end of 
4RinEU project, the results will be stored in a database of 
technical solutions and performance assessment, and will 
be a ready reference for the designers to make a 
preliminary evaluation of the potential performances of 
deep RPs according to the boundary conditions and the 
building renovation needs across Europe. 
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Abstract

Statistical surrogate models, or meta-models, are
used to emulate building simulation models. Their
key advantage is the reduction of computational cost.
This in particular matters if building design ana-
lysis demands to explore a large number of different
building designs options as in optimization or uncer-
tainty analysis problems.
To derive a surrogate model, a data set consisting of
simulation in- and output data is generated. This set
is then used to train the surrogate. This process of
collecting simulation data may be time intensive and
a building designer has to wait until surrogate model
is available.
In this study we construct a global surrogate model
using adaptive sampling to speed up the data col-
lection. In comparison to static sampling, it balances
both exploration of the design space while exploiting
the iteratively growing information of simulation out-
comes. The advantage of adaptive sampling is not
only that it can cut simulation time, but also that it
rapidly provides a preliminary low-accurate surrogate
to the building designer which is sequentially im-
proved while he/she is working with the low accuracy
model already.

Introduction

With a 40% share in global carbon emission and
36% share in global final energy consumption, the
building sector is a key element for policy makers to
address climate change and foster energy efficiency
(IEA, 2017). Many policies aim to improve the design
of new and existing buildings, or their systems.
Architects and engineers are key to put those po-
licies, often encoded in compulsory annual energy
consumption targets, into practice. Therefore, they
may either use their own experience on sustainable
building design, third party design recommenda-
tions or run physical building performance simulation
(BPS) tools. In theory, BPS should be the best
option. It not only enables to asses the finalized
building design but rather to explore a large variety of
design options. On the other hand, setting up a BPS

model and exploring the design space by multiple
simulations can be labour intensive and even more
computationally costly. This may cause building de-
signers to rather avoid instead of integrating BPS into
their design processes (Petersen, 2011).
Surrogate models are a promising option to remove
the barrier of computational cost in BPS (Ostergard
et al., 2018). They are used to approximate ori-
ginal BPS models with a statistical machine learning
model that is trained on BPS in- and output data
(simulation samples). A surrogate is computatio-
nally significantly cheaper to evaluate (e.g. 106 de-
signs in 1 sec. Ostergard et al., 2018) and enables to
return design performance estimates almost instan-
taneously. Nonetheless, the cost of collecting simu-
lation samples remain and some authors consider the
surrogate model approach to only ”shift simulation
time” to prior to the design process. Indeed, re-
ducing the sampling time (hours) in the surrogate
derivation process is crucial and outweighs surrogate
model training (minutes) and evaluation (seconds).
Using an optimum sampling plan, also called design
of experiment, the information gain per simulation
run can be maximised. Two different paradigms for
selecting simulation samples exist. In static sampling
all samples are chosen in one shot. In this case the
individual design inputs (sample) are picked to fill
the space of possible design options homogeneously.
In adaptive sampling as shown in Figure 1 samples
are picked sequentially to adapt the sampling plan
depending on simulation outcomes. This enables to
balance space exploration with exploitation of simu-
lation outcomes. For example, exploitative sampling
may be used to identify complex, non-linear regions
in the simulation outcomes. It has been observed,
that adaptive sampling may outperform static sam-
pling schemes by lowering the number of samples
required to achieve a certain level of accuracy of a
surrogate model to approximate a high-fidelity simu-
lation model (Garud et al., 2017).
In this study, we implemented the LOLA-Voronoi
adaptive sampling algorithm. We identified three key
advantages:

• maximise information gain per sample
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Figure 1: Adaptive sampling with the LOLA-Voronoi algorithm.

• allow online surrogate derivation

• no initial choice of no. of samples required

The advantage of the LOLA-Voronoi algorithm over
other adaptive sampling schemes, is that can be used
in combination with any of the popular surrogate mo-
delling techniques in the building simulation domain
and is not bound to Gaussian Process models like
other adaptive sampling schemes. We applied the
algorithm to fit a surrogate model to a simulation
model of a small 5-zone office building. We quantify
sampling efficiency to reach a certain level of accuracy
and benchmark the results against Latin Hypercube
sampling (LHS), the most popular static sampling
scheme (Burhenne et al., 2011).

Surrogate Models

The use of Surrogate Models for building
design

Surrogate models, or metamodels, have been success-
fully applied to different types of building perfor-
mance analysis. Either they are leveraged to study
large number of samples as for example in sensitivity
analysis (Rivalin et al., 2018), uncertainty analysis
(Hester et al., 2017), and optimization (Wortmann,
2018), or used to provide rapid performance asses-
sment to building designers during the early design
stage where many different designs are considered
(Geyer and Schlueter, 2014). In particular for optimi-
zation purposes surrogates have lead to time savings
of up to 80% compared to BPS based optimization
(Prada et al., 2018).
Surrogates may be either trained to be globally
(whole design space) or locally (parts of the design
space) accurate. While the former serves as a full re-
placement of a simulation model, local surrogates are
often derived in optimization schemes where only spe-
cific parts of the design space are out of interest. The
latter cannot be reused in subsequent analyses. In
this study we focus on sampling for global surrogates
given their general range of applications.

Sampling for building simulation sur-
rogate models

In the following we introduce one static and one
adaptive sampling algorithm. Static latin-hypercube
sampling is one of the most popular sampling

method in surrogate modelling research (Ostergard
et al., 2018). We use it as a benchmark for the
adaptive LOLA-Voronoi sampler. LOLA-Voronoi has
proven to outperform LHS on test functions before
(Crombecq et al., 2011) and is widely applicable as
it is not tied to a specific surrogate model type or
certain number of variables.

Latin-hypercube sampling

Latin-hypercube sampling (LHS) is a stratified
sampling scheme. In stratified sampling, the design
space is divided into multiple subintervals from
which samples are drawn. This reduces the risk
of clustering or gaps in the sample set as found in
random sampling schemes Garud et al. (2017).
LHS divides each dimension of the design space into
K equal bins resulting in KN hypercubes, where N is
the number of samples. K sample points x are listed
in a sampling matrix L = [x(1), x(2), ..., x(K)]T where
the columns represent the different design parameters
and the rows the sample points. In LHS the samples
are chosen in that way that in each column there are
no two samples that fall in the same bin. Hence the
number of bins equals the number of samples drawn.
In Figure 2 the initial seed of samples (red dots)
where determined using an LHS design with K = 15
samples. Hence, both the window-to-wall ratio
and the solar-heat-gain coefficient are binned into
15 equal bins. Each bin is represented by one sample.

LOLA-Voronoi sampling

The LOLA-Voronoi adaptive sampling strategy was
developed in (Crombecq et al., 2011). Like other
adaptive or sequential design strategies it is designed
to balance the exploration and exploitation objective
for exploring a design space.
Exploration aims at filling under-sampled parts of
the design space. This is very similar to the idea of
most common static sampling schemes like LHS. Ex-
ploitation focusses on finding interesting or complex
parts of the design space. In surrogate model de-
rivation, exploitative sampling capitalizes simulation
outcomes to identify complex (e.g. high gradient) re-
gions in the model outputs. If adaptive sampling is
integrated into an optimization scheme, exploitation
rather aims to pick samples which are interesting with
regard to the optimization objective.
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Different metrics are used for balancing the exploi-
tative and explorative value of sample candidates and
a list is provided by Garud et al. (2017). Sample
candidates are either picked around existing samples
with a high sampling score, determined randomly
throughout the design space, or they are actively
picked using an optimization approach.
In the LOLA-Voronoi algorithm, existing samples are
assigned with a hybrid sampling score H.

H = V + E (1)

where E, the local-linear approximation (LOLA)
score, quantifies if the region around a specific sample
is non-linear and V if it is under-sampled in compa-
rison to the other samples. Once H for each of the
existing samples is calculated, the sample with the
highest score serves as a reference to pick additional
simulation samples around it. This is done by taking
its Voronoi cell, i.e. the region consisting of all points
closer to that sample than to any other, and randomly
pick a sample inside that Voronoi-cell.
The LOLA score of each sample is computed by
fitting a local-linear hyperplane through the simu-
lation outcomes of its neighbours. The length of
the normal of that hyperplane serves as non-linearity
estimate. Determining the neighbouring samples
among all existing ones is crucial to receive accurate
non-linearity estimates. A detailed explanation can
be found in (Crombecq et al., 2011).
The Voronoi cell size of a certain sample, V , is large
if the neighbouring samples are far away where the
distance among points is quantified using the Euler
distance. Consequently, the larger V , the lower the
density of points. Computing the actual cell size is
not straight-forward and usually done by Delauny
triangulation. In the LOLA-Voronoi algorithm is is
estimated to lower computation cost. Therefore, a
random set of points is generated within the overall
design space. Subsequently, the number of points
closest to each individual of the existing points are
counted. Samples with the lowest number of assigned
points have the lowest density and hence, are under-
sampled.
Once the sample with the highest hybrid score H is
found. One of the points assigned to that sample
during Voronoi cell estimation, is picked as new si-
mulation sample. Here, we limit the number of new
samples to one per LOLA-Voronoi iteration but this
can be modified.
The LOLA-Voronoi sample selection process is il-
lustrated in Fig. 2 which shows the three samples
with the highest exploration (a), exploitation (b) and
hybrid score (c). The red dots show initial simu-
lation samples. The blue lines are generated from
a Gaussian Process surrogate model trained on this
initial set of simulation data. The surrogate was then
evaluated at the intersection of the blue lines. To
simplify the visualization, this surrogate model was

Table 1: Considered parameters, their Morris coeffi-
cient and their value range.

Parameter µ∗ Range(min, max)

Solar heat gain 8.4 ∗ 108 (0.1,0.9)[ ]
coeff.

Equipment gains 3.5 ∗ 108 (10,15)[ W
m2 ]

Window-to-wall 4.6 ∗ 108 (0.1,0.9)[ ]
ratio

Lighting gains 3.3 ∗ 108 (10,15)[ W
m2 ]

U-value window 1.8 ∗ 108 (0.1, 5) [ W
m2K

]

Infiltration 1.0 ∗ 108 (10−4, 2 ∗ 10−3) [m
3

m2 ]
Conductivity wall 2.9 ∗ 107 (0.02,0.2) [ W

mK
]

Thickness wall 2.1 ∗ 107 (0.1,0.5)[m]

fitted to annual energy demand simulations given two
inputs only (window-to-wall ratio and solar heat gain
coefficient).
Here, the three samples with the highest corre-
sponding score are encircled with a green line. If
only the exploration score is considered, the samples
are chosen as reference samples with the closest neig-
hbouring samples being far away. If only the ex-
ploitation is considered, those samples with a high
gradient in the surrounding region are picked. By
summing up both scores a balance between the two
objectives can be found (c).

Experiment

We applied LOLA-Voronoi sampling to derive a
surrogate of a whole building simulation model
of a small office building with five thermal zones
(Small Office, new construction 90.1-2004; see Deru
et al., 2011). The output of the surrogate is total
annual energy demand of the building and the inputs
are chosen by looking at previous literature where
similar surrogates were constructed (Ostergard et al.,
2018) and by conducting Morris screening to filter
the candidate inputs (features) by their sensitivity
(Tian, 2013). The remaining eight most sensitive
parameters are shown in Table 1. Morris screening
was conducted with five value levels using the SALib
library (Herman and Usher, 2017).
Note that, parameter distributions affect the samples
collected using static sampling (here LHS). Here all
distributions were chosen to be normal with the min
and max value serving as 95-percentile.The distri-
butions implicitly consider which design choices are
the most likely to happen or are the most common.
While static sampling uses parameters distributions,
adaptive sampling with the LOLA-Voronoi algorithm
is independent to parameter probabilities.

To take the influence of problem size into account, we
conducted two experiments with four and eight design
parameters. In case of four design parameters only
the four most sensitive ones were considered. Here
we sequentially trained a neural network model. Ho-
wever, LOLA-Voronoi sampling can be used together
with any type of surrogate model. The architecture
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Figure 2: Exploitation, exploration and hybrid score based selection of regions for further samples.

Figure 3: Results. Neural network surrogate model
accuracy per number of simulated samples in problem
with 4 (top) or 8 design parameters (bottom) were
trained.

of the neural network model and its hyperparameters
(number of hidden layers, number of samples) were
optimized in a grid search and cross-validated.
We quantify the performance of LOLA-Voronoi for
building simulation surrogates by plotting the sur-
rogate model accuracy achieved for a given number
of samples. The model accuracy is quantified by the
coefficient of determination R2 and is computed on
a separate test set of 100 randomly selected samples
in either of the two experiments. We benchmarked
the results against Latin-Hypercube sampling (LHS),
which is a popular static sampling approach for sur-
rogate model derivation (Forrester et al., 2008).

Results and Discussion

The results of the two surrogate model fitting
experiments are shown in Figure 3. In the top plot
the result of fitting a surrogate with four design
parameters (inputs) and in the bottom plot of a
surrogate with eight design parameters are shown.

In either case we collected enough samples to reach
an accuracy of larger than R2 ≈ 0.95. Note that all
reported accuracy scores were achieved with cross-
validated (5-fold) and optimized neural network
models. Due to randomness in sampling and model
fitting we repeated the process twenty times. The
orange dashed line shows the mean results achieved
with adaptive sampling and the blue line shows the
results for LHS. The band shows the maximum and
minimum values found. The lowest x-axis entry
corresponds to the initial seed of samples for adaptive
sampling.
First, we can see that LOLA-Voronoi is more sam-
pling efficient than LHS sampling in case of four
design parameters. Not only the mean accuracy
is higher but also the band of observed accuracies
is smaller. In case of eight design parameters the
performance of both schemes is rather similar.

The results can be discussed with regard to accuracy
and implications on the applicability of adaptive sam-
pling during early building design are given in the
following.

Accuracy: On first sight the results of the pre-
sented experiments indicate that static and adaptive
sampling using the LOLA-Voronoi algorithm provide
similarly accurate surrogate models with slight be-
nefits of using adaptive sampling if the number of
parameters is small. With increasing number of pa-
rameters this benefit appears to vanish.
Based on the given results, if one aims for a model
with high accuracy using as little simulation samples
as possible, adaptive sampling may be a better choice
than static sampling. Definitely, further experiments
with more number of samples are required to confirm
these findings.

Applicability: The given results in Figure 3
outline the advantage of LOLA-Voronoi to adapt
sample selections depending on the already existing
set of samples to increase surrogate model accuracy.
This enables to provide a preliminary surrogate after
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an initial set of simulations was conducted and then,
constantly updating that surrogate while it may be in
use already. Looking at Figure 3 (bottom), a building
designer can use a surrogate trained on 20 samples
which may have an accuracy of roughly R2 ≈ 0.90
(lower end of the band). While he uses the model for
first building performance analysis, further samples
can be acquired and after some time his surrogate re-
aches an accuracy of more than R2 ≈ 0.95. In static
sampling all samples are selected in one-shot. To add
further samples, one could only rerun the static sam-
pling scheme to increase the sample density within
the design space. No information on the design space
complexity would be integrated in this case.

Conclusions and Future Work

This study contributes with an experiment on
adaptive sampling for global surrogate model deri-
vation in the building performance domain. A first
comparison of static and adaptive sampling is given.
The results show that none of the two sampling
schemes clearly outperforms the other. However, the
tendency is found that adaptive sampling is more
sampling efficient if a high surrogate model accuracy
is required. Apart from that, we saw the potential
that adaptive sampling helps for fast preliminary sur-
rogate derivation whose accuracy is improved while it
is already applied by building designers for building
performance analysis.
This study is a first step to study the potential use of
adaptive sampling for building simulation surrogate
models. The scope of the experiments should be ex-
tended in future. For example, further adaptive and
static sampling algorithms could be considered and
the number of design parameters increase to more
than eight variables. Furthermore, LOLA-Voronoi
currently only accomodates continuous variables and
has to be modified such that it can also be used with
discrete variables.
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Abstract

Data-driven, black box machine learning models have
received a lot of attention in the field of building
control. They have been used successfully to predict
building behaviour given information like weather fo-
recasts and real time sensor information. In these
models, the occupant behaviour is considered to act
exogenously on the building.
We consider the users as active elements of the
building operation control loop. To make educated
control decisions they have to be informed about how
the building will behave. Therefore, we propose a pre-
diction model which explains to occupants the day-
ahead building behaviour using a clustering and clas-
sification by association model. We benchmark this
approach to a neural network regression model and
only observed a small loss of accuracy.
Knowing the upcoming building behaviour, occu-
pants can adjust their behaviour (e.g. putting on
clothes) or the building systems settings (e.g. set
points) accordingly. The proposed method is a pro-
mising way to decode complex regression models into
readable rules, which in future may be useful in con-
junction with for example voice-based virtual assis-
tants.

Introduction

Buildings are a major energy consumer accounting
for 36% of final energy and 55% of final electricity
consumption worldwide (IEA, 2017). 80 to 90%
of that energy is attributed to building operation
(Ramesh et al., 2010). Therefore, optimizing building
operation through effective energy management is
a strong element of current research on sustainable
buildings (Shaikh et al., 2014).
Building occupants have a major impact and
partially explain why high performing building
technologies (e.g. efficient HVAC systems) do not
guarantee low energy use (Andersen et al., 2009).
In a simulation-based study on office buildings, a
difference in energy use of up to 50% is found if
the worker is proactive in energy savings or not
(Lin and Hong, 2013). Behavioural differences are

found in their adaptive actions (e.g. opening/closing
of windows, adjusting set-points) or non-adaptive
actions (operation of office equipment, movement
through space, etc.) (Hong et al., 2017). This
shows that engaging occupants in the energy efficient
control of the building will be crucial to achieving
energy use targets.
Researchers have developed tools which incorporate
occupancy data as input into supervisory building
control algorithms. Supervisory control logic is
implemented at a higher level than the individual
controllers of the building systems. Two approaches
are prevailing in research: rule-based, and model-
predictive control. While rule-based control uses
rules defined by HVAC specialists, MPC conducts an
operational optimisation over a specified prediction
horizon. In both approaches temperature set-points
for the whole building are adjusted, or HVAC systems
activated taking occupant actions (adapative or non-
adaptive) into account. The occupant behaviour is
either hard-coded in schedules or detected based
on data (Lu et al., 2010). Detection of occupancy
patterns (e.g. sleeping, or absent) is a key element of
smart thermostat technologies which already exist.1

A characteristic of rule-based and model-predictive
control is that they monitor human behaviour
instead of involving occupants as sensing and active
element in the control loop (direct human-in-the-
loop control, HIL). Recent publications envision an
interplay of occupants and automated controls where
comfort conditions are traded-off with minimizing
energy use (D’Oca et al., 2018). This negotiation
of comfort conditions demands not only machines
to learn occupancy patterns, but also occupants to
understand the computer controlling the building.
This study contributes by providing a forecasting
method which features a human-readable set of in-
formation to explain the expected building behaviour
given the computer-based controls already existing
in the building. We use a combination of clustering
and associate rule mining. Cluster analysis enables
to find typical 24-hour temperature profiles and

1See for example: https://nest.com/thermostats/

nest-learning-thermostat/overview/
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Figure 1: Overview of the proposed approach.

associate rule mining allows to assign a set of rules
connecting each of the profiles to weather conditions
and occupancy. Based on those rules we select a 24-h
profile for the upcoming day with the classification
by association (CBA) algorithm. As a result, the
occupant has access to numerical building behaviour
predictions which are explained by human-readable
association rules in the form of ”the predicted profile
is x because y” .
The combination of clustering and association rule
mining has been leveraged on building time series
data before. Mirebrahim et al. (2017) and Xiao and
Fan (2014) used it to receive insight on the control
of heating, ventilation and air conditioning (HVAC)
systems. Both cases exemplify the strength of the
approach for analytical purposes, however it has
never been used for forecasting of building time
series.
We showcase the use of the method in a study where
we derive 24-h indoor temperature forecasts for the
upcoming day. Indoor temperature was chosen as it
inherently captures the trade-off between occupant
comfort and energy demand.
The use of a set of temperature profiles and of catego-
rical features (e.g. binned outdoor air temperature)
instead of continuous ones for rule-based prediction
limits model complexity. We benchmarked our
approach against a 24h prediction of a deep multiple
output feed-forward neural network.

In this paper we familiarize the reader with the ap-
plied method and provide details on the clustering
algorithm used (Gaussian Mixture Modelling), asso-
ciate rule mining and the classification by association
algorithm. Then, the performance and limits of the
approach are shown in a case study on indoor tempe-
rature prediction in an office building.

Methodology

The proposed approach combines clustering (Fig. 1,
a) and rule-mining (Fig. 1, b) to give insightful time
series predictions which provide numerical forecasts
as well as explanatory rules causing that forecast
(Fig. 1, c). The method can be applied to any time
series data which is formatted as daily sets of 24
hourly values. In the case study below we focussed

on indoor temperature forecasting only, hence the
model outputs (ŶT ) are labelled T .

The methodology consists of two steps to train the
model:

1. Derive N typical daily profiles using a Gaussian
Mixture Model (GMM). The number of profiles
has to be chosen by the modeller and is treated
as a hyperparameter to be optimized in a grid
search (see Table 2).
Clustering converts hourly output values YT,train

to daily ones YC,train which contain the derived
cluster numbers for each day of the training data.

2. The prediction model, a CBA model, uses as-
sociation rules for the cluster number YC,train

given features Xtrain. In our case study, the n
number of features include daily mean weather
forecast data, date-time information (incl. ho-
lidays), occupancy data and the cluster of the pre-
vious day.
To derive the CBA model, we first generate asso-
ciation rules between Xtrain and YC,train using
the Apriori algorithm (Agrawal et al., 1994).
Then the number of rules is reduced to a small set
which only includes those rules with the highest
confidence. The high confidence rules form the
CBA model.

After this model training process is terminated, the
CBA model can be used to predict hourly indoor
temperatures for the upcoming day given a new set
of unseen features X (Fig. 1, c). It uses the profiles
(cluster centroids) and rules determined on the
training data. Note that, in the following prediction
performance is quantified solely by comparing
predicted hourly values, ŶT,test, to observed hourly
values, YT,test. We fully neglect whether clusters are
predicted correctly.

In the sections below we provide more details on the
two steps to derive the prediction model.

Clustering (Gaussian Mixture Model)

The GMM is suitable for clustering problems. It
has been applied to time series data before (Eirola
and Lendasse, 2013) and specifically on building re-
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lated time series data (Melzi et al., 2017) (Mirebrahim
et al., 2017). It is a classification algorithm which
describes a cluster by its mean and covariance. Both
are composed of a mixture of Gaussian distributions.
This allows it to identify inhomogeneous, multimodal
clusters as required for time series profile clustering
of temperature data. In comparison to the k-means
or hierarchical clustering, GMM is a soft clustering
algorithm, i.e. individual samples influence the cen-
troids of all clusters and not only the one they belong
to (a comparison of both approaches is found in Park
et al., 2019). Soft clustering may be suitable for the
given problem as indoor temperatures are inherently
continuous and cannot be sorted into discrete, sepa-
rable bands. Comparing and picking the best per-
forming clustering algorithm is not within the scope
of this study but would be valuable future work.
The output of the GMM is a probability density
function Pk(x) for each of the clusters k ∈ K given a
set of features X. The density functions consist of a
linear combination of multiple Gaussian distributions
N(x;µkr,Σ) (Hastie et al., 2009).

Pk(X) =
∑
r

πkrN(X;µkr,Σ) (1)

Here all clusters share the same covariance matrix
Σ. The optimum value of all parameters, i.e. the
mean of each Gaussian distribution, the mixing pro-
portion πk,r for each of the R Gaussian distributions
and covariance matrix Σ are chosen by maximising
the log-likelihood

K∑
k

∑
gi=k

log

[
Rk∑
r=1

πkrN(xi;µkr,Σ)
∏
k

]
(2)

of all clusters k ∈ K simultaneously, where
∏

k repre-
sents the clusters prior probability. The cluster with
the highest probability given a set of parameters x is
the one proposed by the GMM. Fitting the GMM is
done using the expectation-maximisation (EM) algo-
rithm (Dempster et al., 1977).

Before the GMM is fitted to the data, the number
of clusters is picked manually. The common way is
to use information criteria like BIC or AIC which
enable to qualitatively compare accuracy of models
with different number of clusters. In our case, we op-
timized the number of clusters to maximize predictive
accuracy of the whole approach in Figure 1.

Model derivation

Association rule mining

Like GMM, association rule mining (ARM) is an
unsupervised learning technique that identifies in-
teresting relationships between features and targets
(Jirı and Kliegr, 2012). It was initially applied to
market basket analysis for the identification of simple
rules to understand consumer behaviour.
First, the discretized features X and targets YC are
stored in a transactional database. The transactional

database is scanned for association rules using one
of the existing ARM algorithms (here: Apriori algo-
rithm, Agrawal et al., 1994). The quality of a rule
is quantified by calculating support and confidence of
each rule described in the following equations.

supp(A) = |t ∈ T ;A ⊆ t| / |T | (3)

conf(A⇒ B) = supp(A ∪B)/supp(A) (4)

Let A be a feature set, A⇒ B an association rule and
T a set of transactions of a given database. Support
captures how likely it is that A and B occur jointly
(P (A,B)) while the confidence provides a value for
how likely the occurrence of B is if A is given. A mi-
nimum value for support is used to place a limit on
the number of rules.
For classification purposes, the rule mining algo-
rithm is adjusted to restrict the consequent B to
only contain the target variable YC . Ma and Liu
(1998) formulated the framework for creating associ-
ation rules in this manner, naming them class associ-
ation rules (CARs). A predictive classification model
is created by a subset of CARs which are picked using
Classification by Association (CBA).

Classification by Association (CBA)

CBA is a supervised machine learning algorithm
which stands out due to its simplicity. It takes CARs
as inputs, sorts them and outputs a subset of useful
rules that can classify sets of features. As outlined by
Ma and Liu (1998), to derive the CBA model, CARs
are sorted by the confidence, then support, and then
the order the rules are generated in. Each entry of
the training data is covered by at least one rule.
The CARs derivation, sorting and deleting of rules
is conducted based on training data and therefore
may be regarded as model training. Afterwards, the
remaining rules can be applied to unlabelled data
picking the first rule within the list of sorted rules
that is satisfied by a given set of new features.
The rules picked by CBA are a useful output in them-
selves, because they provide a human readable list of
the most predictive features for target selection. Ma
and Liu (1998) describe this as the discovery of un-
derstandable rules. The CBA framework can provide
more understandable and more predictive rules than
association rule mining alone. In addition to the pre-
diction of targets on unseen data the outputted rule
set can assist in achieving the human readable functi-
onality desired in many applications.
In this study we used the pyFIM and PyARC li-
braries for ARM and CBA implementation (Borgelt,
2012)(Jirı and Kliegr, 2012).

Case Study

The methodology is applied to predict indoor tem-
peratures in a small room (≈ 10m2, one worker, one
window) of an office building in British Columbia.
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Table 1: Overview on the dataset split into target and features.
Type Sensor name properties

Target YT Indoor air temperature [◦C] hourly mean (15 min. data)
Features X: outdoor air temperature forecast* [◦C] daily mean on-site measured data

wind chill* [◦C] daily mean, on-site measured data
heat index* [◦C] daily mean, on-site measured data

relative humidity* [%] daily mean, on-site measured data
occupancy [%] daily mean, on-site measured data

lagged profile number [] profile number from previous day (predicted by GMM)
date - time [] day of the week, month, season

*discretized by equal frequency binning.

The indoor climate of the room is controlled by a
trickle vent and slab heating or cooling. The trickle
vent preheats or cools fresh air using a coil. Both
systems are connected to a central heat pump.

Data and Feature selection

In the proposed approach the selection of input fea-
tures is crucial as they form the rules shown to occu-
pants to understand temperature predictions. For
now, we limit the set to only a small selection of fea-
tures, constrained by data availability and quality.
The considered data set spans three years (2014-
2017). It consists of measured values on the building
systems and the internal and external climate condi-
tions. The data is not public but information on the
building are publicly available.2 The data from mul-
tiple sensors was cleaned and aligned to a frequency
of one hour (YT ) or one day (X).3 All continuous
features are discretized into bins with equal numbers
of samples. Besides the listed features, we also had
access to temperature set point (occupant input) data
of the room which was constant over the whole period
and therefore ignored.
Among the features in Table 1, we selected a subset
based on an exhaustive grid search (see next section).
In future applications, more occupant inputs

2https://www.reliablecontrols.com/corporate/

facility/
3Instances of sensor outages were found at various points

in the data set. Days with one or more missing indoor tempe-
rature values are ignored leading to a loss of 12.9% of samples.
In future, measurement gaps could be filled with rolling mean
values.

(adaptive actions, see Section 1), building system
data and sensor data of adjacent rooms might be im-
portant to ensure useful explanations for forecasts.

Model derivation

The model was trained on two years of data (Nov.
2014 to Nov. 2016) and tested on the following year.
As the CBA algorithm ranks rules based on support
and confidence values derived on the training data, it
is crucial that the training data consists of the same
number of samples from each season. Otherwise, the
support (Eq. 3) for rules of an underrepresented
season will be relatively low in comparison to rules
of other seasons. Similarly, the confidence of rules
(Eq. 4) would be skewed.
In Figure 2, the resulting seven temperature pro-
files generated with Gaussian Mixture modelling are
shown. All results in this section were derived using
the optimized number of clusters, bin size and set of
features (see Table 2). The profiles may be sorted
from hot to cold and by differences in shape. Two
profiles are rather flat with low average temperature.
The other five profiles fluctuate strongly between day
and night and the temperature is warmer on average.
Next we apply associate rule mining and extract the
classification by association rules (CARs). We re-
ceive distinct explanations for each cluster (see Fig.
3). The rules in Fig. 3 show the three rules with the
highest support value for each cluster. Some clusters
have less than three rules in which case all of the as-
sociated rules are shown.
The most days (highest support) in the training data

Figure 2: Temperature profiles for each of the
seven clusters.

Figure 3: Top 3 rules for classification of each cluster (sorted
by support).
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are members of Cluster 6 and 7. Cluster 6 repre-
sents occupied days during winter (quarter 1) and
shoulder season (spring) with medium outside air
temperature and wind chill, and Cluster 7 is the ty-
pical profile for occupied days in summer (quarter 3,
Season = Summer). Cluster 4 and 2 show the pro-
files for unoccupied days. During unoccupied days
in winter the temperature typically drops to below
20◦C. Cluster 3 has a very distinct shape. It captures
the reheating process after unoccupied days in winter
which typically occurs on Mondays. Cluster 5 des-
cribes overheating inside the room. The rules show
that this happens on days when wind chill is high me-
aning high ambient temperature and low wind speeds.
The strong impact of wind speed is due to the fact
that the room features trickle vents which rely on na-
tural ventilation for cooling. Lastly, Cluster 1 has
very low support values. This is surprising as it lies
between the two most common clusters. The reason
may be that the control routine of the heating and
cooling system leads to indoor profiles very close to
Cluster 7 OR Cluster 6 and nothing in between.
Finally, we apply the derived model to unseen data
and compare the results to the observed indoor tem-
perature profiles. Model derivation and testing was
conducted iteratively in an exhaustive grid search
with the number of clusters, the number of bins for
variable discretization and the selection of features
as hyperparameters. To speed up the process the fe-
atures were grouped into four sets (Table 1). The
optimal parameter settings are shown in Table 2. Es-
pecially, the use of clusters of the previous day in-
creased the accuracy significantly. They were derived
using the mixture model trained on the training data.

Table 2: Results of grid search.
Hyper- Range Final choice
parameter

No. of [1,15] 7
clusters
Bin size [2,10] 5
Feature [Date time],[Lagged [Date time],[Lagged
subsets Clusters],[Weather], Clusters], [Weather],

[Workday], [Occup- [Occupancy]
ancy]

Model validation

Testing the method on unseen data gives a Mean
Absolute Error (MAE) of 0.558◦C and 62.5% of
the variation in the indoor temperature is explained
(R2 = 0.625). Figure 4 shows the characteristics of
cluster based prediction with a cap at high tempe-
ratures and floor at low temperatures. Furthermore,
due to the discrete classification of profiles the pre-
dictions exhibit a gap between 19.7◦C and 20.3◦C.
To better understand the performance and the causes
of inaccuracies, we decomposed the inaccuracies and
benchmarked our algorithm to two different applica-
tions of neural networks.
In a first step, the loss of variance caused by using

18 20 22 24 26
Treal

18

20

22

24

26

T h
at

Figure 4: Observations vs. predictions on test data.

daily temperature profile clusters instead of pre-
dicting each hourly temperature value individually
is shown in Figure 5. Using seven clusters, which
was determined to be optimal by the grid search,
a maximum R2 of 0.79 is theoretically achievable if
all clusters are predicted correctly. Hence, there is a
21% loss in theoretically explainable variance by the
process of converting continuous hourly target values
to seven discrete daily clusters.
Another simplification of the prediction process is the
use of association rules instead of a complex statistical
regression model. To quantify the loss of accuracy
induced by rule based prediction, we conducted the
cluster prediction with a parameterized black-box
classifier. Here, we use a feed-forward neural network
classifier whose parameters were again optimized in a
grid search. It outperformed the CBA algorithm only
by a little (R2 = 0.665).
After having decomposed the loss of accuracy, we
benchmarked the algorithm against a state-of-the-art
deep neural network regressor which predicts 24 tem-
perature values individually for each day. The re-
gressor is fed with the same set of inputs as before
while having 24 temperature outputs. The network
is composed of three layers with 200 neurons each
and was pruned by increasing the regulation term
α (Hastie et al., 2009) step-by-step until optimum
performance was achieved.4 The accuracy is much
higher (R2=0.815) than the proposed cluster- and
rule-based approach but with loss of explainability.
Also it shows that given the current set of features
the neural network fails to explain 19.5% of the va-
riance. Probably, more features on occupants and
other unknowns may be helpful to further increase
accuracy.

4The process of pruning refers to gradually increasing
the regularization term until variance and bias of the neural
network are balanced.
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Figure 5: Maximum achievable R2 score for a given
number of clusters.

Model application

The functionality of the proposed algorithm is shown
in Fig. 6. One week of indoor temperature pre-
dictions for each season is shown. The weeks were
selected randomly among the weeks without missing
data. The rules which caused the CBA algorithm
to predict one of the seven profiles for the upcoming
day are shown below each of the predicted 24h tem-
perature profiles (split by black lines). For example,
on 8th April 2017 the model predicts Cluster 2 be-
cause the previous day was Cluster 6, the heat index
is medium, and the building was unoccupied.
Generally, we find that the cluster- and rule-based
prediction is capable of capturing the indoor tempe-
rature behaviour well. Weekends are identified and
depending on weather conditions different profiles are
picked during the week (see winter week). However,
we also see that Cluster 6 in winter and Cluster 7 in
summer are classified on most days. Rarely, a signi-
ficant misclassification of a day can be observed as for
example found on 22nd October 2017.
The dominance of two clusters is explainable due to
the impact of the heating and cooling system, and due
to the fact that the temperature set point was never
changed by the worker in the training and testing
data. As a consequence, our classifier mainly distin-
guishes between the seasons and between days where
the HVAC system is switched on and those when it
is switched off.
Misclassification may be caused by ambiguous infor-
mation provided by the features. On 22nd October
2017, the classifier predicts the building to be heated
but instead the heating system was switched off as
it is Sunday. On that day the occupancy sensor
recorded some activity in the room. This triggers

the CBA algorithm to predict the wrong cluster, be-
cause in this specific case occupancy-based rules have
higher confidence than rules which consider that it is
a Sunday and the room should be unheated. A si-
milar misclassification is observed on the 19th March
which was also a Sunday.

Discussion

The case study showed that the proposed method is
convenient to apply. Once a pipeline of clustering
and rule-mining is established, it generates forecasts
alongside of comprehensible sets of rules. In Fig. 6
a maximum of four variables per rule were generated
which seems suitable for rapid forecast analysis.
The data available for the case study lacks infor-
mation on occupant action. The rules like it will
be hot (Cluster 5) because wind chill is high and the
building is occupied (see Fig. 3), do not recommend
any occupant action.5 In further applications, the
data should be complemented with behavioural fe-
atures. For example, if an occupant knows that it
will be hot because wind chill is high, the building is
occupied and windows are closed, he or she will open
the window to increase comfort.

Model parameters and model performance
considerations

The number of clusters is the only model parameter
of the GMM which was optimized. Its covariance
matrix, another parameter of the GMM, was set to
be full, i.e. each cluster has a different, full covariance
matrix. A brief study showed that this is better than
all other choices of covariance matrix type (all clusters
sharing the same matrix or the matrices may only
have diagonal elements).
The rule mining process has four modelling para-
meters, i.e. minimum support, minimum confidence,
the bin size of the variable discretization and the
involved features. We included the latter two into
the hyper-parameter optimization process. Minimum
confidence was removed (set to zero) and minimum
support set to five days. This ensures that any de-
rived rule is found at least five times in the data.
The accuracy of the model is significantly lower than
24h predictions of a deep neural network as shown
in Table 3. However, one could argue that a loss
of 0.19◦C in MAE may be acceptable if the method
helps occupants to improve energy efficiency of the
building by adjusting their behaviour. This trade-off
in loss of accuracy and improved occupant behaviour
has yet to be studied in a field test.
The prediction accuracy of the model can be im-
proved by deriving better rules to predict more

5High wind chill index refers to high ambient temperatures
and low wind speeds.

Table 3: Model validation and benchmarking for 24h predictions.
Error Type GMM + CBA GMM + ANNC ANNReg

MAE [◦C] 0.558 0.548 0.37
R2 0.625 0.665 0.815
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Figure 6: Predictions and associated rules for one week of each season in the test data.

clusters accurately (see Figure 5). For example, by
using ten clusters the maximum achievable R2 score
would increase from R2

7 = 0.79 to R2
10 = 0.88. With

the current set of features and the resulting rules, we
determined seven clusters to optimal. Our rule set
is not explanatory enough to accurately predict more
clusters. If more or better features are found, more
clusters could be accurately predicted.
The benchmarking analysis showed that our method
with the current way of feature engineering does not
fully leverage the information hidden in the data. A
neural network achieved much higher accuracy given
the same set of information. More work on feature
engineering could be done, but also it may be con-
cluded that an increase of explainability leads to a
loss in accuracy.

Conclusions and Future Work

This study introduced and benchmarked a novel ap-
proach to provide hourly forecasts on building be-
haviour for the upcoming day. It combines the
analytical power of unsupervised machine learning
(clustering, associate-rule mining) with the prediction
ability of supervised machine learning methods given
by the CBA algorithm. As a result each forecast
is complemented with rule-based explanations why
a certain forecast was given. This would enable occu-
pants to adapt and adjust their actions. In future, we
imagine the method could help to involve occupants
in the building control loop which may lead to an in-
crease in building energy efficiency.
After having benchmarked the accuracy of the
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method against black-box models, the next step is to
conduct a second case study where rules are provided
to actual occupants of a building. This could be done
by implementing the forecasting method on an intel-
ligent personal assistant device to communicate the
explanations and recommendations associated with
temperature or energy consumption forecasts. This
will clarify if influencing occupant actions can in-
crease overall building efficiency.
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Abstract 

Computer simulation was carried out with EnergyPlus 

software in order to understand the influence of thermal 

insulation and solar orientation in environmental 

conditions that can promotes mold growth. The object of 

study is a naturally ventilated low-rise residential 

building, located in subtropical climate, Brazil. The 

values used for occupancy, lighting and ventilation 

standards were set to occur at certain times or under 

different climatic conditions, with the aim of simulating a 

residence under natural conditions. As a result, it was 

observed that the system without insulation presented 

better ventilation conditions, so a smaller number of cases 

were observed due to the greater possibility of thermal 

variation and the internal relative humidity. 

Introduction 

Mold growing in residences is highly harmful to health, 

as it can cause serious problems in the respiratory system, 

in case of prolonged exposure. 

In research on the influence of external factors on 

pathologies in buildings, Gaspar and Brito (2008) 

highlight the problems caused by humidity, citing 

structural damage and the appearance of mold. Sbartaï et 

al. (2006) emphasize the occurrence of condensation on 

the surfaces of internal walls as an important propellant 

for this phenomenon. Another problem detected was 

presence of mold because internal moisture in building 

elements. 

Valtonen (2017) points out that the growth and 

proliferation of mold in houses is highly harmful to the 

health of users, and can trigger from simple irritations in 

the respiratory system and in the eyes, to more severe 

conditions such as sinusitis and bronchitis. Constant 

exposure to mold can also contribute to the development 

of asthma, dyspnea and burning sensation in the 

respiratory system, combined with constant coughs. They 

may also cause rheumatic symptoms, which resemble the 

pain caused by fibromyalgia, and neurological symptoms, 

such as headaches, nausea and fatigue (EMPTING, 2009). 

Several authors have addressed the issue of growth and 

development of mold, with the main focus being the study 

of ideal factors for its emergence and proliferation (Ayer 

et al., 2010; Nielsen et al., 2004, SEDLBAUER, 2001). In 

common to all, the minimum and maximum parameters 

of surface temperature and relative humidity of the 

internal air required for mold formation are highlighted. 

(GERTIS; ERHORN; REISS, 1999; MURRAY; 

ROSENTHAL; PFALLER, 2015; RICHARDSON; 

WARNOCK, 2003; SEDLBAUER, 2001)  

Grant et al. (1989) carried out tests with the purpose of 

finding the ideal temperature and humidity for the 

appearance of several species of fungi and found that the 

Aspergillus type fungi present their peak of development 

with temperature between 12ºC and 25ºC with relative 

humidity of internal air greater than 80%. This type of 

fungi is the most common in Florianopolis city, southern 

Brazil, where this research is being conducted. That 

species corresponds to 28% of mold occurrence in 

residential buildings in that location.  

Gertis, Erhorn e Reiss (1999) and Sedlbauer (2001) 

studied how the time of exposure of the surface to 

favorable conditions influence the mold growth. The 

authors found that the mold start to develop when the 

surface is under favorable conditions during at least 4 

hours. But the prolonged exposure (from 6, 8, 12 to 24 

hours) can accelerate the process.  

In the present research, environmental conditions, 

represented by relative humidity and temperature of the 

indoor air, of a single-family residential building was 

analyzed by computer simulation. The project was 

developed in five main stages: (1) climate 

characterization; (2) definition of the base case model; (3) 

determination of the variable parameters; (4) simulations, 

(5) output analysis. 

Method 

The study was carried out considering the climate of 

Florianopolis, a coastal city located in southern Brazil, in 

latitude 27ºS, longitude 48oW and altitude 6m. The city 

has climatic conditions favorable to the mold growth in 

residential buildings, mainly in winter season. One of the 

main factors is the high level of relative humidity of the 

air. According to the typical weather file, the relative 

humidity of the air remains between 80% and 90% during 

most part of the year, with temperature around 20oC, 

which also contributes to the mold growth. These 

conditions are verified in 4,809 hours along the year, 

(55% of 8,760 hours). Figure 1 presents statistical data of 

relative humidity and air temperature extracted from 

weather file of Florianopolis (EnergyPlus 2018). 
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Figure 1: Statistical data for air temperature and 

relative humidity of Florianopolis city. 

As previously mentioned, the incidence of solar radiation 

will influence in intensity of growth and proliferation of 

mold, and the characterization of this climatological data 

in Florianopolis is also important. In Figure 2, it can be 

observed that the north facade receives the highest total 

solar radiation along the year, that is twice than the 

southern façade. However, between November and 

January, north and south façades receive almost the same 

amount of radiation, while in the winter months the 

incidence in the north facade is five times higher than the 

south facade (June).  

 

Figure 2: Incidence of solar radiation in Florianopolis: 

monthly. 

The systems used were clay brick with 8 holes with mortar 

on both surfaces, this being the base case, the same system 

was used but adding thermal insulation of 50 mm by the 

internal or external façade of the residence trying to 

analyze its influence on the appearance of mold growth. 

along with this variation of the construction system, was 

also alternated the solar orientation of the residence 

between north and south.  

The simulated residence comprises seven thermal zones, 

being chosen to analyze only the wall of bedroom number 

1 facing the outside where it would be possible to observe 

the influence of the variation of the systems on the growth 

parameters of the mold. The Seven thermal zones were 

considered, as can be seen in Figure 3, and only zone 2 

data (Dormitory 1) were analyzed, and the configuration 

of simulations can be observed in Table 1. 

Table 1: configuration of simulations. 

Simulated model Simulated system 

1 North no insulation (Base case) 

2 North exterior insulation 

3 North interior insulation 

4 South no insulation 

5 South interior insulation 

6 South exterior insulation 

 

Figure 3: blueprint for a residence and sketch with 

representation of thermal zones. 

Constructive systems, internal loads and schedules of 

occupancy and use of the systems were modelled 

according to requirements of the RTQ-R (Technical 

Regulation of the Quality for the Level of Energy 

Efficiency in Residential Buildings for Brazil), and are 

showed in Figure 4, Figure 5, Figure 6 and Figure 7. 

  

Figure 4: Schedule of occupancy of bedrooms. 
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Figure 5: Schedule of occupancy of living room. 

 

Figure 6: Schedule of interior lighting usage in 

bedrooms. 

 
Figure 7: Schedule of interior lighting usage in living 

room. 

Natural ventilation was modeled with objects of the 

EnergyPlus Airflow Network and configured so that the 

doors and windows are opened when the temperature of 

the indoor air is higher than the exterior, and not lower 

than 20ºC, avoiding the discomfort for cold. Window 

operation availability was set to occurs during the day, as 

presented in Figure 8. 

 

Figure 8: Schedule of windows and doors opening 

availability. 

The base case model was configured with a flat concrete 

slab ceiling, an attic and a roof with fiber cement tiles. No 

thermal insulation was considered in the roof. The floor 

was modelled as a solid concrete slab 20cm thick, in 

contact to the ground. EnergyPlus Slab tool was used to 

generate the monthly temperature profile according to the 

exterior and indoor environmental conditions, through an 

iterative process. The walls were modelled as masonry 

with 8-holes clay bricks plus mortar in both sides.  

In order to evaluate the use of thermal insulation as an 

option to mitigate the mold growth, two other models 

were simulated will a glass wool layer 50mm thick 

applied on exterior walls. One model received the 

insulation layer on outside face, and the other in the inside 

face. Thermal properties of constructive systems are 

presented in Table 2. 

Table 2: Description of the constructive elements 

Description 
R 

(m².K/W) 

U 

(W/m².K) 

TC 

(kJ/m².K) 

Roof 

Concrete slab, attic 

and fiber cement tiles 
0,65 1,13 178,12 

Exterior walls 

Mortar, 8-holes clay 

bricks, mortar 
0,41 2,41 158,02 

Exterior walls + thermal insulation 

Mortar, 8-holes clay 

bricks, mortar + 

50mm glass wool 

1,62 0,62 174,89 

Interior walls 

Mortar, 8-holes clay 

bricks, mortar 
0,41 2,41 158,02 

Floor 

20 cm concrete slab 0,47 2,14 163,00 
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Method of analysis 

This stage corresponds to the analysis of conditions 

favorable to the mold growth in the bedrooms of the 

simulated model. A comparative analysis between 

different constructive systems and solar orientation of the 

bedrooms was performed. Ideal conditions for the mold 

growth was quantified.  

The analysis was based on the research of Grant et al. 

(1989), Gertis, Erhorn and Reiss (1999), further 

supplemented by Sedlbauer (2001), where ideal 

conditions for Aspergillus-type mold proliferation are: 

internal relative humidity greater than 80% and internal 

surface temperature between 12 °C and 25 °C for four or 

more consecutive hours. The authors also mention that the 

process of the mold growth can be accelerated when 

values of humidity and temperature remain into ideal 

ranges of during periods of 6, 8, 12 or 24 consecutive 

hours. 

Results 

The graph on Figure 9 shows the total number of 

occurrences of conditions favoring the appearance of the 

mold, when the model was simulated with the bedroom 

exterior wall faced to the north orientation. It is presented 

three set of results for each month, corresponding to each 

model, according to thermal insulation condition: exterior 

insulation, interior insulation and no insulation. The 

legend Ht:i means the total of times that ideal conditions 

of temperature and relative humidity are satisfied for a 

continuous period of time i. 

 

Figure 9: Satisfaction of the conditions of occurrence for 

external façade facing north. 

As expected, the winter season presents the highest level 

of occurrence. In analyzing the worst situation of 

uninterrupted 24 hours of satisfaction of the ideal 

conditions for the mold growth, the use of thermal 

insulation shows high values when compared to the 

system without insulation. This occurs because the use of 

thermal insulation on the walls reduces the variation of 

the surface temperature and, therefore, the periods with a 

surface temperature between 12°C and 25°C, favoring the 

mold growth. 

Numerically, the occurrences for periods shorter than 24 

hours decrease in the models using thermal insulation, but 

this does not indicate improvement in relation to the base 

case. This occurs because the analysis took into account 

the longest continuous period with attendance of ideal 

conditions for the mold growth. 

When considered the façade faced for the south, in Figure 

10, similar results are observed to the north orientation 

condition. The base case model, without thermal 

insulation, presented better results than insulated ones due 

to the greater variation in the surface temperature. The use 

of thermal insulation presented clearly better performance 

during the summer, from December to February, 

especially for the south orientation. 
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Figure 10: Satisfaction of the conditions of occurrence 

for external façade facing south. 

The use of thermal insulation affects the natural 

ventilation of the building model. As the model was set to 

operate doors and windows automatically according to 

temperature conditions, it is possible to verify higher air 

changes rates to models without thermal insulation. 

The occurrence frequency of air changes per hour for each 

model, according to thermal insulation condition, was 

computed for each season of the year. Results showed in 

Figure 11 proves that during the winter the model without 

thermal insulation, with exterior wall faced to the north, 

is more ventilated than the models with thermal 

insulation. The increase in natural ventilation resulted in 

shorter period of time with conditions favorable to the 

mold growth. Figure 12 shows the same analysis, but to 

the model with bedroom exterior wall faced o the north. 

In this situation, the model without thermal insulation 

resulted in more ventilation rates during the spring season.  

 

 

 

Figure 11: Air change per hour in % by insulation type, 

when bedrooms is façade to the north. 

 

Figure 12: Air change per hour in % by insulation type, 

when bedrooms is façade to the south. 

Conclusion 

This research investigates the use of EnergyPlus software 

to simulate thermal performance of a low-rise residential 

building in order to verify indoor conditions favorable to 

the mold growth. Thermal insulation of the exterior wall 
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was analyzed as a strategy to mitigate the problem in a 

bedroom. Solar orientation of the façade was also changed 

to verify the influence of solar radiation in the indoor air 

conditions. Simulations was carried out with typical 

weather file of Florianopolis city, southern Brazil, a 

subtropical climate.  

Some key points can be addressed from the results under 

analysis: 

a) The use of thermal insulation showed to be 

beneficial only during summer time season; 

b) In that case, the position of the insulation layer 

on exterior face is preferable; 

c) In winter, the building model without thermal 

insulation resulted in higher ventilation rates, 

that have interfered positively in the indoor 

conditions; 

d) The analysis over solar orientation of the exterior 

wall has confirmed worst results to the south 

orientation, but with little differences to the case 

with exterior wall faced to the north. 

As a next step, the influence of building occupants in the 

operation of windows and doors should be evaluated as 

influence factor in the indoor conditions, as well the 

moisture transfer through the constructions.  
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