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Abstract

The increasing distributed generation of renewable
energy and alternative energy generation technolo-
gies is making it important to consider when and how
buildings consume energy from a cost and sustainabil-
ity perspective. If buildings can be flexible in their
consumption patterns they can use the greenest and
most efficient produced energy and help solve grid-
side imbalances with cost benefits. Building model-
ing and simulation can provide an effective method
for evaluating flexibility opportunities in buildings.
However, most building loads depend on the occupant
presence and dynamic interactions between different
building components. Therefore, occupant presence
and different interactions have to be taken into ac-
count when developing the energy performance model
and when evaluating the simulation results for flex-
ibility. In particular, this is key in the retail sector
which this paper considers as the case. In this paper
we present a detailed simulation model of a supermar-
ket, evaluate different flexibility scenarios and discuss
the flexibility results in light of an ethnographic study
of the work processes and the store operation.

Introduction

The increasing distributed generation of green elec-
tricity is making it important to reconsider when
buildings consume energy to secure supply stability.
If buildings can be flexible in their consumption pat-
terns they can help: 1) solve grid-side imbalances
with cost benefits for building owners and 2) increase
the use of the greenest produced electricity. Retail
stores use a considerable amount of electricity as men-
tioned by Mylona et al. (2017). Therefore, this type of
building is relevant to consider for providing demand-
side energy flexibility services as argued by Piette
et al. (2014). However, existing work on demand-
side flexibility has only considered narrow aspects of
the loads and opportunities in retail buildings, e.g.,
Shafiei et al. (2013). Previous work has so far created
an overview of the loads and practices in different
types of retail stores, as well as an estimated flexi-

bility potential as provided by Hviid and Kjærgaard
(2018). This work highlights the flexibility potential
of store loads including lighting, refrigeration, space
heating and cooling, ventilation, and ovens. Some of
the notable requirements, potential challenges, and
barriers to realizing the flexibility potential are the
current state of the controllable devices in stores and
the limitations in the relationship between work pro-
cesses and electricity use.

While energy flexibility of public and private build-
ings has been investigated heavily in the recent years
(e.g. Nellemann et al. (2017), Marszal et al. (2017)
and Piette et al. (2014)), there are few studies pre-
sented aiming to characterize and evaluate energy
flexibility of retail stores (e.g. Mylona et al. (2017),
Vinther et al. (2016) and Shafiei et al. (2013)). In
order to assess and evaluate the energy flexibility po-
tential of an energy efficient retail store, a detailed
dynamic energy performance model is needed which
is capable of predicting an accurate representation of
the store energy usage and indoor environment. A
case study of a recently constructed retail store is
considered in this study, aiming to assess the impact
of various flexibility control strategies on the energy
performance of the store. In addition to the dynamic
model development, calibration and retail store per-
formance simulation, an anthropological study was
carried out in the store including observation and in-
terviews with valuable input to the dynamic model
regarding the occupant behavior and activities and
occupancy patterns within the retail store. This in-
formation is used to inform the simulation model with
the actual work processes. Thereby, the model results
will provide a basis to suggest and inform about the
potential energy flexibility in light of the actual work
processes and discuss the potential to change the work
processes to improve the energy flexibility level.

Considering the design documents and specifications,
an overall dynamic energy performance model was de-
veloped in EnergyPlus for the considered Retail store
case study. Previous work by Mylona et al. (2017)
has presented a study of a retail store with an Ener-
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gyPlus model for the different subsystems and equip-
ment. The study showed that a dynamic energy per-
formance model of the retail store could accurately
predict the energy performance with acceptable un-
certainty. However, the study did not consider flexi-
bility as a goal. The constructed model of the retail
store provides a detailed characterization of the store
physical envelope, construction materials, loads, en-
ergy systems specifications and layout and store ser-
vices. The dynamic model was upgraded using infor-
mation collected about the occupancy patterns in the
store and the occupant behavior, through an anthro-
pological analysis carried out over three months. The
developed dynamic model was calibrated using heat-
ing and electricity monthly consumption data col-
lected from the retail store. The calibrated model
was used to simulate the energy performance and the
resulting indoor environment in the store.

To evaluate flexibility we build on previous work con-
sidering model-based evaluations for other types of
buildings (e.g. as presented by Marszal et al. (2017)).
We investigate the impact of various energy systems
operation strategies and DR events on the store en-
ergy performance aiming to evaluate the energy flexi-
bility level. The paper considers two different cases of
flexibility in regards to morning and afternoon peaks
in consumption following previous work Piette et al.
(2014). For each case, it considers the used loads in
these hours in regard to food production, ventilation
and refrigeration. Based on the results we discuss
the challenges of operating the flexibility as part of
present work practices.

Methodology

The methodology to study demand response flexibil-
ity in retail stores is illustrated in Figure 1. The
methodology can be summarized in eight steps with
the dependencies illustrated on the figure. 1) gather
technical information for the retail store. 2) gather
calibration and validation data. 3) do ethnographic
studies of the retail store including observations and
interviews to detail the work processes in the store.
4) develop the EnergyPlus model by first creating the
3D model in Google SketchUp and then import the
model into OpenStudio to define the building charac-
teristics, such as physical envelope, occupancy, loads,
HVAC systems and schedules. 5) define the flexi-
bility scenarios for the evaluation. 6) run simula-
tions using the energy performance model. This in-
cludes: model debugging to ensure that the model can
simulate without any errors or warnings; conducting
model calibration such that the electricity, heating
and water consumption match with the actual con-
sumption data from the retail store; Validation with
data for one month as the yearly consumption is still
not available. 7) evaluate the energy flexibility of the
retail store based on the simulation results, which in
this instance entails shifting the majority of the elec-

tricity consumption from periods of high electricity
price to periods of low electricity price. 8) interpret
results with regards to the work processes of the store.

Energy Model Development

The dynamic energy performance model is built fol-
lowing the methodology developed by Jradi et al.
(2017) using a holistic approach and considering a
package of tools, Google Sketchup, OpenStudio and
EnergyPlus. For the model development, detailed
drawings that depict the layout of the retail store
and design specifications and information from the
store on HVAC system, equipment and occupation
rates were used. The 3D model is created in Google
SketchUp by drawing the retail store ground outline
and subsequently divide it into the room distribu-
tion as specified in the plans, as illustrated in Figure
2. The different rooms are considered as spaces and
must be assigned thermal zones, which is the basis
for energy performance and indoor environment cal-
culations. The model used in this study has 23 such
thermal zones.

The different building characteristics defined in the
model can be separated into four different sections;
Constructions, Loads, HVAC system and Operation
Schedules. The construction section deals with the
physical envelope of the store which is modeled con-
sidering the actual envelope design specifications and
in accordance with the current building regulation
that outlines the maximum allowed U-value for in-
dividual building elements. The individual building
elements consist of the roof, ceiling, exterior walls,
interior walls, floor and fenestrations.

The loads are divided into occupancy presence and
activity, interior lighting, electrical equipment and air
infiltration loads. All the loads are defined based on
their respective maximum capacity and then regu-
lated hourly by fractional schedules. The occupancy
is defined by the number of people present whilst the
interior lighting is defined as watts per space floor
area. The electrical equipment is defined on a de-
tailed level on the basis of the store’s inventory list of
equipment, machinery and appliances, such that each
individual device is modeled separately based on its
wattage capacity.

The HVAC system consists of three sub-systems;
heating, ventilation and refrigeration. The heating
system is supplied by a district heating loop to ful-
fill the retail store space heating and domestic hot
water needs. The district heating system supply and
demand sides are modelled and defined. The supply
side consists of a series of pumps, a district heating
plant and a setpoint manager to regulate the hot wa-
ter inlet temperature. The demand side consists of a
series of baseboard hot water heaters that are placed
in the relevant thermal zones, corresponding to the
actual radiators in the real store. Similarly, the ven-
tilation sub-systems consist of a supply and demand
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Figure 1: Overview of the methodology of the study.

Figure 2: Floor plan of the retail store.

side. The supply side has an outdoor air system, a
series of ventilation fans and a setpoint manager to
control the air temperature. The demand side is a set
of air terminal diffusers that deliver the required air
to the relevant thermal zones. There are three venti-
lation units in total, two of which are equipped with
air-to-air heat exchangers. The third HVAC system
is majorly used to provide cold air to the two large
cold storage rooms in the store.

The refrigeration system serves different units in dif-
ferent positions in the store, using the working fluid
R744 to achieve its refrigeration capacity. The system
itself is modelled as a main refrigeration condenser
unit tied to a compressor running on a transcritical
mode of operation. These components are responsible
for the refrigeration of 16 display cases in the main
sales area and the 2 walk-in cases representing the
refrigerated spaces of dairy storage and frozen stor-
age. The walk-in cases are positioned in the store
as shown in Figure 2. The thermal cases of these
refrigerated units have been defined to comply with
the most recent building regulations for cold storage
spaces adjoining conditioned areas. In addition, the
actual operational setpoints of the display cases in

the main sales area and the dairy storage along with
the frozen storage spaces are set and defined.

Schedules are defined in the model to manage differ-
ent loads and equipment operation, where operation
controllers were defined to run and control the dif-
ferent energy supply systems. A multitude of sched-
ules are required for the model to ensure a detailed
and accurate function, as they define and character-
ize occupancy, lighting, electrical equipment, indoor
temperature and district heating temperatures on an
hourly basis. The occupancy schedules are fractional
values of maximum number of people present in the
retail store, with different schedules for weekdays and
weekends, an example of which is shown in Figure 3.

Ethnographic Study of the Retail Store

The aim of the anthropological study in the retail
store was to develop descriptions and representations
of work processes which could be used to 1) inform the
design of the simulation model, 2) explore how work
practices impact the stores energy consumption, and
3) identify opportunities and challenges for energy
flexibility considering the work processes in the store.

Questions guiding the design and planning of the
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Figure 3: The weekday occupancy schedule derived
from the anthropological study.

study included: What does a week in the store look
like? What happens in the store during each day of
the week? What does the work of managers and em-
ployees involve and how is the work organized and
carried out?

Our approach in this study of the retail store was
inspired by ethnography (or ethnographic field-work)
Spradley (1980) and, in particular, the way ethnogra-
phy (or ethnographic fieldwork) has been developed
and applied to understand users and use contexts in
the fields of Human-Computer interaction and design
Blomberg et al. (2003).

Our research activities involved onsite interviews with
the store managers and monitoring employees work,
following them around the store as they went through
their daily routines, observing their activities and
having informal conversations with them about their
work and tasks.

Observations of work focused on daily routines and
activities such as reception and unpacking of goods
(deliveries) and bringing the received goods to the
shelves in the shop, production of food and ready-
prepared dishes in the stores deli, production and
sales in the stores baker shop, and the evening rou-
tines leading up to closing the shop.

The study involved six visits to the store and approx-
imately 30 hours of observation and interviews in to-
tal. All interviews and observations were documented
on video for subsequent analysis and evaluation.

In addition to video recordings of interviews and em-
ployees carrying out their daily work, our study also
allowed gaining access to formal plans and parts of
the comprehensive documentation of the store activ-
ities. This included the duty roster that shows who
is at work during each day of the week, production
plans for the deli and baker shop, and tables show-
ing the average turnover and the average number of
customers in the shop during each day of the week.

Based on the conducted interviews and observations,
a detailed schedule was created characterizing the
deliveries of goods throughout the week. Bring-
ing together the duty schedule and what we learned

through interviews and observations, tables were de-
veloped showing the number of people at work during
each day of the week and what routines and activities
each group is involved in.

Some of the information collected was directly im-
ported into the energy performance model, for exam-
ple overview of the number of customers and schedule
in the store, while others demanded analysis and pro-
cessing into new representations of the work due to
its qualitative nature. The evaluation and analysis
of the information was also included and imported
in the energy model to more accurately characterize
the occupancy patterns and work processes inside the
store.

Energy Supply Systems Operation Strategy

The store operates mainly based on scheduled elec-
trical devices, ventilation unit and heating system
operation patterns. In this section, a more detailed
description of the operation strategies of different en-
ergy supply systems will be described.

The lighting in the store is handled by a main switch
that is activated when the first employee arrives early
in the morning. The lights in the main shopping area
remain lit until this switch is used again after closing
hours. Lights in staff rooms, storage rooms and tech-
nical rooms are tied to motion sensors and turn off
after a brief duration when no occupants are present.

Ventilation in the store is split into three separate
systems; one general and larger system that supplies
the main shopping area as well as storage areas, staff
rooms and technical rooms. The second smaller sys-
tem is dedicated specifically to the butcher and deli-
cacy section of the store, and the third system is used
as an air cover for the ceiling of the shop. All three
systems are uncontrolled by employees and work on a
scheduled pattern that activates all three systems at 8
AM and turns them off again at 10 PM on workdays.

The refrigeration system in the store is split between
cooling cases for goods in the main shopping area, a
cooling storage room for dairy products, and a storage
room for frozen goods kept at freezing temperatures.
These units operate around the clock to ensure that
the wares are not compromised as a result of temper-
ature.

The main portion of the electricity consumption of
the store that is not scheduled is electrical equipment
usage. The store contains many electrical appliances,
and the majority of these are not scheduled, but in-
stead used as needed by the employees and customers,
depending on the individual appliance.

Regarding the space heating of the store, all rooms
but cold storage are linked to the district heating sup-
ply loop, which is set to maintain the indoor temper-
ature between 20 and 23 degrees Celsius during the
day depending on the specific setpoints in each sec-
tion of the retail store. At night during closed hours,
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these heating setpoints are lowered to 15 degrees.

Energy Performance Model Calibration

The dynamic energy performance model developed
for the retail store was calibrated using actual col-
lected data to ensure that the model predicts accu-
rately the energy performance of the retail store with
an acceptable uncertainty. Therefore, data on venti-
lation, lighting, electricity and heating consumption
were provided by the parent company of the retail
store in order to be used as a basis for the calibration
process.

The data received from the retail store include de-
tailed consumption profiles for January, February and
September 2018. The monthly predicted consump-
tion of the model has been calibrated to match the
data for the respective months, and then expanded
to a full year.

The individual electrical systems in the store, such
as refrigeration, have been calibrated based on con-
sumption data from the store for September 2018, and
then expanded to cover a whole year. The consump-
tion data covers total consumption for the month in
hour-by-hour format for all refrigeration as a total,
the butcher/delicacy section as a total and unregis-
tered consumption as a total. These values have been
used to ensure that the system totals match measured
consumption.

In the case of electrical equipment, the consumption
schedules in the model have been designed and ad-
justed to fit these hour-by-hour measurements in or-
der to model the varying operations at different times
of the day. Note that this only covers September,
and also provides an approximation for human be-
haviors, as the use of most of the appliances in the
butcher/delicacy section is operated entirely by the
employees as needed during their working hours. This
has been depicted in the model settings as estimated
average use schedules. These are based on the pro-
vided consumption data and the observed on-site be-
havior covered in the anthropological section.

As shown in Table 1, the calibrated energy perfor-
mance model predicts well the electricity and heating
consumption of the retail store with an acceptable
uncertainty of 0.28 percent and 0.22 percent respec-
tively. This calibrated dynamic energy model will be
used as a basis to predict the performance of the re-
tail store as well as investigating various flexibility
measures.

Table 1: Model output accuracy - February-March.

Consumption
Electricity

[MWh]
Heating

[GJ]

Model 45.16 26.9
Retail store 44.80 27.17
Difference [MWh] 0.36 -0.27
Difference [%] -0.28 0.22

Retail Store Baseline Energy Performance

Employing the calibrated dynamic energy perfor-
mance model and considering various specifications,
loads, schedules and dynamic interactions, an annual
energy simulation was carried out to predict the en-
ergy performance of the retail store over a one-year
period. As presented in Figure 4, the refrigeration en-
ergy consumption is dominating with a contribution
of around 48 percent of the overall energy consump-
tion in the store. Heating consumes around 24 per-
cent of the overall consumption with interior electrical
equipment having a share of around 14 percent. This
shows that in investigating electricity flexibility po-
tential, considering the refrigeration system as well as
the electrical equipment operation is a priority. This
is also supported in Figure 5, which depicts the an-
nual electricity consumption distribution in the retail
store. The three major consumption sections are re-
frigeration, interior electrical equipment and interior
lighting. In addition, Figure 6, provides an overview
of the monthly heating consumption numbers in the
store with a predicted maximum heating consump-
tion of around 18 MWh in each of January and De-
cember months.

Figure 4: Annual energy consumption distribution.

Figure 5: Annual electricity consumption distribu-
tion.

Flexibility Scenarios

In investigating the electrical flexibility potential of
the retail store, two periods are considered, 7 AM
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Figure 6: Monthly heating consumption through one
year.

to 9 AM and 5 PM to 7 PM. These periods have
also been considered by previous work on flexibility
by Piette et al. (2014). This is implemented by defin-
ing and simulating different operation scenarios in the
energy performance model, through manipulating the
operation schemes, schedules and control algorithms
of the targeted systems and equipment. This pro-
cedure is inspired by method proposed by Marszal
et al. (2017). The electrical consumption of affected
systems is thereby shifted or lowered to account for
peak-load hours, and should amount to a lesser total
consumption in these hours.

The flexibility scenarios cover three major ap-
proaches, the first of which is reducing electric equip-
ment consumption in the peak-hour period of 7 AM to
9 AM and doing the same for the period of 5 PM to 7
PM. This equipment covers appliances such as ovens,
food appliances, disposal systems for bottles and used
cardboard, and similar equipment that could be in
use at other times outside of peak-load hours without
compromising day-to-day operation. The way this is
modelled is to change the fractional schedules that
control the different appliances. A fractional sched-
ule value of 1 means that an appliance is running
at peak load during that duration, and 0 indicates
that the appliance is shut down. Scenario 1, 7 AM
to 9 AM, is modelled on the assumption of shifting
the deli production and cleanup duties, whereby cer-
tain equipment is either reduced, shut down or left
at normal operating levels. Scenario 1, 5 PM to 7
PM, is based on reduced work assignments, which
again is modelled by either reducing, shutting down
or maintaining normal operation for different equip-
ment. For instance, if the store oven operation is
reduced, it could be by changing the schedule from
0.2 to 0.1. If it is shut down, it is changed to 0, and
normal would indicate no changes. From 7 AM to 9
AM, all equipment is shutdown, save the baker disk,
store oven, cash register and bottle machine, which
are either reduced or slightly reduced. From 5 PM to
7 PM, everything but the staff PC’s and bottle ma-
chine is shutdown, while the cash registers operates
at normal capacity. To summarize, the main differ-
ence in the two periods is that all the equipment is
operating in the morning, but not in the evening, as
the deli and butcher devices cease work from 2 PM.

The second approach is to reduce ventilation energy
consumption in the peak-load hours. This is done by
adjusting the control schedules in the model for the
three separate ventilation systems to shut off during
these hours. As this will naturally affect the indoor
climate in terms of temperature, the output of the
model has been inspected to ensure that shutting off
the ventilation system will not violate the indoor ther-
mal comfort. This is shown later in Figure 7.

The third approach in investigating flexibility is to
lower the electricity consumption of refrigeration
units. This is done by simulating a pre-cooling
method, where the setpoint of the refrigeration units
is reduced to allow higher capacity in the hour preced-
ing the peak-load hours, and subsequently increasing
the units setpoint in the peak hours to reduce the
capacity used. In the model, this is done by chang-
ing the control schedules and setpoints accordingly to
affect an increase followed by a longer and greater de-
crease with parameter chosen based on Vinther et al.
(2016). Obviously, a predicted increase in the refrig-
eration consumption in the hour where the setpoint
is reduced, however, in the two peak hours, the con-
sumption of the refrigeration system is predicted to
decrease substantially due to the lower capacity used
in these hours.

Previous work by Piette et al. (2014) has also con-
sidered dimming lights as a flexibility option. Lights
were not included in the simulations due to the store
owner rejecting this idea as they had lux standards
that they had to keep.

Flexibility Investigation Results

Table 2 and 3 show the simulation results for imple-
menting the first flexibility approach on the electrical
equipment. It is shown that implementing this mea-
sure will allow savings around 5.6 kW and 2.94 kW
on the equipment capacity in the two periods of 7
and 9 AM and 17 and 19 PM, respectively. In addi-
tion, Table 4 shows that a ventilation system capacity
of around 1.65 kWh could be saved by implement-
ing the second flexibility measure targeting the ven-
tilation system operation. Moreover, Figure 6 shows
the impact of implementing the ventilation flexibility
measure on the temperature profile in the main hall
in the retail store. As shown in the figure, turning
off the ventilation in the evening period will lead to
an increase in the temperature in the store, however
the increase is limited to less than 2 degrees Celsius.
This confirms that this flexibility measure could save
on the used capacity of the ventilation system, with-
out violating the indoor thermal comfort standards.
Finally, Table 5 shows the impact of implementing
the third flexibility approach targeting the refrigera-
tion system. Based on the simulations, this approach
will lead to an increase in the required refrigeration
capacity of around 15.1 kW in the pre-cooling hour
and to a substantial reduction of 20.8 kW on the re-
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frigeration capacity needed in the store in the two
considered flexibility periods. A short coming of the
EnergyPlus model is that it does not model the re-
frigeration differences accurately throughout the day.
Therefore, the morning and evening results are simi-
lar.

Table 2: Equipment flexibility 7-9.

Annual Partial consumption - Equipment

Base model 51.32 MWh
Flex model 47.21 MWh
kW per flex hour 5.63

Table 3: Equipment flexibility 17-19.

Annual Partial consumption - Equipment

Base model 51.32 MWh
Flex model 49.17 MWh
kW per flex hour 2.94

Table 4: Ventilation flexibility.

Annual Partial consumption - Ventilation

Base model 11.23 MWh
Flex model 8.82 MWh
kW per flex hour 1.65

Figure 7: Temperature profiles with and without flex-
ible ventilation.

Table 5: Refrigeration flexibility 7-9 and 17-19.

Daily Partial consumption - Refrigeration

Base model 475.5 kWh
Flex model (pre-cooling) 6-7 and 16-17 505.7 kWh
kWh Increase per flex hour 15.1

Flex model (flexibility) 7-9 and 17-19 392.3 kWh
kWh Decrease per flex hour 20.8

Discussion

As described above, the flexibility scenarios involve
turning off or changing operation patterns of electri-

cal equipment to shift the electricity consumption.
The triggered electrical equipment in our flexibility
scenarios include the electrical production equipment
in the stores deli, electrical equipment in the baker
shop, selected cash registers, office PCs, the card-
board baler that is used to compact or compress card-
board waste, and the vending machine where cus-
tomers can return used bottles (as part of the Danish
deposit system). One of the consequences of taking
electrical equipment out of operation is that the ac-
tivities that involve use of this equipment cannot be
carried out. Therefore, it is important to consider
what are the implications of turning off equipment
on customers and employees including work processes
and shopping behavior.

Here are a few examples of how the adjustments made
might affect work processes and shopping behaviour.

Both flexibility scenarios involve taking the electrical
production equipment in the stores deli out of opera-
tion (from 7:00-9:00 and 17:00-19:00, respectively).
An consequence of this adjustment would be that
the deli cannot produce the food and ready-prepared
dishes that involve the electrical equipment that has
been taken out of operation. Food items and dishes
that involve use of the delis electrical equipment in-
clude meatballs, deep-fried fillets of fish, lasagna, var-
ious stews etc. The way work is organised today,
production of food and ready-prepared dishes in the
stores deli take place in the morning (from 6:00 to
10:00 and from 6:00 to 14:00 on other days). Thus,
taking the production equipment out of operation at
7:00-9:00, as one of the flexibility scenarios suggest,
would interfere with how work is organised today
and might involve either cancelling the production
or moving the production to another point in time.
This, in turn, might affect the employees involved in
the delis production and have an impact on when
food and dishes from the stores deli are ready for sale.
How the implications of taking the delis production
equipment out of operation will affect the employees
involved in the delis production will depend on how
the store chooses to deal with the situation.

Both flexibility scenarios also involve taking the card-
board baler that is used to compress cardboard waste
out of operation. As with the delis production equip-
ment, taking the baler out of operation in the morn-
ing seems to have greater implications for work than
taking the baler out of operation in late afternoon
and early evening. The store receives fresh supplies
of items for sale every day. The supplies are delivered
in the morning. Goods are delivered in parcels and
cardboard boxes, which in turn are packed on pallets.
Upon delivery the pallets are unpacked in the stores
main storage. Parcels and boxes are placed on carts.
And the carts are taken to the shop where parcels
and boxes are unpacked and the goods placed on the
shelves. Upon delivery the pallets are unpacked in
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the stores main storage, parcels and boxes are places
on carts, and the carts are taken to the shop where
parcels and boxes are unpacked and the goods are
placed on the stores shelves ready for sale. Taking
the baler out of operation in the morning would, thus,
conflict with the daily routine of receiving and un-
packing deliveries and bringing goods to the shelves
of the shop. Taking the baler out of operation during
this morning routine would mean that the cardboard
waste cannot be immediately compressed.

For the baker shop, taking the grill in the baker shop
out of operation would mean that the shop cannot
offer grilled sandwiches during the time the grill is
out of operation. Turning off the oven in the baker
shop would mean that the baker shop cannot produce
pizza and sausage rolls which, in turn, will affect when
the baker shop can offer customers these products for
sale.

For other equipment taking cash registers out of op-
eration will reduce the number of operational cash
registers. Taking office PCs out of operation would
mean that activities involving use of office PCs would
have to be carried out at another point in time (when
the PCs are up and running again). Turning off or
reducing the operation of the vending machine that
allows customer to return used bottles would be an
inconvenience to customers with bottles to return.

In terms of the store systems shutting down the venti-
lation does not have a large impact on the customers
as temperature changes are very minor and given the
store size fresh air would be available in large quan-
tities. For the refrigeration this should also not be
noticeable to employees or customers. However, we
observed that employees are restocking the store in
the morning and thus this disturbs the steady op-
eration of the refrigeration units. This process adds
additional consumption that could be an issue for the
pre-cooling strategy, affecting the required capacity.
Also in the afternoon we can see from sales and cus-
tomer numbers that in this period the customers are
buying a high number of products which also means
opening of refrigerated units and that cooled down
mass is removed. Such effects remain unexplored also
by previous work by Vinther et al. (2016).

Conclusion

We have presented a detailed simulation model of a
supermarket and detailed the elements of the model.
We have evaluated different flexibility scenarios with
the constructed simulation model by changing param-
eters and model elements. The results highlight op-
tions for flexibility for up to 48kW is possible in the
morning and a bit lower in the afternoon. Based on
our ethnographic study of the work processes, we have
discussed the flexibility results in light of the store
operation. The conclusion is that the mentioned flex-
ibility will impact work processes and store operation

which has to be addressed to implement the flexibility
options in practice. Another implementation issue is
the upgrading of the store automation for operating
flexibility as addressed by Hviid et al. (2019).
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Abstract 
Efficient renovation of residential buildings is a 
cornerstone to achieve the 2020 to 2015 European energy 
strategy. However, the gap between the actual and 
estimated energy savings is a challenge, since it 
jeopardizes the refurbishment´s credibility to both the 
investors and building end users. In this study, a pre-
renovation measuring concept was investigated as a 
solution to reduce the energy savings gap through 
identifying the building baseline and evaluating the 
occupant’s behavior and its influence on the energy 
performance. The concept was tested on two Danish 
social housing apartments in Aalborg city where dynamic 
measurements of indoor environment and energy use 
were conducted for two weeks. Linear regression 
relations between the measured indoor and external 
temperatures were developed and linked to a dynamic 
building model developed in TRNSYS to predict the 
heating profiles for the heating season. Short-term 
measurements before the renovation and the regressed 
relation to outdoor conditions reduced the difference 
between expected and actual energy consumption to 3%. 
The method did not perform well in the renovated 
apartments where added insulation and improved air 
tightness decoupled the indoor and outdoor conditions.  
Introduction 
In order to design and operate more efficient buildings, 
many classification schemes have been established to 
predict energy use of buildings, providing a mean to 
communicate a building´s relative efficiency and carbon 
emissions. These assessment schemes are quantified 
using different methods as energy performance certificate 
(EPC) and calculations tools either steady- state or 
dynamic simulation models according to standard 
procedures. Both schemes have shown significant 
discrepancies to predict energy use which risk not 
achieving the renovation goals (Khoury et al., 2016; 
Khoury, 2014; Bruman et al., 2014; De Wilde, 2014; 
Menezes et al., 2012). For ex., the EPC methodology is 
not defined by the Energy Performance of Buildings 
Directive (EPBD) and is in the hand of individual 
member state according to their national requirements, 
whilst, calculations and even simulation tools may 
provide different results even for the same building. This 
is due to: i) the accuracy of calculations tools that may 
under/overestimate the actual performance and savings. 

ii) Failure to benchmark the building   status before 
renovation (Maile et al., 2012). iii) Deviations from 
building design to construction, operation and 
maintenance of heating ventilation and air conditioning 
systems (HVAC) installation throughout building life-
cycle: with energy use of 50% to 275% of predicted 
values (Rosenberg et al., 2015). iv) Occupants and their 
interaction with active-passive building features or 
HVAC installation that are not properly taken into 
account (Yun et al.,  2011). Diverse studies and research 
have found that when detailed modelling and 
benchmarking was done on the buildings in their sample, 
the performance gap averaged at 16%, significantly lower 
than headline figures based on regulatory calculations, 
(www.carbontrust.com, 2011). Through the use of 
feedback loops it is anticipated that the findings, through 
implementation of the devised framework, will provide 
better clarity in predicting energy use at the design stage 
(Bordass et al., 2014). Another study on an office building 
in Denmark found that when the calculations carried out 
with the Danish calculation engine (Be-10) for the EPBD 
were updated to allow for actual heating set points and 
weather data, the discrepancy between measured and 
calculated space heating was reduced from 74% to 14% 
(Petersen and Hviid, 2012). A study that combined 
calibrated dynamic simulation with post-occupancy 
evaluation and user engagement on a building that was 
built in 2001 reported an average monthly overall saving 
of 20.5% for heating, cooling, lighting, auxiliary energy, 
and electric equipment as a result of identifying and 
implementing zero or low-cost energy saving measures 
with the aid of simulation (Pisello et al., 2012). However, 
typically designers apply the compliance modelling only 
to demonstrate compliance with building regulations.  
In this study, we have investigated the accuracy of the 
dynamic building simulation tool after implementing the 
collected data of the indoor temperature and electrical 
energy consumption (from a short-term measuring 
campaign) as input data instead of using design 
assumptions. The intention behind the pre-renovation 
measurements was to collect sufficient data during a 
limited time span, which could describe the occupant 
behavior and the building envelope’s dynamic thermal 
characteristics, to obtain higher levels of modelling 
accuracy. 
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Methodology  
The methodology section was divided into three parts, in 
situ measurements and data collection description, 
prediction of the indoor temperature and dynamic 
building energy model. The measuring campaign has 
carried out at non-renovated and renovated apartments of 
a social housing site in Aalborg Denmark. Wireless 
sensors technology WST were implemented to reduce 
occupant’s disturbance as much as possible. In addition, a 
parametric study was executed to optimize the collected 
data time step, time span i.e. how long the campaign 
should last to keep the accepted levels of accuracy within 
a building model developed on TRNSYS software. 
In situ measurements and data collection description 
The in-situ campaign included measuring of different 
parameters such as heating and electrical consumption, air 
temperature, relative humidity, CO2 concentration and 
occupancy status. In addition to the external climatic 
conditions (outdoor temperature, solar radiation and 
wind). This measuring campaign in the field started with 
a lab test of the sensors to determine their accuracy and 
determine the sensibility of CO2 measurements to 
temperature variations, (Elarga et al., 2018), (Petersen et 
al., 2018), Figure 1. 
Wireless sensors network  
The monitoring and data collection were executed using 
powered wireless sensors. This solution was chosen due 
to its wide benefits such as, portability, flexibility, fast set 
up, the possibility of time synchronization, limited 
disruption for occupants and cost saving on installation 
(Mendes et al., 2015). Two particular measuring systems 
(IC-METERS and WIRELESS-TAGS) was implemented 
to monitor the indoor temperature, CO2 and RH profiles 
before and after renovation. Investigation and calibration 
of the latter systems were investigated in climatic 
chambers of the Technical University of Denmark. The 
IC METER (version 4.3) communicates through a GSM 
based module and has accuracy of the CO2 measurements 
of ± 30 ppm or ± 3%.  
The WIRELESS TAGS are square tags with dimension 
4.0 x 4.0 x 0.2 cm, which can be distributed over indoor 
zones and connected to a data router that is connected to 
the internet via a LAN cable. These tags are capable of 
measuring air temperature and RH with accuracy of ± 0.4 
°C and ± 2 % respectively, in addition to being able to 
track the motion of windows and doors. The heating 
energy measurements was carried out using an ultrasonic 
heating meter which was implemented with a wireless M-
Bus function i.e. (it is a hierarchical system, with 
communication controlled by a master (Central 
Allocation Logic) and end-equipment meters. Figure 
2.The electrical consumption was measured using 
SMAPPEE´s instrument Figure 1 to track the overall 
energy consumption of electrical appliances. SMAPPEE 
collects real-time and historical production and 
consumption data down to the electrical appliance level, 
resulting in actionable insights into the everyday energy 
use. The unit is connected to the conventional electrical 
meter via current clamps and to the WIFI internet router 
via LAN cable. The user is capable to observe and 

download the time series electrical consumption for all 
associated appliances Figure 3. On the other hand 
SMAPPEE installation procedure on site could not be 
done by a sole visit, it has to be executed through two 
phases. The first to connect the instrument to local 
internet WIFI network and to the electrical meter. The 
second visit is after 2 to 3 weeks for each apartment and 
it includes turning off all electrical appliances and start to 
turn it on, one by one and define it on the account 
dedicated for each apartment to assure that the instrument 
has identified all connected appliances. 

 
Figure 1: Wireless sensors Lab calibration 

 

 
Figure 2: Installed heating meter 

 

 
Figure 3: Electrical consumption monitroring meter, 

SMAPPEE 
Testing in the field 
A social housing building site in Aalborg, Denmark is 
currently under renovation, accordingly it was applicable 
to investigate the performance of non-renovated and 
renovated apartment’s as two case studies. 
The first apartment is 90m2, located in the non-renovated 
quarter and it is inhabited by a family of 5 persons. The 
second apartment is 94m2 and was renovated 2 years prior 
to the measurements. It is inhabited by a family of 4 
persons. Figure 4 shows the In situ installation of the 
wireless sensors and Figure 5 shows the apartment’s 

IC meter 

Air tube from 
the chamber to 
the reference 
CO2 instrument 

Wireless 
tags  
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layouts and the temperature/ RH wireless sensors 
locations.  

  
(a) (b) 

Figure 4: Wireless sensors Insitu installation a) IC 
meter, b) Wireless Tag.  

 
(a) 

 
(b) 

Figure 5: Apartments under investigation. a) Non-
renovated apartment, b) Renovated apartment.  

The wireless temperature sensors (marked with a T) 
measured temperature and relative humidity in 5 minutes 
intervals. The IC meters measured temperature, relative 
humidity and CO2 concentration at 5-minute intervals. 

Infiltration rate measurements  
Blower door test illustrated in Figure 6 has been carried 
out for both the non-renovated and renovated apartments 
with a differential pressure of (50Pa) between the 
apartment and the staircase. The leakage was measured in 
both directions (flow direction from the apartment to the 
outside and vice versa). Test results are shown in Table 1. 
It is important to highlight that infiltration rate for the non-
renovated was very close to the renovated apartment 
which raises the problem of construction errors which 
participates in the gap between expected and actual 
energy performance after renovation. 
 

 

Figure 6: AirBlower door test, non-renovated apartment  

Table 1:Infiltration Rates 
Apartment Infiltration rate (L/s. m2) 

Non-renovated 0.21 
Renovated 0.17 

Exhaust ventilation system 
The exhaust ventilation system serves toilet, bathroom is 
constant air volume which operated 24h with 5l/s and 
8l/s respectively. While the kitchen hood is controlled by 
the occupant. 
Walls heat transfer coefficients(U) measurements 
The measurements of heat transfer coefficients were 
executed by the gO wireless measurement system for the 
non renovated apartment case study, Table 2 summarizes 
the results. While for the renovated apartment case, the U 
value was collected form the design report. The system 
consists of outside and inside nodes which are connected 
via LoRaSC radio link (868/915MHz) to the gateway. 
Therefore, it is possible to use the system in situations 
where no WiFi or mobile connection is available. The 
gateway is connected to the internet via a global 2G/3G-
module and transmits all measured data in real-time to the 
cloud. Accordingly, for each U-value measurement two 
sensor nodes were used. One node is placed inside the 
building, illustrated in Figure 7 and measures the room 
temperature (Tin) and the heat flux through the wall (q). 
The other node (B) is placed outside or on the other side 
of the wall and measures the outside temperature (Tout). 
The surface temperature is also measured for both sensor 
nodes. The U-value is then calculated as the arithmetic 
mean of all measured data points during the entire 
measuring time by (gO) online system. 
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Figure 7: Heat transfer coefficient 
measurements, indoor node 

 
Table 2: Walls heat Transfer coefficients, U  

Apartment Wall type U Coeff. 
W/m2K Data 

Non 
Renovated  

External wall 1.4 Measured  adjacent wall 2.7 

Renovated External Wall 0.1 Design 
report adjacent Wall  0.5 

Prediction of the indoor temperature 
The indoor air temperature is one of the dynamic 
parameters, which affects the building heating energy 
performance. Linear regression relations between the 
outdoor and indoor temperature were developed from 
short-term measurements to predict the indoor 
temperature values for each thermal zone in the 
apartments (bedroom, family room, living room, kitchen, 
bathroom) and accordingly to determine the required 
heating consumption for the heating season. For the sake 
of brevity, linear regression relations were clarified for 
only two thermal zones (bedroom and Family room), see 
Figure 8a and 8b. 
 

 
(a) 

 
(b) 

Figure 8: Regression relations-Non renovated 
aptartment (outdoor-indoor temperature), (a) Bedroom, 

(b) Family room 
For the non-renovated apartment; the bed room linear 
regression denoted in equation (1) the coefficient of 
determination R2 equals to 0.6 indicates that this zone was 
mixed-load dominated zone (Heidarinejad et al., 2017). 
i.e. mixed load dominated zone indicates thermal loads 
dependency on both internal loads (Light, appliances, 
people) and external load dominated due to (weather 
conditions, infiltration). 
This was due to the Scandinavian habit of sleeping with 
an open window. While, at the family room, the indoor 
/outdoor linear regression equation (2), R2 equals to 0.01 
which indicated that this thermal zone was an internal 
load dominated zone. 
 

𝐵𝑅	𝑇𝑒𝑚𝑝	 = 0.3	 ×	(𝐸𝑥𝑡. 𝑇𝑒𝑚𝑝. ) + 17.5 (1) 

𝐿𝑖𝑣𝑅	𝑇𝑒𝑚𝑝 = 0.03	 × (𝐸𝑥𝑡. 𝑇𝑒𝑚𝑝. ) + 22.5 (2) 
Dynamic building model description 
The two apartments were modelled using TRNSYS 
software (Klein et al., 2004), which simulates 
dynamically the thermal behavior of buildings; it relies on 
modular approach to solve heat transfer equations 
described by FORTRAN subroutines. The input data 
included measured climatic data (external temperature, 
RH and solar radiation). In addition to the apartment´s, 
internal gains such as the average daily electrical 
consumption which was applied to the numerical model 
through a schedule based on both the Smappee’s collected 
data and interviews with the occupants. Whilst the 
predicted indoor temperature was calculated as a function 
of outdoor temperature by the regression analysis. See 
Table3 and Table4. 
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Table 3: Simulation model input data 

 
Table 4: Kitchen appliances use  
7:00 am -8:00am 50%-On 

13:00pm-14:00pm 50%-On 
18:00pm - 19:30 pm 100%-On 

 
Regression sensitivity analysis  
In order to assess the potential impact of data resolution 
and numerical simulation time step, four case studies with 
5 min, hourly time step, two weeks and one week 
regression models were considered. For each of these 
cases, the apartment heating energy consumption was 
estimated and compared to the measured data. Table5 
summarized the four case studies. 
 

Table 5: Case studies 
Case 

number 
Numerical 
Simulation 
Time step 

Linear 
Regression(indoor/outdoor) 

Temperature, °C 
Case-1 5 min 2 weeks and 5min readings 
Case-2 5 min 1 week and 5 min readings 
Case-3 5 min 2 weeks and hourly readings 
Case-4 Hourly 2 weeks and hourly readings 

Results 
The results section was divided into two parts; the first 
discussed the analysis of the heat losses and gains for the 
renovated and non-renovated apartments. The second part 
discussed the results of the regression sensitivity analysis. 
Building Energy losses and gains distribution  
The energy balance analysis for the both apartment has 
carried out to highlight the importance of measuring some 
parameters before and after renovation such as heat 
transfer coefficients and infiltration rate. For the non-
renovated apartment as clarified in Figure 9a the 
infiltration loss was 8.5 kWhm-2 corresponding to 17% of 
the overall losses of 50 kWhm-2. The energy losses 
through the apartment envelope was 83%. Figure 10a 
clarifies the energy gains distribution with supply heating 
energy of 28.5 kWhm-2 (57% from the overall heat gains 
of 50 kWhm-2). The solar and internal gains (people, 
appliances, light, etc.) represents the rest of the internal 
gains with a share of 7 and 14.5 kWhm-2respectively.  
 

  
(a) (b) 

Figure 9: Numerical model results, distribution of the 
(a) Non renovated and (b) Renovated apartment’s heat 

losses. The total heat loss was 50 kWh/m² and 30 
kWh/m² in a and b, respectively. 

On the other hand, it was expected that for the renovated 
apartment; the envelope energy losses would be improved 
due to the use of the insulation layers. As clarified in 
Figure 9b the envelope losses reached 62% from the 
overall energy losses of 30 kWhm-2. While the infiltration 
losses has increased to 38%, which indicated the failure of 
the renovation process to improve the building air 
tightness. The supplied heating energy has improved to 
reach 10.5 kWhm-2 out of 30 kWhm-2 Figure 10b. It is 
important to highlight that the solar and internal gains 
after renovation have reached 5 and 14 kWh/m2 
respectively and these shares are close to the non-
renovated apartment values, however the clarified 
percentages are due to the reduction of the overall heating 
requirements after renovation. 

  
(a) (b) 

Figure 10: Numerical Model, Apartment´s heat gains, 
(a) Non renovated, (b)Renovated.  

Regression sensitivity analysis 
• Weekly energy profiles comparison (Case-1) 
As shown in Figure 11a for the non-renovated apartment, 
the calculated and actual energy profiles had a good 
agreement, which strengthen the fact that non-renovated 
apartments are mixed-load dominated zones and the 
indoor temperature could be correlated to the outdoor 
temperature. While for the renovated apartment Figure 
11b there was an average continuous deviation of 6Wm-2 
between the actual and calculated energy profiles. The 
weekly heating profiles for the renovated and non-
renovated apartments was illustrated for only Case-1 for 
the sake of brevity. 
 

Indoor parameters 
Air temperature °C Predicted by the 

regression models 
Infiltration/ventilation 

flow rate 
l/s Measured 

Electrical energy 
consumption 

W h Measured 

 Climatic conditions 
Air temperature °C 

Measured Solar radiation W/m2 
RH % 
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(a) 

 
(b) 

Figure 11: Apartment weekly heating energy profiles- 
Case-1 (a) Non Renovated (b) Renovated  

• Overall percentage difference (all case studies) 
For the non-renovated apartment Figure 12, the sensitivity 
analysis revealed differences between simulated and real 
energy consumption in the ranged of 3 % to 15%. Case 1, 
2 and 3 recorded close results to actual consumptions with 
3% ±1.5.  It is important to highlight that these cases have 
a common factor of using 5 minutes as a simulation time 
step. While Case 4 with the hourly simulation time step, 
the difference percentage was 15%.  
 

 
Figure 12: Actual Vs. simulated heating consumption, 

non-renovated apartment 
In Figure 13, it was not effective to implement the linear 
regression relations to predict the indoor temperature as a 
function of the outdoor temperature at the renovated 
apartment study case. The difference between expected 
and actual energy consumption ranged from 41% for Case 
1 to 44% for Case 4. 

 
Figure 13: Actual Vs. simulated heating consumption, 

renovated apartment 
Limitations 
The study was based on measurements in two apartments 
and is neither representative for the Danish population nor 
the Danish building stock. In the two apartments, the 
relation between indoor and outdoor temperature could be 
approximated as linear and the use of linear regression 
was justified. However, in other apartments this may not 
be the case. In these cases, the proposed methodology 
would not predict the indoor temperatures well and the 
simulation accuracy would not be improved. 
Conclusions 
Pre-renovation measurements could improve the accuracy 
of prediction of conventional energy buildings tools. 
However, this strategy requires time and efforts especially 
for designers. Accordingly, this study investigated, i) the 
gains and losses share in the overall building energy 
balance, ii) the optimum time step for simulation and 
measurements and regression models time span. From 
this, the following was concluded: 
a) Addressing each thermal zone inside the apartment by 
a linear regression model improved the numerical 
simulation accuracy, because the occupant behavior 
regarding the indoor temperature was considered. 
b) The accuracy of the estimates compared to the 
measured performance increased with decreasing 
dynamic simulation time step. 
c) The linear regression models could be implemented to 
benchmark building energy performance before 
renovation; however, after renovation it was not effective. 
This is due to that after renovation, the occupant behavior 
share in the overall energy consumption is higher. 
Accordingly, depending on energy measurements of three 
weeks might not describe the big picture.   
d) The simplified linear regression model was accurate as 
long as the external temperature ranges between -10°C to 
8°C. The regression method has been applied after the 15th 
April which denotes the end of heating season and high 
discrepancy was noticed between the simulated and actual 
energy consumption. 
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Abstract 

The aim of this paper is to describe our Building 

Simulation (BS) approach to study indoor microclimate 

parameters in heritage buildings. Literature already exists 

over this subject: in the area of museums - Thomson, 

Camuffo; this issue has been particularly emphasized, for 

example, by Bernardi; others, as De Guichen, proposed 

specific methodologies for museums. Nevertheless, in our 

opinion, today there isn’t a vision which includes the 
history and the objectives of the architecture. We consider 

indoor microclimate in heritage buildings as a result of 

several strategies to guarantee indoor comfort. We named 

it “Historic Indoor Microclimate”, and we adopt BS to 

simulate actual, past and future indoor microclimate. In 

this paper we show three case studies of Italian historic 

buildings: Villa La Petraia, Florence; Villa Barbaro, 

Maser; Palace of Venaria Reale, Turin, which can clarify 

the importance of the application of the BS on cultural 

heritage. Moreover, the paper proposes an index: 

“Heritage Microclimate Risk”, useful to study the indoor 

microclimate aggressiveness. 

Introduction 

Nowadays it is becoming increasingly clear the need of a 

proper management of historic buildings: ensuring the 

conservation of the cultural heritage and guarantying the 

thermal comfort of the occupants. The preservation of an 

historic building depends largely on its microclimatic 

conditions. 

The study of the indoor microclimate of heritage 

buildings involves some problems. We are specifically 

interested about the ones related to the impact on the 

artworks (paintings, furniture, frescos, etc.), in relation to 

specific agents (physical, chemical, biological) which can 
damage them and whose presence, concentration and 

diffusion. 

That depends on the characteristics of the indoor 

microclimate and it’s influenced by the management of 

artworks – and of the buildings that host them – and the 

tourists in relation to the relevant artistic path. 

This problem has long been known in scientific literature, 

specific to museums (Thomson, 1986;  Camuffo, 1998; 

Bernardi, 2008; Corgnati and Filippi, 2010; D’Agostino, 

2015; Litti, Audenaert and Fabbri 2017; Lucchi 2017) and 

there exist Standards (UNI 10829 EN 15759-1), which 
identify the range of the values, allowing the preservation 

of the individual works (e.g. books, paintings) or 

materials (e.g. ceramics, papyrus manuscripts) in relation 

to their nature. Indeed, sometimes, to ensure microclimate 
control on the artefacts, special showcases are provided in 

case of higher risks due to decay and use. 

Moreover, nowadays, the indoor microclimate control can 

be provided by HVAC system (Heating Ventilation and 

Air-Conditioning) for the winter/summer air 

conditioning, if the characteristics of the building and/or 
frequency of visitors are such as to justify their on/off 

activation or their implementation. 

In different contexts, the artworks are housed in several 

rooms, and they belong to the building and to the visitors’ 

path. The microclimate of these rooms can be "kept under 

control" thanks to the technical HVAC. Nevertheless, 
sometimes the HVAC system is not enough. This kind of 

problems involves also the management of the artworks 

borrow for museum expositions. 

In this paper, we propose a new index, the “Heritage 

Microclimate Risk” (HMR), to define a unique tool to 

evaluate indoor microclimate aggressiveness for building, 
furniture, painting, etc. It permits to evaluate the risk level 

to whom the objects are exposed and the level of the 

human’s comfort, in order to improve it, through the help 

of hypothetical scenarios, realized by the BS. 

This article, thanks to the experience reported by the case 
studies -Villa La Petraia, Florence; Villa Barbaro, Maser; 

Palace of Venaria Reale, Turin-, shows how the Building 

Simulation can be useful to face those mentioned 

categories of problems: we propose a methodology, based 

on the use of the virtual BS on cultural heritage, which 

permits to pre-emptively define, throughout a virtual 

building model, which actions could aid the preservation 

of the heritage buildings, avoiding the risk component that 

would be taken working on the physical building. 

Methods 

The proposed methodology is composed of three phases: 

1. Understanding the building, through: 

a. archive research: to verify the geometrical, 

structural and thermo-physical characteristics of 
the historic building; 

b. on-site relief: to obtain the building geometric 

measurement; 

c. on-site monitoring: to record, using probes, the 

Actual Indoor Microclimate (AIM) 

characteristics, following the definition of 

Pretelli and Fabbri); 
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2. Virtual Building modelling and simulation: 

a. Building Simulation: construction of a 3D 

Virtual Building model, trough any modelling 

software, and of Virtual Environment model in 

dynamic conditions (Building Energy 

Simulation, CFD), using IES.VE software, to 

reproduce the same characteristics of the case 

study; 

b. Model validation: to validate the model, 

comparing the simulated data to the ones 

obtained through the indoor microclimate 
campaign; 

c. Virtual Scenarios: if the virtual building model 

gets validated through the data collected with the 

microclimate indoor monitoring, the study of the 

Heritage Microclimate Risk (HMR) can 

proceed, along with the scenarios of 

management and/or modification of the indoor 

microclimate; 

3. Calculating the Heritage Microclimate Risk (HMR). 

The environmental parameters recorded by probes are: 

Air Temperature (measured in °C), Relative Humidity 

(measured in %), Illuminance (measured in lux) and 

Carbon Dioxide (CO2 measured in ppm). 

Moreover, the virtual model gives the opportunity to 

simulate other variables, even if not measured by the 

probe, such as the distribution of the air velocity in the 

space (to assess any phenomena of turbulence and/or 

handling of the dust) and/or water vapour content, and/or 
mean radiant temperature and/or natural light distribution 

(illuminance).  

The validation process consists in the comparison of the 

measured data -by probes, during the monitoring 

campaign- with the simulated ones -obtained using the 

software IES.VE (Integrated Environmental Solutions)-. 

The validation parameters are:  

• MBE (Mean Bias Error),   

 𝑀𝐵𝐸 =
∑ (𝑀𝑖−𝑠𝑖)𝑛

𝑖=1

∑ 𝑀𝑖
𝑛
𝑖=1

 (1) 

Validated if MBE < 10%;  

• Coefficient of Variation root-mean-square error 

(RMSE): 

 𝐶𝑉 (𝑅𝑀𝑆𝐸) =

√𝛴ⅈ=1
n [

(𝑀𝑖−𝑆𝑖)
2

�̇�𝑖
]

∑ 𝑀𝑖

𝑛

𝑖=1
𝑛

 (2) 

Validated if CV (RMSE) < 30%;  

• Pearson Correlation Coefficient: 

 𝑃𝐸𝐴𝑅𝑆𝑂𝑁 =
𝜎𝑀𝑆

𝜎𝑀𝜎𝑠
 (3) 

if > 0.7 = strong correlation,  

if between 0.3 – 0.7 = correlation; 

• Coefficient of determination R2: 

 𝑅2 =
∑ (𝑆𝑖−�̅�)2𝑛

𝑖=1  

∑ (𝑀𝑖−�̅�)2𝑛
𝑖=1

 (4) 

Validated if R2 > 0.5 

When the model is validated, the accuracy of the Building 

Simulation, with respect to the variables used in 

validation, is confirmed 

The thermal characteristics of the models are 
automatically calculated by the software once we specify 

all the construction components (stratigraphy materials 

and thickness). 

The environment of an indoor space is affected by the 

outdoor climate too. Indeed, on IES.VE, it is necessary to 

choose the weather file whose data are got from the 
nearest meteorological station from each case study. 

Moreover, it is fundamental setting information about the 

geographical location and the HVAC system (set-point, 

daily profile, etc.). In this way it is possible to obtain a 

virtual model, which has the same environmental 

characteristics of the original space of the studied 

architecture. That permits to realize Building Simulations 

and to assume present, future and past environmental 

scenarios, simulating the state of conservation of the 

building, of the artworks and the occupants’ comfort: we 

can evaluate what could happen changing certain 
materials of the building; the management of the HVAC 

system; taking in consideration the Climate Change and 

its consequences on the specific indoor microclimate; etc. 

Finally, to calculate the HMR is useful to estimate the 

aggressiveness of the microclimate against the materials 

hosted in a specific indoor microclimate. It is calculated 

as follows: 

 𝐻𝑀𝑅 =
𝑚𝑟ℎ

ℎ
[%] (5) 

and regarding the single variable(x) 

 𝐻𝑀𝑅(𝑥) =
𝑚𝑟ℎ(𝑥)

ℎ
[%] (6) 

where: 

mrh is the hourly microclimate risk of the reference 

period; 

h represents the total hours of the reference period. 

In the case study presented in this paper, the reference 

period corresponds to the monitoring campaign.  

The mrh (hourly microclimate risk) is determined by  

 𝑚𝑟ℎ = ∑ (ℎ𝑟(𝑥) > ℎ𝑟(𝑥,𝑠𝑒𝑡),𝑚𝑖𝑛)
𝑗

+ (ℎ𝑟(𝑥) <𝑛
𝑗=1

ℎ𝑟(𝑥,𝑠𝑒𝑡),𝑚𝑎𝑥)
𝑗
 [h]   (7) 

Where 

“hr(x)” is the heritage risk of the microclimatic variable 

(x); 

“hr(x,set),min” is the heritage risk of the microclimatic 

variable (x) with the minimum set-point, defined as the 

lower range established by Standard (UNI 10829, 1999) 

or other guidelines; 

“hr(x,set),max” is the heritage risk of the microclimatic 

variable (x) with the maximum set-point defined as the 

lower range established by Standard (UNI 10829, 1999) 

or other guidelines; 

“j” is the number of hours of the reference period. 
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The proposed HMR follows the parameter defined by 

Corgnati et al (2009): the authors defined the performance 

index: "PI, defined as the percentage of time in which the 

measured parameter lies within the required (tolerance) 

range" ; but, while this was later used only to validate the 

capacities of  air conditioning systems to fulfil the 

imposed limits, we tried to use it to evaluate the 

conservation conditions, in order to adopt it not for 

museums but for historic buildings. 

This index allows to organize the distribution of the 

artworks in a heritage building: it helps to decide if a 

specific room could be suitable for hosting artworks or 

collections, with the final goal to improve the preventive 

conservation of the building and its content. 

Results 

Villa La Petraia, Florence, Italy 

The first case study, developed with the help of Eng. 
Cinzia Magnani and Arch. Leila Signorelli, as research 

assistants from the Department of Architecture of the 

University of Bologna, has been Villa La Petraia 

(UNESCO World Heritage), built at the end of XV 

century in Florence, Italy. This building has been 

characterised by many transformations over the years: 

once completed, in 1544, it becomes propriety of Medici 

family, who used the Villa as a private house; in the XIX 

century, Savoy family bought the Villa and they decided 

to cover the central courtyard, through a glass and metal 

structure. This change of the Villa’s shape had consistent 
consequences on the indoor microclimate of the historic 

building. 

 

Figure 1: glass-and-metal covering. 

Indeed, the elimination of the cover in the central 

courtyard implies changes in the convective motions in 

the rooms towards the court, as well as the effects of solar 

radiation and external temperature on the loggiato, again 

towards the court. A further level of analysis, requested 

by the Director of the Sovraintendenza, has been to 

evaluate microclimate in other rooms to inform the 

decision to change place to furniture or paintings. 

 
Figure 2: 3D model on SketchUp (left) and on IES.VE 

(right). 

The monitoring campaign lasted from 22/07/2015 to 

23/03/2016. The HVAC system is not active. In this 

specific case the most interesting aspect to evaluate is the 

differences -due to the addition of the covering in the 

courtyard- in the current indoor microclimate compared 

to the past one, which represents the Original Indoor 

Microclimate (OIM) of the Villa as it has been planned 

and wanted by the Medici family.  

Therefore, we compared the scenario obtained through 

the BS, considering the historical configuration of the 

building -with no covering in the courtyard- with the 

current climatic data (2015) and the scenario still with the 

same shape of the building in XIX century, but with the 

historic climatic data, from 1650. Current climatic data 

are from ARPA and the historic ones have been deduced 

by the researches of Camuffo and Bertolin (2012).  

 

Figure 3: thermal trend comparison, Dining room, 

IES.VE simulation. 

The Figure 3 shows as, by the simulation realised using 

the historical data (1650), we obtain a thermal trend which 

reproduce the one obtained if we put in the data of 2015, 

but with lower temperatures: the difference is about 1-

2°C. This gap, produced in 365 years of climate changes, 
however small, has to be considered in relation to the 

building’s modification which could be done in the future. 

The second confrontation is between the scenarios of the 

building with and without the covering, using for both the 

climatic data of 2015. 

 

Figure 4: thermal trend comparison, Dining room, 

IES.VE simulation. 

Figure 4 presents that we have thermal differences 

between: a minimum of 2-3°C (during the winter months) 

and a maximum of 10°C (in summer). Therefore, the 

introduction of the cover in the courtyard causes a 

significant augmentation of the indoor air temperatures. 

On the other hand, as shown by the Figure 5, the reduction 

of the relative humidity due to the presence of the 
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covering is not equally important: from 2-3% in winter to 

10% in summer. 

 

Figure 5: Relative Humidity trend comparison, Dining 

room, IES.VE simulation. 

Moreover, the addition of the cover results to raise the 

level of HMR, as shown in Table1, reported in “Annex 

Tables”. 

Of course, these conditions influence also the comfort of 

the visitors: considering the Actual Indoor Microclimate 

(AIM) (2015) the Predicted Mean Vote  (PMV) calculated 
by IES.VE, through the Computational Fluid Dynamics 

(CFD) simulation, shows, taking the dining room as 

example, a discomfort during summer, in the area near the 

door which look out on the courtyard; during the winter 

the comfort condition is worse: there is a general 

discomfort and the most important data is the condition 

recorded between the two doors on the north. This is a 

crucial area for the visitors’ tour of the Villa and there we 

record a PMV of -2,5. For the CFD we chose the warm 

and the coldest day of the year (according to the results of 

the Apache simulation). 

 

Figure 6: PMV in summer (on the top) and in winter (on 

the bottom), Dining room, IES.VE simulation. 

Villa Barbaro, Maser (TV), Italy 

The second case study is Villa Barbaro, built in Maser 

(TV, Italy) between 1554 and 1560 by the architect 

Andrea Palladio and registered in the UNESCO World 

Heritage Site list since 1996, as Palladian Villa of Veneto. 

The novelty of this research, also compared to the one just 

described, is the development and the definition of a 

single indicator for the risk due to the indoor 

microclimate: HMR. The Villa is characterised by the 

presence of numerous frescoes, indeed the HMR has been 

calculated with the aim to verify its current preservation 

conditions and to maintain or improve them. 

 

Figure 7: 3D model on SketchUp (left) and on IES.VE 

(right). 

The monitoring campaign lasted from 21/06/2016 to 

9/12/2016. We monitored three of the six rooms open to 

the public -the rest of the Villa is used as a residential 
private building-. The building has a HVAC system, a 

heating system with fan-coils, introduced during the 50s 

of the XX century. In the studied rooms, HVAC system is 

always off, so it can’t be taken into consideration. 

In the two monitored rooms, “Croce Centrale” and 
“Tribunale D’Amore”, the data which have proved to be 

the most interesting are those of the indoor air 

temperature. Indeed, the HMR calculated for the frescos 

hosted in these rooms is respectively: 86,91% and 84,38% 

for air temperature; 32,31% and 33,78 for relative 

humidity. The baseline ranges used for T and RH are 

those set out in UNI 10829 and MIBACT, for the category 

“inorganic materials/articles”: 

• Air Temperature hr(t,set),min = 15 °C  and 

 hr(t,set),max = 25 °C; 

• Relative Humidity hr(RH,set),min = 20 %  and 

 hr(RH,set),max = 60 % . 

Defining the level of HMR, with an our proposal of HMR 

hazard classification (<25% low risk; 25%-50% moderate 

risk; 50%-75% marked risk; >75% extreme risk), the 

microclimatic risk caused by the air temperature 

corresponds to a “Extreme risk”; whereas the one caused 

by relative humidity is a “moderate risk”. In our point of 

view, a low risk (sensitive area) correspond to a 

microclimate where a cultural heritage’s object has 

always been kept for a long period of time, without 

evidence of damage, and to which it became acclimatised. 
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Figure 8: Air Temperature trend and Standard range, 

HVAC off, room Croce Centrale, IES.VE simulation. 

Figure 8 shows the air temperatures data recorded by 

probes during the monitoring campaign. The green area 
represents the range indicated in UNI 10829 and 

MIBACT as the optimal temperatures suggested for the 

conservation of frescoes. 

If we set the software IES.VE with the input of “HVAC 

on”, setting the set-point of 24°C and 14°C, the building 

simulation’s result will be a temperature which respects 

the suggested range. 

This condition would lead to an improvement of the 

visitors’ comfort too (Figure 10), but this option will 

never be applied, and it will remain an example of the use 

of BS to study the indoor microclimate of heritage 

buildings. Indeed, when an artefact has been in specific 
microclimatic conditions for a long time (in the case of 

Villa Barbaro we are talking about ages), it tends to create 

internal tensions which probably negatively respond to 

any sudden climate and microclimate change. The 

activation of the HVAC system will improve the level of 

visitors’ comfort (Figure 9), but it would in fact risk to 

compromise the artefacts. 

 

Figure 9: PPD Simulation, HVAC on-off, room Croce 

Centrale, IES.VE simulation. 

When the aim is to improve the human comfort, this kind 

of solutions are useful and quite easy to manage, but if the 

conservation of the artefacts represents the priority, taking 

decisions and evaluating any possible effects will be 

harder. 

Palace of Venaria Reale, Venaria (TO), Italy 

The third case study is the Royal Palace of Venaria Reale 

(Piedmont, Italy). This architecture, restored recently 

2001-2007), is the result of the work of six architects, 

between 1659 and 1798: Amedeo Castellamonte, 

Michelangelo Garove, Filippo Juvarra, Benedetto Alfieri, 

Giuseppe Battista Piacenza and Carlo Randoni.  Thanks 

to the help of the Center of Conservation and Restoration 

(CC&R) of Venaria Reale we have had the chance to use 

indoor microclimatic data, recorded from 2007 to 2017 of 

two rooms, which we analysed for our research: Room 33 

and Room 38. 

 

Figure 10: studied partition of the Palace (render 

realised in 3D Studio Max, on the left and 3D model 

realised through SketchUp, on the right). 

The blue line in Figure 10 underlines the part of the 

building where the studied rooms are located, and the red 

lines confines these rooms: 38 on the left and 33 on the 

right. 

We compared the 2017 indoor microclimate to a 

hypothetical future one: in 2100, which would be 

produced if the climate increased by 1.5°C (Figure 11). 

Here, in addition to the visitors’ comfort -which would 

change a little, but not significantly-, we considered: the 

consequences on the HMR for the materials hosted in 

these two rooms; on the temperature and on the relative 

humidity. 

It turns out that the Climate change doesn’t serious 

damage to the indoor microclimate of this historic 

building, if it the HVAC is active. 

 

Figure 11: T(°C) Simulation, HVAC on, Room 33. 

Indeed, the mean difference of the indoor temperature on 

one year is of 0.28 °C, with peak of 0.8°C: if there were a 

rise of 1.5°C of the climate, we can just suppose a 

reduction of heating costs. 

On the contrary, considering the HVAC system off, we 

would have a mean difference of the indoor temperature 

of 1.45°C, with a minimum peak of 0.69 and a maximum 

of 1.58. Data of Figure 12 must be considered as a wake-

up call: without activating the HVAC system, the effect 

of the Climate change on the indoor microclimate, could 

affect the artefacts conservation too. 
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Figure 12: T(°C) Simulation, HVAC off, Room 33. 

Table 2 shows that the biggest gap between 2017 and 

2100 of Relative Humidity occurs when the HVAC 

system is active, on the contrary, when it is off, we obtain 
the maximum gap of the Temperature between the two 

analysed scenarios. Considering HVAC off, the 

maximum gap of relative humidity (1.87%) has a little 

influence, but the maximum augmentation of the 

temperature in 2100 (1.58%) could be a problem for the 

conservation of the building’s artefacts. To evaluate that 

possibility, we also calculated and compared the HMR of 

each scenario (the specific tables’ data are reported in the 

page before the Nomenclature section). 

It appears that the HMR in 2100 will be more aggressive 

of +1% and +3%. We can resume Table 3 like this: 

HVAC on: HMRT 2100 < 0,01 HMRT 2017; 

HMRRH2100 < 0,02 HMRRH 2017. 

HVAC off: HMRT 2100 > 0,002 HMRT 2017; 

HMRRH2100 >0,03 HMRRH 2017. 

This kind of process results useful to establish which 

objects could be hosted in a museum permanently or just 

for temporary exhibitions. 

Discussion 

The proposed methodology has proved to be applicable to 

different case studies and useful to evaluate decisions 

about the management of the historic buildings, with the 

aim to guarantee optimal people’s comfort conditions and 

the preservation of buildings and of the artworks guarded 

inside them. 

Moreover, the results of simulations evaluation and the 

HMR allow to define the conservation strategies and 

exposure of the artworks, according to three purposes: 

• Screening: to simulate the annual average value, 

minimum and maximum, of one or more variables, 

for each room in the building, aiming to assess if 

indoor microclimate values are outside of the range 

of tolerance for the conservation defined by 

ministerial guides, by the scientific literature or other; 

• Targeted: Once you choose the room in which it was 

decided to put the artworks, based on criteria relating 

to the museum exhibition, the artistic path, the will of 

the curator or anything else. It can be evaluated 

through the virtual model specific micro-climatic 

conditions are suitable for the conservation of 

artworks, permanently or for the duration of the 

exposure in the case of temporary exhibitions; or in 

the case of other activities with a sensitive increasing 

of the number of visitors.  

• Verification: in the case of rooms where there are 

works which show the traces of degradation caused 

by time, or compare due to poor comfort conditions 

and use of the room, or in case of doubts about any 

parameters microclimate (air speed and dust deposit, 

the water content and vapour condensation risk, etc.) 

the virtual model permits to verify the physical 

environment variables. 

Conclusion 

This paper focuses attention on the advantages related to 

a microclimatic approach to the preservation of existing 

historic materials and to ensure the visitors’ thermal 

comfort, having the chance to consider the original 
conditions of the buildings and to take into account 

possible future scenarios, through the BS: once you 

acquire the knowledge of the indoor microclimate, it is 

possible to verify and to simulate the people’s comfort 

and the state of conservation of the building and its 

artworks. In this way, the BS allows to define how to 

intervene on the building, knowing in advance the 

consequences of our actions. 
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Table 1: Villa La Petraia, HMR (%) of RH and T: 2015-1650 

Dining room: HMR (%) 

 RH 2015 (with cover) RH 1650 (without 

cover) 

T 2015 (with cover) 1650 (without cover) 

All Materials 

MIBACT&UINI10890 

29,70% 25,57% 26,77% 23,03% 

Oil on canvas 

MIBACT 

24,81% 25,53%   

Oil on canvas 

UNI10890 

26,13% 25,50%   

Oil on canvas 

MIBACT&UNI10890 

  29,40% 28,49% 

Wood MIBACT 19,89% 17,67%   

Wood UNI10890 22,74% 21,31%   

Wood 

MIBACT&UNI10890 

  29,40% 28,49% 

Fabrik (silk) MIBACT 25,48% 25,01% 29,40% 28,49% 

 

Table 2: Venaria Reale, T and RH comparison between 2017-2100 

Room 33: Differences between 2017-2100 

 T-HVAC ON RH-HVAC ON T-HVAC OFF RH-HVAC OFF 

Min. 0.00 0.00 0.69 0.00 

Max 0.80 5.72 1.58 1.83 

Mean 0.28 2.60 1.45 0.26 

 

Table 3: Venaria Reale, HMR (%) of RH and T: 2017-2100, HVAC ON (on the top) - HVAC OFF (on the bottom) 

Room 33: HMR (%) - HVAC ON 

 RH 2017 RH 2100 T 2017 2100 

All Materials 

MIBACT&UINI10890 

3% 5% 15% 18% 

Oil on canvas 

MIBACT 

29% 25%   

Oil on canvas 

UNI10890 

35% 34%   

Oil on canvas 

MIBACT&UNI10890 

  31% 30% 

Wood MIBACT 25% 21%   

Wood UNI10890 26% 23%   

Wood 

MIBACT&UNI10890 

  31% 30% 

Fabrik (silk) MIBACT 38% 38% 31% 30% 

Room 33: HMR (%) - HVAC OFF 

All materials 

MIBACT&UNI10890 

0.16% 0.23% 61% 58% 

Oil on canvas 

MIBACT 

15% 15%   

Oil on canvas 

UNI10890 

27% 27%   

Oil on canvas 

MIBACT&UNI10890 

  83% 86% 

Wood MIBACT 14% 14%   

Wood UNI10890 14% 15%   

Wood Oil 

MIBACT&UNI10890 

  83% 86% 

Fabrik (silk) MIBACT 38% 38% 83% 86% 
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Nomenclature 

Abbreviations: 

BS: Building Simulation 

HVAC: Heating Ventilation and Air-Conditioning 

HMR: Heritage Microclimate Risk 

AIM: Actual Indoor Microclimate  

CFD: Computational Fluid Dynamics 

IES.VE: Integrated Environmental Solutions 

MBE: Mean Bias Error 

CV (RMSE): Coefficient of Variation (Root-Mean-

Square Error) 

R2: Coefficient of determination R2 

OIM: Original Indoor Microclimate 

PMV: Predicted Mean Vote 

CC&R: Center Conservation and Restoration 
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Abstract

Accurate data about the condition and thermal prop-
erties of existing buildings are desirable for simula-
tion purposes in the preparation of energy efficiency
retrofits. However, established measurement meth-
ods tend to be laborious, time-consuming and expen-
sive. Modern remote sensing technologies may cap-
ture the energetic characteristics of buildings in less
time and at lower cost.
This paper presents first results of a field trial with
RGB and thermal infrared (TIR) imagery taken from
an unmanned aerial vehicle (UAV) to derive the ge-
ometry and heat transfer coefficients (U-values) for
a single-family home as an input for energetic sim-
ulations. The outcome is compared to conventional
analysis methods regarding accuracy and effort. It
is shown that the building envelope can be precisely
reconstructed using photogrammetry. However, the
obtained U-values expose significant deviations. Po-
tential error sources and possible remedies are dis-
cussed.

Introduction

Improving the energy efficiency related to space heat-
ing of existing buildings is an important factor in re-
ducing man-made greenhouse gas emissions. Corre-
sponding refurbishment measures are often econom-
ically beneficial for both building owners and resi-
dents. Nevertheless, they are not carried out as ex-
tensively and appropriately as they could be, because
i.a. many owners do not know about the savings that
can be realized on their property (Zundel and Stieß
(2011)).
As a first step towards retrofit recommendations, dif-
ferent tools are available to assess the energetic per-
formance of existing buildings:

� Using tabulated values for buildings similar in
e.g. age or use.

� Inverse modelling based on time series data of
energy consumption, weather and occupancy.

� One-time measurements of input parameters for
building energy simulation.

The application of tabulated values requires little ef-

fort, but does not account for building-specific prop-
erties. Inverse modelling can characterize thermal
building performance parameters accurately, but re-
quires the installation of various sensors and a suffi-
ciently long monitoring period.
Regarding one-time measurements, several widely
used methods cover various physical parameters re-
lated to the thermal performance of a building:

� Terrestrial laser scanning provides a three-
dimensional point cloud of outside and inside
surfaces of the building.

� With the blower door test, the air exchange rate
is determined and possible leaks in the building
hull are detected.

� The U-values (overall heat transfer coefficients)
of the envelope components can be calculated
if the wall composition, material properties and
layer thicknesses are known. Otherwise, the heat
flux method (HFM) provides local values.

� Thermal infrared (TIR) images enable a qualita-
tive evaluation of the building envelope in order
to detect poorly insulated components and pos-
sible thermal bridges.

These methods are well-known, widely recognized by
the community and relatively accurate. However,
measurement campaigns and manual data evaluation
work are time-consuming and therefore pricey.
The work presented in this paper is part of an ongoing
research project that intends to make remote sens-
ing technologies applicable for energetic analyses of
buildings (Estevam Schmiedt et al. (2017)). The goal
is to develop a tool box of measurement and evalua-
tion methods to determine the energetically relevant
properties of existing building envelopes quickly and
accurately. Thus, crucial information for planning re-
furbishments on different scales from single buildings
to entire city districts may be obtained in short time.
More specifically, this publication describes the cur-
rent progress in developing new and optimizing con-
ventional data acquisition methods. The tool box
under development aims at delivering building en-
ergy simulation input by solely relying on contactless
measurements, general information (age, type, etc.)
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about the building, and data that its residents can
obtain with little effort. In a first step, geometry and
U-values are assessed for the example of a single fam-
ily house. The polygonal hull as well as semantic and
physical information is derived from photogramme-
try and quantitative infrared measurements based on
images taken from unmanned aerial vehicles (UAVs).
Also, conventional analysis methods are applied and
compared to the presented approach regarding accu-
racy and effort. Finally, it is evaluated how remote
sensing can contribute to the fast and accurate gen-
eration of simulation input for existing buildings.
This paper is organized as follows: The Methods sec-
tion introduces the analyzed building as well as the
conventional and remote sensing methods applied in
the field trial. The Results section focuses on mea-
surement accuracy, duration and effort. The results
for the different methods are compared in the Dis-
cussion section which also comments on model gen-
eration and data accessibility. The final Conclusion
includes an outlook to future research.

Methods

The field trial took place at a free-standing two-story
single-family house with typical wall structures and
a gabled roof. It is easily accessible by UAVs from
all sides. As the house is unoccupied and will be dis-
mantled, extensive sample taking and deconstruction
of its construction elements was possible. The entire
building excluding the basement and attic space was
heated electrically during a measurement campaign in
Spring 2018. Room temperatures were continuously
monitored meanwhile.

Conventional reference measurements

Energy efficiency parameters of the building were as-
sessed conventionally as a reference for the remote
sensing methods. Initially, the building was digitally
reconstructed based on a 3D point cloud from out-
door and indoor laser scans using Autodesk Revit and
Recap. With the OpenStudio plugin for SketchUp,
energetically relevant information was subsequently
introduced into the resulting building model:

� U-values of walls, roofs, windows and floors/ceil-
ings as well as density, conductivity and specific
heat (where applicable) based on literature val-
ues for the materials used for the structure.

� Data on thermal bridges, estimated from quali-
tative infrared thermography (IRT).

� The air infiltration rate, determined by a blower
door test.

� Global position and orientation, derived from
aerial images available online.

� The solar absorptance of the envelope, based on
measured wall surface temperatures.

� Calculated values for surface convection.

The heating phase of the measurement campaign was
then simulated using the software EnergyPlus and

the previously created building model. The neces-
sary heating load was derived from electricity use.
Weather data and temperatures of the sky and soil
were taken from weather stations nearby. To account
for the blower door test on April 12, the air infiltra-
tion values measured during its execution were intro-
duced. During the last days of the trial, wind veloc-
ities increased. As the air infiltration rate was con-
stant in the model, the heating load for this particu-
lar period was adjusted to compensate for the higher
heat loss.

Remote sensing approach

The remote sensing approach consists in the deriva-
tion of a 3D point cloud of the building from UAV
imagery, the generation of a polygonal model and the
recognition of windows and stories. Furthermore, it
comprises UAV-based quantitative infrared thermog-
raphy and the related data processing workflow.

Point cloud derivation from UAV imagery

Since they can be positioned freely within the space
around a building, UAVs provide a flexible plat-
form for close-range image acquisition. The recorded
bitmaps can be used for high-resolution photogram-
metric building reconstruction. In order to create a
3D model of the reference building, more than 1000
GPS/INS-tagged and hence roughly oriented RGB
images were captured by a standard digital single-lens
reflex camera (18 megapixels) mounted on a UAV. A
subset of 152 bitmaps with sufficient overlap (more
than 60 %) was selected manually and processed with
the commercial software Agisoft PhotoScan. In this
tool, after automatically detecting and assigning tie
points inside the images, their initial pose gets re-
fined, resulting in an accurate estimate for the global
camera position and rotation at the time of expo-
sure. The 3D point cloud subsequently is computed
through dense stereo matching. It consists of approx-
imately 12 million vertices at a spatial resolution of
less than 1 cm. Figure 1 depicts the final orienta-
tions for the selected images around the reconstructed
point cloud.

Generation of a textured polygonal 3D model

The approach of Frommholz et al. (2017) is used to
derive a polygonal 3D model with semantic annota-
tions for the building. In its first step, the point cloud
gets converted into a digital surface model (DSM)
that encodes the elevation of the scene above the xy
plane as a greyscale image. Having the DSM, a digi-
tal terrain model (DTM) showing the natural terrain
only is obtained with the pyramidal height refinement
algorithm described by Mayer (2004).
Wall surfaces are found by projecting the 3D point
cloud onto the xy plane subdivided by a regular grid
and analyzing its spatial distribution and z histogram
for façade pieces. The pieces found get approximated
by line segments using RANSAC (Fischler and Bolles
(1981)). Neighbor segments again undergo linear re-
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Figure 1: Camera positions around the 3D point
cloud from Agisoft PhotoScan for the selected subset
of nadir, oblique and nearly horizontal images.

gression when their directional difference is below a
fixed angular threshold. The resulting façade frag-
ments will be intersected if their end points are lo-
cally adjacent within the grid, forming the closed two-
dimensional contour of the building.
For the extraction of roof planes, slope and aspect
of the DSM pixels within the area enclosed by the
walls are computed, and similar pixels get grouped.
During this process, chimneys and other installations
on the top are filtered. Any gaps between or inside
the roof segments are filled by breadth-first region
growing yielding closed surfaces. The roof surfaces
are then intersected with the walls which are orthog-
onally erected to match the terrain elevation. After
adding the ground surface, the outcome of this pro-
cess is a preliminary building hull with known surface
semantics, i.e. roof, wall or ground labels.
Roof overhangs are extracted by analyzing the DSM
outside of the area enclosed by the walls. The roof
edges are virtually moved along their normal vectors
with subpixel accuracy until a zero-crossing of the
second-order derivative of the DSM in the gradient
direction (representing the end of the overhang) is
hit. The previously reconstructed roof polygons of
the model then get extended accordingly.
For realistic renderings and for window recognition,
any faces found so far are textured directly from the
available input images. Each model face gets assigned
a list of bitmaps sorted by their effective resolution on
the respective 3D surface. Following a visibility test
to bypass any occluders, unrectified polygonal pixel
patches extracted from the remaining image candi-
dates are written to a single texture atlas avoiding
resampling whenever possible (see Figure 4). Per-
spective correction relative to the camera position is
performed before both the atlas and the texture co-
ordinates are added to the model. For further use,
the model is stored as a CityGML file (OGC (2012)).

Recognition of windows and stories

To detect any windows inside the polygonal texture
patches, the atlas bitmap is transformed into the hue-
saturation-value (HSV) color space that separates
brightness from color. The histogram of the hue chan-
nel typically shows two significant peaks for windows
and opaque façade parts. Since in most buildings
the opaque area exceeds the window area, the minor
peak comprising the lower histogram bins is consid-
ered to belong to the windows. The detected window
pixel sets get filtered using a threshold for the min-
imum area and distance to the façade edges. The
contours of the remaining patches are projected onto
the wall polygons and added as window polygons to
the CityGML representation of the building.

Computation of floor area and heated volume

Even without having any information about the in-
door geometry, the detected window positions can be
used to estimate the height of story-separating ceil-
ings. For this purpose, the detected openings are
classified as doors, ordinary windows or staircase win-
dows. The lower edge of a door directly delivers the
height of the floor of the story. When using an ordi-
nary window, an approximate standard distance be-
tween the lower edge and the floor is considered.
From residents or building owners, information on
which floors are heated and on the ceiling height
of the basement can be obtained. With this data,
the CityGML model is completed by adjusting the
ground plate of the building, and both the heated
volume and used floor area can be computed.

Measurement of U-values using UAVs

In recent publications, infrared thermography (IRT)
has been tested to measure the U-value of building
walls. Fokaides and Kalogirou (2011) and Tejedor
et al. (2017) reached acceptable outcomes by record-
ing images from inside a building. The measurement
approach described by Patel et al. (2018) for external
IRT with a camera on a UAV is used for the tool box
presented in this paper and now being summarized.
The U-value of an outer building wall Uwall is equal to
the heat per time and area passing through the wall
in steady state, divided by the difference of indoor
and outdoor air temperature.

Uwall =
q̇

Tin,air − Tout,air
=

q̇rad + q̇conv
Tin,air − Tout,air

=
εs · σ ·

(
T 4
s − T 4

r

)
+ hc,out · (Ts − Tout,air)

Tin,air − Tout,air
(1)

The variable q̇ stands for the specific heat flux
through the wall. In steady state it is equal to the
sum of the net specific heat fluxes emitted by the wall
by radiation q̇rad and by convection q̇conv. Tin,air and
Tout,air are the air temperatures near the wall on the
inside and on the outside respectively. In the second
line of the equation, the radiative portion is expressed
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by the thermal emissivity of the outside wall surface
εs, the Stefan-Boltzmann constant σ, the average ef-
fective radiative temperature of the half space seen by
the wall Tr, and the surface temperature of the wall
Ts. For the convective part, hc,out is the convective
heat transfer coefficient on the outside of the wall.
Instead of calculating the surface temperature, the
radiation W coming from the wall can be used to
calculate the U-value. With the assumption that the
surface behaves like an opaque grey body, the relation

W = εs · σ · T 4
s + (1 − εs) · σ · T 4

r (2)

can be used to replace Ts in (1) which gives

U =

radiative︷ ︸︸ ︷
W − σ · T 4

r

Tin,air − Tout,air

+

convective︷ ︸︸ ︷
hc,out ·

(
4

√
W−(1−εs)·σ·T 4

r

εs·σ − Tout,air

)
Tin,air − Tout,air

.

(3)

Patel et al. (2018) performed an uncertainty analysis
based on this approach and measured values. Emis-
sivity and indoor air temperature contribute less than
one percent to the overall U-value uncertainty bud-
get given a high temperature difference between in-
side and outside. Thus, the emissivity value can be
taken from emissivity tables, and an inside air tem-
perature sensor is not strictly necessary. To estimate
the convective heat transfer coefficient, the model of
Liu and Harris (2007) for the façade of a single-story
building in a rural environment partially sheltered by
tree belts and nearby buildings is suitable.
For the test building, TIR images were recorded in
April 2018 in the early morning to minimize the influ-
ence of solar radiation and obtain a large air temper-
ature difference between the outside and inside. The
radiation coming from the wall surface was measured
with a FLIR Duo Pro R (microbolometer detector)
TIR camera. The reflected radiation was estimated
from the radiation coming from crumpled aluminum
foil attached to the wall. Table 1 lists all parameters
used for U-value calculation and the corresponding
sensors.

Table 1: Parameters required and sensors or sources
used for measuring the U-value using IRT

Parameter Sensor/Source
Emissivity Reference table

Radiation from surface TIR camera
Ambient refl. radiation TIR camera

Outside air temp. NiCr-Ni temp. sensor
Inside air temp. NiCr-Ni temp. sensor

Wind velocity (for hc,out) Vane anemometer

Furthermore, a HFM reference measurement of the
U-value according to ISO 9869-1 (ISO (2014)) was

carried out.
Due to possibly different surface materials, averag-
ing radiation over the entire wall to get its U-value is
unfavorable. There are two alternative approaches:

� Determining the U-value from a representative
image region of the wall.

� Taking the weighted mean of the U-values de-
rived for selected image areas of the façade.

Regarding the test building, the U-value was deter-
mined for a representative region close to the HFM
reference measurement.

Data processing

Remote sensing data and additional information from
different sources need to be merged for the ener-
getic building simulation. Therefore, Python-based
software to create an object-oriented digital building
model was developed. Based on the semantically an-
notated envelope geometry from the CityGML file,
objects for different building elements are created.
During data import, small irregularities in surface
planarity caused by the used reconstruction algorithm
are compensated. Story-separating ceilings are intro-
duced based on window positions, and the ground
surface is moved downwards using the gathered in-
formation on the basement ceiling height. Measured
U-values, as well as information on the thermal be-
havior of the windows and the heating system, both
derived from literature (knowing their types), can be
introduced as attributes.
Since the object notation in the software is based on
CityGML, the format is the first option to exchange
data with other applications. Its Energy applica-
tion domain extension (Energy ADE) as described
by Agugiaro et al. (2018) enables the introduction
of thermal zones with dedicated boundaries and the
attribution with energy-related parameters. Data
stored in the format can also be directly visualized.

Results

As the goal of the project is to reduce the necessary
amount of work for energetic building assessment, the
presented results include insights regarding accuracy
as well as time and effort to perform measurements
and data processing.

Validation of conventional measurements

To validate the parameters of the building model gen-
erated from conventional measurements, the heating
phase was simulated using EnergyPlus. Measured
and simulated values of the mean building tempera-
ture throughout the campaign are shown in Figure 2.
The measured room temperatures are mostly consis-
tent with the simulation output. This even holds for
the significant drop due to the blower door test on
April 12. The cooling phase was not examined be-
cause of another blower door test immediately follow-
ing the heating phase. Since the simulated tempera-
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Figure 2: Measured and simulated mean temperature and overall electricity use for space heating during the
campaign in the unoccupied building (including blower door test on April 12). The interior was heated above
standard to achieve a high temperature difference to the outside environment.

Table 2: Geometry readings for different data sources and measurement methods. Inclinations are between the
outside wall surface and the ground.

Feature Plan Manual Laser scan 1st RGB City- 2nd RGB
measurement point cloud point cloud GML point cloud

Length west wall 9.520 m 9.480 m 9.480 m 8.86 m 8.812 m 9.456 m
Length south wall 8.545 m 8.535 m 8.530 m 7.98 m 8.263 m 8.506 m
Length north wall 8.545 m 8.545 m 8.542 m 8.00 m 8.263 m 8.510 m

Building height 9.300 m - 9.132 m 8.93 m 8.579 m 9.132 m
Inclination north wall 90° - 90.27° 92.04° 90° 90.35°
Inclination south wall 90° - 89.02° 88.45° 90° 89.94°

ture profile matches the measured values, the Energy-
Plus model can be considered successfully validated,
and its parameters can serve as a reference for the
remote sensing approach.
Regarding time, the outdoor laser scans took two
hours. Another four hours were needed to align the
individual point clouds. Also, augmenting the digi-
tal building model derived from the point cloud with
further information required several hours of work.
These tasks cannot be fully automated yet using com-
mercially available software.

Geometry reconstruction

Table 2 compares the measured building dimensions.
While the laser scan point cloud dimensions match
the manually obtained values almost exactly, the first
point cloud produced by Agisoft PhotoScan com-
presses the building in all directions due to image
orientation residuals. These errors get propagated to
the CityGML representation. To stabilize the point
cloud, the horizontal dimensions from the terrestrial
laser scans were introduced into the generation pro-
cess of a second point cloud, resulting in an accuracy
improvement. To avoid additional measurements,
incorporating automatically logged differential GPS
(DGPS) or real-time kinematics (RTK) data from the
UAV are a favorable future solution to this problem.
Figure 3 shows a comparison between the CityGML
representation of the building and the point cloud it
was computed from. Negative distance values indi-

-0.3 -0.15 0 0.15 0.3
distance [m]

northeast south
west

Figure 3: Visualization of the distance of the point
cloud vertices to the respective CityGML surfaces
(positive values for vertices outside of the hull).

cate points behind the reconstructed polygons. The
inclination of the walls is orthogonal in CityGML due
to algorithmic construction. The nonplanarity of the
roof was successfully rectified. However, the side wall
polygons lie slightly outside the point cloud, probably
due to roof overhang points considered a part of the
walls. All in all, almost 90 % of the points are within
a 5 cm distance to the CityGML polygons.
The identified windows are highlighted in the texture
atlas in Figure 4. Eleven out of twelve main windows
(∼92 %), including those with closed blinds, were de-
tected, resulting in a total window area of 14.23 m2.
There were no false positives. Only the kitchen win-
dow was not found due to a distortion of the his-
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Figure 4: Envelope surface textures with detected win-
dows marked red.

togram caused by white markers on the wall and an
occluding roof overhang. Moreover, visibility issues
prevented the basement windows and the side door
from being identified. The front door pixels were dis-
carded during hue channel histogram analysis because
their brightness values were too different from those
of the window pixels on the same wall.
Regarding the time needed for data acquisition, the
nadir-looking and oblique images taken from the po-
sitions above the rooftop (see Figure 1) were recorded
during a pre-planned and automatically conducted
flight finished within a few minutes. To capture even
small details of the façades, close-range images with
a nearly horizontal orientation were taken by manu-
ally operating the UAV in a distance of 5 m to the
building at different altitudes. As this task is not au-
tomatable yet, it consumed about 1.5 hours of time.
For the generation of the point cloud, one hour for
manual image selection and five to six hours for the
actual calculation on a PC with an above-mainstream
GPU were spent.
The number of points in the point cloud was reduced
before geometrical reconstruction to lower the com-
putation time requirements. By considering only 1.2
million instead of 12 million vertices, a decrease from
more than 24 hours to 25 minutes was achieved. Sub-
sequent wall surface texturing took six hours with
four parallel processes, including the time-consuming
process of stitching together multiple images to seam-
lessly color the façade polygons.

Thermal properties of the envelope

The U-value derived from TIR imagery was evalu-
ated for a small region on the northern façade of the
building where a heat flux meter was attached from
the inside. The spot is marked as A in Figure 5.
The figure also shows that radiation intensities vary
among different façade regions, mostly due to differ-
ent wall materials. While the HFM delivered a U-

A

B
cold

hot

Figure 5: TIR image of the northern façade with
marked areas for U-value measurement (A) and for
reflected radiation measurement with crumpled alu-
minum foil (B).

value of 1.19 W/(m2K), the significantly higher result
from quantitative TIR data was 3.5 W/(m2K). Re-
garding the measurement effort, no additional time
is needed for TIR image recording. If the time frame
just before sunrise is chosen, both TIR and RGB data
can be acquired concurrently by two distinct sensors
mounted to the same carrier. For the current experi-
ment however, two separate flights were conducted.

Simulation input based on remote sensing

The height values for each upper floor were detected
manually from the previously identified window poly-
gons as depicted in Figure 6. This information was
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Figure 6: Projected CityGML wall polygons with ceil-
ing heights derived from lower window edges.

introduced into the building model together with the
room height of the basement (2.07 m). Figure 7
shows a visualization of the respective Energy ADE-
enhanced CityGML file.
Table 3 compares building energy simulation input
parameters derived from the presented remote sens-
ing approach with those measured conventionally (see
Table 2 for the general envelope geometry). For ev-
ery wall, the recognized window proportion per façade
is lower for remote sensing although detection inside
the images itself was accurate (see Figure 4). Apart

________________________________________________________________________________________________ 

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

 
4099

 

 
  



Figure 7: CityGML/Energy ADE model visualized by
FZKViewer with terrain intersection (green), thermal
zone borders (blue) and thermal openings (brown).

Table 3: Comparison of building energy simulation
input parameters measured with conventional methods
and derived from remote sensing (RS).

Parameter Conv. RS Diff.
Window N 17.5 11.1 -37 %

area E 6.3 3.6 -43 %
per wall S 18.8 14.0 -26 %

[%] W 3.0 0 -100 %
Uwall,N [W/(m2K)] 1.19 3.5 +194 %

from windows not being recognized at all (see Ge-
ometry reconstruction subsection for details), this is
due to some of the detected windows being too small
because of occlusions of the openings by nearby struc-
ture elements and geometric inaccuracies during win-
dow reintegration induced by image orientation er-
rors.

Discussion

Accuracy

Results show that the general geometry of the sam-
ple building which is essential for high-level energetic
simulation can be reconstructed based on photogram-
metry. The derived CityGML representation slightly
deviates from the physical structure in its dimensions.
These issues very likely can be eliminated by incor-
porating advanced GPS receivers and inertial navi-
gation systems (INS) to provide accurate initial im-
age orientation values. This already is the case in
commercial aerial photography using larger manned
aircraft. In contrast to terrestrial laser scans, UAV-
based imagery has the important benefit that it can
comprehensively capture roof installations and fea-
tures above balconies.
Regarding the detection count and area covered, win-
dow recognition on the façade images was accurate.
However, the developed approach has to be tested for
its applicability to other buildings with different sur-
face materials. Nevertheless, first tests show that the
exploitation of geometric features improves classifica-
tion robustness even though they degrade the effec-
tive resolution of the texture atlas due to resampling
in a mandatory prior rectification step. Additionally,

horizontal or even up-looking images may enhance
window recognition and texture mapping. To avoid
picturing the rotors on these images, modifications to
the UAV or image cropping are required.
U-value calculation based on TIR imagery delivered
a result three times as high as the conventional mea-
surement. This indicates that the theoretical model
used is insufficient. It may be enhanced by taking
the dynamic thermal behavior of the wall and at-
mospheric absorption of the radiation into account.
Furthermore, improved calibration may reduce the
uncertainty in the TIR camera radiation readings. Fi-
nally, the accuracy of the reflected radiation measured
via crumpled aluminum foil has to be investigated.

Time and effort

Compared to the conventional analysis, the pho-
togrammetric approach reduces the time for the mea-
surements and processing from roughly a day to 2.5
hours (plus calculation time). While building recon-
struction is partially hardware-accelerated, the time
consumption of the visibility test and the rendering
stage of the texture mapper may be improved by ef-
ficient parallel scheduling. On the other hand, since
remote sensing approaches for important parameters
like air infiltration rate and thermal properties of the
roof have not been considered yet, their implementa-
tion is expected to cause a slight increase regarding
the processing time.

Model generation and data accessibility

As it is close to the syntax used for the internal
building model for data processing, CityGML and its
Energy ADE is the preliminary interface to simula-
tion tools. Although only a subset of this modelling
language is supported in current simulation environ-
ments, more widespread use is expected given the
number of participants in the evolution of the for-
mat (Agugiaro et al. (2018)).
As models can also be saved directly using the pickle
module in Python, the high-level programming lan-
guage can also be used to conveniently implement new
data interfaces for buildings already processed. This
includes exports to EnergyPlus input data files (idf)
or to gbXML, the connection to the Modelica library
AixLib (Müller et al. (2016)), or the simplification of
building information for use in urban-scale simulation
or in a tool like BuildingOPT (Schütz et al. (2017))
to find optimal retrofit solutions.

Conclusion

In the presented work, remote sensing and conven-
tional measurement methods were applied for the en-
ergetic building analysis of a single-family house. Us-
ing conventional methods, a reference model was cre-
ated and the necessary effort was monitored. With
remote sensing, the envelope geometry and the U-
value of a wall was measured. An approach to process
the measured data into CityGML files using Energy
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ADE via an object-oriented model in Python was in-
troduced.
A point cloud of the envelope was successfully derived
from UAV-based imagery. Although the result was
not noisy, it delivered smaller dimensions than the
reference laser scan when generated with GPS/INS
tags only. The point cloud was processed into a tex-
tured CityGML representation. About 92 % of the
main windows were recognized with no false posi-
tives, enabling the detection of internal ceiling po-
sitions. U-value measurement based on quantitative
thermal infrared data from the outside has not deliv-
ered acceptable outcomes yet. Measurement time and
manual effort were significantly reduced compared to
conventional methods.
As a bottom line, it can be stated that remote sens-
ing is able to substantially decrease effort and time
needed for the generation of energy simulation mod-
els of existing buildings if the mentioned inaccuracies
are overcome. Future work will also focus on the de-
velopment of additional remote sensing technologies
for wall material analysis and air leakage detection.
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Abstract 

Recently, the district heating and cooling (DHC) system 

has attracted attention for energy saving. Although 

regional conduit, which contains a large amount of water, 

is considered as a kind of heat storage tank, an inner flow 

state has not been minutely analysed. In this study, by 

development of a regional conduit model, spatiotemporal 

change of internal energy is estimated. Simulation results 

show that the temperature change at small diameter pipe 

before customer receiving facilities is half of the whole 

temperature loss in regional conduit. This implies that 

optimal management of receiving flow rate is necessary. 

Introduction 

The Government of Japan has supported DHC projects for 

promoting a regional use of energy toward establishing 

low-carbon urban structures. In DHC, the heat supply 

agreement should be observed for all customers, which 

leads to an important issue today for renewal of old DHC 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

plants. Especially in a suburb-type DHC, because of not 

much increase of heat supply buildings and load since 

completion, the heat source system has been overdesigned. 

Unlike the case of new construction, in renewal, 

underground buried regional conduit should continue to 

be used. This means that the analysis of detailed behaviour 

of water in regional conduit is important for catching 

operational problems that had passed before. The aim of 

this study is, as an example of an old suburb-type DHC 

plant, to propose a new management and control method 

of DHC including customers as well as plants. First, we 

investigate the flow pattern of water in regional conduit, 

and then, calculate the internal energy loss based on 

assumption of regional conduit to be a heat storage tank.  

Plant summary 

The Seaside Momochi DHC plant in Fukuoka, which is 

composed of two plants, has been operated for more than 

25 years since April 1993 (Figure 1). Three 3000 USRt 

seawater-source heat pumps at the 1st plant are mainly 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 1: Current system flowchart of target DHC plant. 
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operated throughout the years and still as they were at the 

completion. Cold and hot water is supplied to 20 buildings 

through underground regional conduit, and the supply and 

return temperature of the heat supply agreement is 

respectively 6.0 to 12.0 °C for cold water and 47.0 to 

40.0 °C for hot water (Kondo et al., 2018). 

Seawater-source heat pumps at the 1st plant have the 

highest priority of operation, which are currently in base 

operation throughout the year, and nearly 90 percent of 

annual heat production amount is dependent on these 

machines. On the other hand, absorption heat pumps at the 

2nd plant are mainly operated at the peak load, which 

contributes to electric power peak-cut. Seawater-source 

heat pumps correspond to heat storage operation, and a 

heat storage tank is 4000 m3 at the 1st plant and 1900 m3 

at the 2nd plant. In water supply system, about 15 percent 

of cold water volume in supply header is bypassed to 

return header, and around 35 percent of hot water volume 

is also bypassed, which should be minimized. The 

operation period with the temperature difference secured 

is about 3000 h/year for cold water and nearly 1000 h/year 

for hot water. The total length of regional conduit is 3774 

m for cold water and 3885 m for hot water. The holding 

volume is 1082 m3 for cold water and 699 m3 for hot water, 

which could be considered as a small heat storage tank. 

Although hot water piping is insulated, cold water piping 

is not insulated (Doyama et al., 2018). 

Methods 

Flow balance model 

In water supply system, pump head is dependent on 

pressure loss through regional conduit and customer 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3: Water supply system flowchart. 

receiving facilities as well as piping and refrigerators 

inside plant (Figure 3). At customer facility, a pressure 

control valve, automatic flow volume control valve, and 

heat exchanger are introduced on regional conduit. A 

pressure tank is connected to return header inside plant, 

where gauge pressure is controlled. In order to estimate 

pressure distribution in regional conduit, a flow balance at 

all sections of conduit is analysed for supply and return 

piping. Input data are customer’s receiving water flow 

volume [m3/h], which are 30-minute data, and plant 

supply flow volume [m3/h] and header bypass flow 

volume [m3/h], which are 60-minute data. In flow balance, 

in order to adjust the resolution of data, 30-minute data are 

converted to 60-minute data. 

The 1st and 2nd plant are connected by bypass piping, 

where a water flow direction is varied by flow balance in 

the whole conduit (Figure 4). The flow is divided into five 

patterns, and in some cases, the velocity at bypass piping 

is very slow and the conduit becomes like a storage tank. 

Figure 2: Supply buildings and regional conduit piping. 
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The pattern A/E is the case that the 1st/2nd plant alone is 

in operation. The pattern B, which is common in the target 

DHC plant, is the case that the 1st plant is mainly operated 

and covers east area demand. When east area demand is 

very high and above the 1st plant supply, the pattern B 

becomes C, which frequently occurs on the peak time. In 

this case, the velocity at the bypass piping is relatively 

slow. The pattern D is a rare case in the target plant. These 

five flow patterns are decided by flow balance of all 

customers’ receiving water flow volume. Energy loss in 

regional conduit is calculated based on the flow pattern. 

First, at each time step, which of the five patterns A-E the 

current flow pattern is classified as is determined. The end 

point of calculation of pressure and temperature loss 

depends on the flow pattern. If the 2nd/1st plant supply 

(P2/P1) is equal to zero (P2/P1=0), the pattern A/E occurs. 

Also, if P2 is lower than the sum of the 2nd plant header 

bypass (H2) and building receiving (B2) volume 

(P2<H2+B2), the pattern A occurs. If P1 is lower than the 

1st plant header bypass volume (H1) (P1<H1), the pattern 

E also appears. Otherwise, if the 1st plant building 

receiving volume (B1) is lower than the subtraction of P1 

and H1 (B1<P1-H1), and the west area demand (W) is 

larger than the subtraction of P2, H2, and B2 (W>P2-H2-

B2), the pattern B occurs. In the same way, if B1</>P1-

H1 and W<P2-H2-B2, the pattern C/D appears. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Then, at each section of conduit, the flow volume d is 

calculated as follows. 

A c = d (1) 

where c is the vector (20×1) of all customers’ receiving 

flow volume, and d is the vector (45×1) of flow volume at 

all sections of conduit. A is the flow path matrix (45×20) 

that consists only of 0 and 1 and varies with the flow 

pattern. Based on flow volume distribution, pressure and 

temperature loss could be estimated. 

Regional conduit model 

In order to simulate energy loss in regional conduit, 

thermal hydraulics is applied to inner flow inside circular 

pipe (Nakayama et al., 2002). By supposition of axial 

symmetry, the cylindrical coordinate system is adopted. 

The x-axis is set in the flow direction, and the r-axis is set 

in the radial direction (Figure 5). On the assumption that 

water is incompressible fluid, the water density ρ [kg/m3] 

is constant for time and space regardless of temperature. 

For simplification of calculation, the kinematic viscosity 

ν [m2/s] and the thermal diffusivity α [m2/s] of water are 

constant for space regardless of temperature. In this study, 

the velocity field is supposed to be fully developed, and 

the x-direction velocity U [m/s] becomes constant for 

space. 

Figure 4: Flow patterns in regional conduit. 
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In inner flow analysis, dominant equations are three kinds 

of differential equations for continuity, momentum, and 

energy. Firstly, the equation of continuity is written as 

𝜕U

𝜕x
+

1

r

𝜕(rV)

𝜕r
= 0 (2) 

Secondly, the equations of momentum are written as 

𝜕U

𝜕t
+

𝜕(UU)
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+

1

r

𝜕(rVU)
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Thirdly, the equation of energy is written as 

𝜕T

𝜕t
+

𝜕(UT)

𝜕x
+

1

r

𝜕(rVT)

𝜕r
= α

𝜕2T

𝜕x2
+
α

r

𝜕

𝜕r
(r

𝜕T

𝜕r
) (5) 

where U and V is respectively x- and r-direction velocity 

[m/s], and P is pressure [Pa], and T is temperature [K]. 

Independent variables are x [m], r [m], and t [s]. From the 

boundary condition of no-slip at pipe wall and the constant 

U, the equation (2) gives the r-direction velocity V=0. 

Therefore, the equations (3) and (4) respectively become 

𝜕U

𝜕t
= −

1

ρ

𝜕P

𝜕x
+
ν

r

𝜕

𝜕r
(r

𝜕U

𝜕r
) (6) 

𝜕V

𝜕t
= −

1

ρ

𝜕P

𝜕r
= 0 (7) 

The equation (5) becomes 

𝜕T

𝜕t
+ U

𝜕T

𝜕x
= α

𝜕2T

𝜕x2
+
α

r

𝜕

𝜕r
(r

𝜕T

𝜕r
) (8) 

The equation (7) means that P is independent of r. If U 

and T could be represented by a value independent of r, 

the equations (6) and (8) are simplified. By integral across 

pipe cross-section, the cross-section-averaged equations 

are introduced, and r is cleared. The equations (6) and (8) 

respectively become as follows. 

𝜕UB

𝜕t
= −

1

ρ

𝜕P

𝜕x
+

8νUB

R0
2

(9) 

𝜕TB
𝜕t

+ UB

𝜕TB
𝜕x

= α
𝜕2TB

𝜕x2
+

2q

R0ρcp
(10) 

where UB is the x-direction bulk mean velocity [m/s], and 

TB is the bulk mean temperature [K]. For simplification, U 

is assumed to be parabolic distribution such as a laminar 

flow. R0 is the inner pipe radius [m]. cp is constant pressure 

specific heat capacity of water [J/kgK], and q is the r-

direction heat flux [W/m2]. 

q =
TG − TB

1
h0

+
R0ln(R1/R0)

k1
+
R0ln(R2/R1)

k2
+
R0ln(RG/R2)

kG

(11)
 

where TG is ground surface temperature [K], and R1 and 

R2 is respectively the outer pipe radius and the outer radius 

of thermal insulation material [m], and RG is burial depth 

[m]. h0 is heat transfer coefficient between water and pipe 

wall [W/m2K], and k1, k2, and kG are thermal conductivity 

 

Figure 5: Cylindrical coordinate system. 

 

Figure 6: Underground sectional model of piping. 

 

Figure 7: Staggered grid system. 

of pipe, insulation material, and soil respectively [W/mK]. 

For simplification of model, heat input from flat ground 

surface is assumed to be heat flux from semi-circular 

surface, and that all the heat from ground equally spreads 

around the pipe circumference is supposed (Figure 6). 

In this study, we convert the equations (9) and (10) to the 

dimensionless equations written as 

𝜕UB
*

𝜕t*
= Z*

𝜕P*

𝜕x*
+

32UB
*

R0
* Re

(12) 

𝜕ΘB
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Re Pr
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*

𝜕x*2
 

+
8 Nu (ΘG

* − ΘB
* )

R0
* Re Pr (2 + Nu ∑ (k0/ki) ln(Ri/Ri−1)i )

(13) 

where UB
* , P* , ΘB

* , ΘG
* , R0

* , x* , and t*  are normalized 

values defined as follows. 

UB
* ≡

UB

U̅
(14) 

P* ≡
P − P1

̅̅ ̅

P2
̅̅ ̅ − P1

̅̅ ̅
(15) 

ΘB
* ≡

TB − T1
̅̅̅

T2
̅̅̅ − T1

̅̅̅
, ΘG

* ≡
TG − T1

̅̅̅

T2
̅̅̅ − T1

̅̅̅
(16) 

R0
* ≡

R0

R̅
(17) 

x* ≡
x

2R̅
(18) 

t* ≡
t

2R̅/U̅
(19) 

U̅  is the reference velocity [m/s] such as designed 

maximum velocity, and 2R̅  is the reference length [m] 

such as maximum pipe diameter. P1
̅̅ ̅  and T1

̅̅̅  are 
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respectively the first reference pressure [Pa] and 

temperature [K] such as supply water pressure and 

temperature, and P2
̅̅ ̅  and T2

̅̅̅  are respectively the second 

reference pressure [Pa] and temperature [K] such as return 

water pressure and temperature. Z* is written as 

Z* = −
P2
̅̅ ̅ − P1

̅̅ ̅

ρU̅
2

(20) 

Reynolds number Re [-], Prandtl number Pr [-], and 

Nusselt number Nu [-] are defined as follows. 

Re ≡
2R0U̅

ν
(21) 

Pr ≡
ν

α
(22) 

Nu ≡
2R0h0

k0

=
2R0h0

ρcpα
(23) 

where k0 is the thermal conductivity of water. To 

determine h0 is very difficult, and Nusselt number Nu is 

given by a famous empirical formula of Dittus-Boelter’s 

equation (1930) written as 

Nu = 0.023 Re0.8 Pr0.3~0.4 (24) 

where the power exponent of Pr is supposed to be 0.4 for 

cold water and 0.3 for hot water. 

In differentiation of equations, the staggered grid system 

is adopted with forward difference for time and central 

difference for space. For advection term, upwind 

difference is adopted for numerical stability. By solution 

of the equations (12) and (13) at each time step, unsteady 

energy loss simulation becomes possible (Figure 7). In 

this study, physical property values such as density are 

given by Table 1, and calculation conditions such as 

integration time interval and boundary condition are 

shown in Table 2. Reference values indicated by overline 

are configured in Table 3. Particularly, for grid and 

integration time interval, the Courant number C [-] 

becomes 

C = U
∆t

∆x
≤ U̅

∆t

∆x
= 0.9 < 1 (25) 

which certainly satisfies the Courant-Friedrichs-Lewy 

(CFL) condition. 

Results 

Pressure loss 

For pressure in regional conduit, calculation results show 

that the pressure loss throughout conduit is very small, 

whereas a drastic loss is found at the customer receiving 

facilities. In Figure 8 and 9, cold and hot water pressure 

loss through supply and return conduit on the seasonal 

peak is plotted for all customers. For cold water, round-

trip pressure loss except at receiving facility is less than 

150 kPa all day. For hot water, except for one customer, 

round-trip pressure loss except at receiving facility is less 

than 50 kPa all day. As for the remaining customer 

excluded, the pipe diameter branched from main conduit 

is small compared with demand flow volume, which 

would cause nearly 300 kPa loss. 

 

Table 1: Physical property values. 

Physical property Symbol Value 

Water density ρ 
cold) 1000 kg/m3 

hot) 990 kg/m3 

Kinematic viscosity 

of water 
ν 

cold) 1.3×10-6 m2/s 

hot) 6.0×10-7 m2/s 

Thermal diffusivity of 

water 
α 

cold) 1.3×10-7 m2/s 

hot) 1.5×10-7 m2/s 

Thermal conductivity 

of water 
k0 

cold) 0.57 W/mK 

hot) 0.64 W/mK 

Thermal conductivity 

of pipe 
k1 50 W/mK 

Thermal conductivity 

of insulation material 
k2 0.02 W/mK 

Thermal conductivity 

of soil 
kG 2.0 W/mK 

Table 2: Calculation conditions. 

Arbitrary constant Symbol Value 

Grid interval Δx 4 m 

Integration time interval Δt 1 s 

Boundary condition of 

ground surface temperature 
TG 

summer) 300 K 

winter) 280 K 

Burial depth of pipe RG 3 or 6 m 

Table 3: Arbitrary reference values. 

Reference constant Symbol Value 

Reference velocity U̅ 3.6 m/s 

Reference length R̅ 0.45 m 

Reference pressure P1̅, P2̅ 530, 780 kPa 

Reference 

temperature 
T1̅, T2̅ 

cold) 279.15, 285.15 K 

hot) 320.15, 313.15 K 

 

Figure 8: Cold water pressure loss through supply and 

return conduit on the summer peak. 

 

Figure 9: Hot water pressure loss through supply and 

return conduit on the winter peak. 
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Figure 10: Cold water temperature loss through supply 

conduit on the summer peak: 3 m deep, non-insulated. 

 

Figure 11: Cold water temperature loss through supply 

conduit on the summer peak: 6 m deep, non-insulated. 

 

Figure 12: Cold water temperature loss through supply 

conduit on the summer peak: 6 m deep, insulated. 

In current operation, the constant differential pressure 

control has been conducted, which would cause decrease 

of the opening of pressure control valves at customer 

receiving facilities. By optimization of supply header 

pressure and maximization of the opening of pressure 

control valves, a significant reduction of pump water 

power could be expected. Even on the summer peak load 

time, the velocity is very slow at all sections, which is 

around or under 1 m/s. On the supposition that the sum of 

pressure loss at customer facility and plant should be 300 

kPa, the pump head of cold water is required to be less 

than 450 kPa, which is about 60 percent of the current 

pump head controlled to be 720 kPa. The improvement of 

control method of water supply system enables further 

energy saving. 

Temperature loss 

For temperature in regional conduit, simulation results 

 

Figure 13: Hot water temperature loss through supply 

conduit on the winter peak: 3 m deep, insulated. 

 

Figure 14: Hot water temperature loss through supply 

conduit on the winter peak: 6 m deep, insulated. 

 

Figure 15: Hot water temperature loss through supply 

conduit on the winter peak: 6 m deep, non-insulated. 

indicate that a temperature loss rate throughout main 

conduit is small, whereas a temperature loss rate at 

terminal conduit just before customer receiving facility is 

large. In Figure 10 to 15, based on the peak load, the time 

change of spatial temperature distribution in only supply 

conduit with the initial condition that water temperature in 

all sections is the same of supply temperature is plotted. 

The differences of temperature loss due to burial depth 

and presence or absence of insulation are simulated for the 

end customer in the west area. 

For the difference due to depth, in the case of 3 m deep, 

cold water temperature loss is totally 0.54 K including 

0.28 K loss through main conduit (Figure 10). In the case 

of 6 m deep, cold water temperature loss is totally 0.42 K 

including 0.21 K loss through main conduit (Figure 11). 

For hot water, in the case of 3 m deep, temperature loss is 

totally 0.41 K including 0.20 K loss through main conduit 
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(Figure 13). In the case of 6 m deep, temperature loss is 

totally 0.37 K including 0.18 K loss through main conduit 

(Figure 14). Because the current cold water piping is not 

insulated, and the hot water piping is insulated, the 

difference due to burial depth affects cold water conduit 

more than hot water conduit. 

For the difference due to presence or absence of insulation, 

in the case of insulation of cold water conduit, temperature 

loss is totally 0.17 K including 0.08 K loss through main 

conduit (Figure 12). In the case of non-insulation of hot 

water conduit, temperature loss is totally 0.93 K including 

0.46 K loss through main conduit (Figure 15). By 

insulation, temperature loss could be reduced by 60 

percent for cold water (from 0.42 K to 0.17 K) and also 60 

percent for hot water (from 0.93 K to 0.37 K). 

In Figure 16, on the assumption that the cold water flow 

volume is half the summer peak volume at all sections, the 

time change of spatial temperature distribution is plotted, 

which could be compared with Figure 11. Because of half 

velocity, arrival time doubles, and heat flux increases. In 

the case of 6 m deep without insulation, temperature loss 

is totally more than 0.7 K including about 0.4 K loss 

through main conduit. By cold water flow volume halved, 

temperature loss could be doubled, which is a very 

significant problem especially in summer night and 

middle season. 

Because the diameter of main piping is large, the thermal 

resistance is large, and the temperature gradient is gentle 

until customer receiving piping separates from main 

conduit. Cold water temperature rises through main 

conduit, and the same temperature does to end customer. 

Hot water temperature drops through main conduit, and 

the same temperature does to end customer. The 

temperature loss at small diameter pipe occupies nearly 

half of the whole temperature loss in supply conduit. Due 

to overdesign of piping, the velocity is slow, and the total 

heat input is large because of long arrival time to end 

customer. However, the large diameter conduit enables 

the pressure loss to be very small, which is trade-off 

relationship. 

Discussion 

Results of pressure loss inside regional conduit remark 

that supply pump water power could be extremely reduced 

by optimal pump control. The necessity of variable head 

control by inverter pump is signified for effective water 

supply. In DHC design, although estimation of future heat 

demand of customers is a very important factor, excessive 

piping and pumps tend to be introduced because of 

excessive heat source machines compared to real heat load. 

In this study, the pressure and temperature distribution in 

regional conduit is simulated. Particularly, the burial 

depth, presence or absence of insulation, and velocity 

affects temperature loss. By analysis of flow balance and 

energy loss, an operational control method for all 

customers as well as the end customer could be considered 

in the next step. Furthermore, by development of the 

whole DHC system model including plants and customers, 

an optimal management method should be also discussed. 

 

 

Figure 16: Cold water temperature loss through supply 

conduit: 6 m deep, non-insulated, half peak velocity. 

Conclusion 

The energy loss problem of regional conduit is a very 

important challenge in DHC. In this study, pressure and 

temperature loss in underground buried regional conduit 

is focused, which has not been analysed in detail in 

previous studies on DHC. By pressure and temperature 

analysis in the whole regional conduit, a trade-off 

relationship between pressure and temperature in control 

optimization becomes obvious. Some previous studies 

conclude that water return temperature change contributes 

to energy saving (Castro Flores et al., 2017; Perez-Mora 

et al., 2018). The heat supply agreement of the target DHC 

plant says that the supply header pressure should be 0.53-

0.78 MPa for cold and hot water. In order to propose a new 

management method for further energy saving based on 

this study, the supply agreement, particularly for pressure, 

should be modified in the future. 
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Abstract 

The purpose of this paper is to make a building simulation 

model for the double skin façade system using Energyplus 

and optimize the model using CFD(Computational Fluid 

Dynamics) and experimental data. When conducting the 

double skin façade simulation using Energyplus, it is 

required to select a proper solar distribution model which 

allows the beam solar radiation to be transmitted into the 

adjacent zone correctly. In addition, interzone heat and air 

transfer between the cavity space of the double skin 

façade system and the adjacent living space should be 

modelled correctly. Discharge coefficient calculation is 

an important process in making a building simulation 

when windows of the double skin façade system open. 

Discharge coefficient can be determined using 

experimental data but if the experiment data are not 

sufficient enough, CFD analysis can be used to get the 

coefficients. The wind pressure coefficients can also be 

obtained using CFD. 

 

Introduction 

In south Korea, there are more than 3.3 million of 

apartment units which were built more than 20 years ago. 

The thermal performance of those apartments is relatively 

pool against currently built apartments. Therefore, the old 

apartments are a subject of remodelling to reduce energy 

consumption in building energy sector. One of the major 

remodelling measures is to replace the old window 

systems with the high performance and air tight window 

systems. Currently, a lot of researches have been carried 

out to develop high performance window systems by 

laboratories and universities in South Korea. iSEUM 

(Integrated Smart Envelope Unit Module) is one of the 

results from those researches. It is a multi-functional 

double skin façade system which is integrated with energy 

equipment and control systems such as a photovoltaic 

system and an energy storage system to save the building 

energy. 

The purpose of this paper is to build an energy simulation 

model of a double skin façade system and calibrate the 

model using computational fluid dynamics (CFD) and 

experimental data.  The best way to calibrate the energy 

simulation model is to use experimental data.  In this case, 

long-term monitoring data are needed. Instead of using 

long term monitoring data, CFD analysis was used to  

assist calibrating process of the energy simulation model 

using one day short term monitoring data. 

In this paper, energy simulation results were compared 

with the experimental data and CFD results. In the process 

of comparing the results each other, the limitations of 

energy simulation for double skin façade modelling was 

investigated and the method to overcome the limitation 

using CFD analysis was suggested.  

 

Experiment Set-up 

An experiment was conducted using the first prototype of 

iSEUM located in Daejeon, South Korea and the 

prototype is seen in Figure 1. The height of the prototype 

is 2.460 m and the width is 6.439 m. The detailed 

dimensions of the test facility are seen in Figure 2. 

The depth of the cavity space is 0.742m and a 0.404 m 

deep overhang attaches to the front facade. In general, a 

double skin façade system has shading devices such as a 

venetian blind to control the solar irradiance. However, 

iSEUM uses an overhang instead of blind systems.  

There are three types of windows used in the prototype. 

They are Fixed windows, sliding windows and project 

windows. They use the same glazing system, which is an 

argon filled low-E double glazing (5mm soft low-E 

glass+14mm argon gas+5mm clear glass). The frame 

material of the windows is aluminium. The construction 

material of the iSEUM prototype is described in Table 1. 

 

 

 

Figure 1: Prototype of iSEUM. 
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The U-value of each window type was measured by a state 

authorized test facility. SHGC (Solar heat gain 

coefficient) and VT (Visible light transmitted) of the 

glazing system were obtained from manufacturer data. 

In this experiment, air temperature, air velocity, air 

humidity and solar radiation were measured. The solar 

radiations were measured on the horizontal roof surface 

and the tilted overhang surface. The solar radiation data 

were used to predict electricity generation by photovoltaic 

panels and to make a local weather file of the 

experimental site. The surface temperatures were 

measured on the inner and outer surfaces of frames, inner 

glazing and outer glazing. The overhang surface 

temperature was also measured to predict the PV 

performance variations with surface temperature data. 

The cavity air temperatures were measured at 0.2m, 1m, 

1.5m, 2m height to investigate the air temperature 

variation with solar radiation. The air velocities at upper 

project window and the lower project window were 

measured.  The air velocity data were compared with CFD 

and energy simulation results. Relative humidity in the 

cavity was measured in the center of the space to calculate 

the air property with air temperature data.  

A weather station was installed on the top of the prototype 

and it measured wind direction, average wind speed, 

maximum wind speed, rain state, ambient temperature, 

ambient humidity and barometric pressure of the site. The 

data measured by the weather station were used to make 

a local weather file for energy simulation. Figure 3 shows 

the measured parameters and the measuring points in the 

prototype. 

 

Table 1: iSEUM prototype construction material. 

Surface 
Material (thickness, mm) 

(from outer layer to inner layer) 

Side wall 

OSB 

board 

(11.5) 

R-12 

insulation 

OSB 

board 

(11.5) 

 

Roof/ 

floor 

OSB 

board 

(11.5) 

air gap 

(5) 

R-12 

insulation 

OSB 

board 

(10) 

 

 

 

Figure 2: Elevation and section of experimental space 

the prototype. 

The major experimental condition is open/close state of 

the upper and lower project windows of the double skin 

façade system. In the study, the first set of experiments 

were carried out to measure air velocity and temperature 

profiles of the cavity when the upper and lower project 

window were closed. The second set of experiments were 

carried out to measure the air temperature and velocity in 

the cavity and at the upper and the lower project windows 

when the upper and the lower project windows were 

opened. 

 

Simulation Process 

Building energy simulation process 

There are many researches using energy simulation to 

predict thermal performance of double skin façade 

systems. N.Hamza(2005) and Chan et al(2009) showed 

the advantage of double skin façade system to reduce 

cooling load using energy simulation. On the other hand, 

Gratia et al (2004, 2007) suggested the results that the 

double skin facade system increases cooling load in their 

research. The existing studies showed different result for 

availability of the double skin façade system to reduce 

cooling and heating load.  

D .Kim (2011) revealed the limitation of energy 

simulation for prediction of the temperature profile in the 

cavity space. He compared the simulation results and 

monitoring data to show uncertainty of prediction of 

surface temperature of the cavity using the energy 

simulation. In the study, he pointed out the cause of errors 

are uncertainty of simulation input data such as 

convection coefficients, leakage area, and wind pressure 

coefficients compared with the actual test facility. 

In this study, Energyplus 8.7 was used to make a 

simulation model which is a whole building energy 

simulation software and developed by Department of 

Energy. There are five solar distribution models in 

Energyplus. They are “Minimal Shadowing”, “Full 

Exterior”, “Full Interior and Exterior”, “Full Exterior with 

Reflections”, and “Full Interior and Exterior with 

Reflections” (EnergyPlus input/output reference, 2018).  

 

Figure 3: Measured points and parameters. 
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A solar distribution model determines how beam solar 

radiation and reflectance from exterior and interior 

surfaces are calculated. If “Minimal Shadowing” or “Full 

Exterior” or “Full Exterior with Reflections” is selected, 

all beam solar radiation entering the zone is assumed to 

hit the floor and the reflected radiation by the floor is 

assumed to be added to the transmitted diffuse radiation 

and uniformly distributed on all interior surfaces. It means 

that beam solar radiation directly transmitted into the 

living space through the inner glazing of the cavity space 

is ignored. 

If “Full Interior And Exterior” or “Full Interior And 

Exterior with Reflections” is selected, the program 

calculates the amount of beam radiation falling on each 

surface in the zone, including floor, walls and windows 

and the beam solar radiation through the inner glazing of 

the double skin façade system can be properly calculated. 

It is important to make sure that the double skin facade is 

modelled to be a convex and enclosed space. If double 

skin façade system is not a convex or enclosed space, 

“Full Interior And Exterior” or “Full Interior And Exterior 

With Reflections” option cannot be selected and it is 

impossible to calculate how much beam solar radiation is 

transmitted into the zone next to double skin facade zone. 

Therefore, it should be checked whether the space is 

modeled to be an enclosed and convex space and whether 

the solar radiation option is chosen to be “Full Interior 

And Exterior” or “Full Interior And Exterior with 

Reflections” in Energyplus. 

To analyse airflow in the cavity space, air flow network 

model was used in Energyplus. The air flow network 

model enables to calculate multizone airflows by wind 

and surface leakage. In addition, the temperature and 

humidity of selected locations can be calculated using the 

air flow network model.  

The cavity space is divided into two spaces and the center  

of each space is defined a node. There are five external 

nodes defined in this model. 3 external nodes are defined 

for the north outdoor space, the east outdoor space, and 

the west outdoor space of iSEUM. Two external nodes are 

defined in the south outdoor spaces of 1 m height and 3 m 

height as seen in figure 4.  A lower cavity node is 

connected to the lower external south space node and the 

upper cavity node. The upper cavity node is connected to 

the upper external south space node and an adjacent zone 

(living room) node and the lower cavity node.  

The air flow network model calculates the pressure 

difference, the air flow velocity and the air flow rate 

between two connected nodes. Node temperature and 

node humidity level are also calculated in Energyplus. 

To calculate the pressure difference between an outdoor 

node and an interior node, wind speed, wind direction and 

wind pressure coefficient (Cp) data of the outdoor space 

are required. The wind speed and wind direction data were 

measured through experiments. The wind pressure 

coefficients can be obtained using CFD. 

 

 

Figure 4: Air flow network setup. 

 

After getting the pressure difference between two 

connected nodes, the air flow and air velocity between 

two nodes is calculated. In this process, the discharge 

coefficients for each opening are required. The discharge 

coefficient is related to the hydraulic resistance of airflow 

network (1998, F. Flourentzou,). The generally used 

discharged coefficient (Cd) is 0.6±0.2 and the default 

value used in Energyplus is 0.6 when a vertical 

door/window is opened and 0.5 when it is closed. The 

discharge coefficients can be calculated using air flow 

rate through an opening and the air flow rates were 

calculated using CFD analysis. 

The weather file of the experiment site, Daejeon, South 

Korea was developed using the measured data and the 

existing weather file.  The weather file editing program, 

Elements 1.06, was used to generate the local weather file.  

The problem with generating a local weather file is to 

extract solar radiation parameters. The measured solar 

radiation data are about horizontal solar radiation. The 

direct solar irradiance and diffuse solar irradiance data 

were not measured independently. Therefore, the solar 

decomposition was required to extract those data from the 

measured horizontal solar radiation data. Actually, the 

proper solar decomposition model for the experimental 

site could not be found. Instead of using solar 

decomposition, the same days as the experiment date for 

which the cloud level is 0 were chosen and the weather 

data of the days were edited. In this process, the air 

temperature, air humidity, wind direction, wind velocity 

and rain indication data of one day were replaced with the 

measured data and the solar radiation data were not 

changed. Under this condition, the final local weather file 

is generated for 1 day of September. The local weather 

file is used for calibration of CFD and energy simulation 

models. 

 

CFD modelling process 

CFD has been used for analysing the double skin façade 

system for design optimization and investigating the 
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accurate modelling techniques. A. papas et al(2008) 

investigate the correlation among double skin façade 

system design parameters. He suggested the CFD 

modelling process for air flow driven by buoyancy effect 

and validated the process. He used RNG k-ε and 

Boussinesq model in his study and the difference between 

experiment and CFD result was 9% for air flow prediction 

and 15% for air temperature prediction. M. Montiel et a l 

(2013) revealed the effectiveness of Boussinesq model for 

heat transfer analysis for open space using CFD. D. 

Angelo showed the necessity of simplification of CFD 

modelling for the double skin façade system in the study. 

Simplified CFD model was compared with experiment 

and the reliability of simplification process was studied. 

W. Pasut et al evaluated various CFD models to find the 

optimal CFD model for making analysis of the double 

skin facade system. In the study, RNG k-ε model was 

recommended to obtain reliable CFD result. 

In this study, the geometry was drawn using Autocad and 

it was imported to CFD program (Star CCM). The model 

geometry is seen in Figure 5. The generally used three 

turbulent models, Standard k-ε and Realizable k-ε 

Standard k-ω were compared with experimental data to 

find the most suitable model. The input data for each case 

study is seen in table 2. 

In the input process, the turbulence intensity was set 10% 

for all three models and the governing equations was 

selected to be Reynolds-Averaged Navier-Stokes. With 

different turbulent models, the airflow prediction and 

temperature prediction results show different values.  

The solar radiation model was set to be Solar load which 

calculates the horizontal solar irradiance using latitude, 

longitude values of the site with time. For buoyance 

model, Boussinesq model was chosen. Under those 

condition, CFD analysis was carried out and the results 

were compared with experimental data. The window 

optical and thermal properties were tested by a state 

authorized test facility and the data were used as boundary 

condition of the model. Other boundary conditions were 

set to be adiabatic. 

 

Figure 5: CFD geometry model image 

 

 

 

 

 

 

 

 

 

 

 

 

 

The comparison result among three turbulent models is 

seen in Figure 6 and 7. From the results of three case 

studies, it was observed that air entering through the lower 

project window moved to the upper space due to 

buoyancy driven by solar radiation and the air density 

change.  

 

 

Figure 5: CFD geometry model image. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 2: CFD mesh and physics model. 

Mesh & Physics model Case1 Case2 Case3 

Turbulence model Standard k-ε Rearlizable k-ε Standard k-ω 

Turbulence intensity 10% 

Governing equation Reynolds-Averaged Navier-Stokes 

Wall Treatment Two-Layer All y+ Wall Treatment 

Air properties gas 

Buoyancy method Boussinesq model (Thermal Expansion Coefficient 0.0033/K) 

Radiation (solar load) 2018. 08. 18 13:00 using experiment data 

latitude 36.31˚, longitude 127.30˚ (South Korea local) 

State Steady 

Number of cells 

(Mesh shape) 

450,000 Cells 

(Trimmed mesh) 
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In the case 1 result, the vortex was observed in the upper 

space and the maximum flow velocity was 0.202 m/s. In 

the case 2 result, the vortex did not occur and the 

acceleration of air flow was observed in the upper space. 

The maximum air velocity was 0.2 m/s. The case 3 result 

shows multiple vortex in the cavity space and the 

maximum air velocity was 0.4 m/s.  Figure 8 show the 

comparison between the CFD results and experimental 

data at 4 different heights. As seen in Figure 8, the result 

using Realizable k-e model shows most similar 

temperature profile with experimental data. The air 

temperature value by CFD was overestimated and the 

reason is that the infiltration through cracks was ignored 

in this calculation. 

 

Result and Discussion 

Double skin facade system shows different thermal 

behaviours according to the window open/close states. 

When all windows are closed, the double skin façade 

system gives additional thermal resistance to the building 

like usual double or triple window systems. When the 

 

 

Figure 6: Turbulent model case study section1 images. 

(Temperature) 

 

 

 

Figure 7: Turbulent model case study section2 images. 

(velocity) 

windows in the double skin façade system are opened, the 

heated air by solar radiation in the cavity space can lead 

to the living space to reduce or increase heating and 

cooling load. In this study, the window all open condition 

and the project widows open condition in outer layer of 

the double skin façade systems were simulated separately 

using Energyplus to predict thermal performance of 

iSEUM prototype.  

 

Project windows all closed condition 

When all windows close in the double skin façade system, 

the thermal movement through the double skin facades is 

similar to an attached green house. It provides high 

insulation to the building envelope which the double skin 

façade system is installed on. In addition, the air in the 

cavity space provides additional heat to the living space 

by conduction through the inner layer of the double skin 

façade system. General energy simulation programs can 

only analyse these two thermal performances. However, 

there is another thermal movement related to double skin 

facades system. It is heat transfer driven by airflow 

between the cavity space and the living space, which is 

analysed using Airflow network model in Energyplus. 

In using Airflow network in Energyplus, the first step is 

to calculate pressure at each node. The wind pressure is 

calculated by Bernoulli’s equation seen below. 

𝑃𝑤 = 𝐶𝑝𝜌
𝑉𝑟𝑒𝑓

2

2
                                 (1) 

where, Pw is the wind surface pressure relative to static 

pressure in undisturbed flow(Pa) and 𝜌  is the air 

density(kg/m3). Vref is the reference wind speed at local 

height (m/s) and Cp is the wind surface pressure 

coefficient. 

The role of CFD in this case study is to calculate the wind 

pressure coefficients which is dependent on the shape of 

the building and wind directions. Figure 9 shows the wind 

pressure coefficient set for the south face of the prototype.  

 

 

Figure 8: Comparison of between CFD results and 

experimental data. 
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Figure 9: The wind pressure coefficient calculated using 

CFD for iSEUM prototype. 

 

For calibration of the simulation model, the air 

temperature data which were calculated using Energyplus 

were compared with experimental data. The simulation 

input data were adjusted to make the simulation output 

match the experimental data. The target of the calibration 

is to match the average temperature difference between 

the experiment and the simulation less than 2 degree 

Celsius.   

Figure 10 shows the calibration result. As seen in the 

figure, the hourly temperature profiles are very similar 

between experiment and simulation and the average 

temperature difference is less than 2 degree Celsius.    

 Using the calibrated model, the airflow through inner 

window of the iSEUM prototype from the cavity space 

when the wind speed is varied. Using “Ideal load air 

system model” in Energyplus, monthly heating load for 

January in Daejeon, Korea is calculated when the average 

wind speed is varied. At the same time, heat loss of the 

living space (Interzone Air Transfer Heat Removal) by air 

flow from/to the cavity space and infiltration heat loss 

(Infiltration Heat Removal) and conduction heat loss 

(Conduction Heat Removal) of the living space were 

calculated and compared each other when the average 

wind speed was varied from 1 m/s to 5 m/s. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

In this experimental space, iSEUM is installed on the 

south wall and a door is installed on the north wall. The 

infiltration occurs through the north door. The interzone 

air transfer heat removal occurs through iSEUM which is 

installed on the south wall 

The living room air temperature is maintained to be 20 °

C. Therefore, the cavity air temperature is lower than the 

living room temperature during the simulation period 

(January). As interzone air flow increases, the interzone 

heat loss increases too. 

Figure11 shows the simulation results when the wind 

speed changes and reveals importance of the interzone 

airflow calculation for modeling double skin façade 

systems. The living space of the experimental space is 

made of sandwich panels of which thermal resistance is 

0.75 m2 K/W. The conduction thermal loss is dominant 

for the building. However, as the wind speed increases, 

the importance of air and heat transfer through the 

envelopes increases. As seen in Figure 11, interzone 

airflow calculation is critical for making a building 

simulation model for the double skin façade. Without the 

interzone airflow calculation, an energy simulation 

program cannot simulate the double skin façade system 

properly. 

 

Figure 10: Comparison of monthly building heat loss 

component when the wind speed changes. 
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Figure 11: Comparison of temperature between simulation and experiment. 
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Project widows open condition in outer layer of 

iSEUM 

The project windows in the double skin façade system can 

be operated by a user to reduce thermal load. In this study, 

cooling season operation is only considered. It means the 

project windows located on the outer layer open to 

exhaust the cavity air heated by the solar radiation. It is 

because the cooling load increases if the heated air in the 

cavity space is transferred into the living space in the 

cooling season. Therefore, the heated air in the cavity 

space should be exhausted through upper project 

windows. Due to the buoyancy effect, the heated air 

moves upward and the empty space is filled with the air 

entering though the lower project windows. Therefore, the 

upper project windows and lower project windows open 

together in the cooling season to exhaust the heated air 

from the cavity space.  

Figure 12 shows the comparison of air velocity between 

the measured data and the energy simulation data during 

the day. In energy simulation, the airflow network was set 

to be the default values used in the example files. The 

discharge coefficients for windows are set to be 0.6 and 

the air mass flow exponent was set to be 0.65. The 

effective leakage area was calculated with the opening 

area of the project windows. As seen in the next graph, 

the air velocity calculated at the upper project window by 

simulation is around the half of the measured values. At 

the lower project windows, the difference between the 

simulation and the experiment is smaller than that at the 

upper project window. It is because the temperature 

variation at lower zone is smaller than the upper zone 

where the solar radiation is transmitted directly and the 

temperature variation is much bigger than the lower zone.  

 

 

Figure 12: Comparison of air flow between the energy 

simulation using default setting and the experiment. 

In this study, the cavity space in iSEUM is divided into 2 

zones and the air movement driven by buoyancy was 

investigated using Airflow network in Energyplus. There 

is limitation in this approach. Actually, there is 

considerable temperature difference between top and 

bottom locations.  However, Energyplus cannot estimate 

accurately the temperature variation of air and window 

surface in the double skin façade system. It only gives the 

average temperature values in each zone. For overcoming 

this problem, CFD analysis is adopted in this study. Using 

CFD analysis, it is possible to obtain temperature and air 

flow variation within the double skin facade system in 

detail. It makes possible to get accurate coefficients of 

airflow network in energy simulation to get more reliable 

results. 

F.Flourntzou(1997) suggested methods to calculate the 

discharge coefficient from experimental data and it is 

shown in equation (2) 

 Cd =
𝑣

𝐴√2𝑔(𝑧−𝑧𝑁𝑃𝐿)
∆𝑇

𝑇

 (2) 

where, Cd is the discharge coefficient and v is the 

measured air velocity (m/s).  ∆𝑇  is the temperature 

difference between opening inside and outside and T is 

the ambient temperature (°C). Z is the opening height and 

𝑧𝑁𝑃𝐿  is the neutral pressure level height(m). A is the 

opening area (m2) and g is the gravitational constant 

(m/s2).  

In this study, CFD analysis results were used to estimate 

the discharge coefficient (Cd) instead of experimental 

data. All variables to calculate the discharge coefficient 

(Cd) were obtained from CFD.  The best option is to use 

experimental result but the experiment result has 

limitation to get the all parameters correctly for using 

equation (2). Therefore, the experimental data is used to 

calibrate the CFD simulation model and the parameters 

obtained from CFD analysis were used to calculation the 

discharged coefficient (Cd) using equation (2). The 

calculated discharged coefficient was 0.65. Using the 

calculated discharge coefficient, the air flow at upper and 

lower project windows were calculated again with 

Energyplus. The result for air flow at upper project 

window is seen in figure 13. As seen in the figure the 

difference between the new simulation result and 

experiment is within 10%.  

 

Figure 13: Comparison of air velocity simulation result 

after calibration with experiment data. 
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Conclusion 

In this study, it was investigated what is the proper energy 

modelling process for the double skin facade system and 

how to use CFD result for getting better energy simulation 

result. 

In this paper, the double skin façade system modelling 

was performed according to the states of window 

open/close conditions. When conducting energy 

simulation of the double skin façade system using 

Energyplus, it is important to set the correct solar 

distribution option and make sure that the selected solar 

distribution model allows the beam to be transmitted into 

the adjacent zone correctly. In Energyplus, “Full Interior 

And Exterior” option should be selected in the solar 

distribution section. For infiltration setting, it should be 

check interzone heat and air transfer between the cavity 

space of the double skin façade system and the living 

space. For modelling window open condition, proper 

decision of discharge coefficient value is one of the core 

processes in calibration process. It can be carried out 

using experimental data but if the experiment data is not 

sufficient enough, CFD analysis can be used to get the 

coefficients. 
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Abstract 
Predicting the urban microclimate using simulation tools 
can help designers to increase outdoor thermal comfort. 
This study discusses 4 prediction tools from an urban 
designer’s view regarding their capabilities, limitations, 
ease of use, and accuracy. ENVI-met, RayMan, 
SOLWEIG, and STEVE are urban microclimate 
prediction tools investigated in this study. Measured and 
simulated air temperature, mean radiant temperature and 
thermal comfort indices are compared across multiple 
sites and weather conditions. The novelty is evaluating 4 
tools’ ability to help drive design decisions and the 
predictive accuracy of the tools that may influence those 
decisions from the view of an urban designer. 
Introduction 
Urban Heat Island (UHI) is the differentiation of ambient 
air temperature between urban and rural area settlements 
caused by microclimatic changes in cities. The 
Intergovernmental Panel on Climate Change (IPCC) 
(IPCC Report, 2018) reported a 1.5°C increment in urban 
air temperatures that demonstrates the need of UHI 
mitigation actions as part of addressing the global 
warming challenge.  
Regarding the role of cities on UHI, rapidly unrestrained 
developing cities cause loss of greenery, increasing built 
area with landscape being replaced by impermeable 
surfaces on the ground, and increasing the thermal mass 
and decreasing albedo of built environment via 
construction material of the façade designed. These trends 
in the built environment result in UHI increasing heat 
stress and decreasing thermal comfort in cities worldwide. 
One way to ameliorate the UHI phenomenon may be to 
design the urban context with the help of computational 
tools that can evaluate the microclimatic impacts of urban 
design for thermal comfort.  
In the past two decades, researchers in the fields of 
climatology, urban planning, and meteorology science 
have been developing microclimate prediction tools such 
as SOLENE (Miguet et al, 1996), ENVI-met (Bruse and 
Fleer, 1998), RayMan (Matzarakis et al, 2007), 
SOLWEIG (Lindberg et al, 2008), STEVE (Jusuf and 
Wong, 2009), and CityComfort+ (Huang et al, 2014). The 
challenge to address UHI has led researchers to integrate 
various specialties for ‘urban design’ issues which 
integrates urban planners, meteorologists, scientists, 
practitioners, and designers. Regarding the integration 

potential, urban designers should know how to use the 
prediction tools in order to bring awareness of the impact 
of their designs on UHI. Therefore, this study presents an 
evaluation of environmental predictor tools from a 
designer or planner’s point of view—assessing their ease 
of use, capabilities, limitations, and accuracy. For the 
tropical climate in Singapore, four tools in the literature 
were selected: ENVI-met, SOLWEIG, RayMan, and 
STEVE. The previous studies in the literature seeking the 
comparison of the selected tools in the sense of accuracy 
on Tmrt prediction methods (Szucs et al., 2014; Chen et 
al., 2014). However, while Ozkeresteci et al. (2003) 
focused on ENVI-met tool, the study of Wong et al. 
(2012) was a  more detailed comparison about the tools’ 
ability but only between the ENVI-met and STEVE tools. 
The authors therefore intend for this study to contribute a 
broader knowledge of the usability of the prediction tools 
on thermal comfort and UHI mitigations for future 
practitioners, designers, and planners. 
This study addresses the following research questions: 
What are the impacts of limitations on the accuracy of 
tools considering the comparison with measured 
environmental data? What are the similarities and 
differences of the primary inputs and input parameters for 
each tool? What are the advantages and disadvantages of 
each tool when being used throughout an urban design 
process? To respond to the research questions mentioned 
above, the study was structured for site experiments 
within practical process completed by a validity check 
that is explicitly explained in ‘methodology’ section. 
Methodology 
Considering the scope of the study, this project workflow 
covers 3 phases: (1) field study, (2) simulation, (3) 
validation of simulation tools. The first step is a field 
study phase where data was collected for two weeks per 
each location point with four data loggers in a university 
campus. Passage zone (P), Courtyard zone (C), Greenery 
zone (G) were selected to represent three different built 
environment contexts for 12 measurement points. In 
parallel to the field study, the simulation phase is to model 
the university campus area while assessing of ease-of-use, 
capabilities, and tool interfaces of four acknowledged 
microclimate prediction tools: ENVI-met, RayMan, 
SOLWEIG, STEVE tool. Lastly, the validation phase is a 
comparison of the measured data with simulation results 
to evaluate the accuracy of tools on air temperature (Ta), 
mean radiant temperature (Tmrt: Mean Radiant 
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Temperature) and Physiologically Equivalent 
Temperature (PET), which is calculated using inputs of 
Ta, Tmrt, air velocity, relative humidity, physiological 
factors and clothing factors.  
Field Study Phase  
Geographic Location of Study Site: 
The chosen case site is a university campus in 
Singapore—a hot and humid tropical city located near the 
equator. .  The field study measurement has been recorded 
during June and July, a monsoonal season where there is 
a slight air temperature reduction (Meteorological Service 
Singapore, 2018). The positioning of 12 measurement 
points in 3 different zones of the campus site aims to 
increase the sample points for data and to understand the 
correlation of UHI with building massing, greenery, and 
pavement variety. Figure 1 illustrates the locations for 
each measurement point in the campus area on the plan, 
and Figure 2 (left column) contains images of each 
measurement location.  
Location Points: 
The first zone is located in a canyon between two 
buildings and is an open passage area; the second location 
is a semi-open courtyard zone bounded on three sides; 
lastly, the third location, is a grassy area with a building 
only on the west side (Figure 1, Figure 2). These locations 
were chosen in order to study the varied impact of 
buildings, greenery, and pavement on the changing 
microclimate and the accuracy of microclimate prediction 
tools. The passage zone (P) is predominantly surrounded 
by buildings while the courtyard zone (C) has a balance 
between greenery and buildings. The greenery zone (G) 
located close to a building is predominantly covered by 
grassy land and trees. 

 
Figure 1: Measurement points on plan scheme. 

Period of Data Collection: 
Meteorological data was collected during a two-week 
period at each location point using a 5-minute time 
interval. The duration of data collection was therefore 6 
weeks in total (two weeks for each zone) between 22nd 
June 2018 and 27th July 2018. However, the data used in 
analysis was a three-day sample per each location point 

selected to correspond to mainly overcast, intermediate 
and clear sky conditions. Table 1 illustrates the 
measurement dates and weather conditions for each point 
by given cloud cover values for simulation tools. 
Table 1: Weather condition of data collection duration. 

Location Zone Date Sky 
Condition 

 Cloud 
Cover 
(oktas) 

Passage Zone 
(P) 

22.06.2018 Intermediate  4 
26.06.2018 Overcast  8 
28.06.2018 Clear  0 

Courtyard Zone 
(C) 

03.07.2018 Overcast  8 
06.07.2018 Clear  0 
09.07.2018 Intermediate  4 

Greenery Zone 
(G) 

17.07.2018 Overcast  8 
19.07.2018 Intermediate  4 
23.07.2018 Clear  0 

Measurement Tools: 
Four data loggers—3 Kestrel Heat Stress Trackers (model 
5400) and 1 HOBO Temperature and Humidity Data 
Logger–were located in each zone. Moreover, an existing 
weather station of the university campus located at 
rooftop on a building as seen in Figure 1 has been used 
for the collection of global horizontal solar radiation data.  
The heat stress trackers are capable of measuring the 
ambient air temperature, relative humidity, globe 
temperature (black globe), and wind velocity while the 
temperature tool records the ambient air temperature, 
relative humidity and globe temperature (grey globe). The 
HOBO sensor is instrumented at a varying height of urban 
furniture in the campus area, and the Kestrel sensors are 
fixed at a 1.1 m height above the ground on tripods 
(Mayer and Höppe, 1987). Figure 2 illustrates the 
measurement tools used for this study (right column) 
while identifying sensors locations for the three 
instrumentation zones on the left column. 
Simulation Phase 
Simulation Tools: 
ENVI-met (Bruse and Fleer, 1998), RayMan (Matzarakis 
et al., 2007), SOLWEIG (Lindberg et al., 2008), and 
STEVE (Jusuf and Wong, 2009) are microclimate 
prediction tools used in this study with the aim of 
clarifying their capabilities, limitations, ease of use and 
accuracy.  
ENVI-met is developed as a surface-plant-air interaction-
based microclimate and air quality model. ENVI-met is a 
“three-dimensional and non-hydrostatic model” which is 
one of the pioneer tools of microclimate prediction based 
on wind-driven analysis (Bruse and Fleer, 1998). ENVI-
met is capable of wind analysis using computational fluid 
dynamics and environmental pollution analysis besides 
the prediction of air temperature, Tmrt, and thermal 
comfort indices such as PET, Predicted Mean Vote 
(PMV), Standard Effective Temperature (SET*), and 
Universal Thermal Climate Index (UTCI). 
Matzarakis et al. (2007) developed RayMan as an 
estimation tool for urban climatology which predicts a 
thermal climate considering human-biometeorology. 
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RayMan is a physics-based prediction tool that is capable 
of predicting Tmrt, SVF, global radiation, and some 
thermal indices such as PMV, PET, SET*, UTCI, and 
Perceived Temperature (PT) for a point of interest. Inputs 
are meteorological data of location, human factors, 
topography, urban context (building, and trees), and sky 
view factor (SVF) imagery. 
SOLWEIG is a “non-stationary model that is able to 
calculate the spatial variations of Tmrt” (Lindberg et al., 
2015). The tool converts a Digital Surface Model (DSM) 
to an urban form by using a dataset of elevation values for 
each grid cell of the whole 3D model. Required inputs are 
direct, solar radiations (direct, diffuse and global 
shortwave), air temperature, relative humidity and 
geographical information of the location (Lindberg et al., 
2008). The tool calculates daily shading maps, Tmrt, 
SVF, and some thermal indices (PET, UTCI). The last 
version of SOLWEIG has been integrated as a processor 
into Urban Multiscale Environmental Predictor (UMEP) 

via QGIS (Lindberg et al., 2015). In this study, 
SOLWEIG 2015 version has been used by inputting 
Digital Surface Model (DSM) representations of the 
campus shown in Figure 1. 
The STEVE “Screening Tool for Estate Environment 
Evaluation” tool is a statistics-based air temperature 
prediction tool that aims to provide a bridge between 
research findings and urban planning (Wong et al., 2012).  
The STEVE tool is a regression model calculating solely 
ambient air temperature and SVF by using albedo values, 
solar radiation, and urban context elements (building, 
pavement, greenery) (Jusuf and Wong, 2009). The former 
version of STEVE tool is a web-based application, 
afterward, the tool has been integrated into 3D model 
interfaces such as Sketch-up. This study used the 
published formula of STEVE tool to run microclimate 
predictions in the Grasshopper canvas for the Rhinoceros 
3D modelling platform.

 
Figure 2: Left Column: Measurement location zones and points; Right Column: Measurement Tools. 

Simulation Settings: 
The meteorological and simulation settings exist for 
each tool as a necessary input for urban microclimate 
simulations. The geographical data of Singapore  
(103°59' E, 1°22' N, 16 m altitude, +8 UTC) (EPW, 
2018), an assumption for a female profile (1.58m, 48 kg, 
26-age), the standard metabolic activity rate of a 

standing person (80 W) (Höppe, 1999), and summer 
clothing (0.5 clo) (ASHRAE 55, 2004) have been used 
as the inputs to all tools. Material details of simulations 
are assumed to be as follows: 0.3 albedo of 
surroundings, 0.95 emissivity, and 1.0 Bowen ratio 
(Matzarakis, 2007). Another assumption is that the 
terrain model of the simulated site is modelled as flat 
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despite the fact that it is slightly inclined. The other 
setting is grid cell size of the spatial resolution (in x and 
y direction width values), which is 1 m by 1 m  for 
RayMan and SOLWEIG and 2 m by 2 m for ENVI-met. 
The grid sizes defined give information about the detail 
level of the urban model drawn into tools. 1 m x 1 m grid 
is more detailed due to less abstraction of model forms. 
Results and Discussion 
‘Results and Discussion’ section projects the selected 
tools capabilities, limitations, ease of use and accuracy 
rather than presenting ‘the best’ tool for designers. 
Ease of Use 
This section discusses the usability easiness initially the 
physics-based models and then regression-based models 
which are evaluated from the point of view of an author 
of this paper as an architect/researcher who is neither an 
urban planner nor a meteorology specialist. This 
evaluation aims to understand the process of simulating 
a microscale urban analysis using each of the prediction 
tools considering the complexity of data entry 
representing the urban context, generating results, and 
parsing them. Regarding this aim, Table 2 depicts a 
high-level summary of the comparison of the selected 
tools based on their interfaces, inputs, and outputs.  
Each prediction tool has a different interface to model 
urban contexts such as grid-based, pixel-based points or 
a Digital Surface Model (DSM). Regarding the whole 
simulation process, the modelling of urban context is an 
initial difficulty faced due to required pre-knowledge for 
a different format of geometrical modelling and some 
supportive tools. For instance, SOLWEIG requires the 
DSM format physical modelling which is not a common 
format for a designer to create a new design rather than 
using the existing urban areas accessible by the help of 
such tools (i.e. ArcGIS and QGIS). For RayMan, 
shapefile format is a method which is not either a 
common format for modelling used instead of manual 
data entry. Thus, modelling the urban form might take 
more time than tool utilization because of learning 
various format of physical modelling and the supportive 
tools by non-expert researchers for urban planning field 
who do not know how to create these formats. Equally, 
the manual drawing takes more time to model the urban 
form correctly regarding the scaling issue in the tools. 
For instance, due to RayMan needs a pixel-based 
drawing with 8 points (4 points for the bottom, 4 points 
for the top of the building) for each building, manual 
modelling and editing complex urban models is difficult 
and time-consuming. ENVI-met’s grid-based format is 
more straightforward to draw the regular forms except 
for there is no opportunity to convert an existing model 
to grid-based format. On the other hand, ENVI-met 
provides an option to edit the model in both ‘2.5D’ and 
3D. Herein, 2.5D means that each grid cell has one upper 
and one lower z-height elevation value for any urban 
element. Although, complex 3D forms are hard to model 
in ENVI-met due to modelling and editing interface 
screens (Huttner and Bruse, 2009), nevertheless, 3D edit 

is one of the significant distinctions of ENVI-met among 
the microclimate prediction tools (Table 2) 
Data entry is another crucial process to specify user 
satisfaction beside modelling and simulation speed. 
Apart from the common geographical, temporal and 
meteorological data inputs summarized in Table 2, 
ENVI-met requires more effort to provide some specific 
data such as soil profile and high atmospheric humidity 
level that can be calculated and estimated by the help of 
Atmospheric Correction Parameter Calculator (NASA 
ACPC, 2019). Considering urban fabric’s materiality 
data entry, reflectivity (albedo) and emissivity values 
can be given separately for each building for RayMan 
and STEVE tool while SOLWEIG requires one average 
value for all wall and ground surfaces that are important 
to provide the accurate environment. 
The speed criteria were evaluated the simulation time 
while taking account of the capability for the amount of 
day input one at a time. As a result, RayMan is the 
fastest tool which runs hourly data of 3 days (72 hours) 
simulations in approximately 2-3 minutes, while ENVI-
met is the slowest one that runs 48-hour time interval 
simulation in about 24-40 hours within all tools. 
SOLWEIG and the STEVE tool run a day hourly data in 
approx. 5-7 minutes, however, SOLWEIG model area 
given was one-third of the STEVE tool’s model area 
given at once.  
Physics Calculation Capabilities 
As Table 2 summarizes the outputs, Tmrt, PET and 
UTCI are the common outputs for ENVI-met, 
SOLWEIG, and RayMan while the air temperature is 
common output for ENVI-met and the STEVE tool. 
ENVI-met’s calculation and output capabilities are 
substantially different compared to the other tools in this 
study. Besides the analysis of pollution dispersion, and 
common outputs, CFD-based wind-driven analysis is 
the key feature of ENVI-met to acquire wind velocity 
and pressure maps for the urban model. Moreover, 
ENVI-met provides soil modelling including heat 
storage, evaporation, and transpiration with various 
options like water, grass, earth or pavement and 3D 
vegetations to represent the urban context accurately. 
RayMan estimates thermal comfort and Tmrt, heat and 
cold stress for  a point of interest with the inputs of air 
temperature, humidity, wind speed and radiation. Also, 
RayMan can estimate SVF via two ways: drawing the 
urban context manually and converting a real image to 
fish-eye image (Nastos et al., 2017). 
SOLWEIG diverges from ENVI-met and RayMan by 
providing the 6-direction longwave and shortwave 
radiation results for point of interest. SOLWEIG is 
capable of predicting diffuse and direct radiation when 
the data of global radiation, air temperature, relative 
humidity wind velocity, and direction are provided. 
Regarding the detail of solar calculations of SOLWEIG, 
the shadow pattern analysis is a unique optional output. 
As different than RayMan, SOLWEIG can estimate 
SVF by using 6 direction real images of an existing 
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environment for a point of interest: 4 cardinal directions, 
1 upward, and 1 downward (Lindberg et al., 2015). 
As opposed to previous physics-based models, the 
STEVE tool is an application of a regression model 
derived from the measurement of environmental data 
recorded in Singapore for 3 years period. This model 
predicts the air temperature for maximum (Tmax), 
average (Tavg) and minimum (Tmin) values by using a 
regressed equation based on urban form, the density of 
greenery, materiality (albedo), temperature, relative 

humidity, SVF, and solar radiation daily maximum and 
total daily inputs. While the Tmax regression model 
uses the daily maximum solar radiation value and the 
Tavg uses the daily total solar radiation value, the Tmin 
regression model does not contain solar radiation value 
likely because it occurs at night (Jusuf and Wong, 2009). 
A limitation of STEVE is that its regression model is 
based on data measured in Singapore, so while it is 
appropriate to this study, it is unlikely that it can be 
extended to other climate types.  

Table 2: Capability Comparison Chart of Microclimate Prediction Tools (*x indicates the presence of the parameter).  
Tool Name   ENVI-met RayMan SOLWEIG STEVE 
Publication Year  1998 2007 2008 2009 
Examined Version  Ver. 4.3.1 Pro 2.1 2015a Grasshopper model 

Interface   GUI GUI GUI 
GIS-raster (web based) 

CAD (Sketch-up, 
Rhino) 

Input Parameters: Temperature x x x x 
 Relative 

Humidity x x x x 
 Wind Velocity x x x  
 Radiation x x x x 
 Turbulence x    
 Pollution 

dispersion x    
 Topography x x x x 
 View Factor x x x x 

  Human Factor x x x   
Meteorological 
Data File Type   Manual Input: 

Configuration Interface Text File Text File Excel csv. File 

Input Model Type  Grid-based Pixel 
Model Grid-based Pixel Model Digital Surface Model 3D Model or Raster Map 

Model File Type   Area Input File (.inx) Obstacle File (.obs) Text File (.txt or .asc) CAD file (.3dm or. skp) 
Geometry      
University Campus 
Model 

     
            

Plan       
            

 
 
 
  

     

            

3D Model or 
SVF Model         

  

Output 
Parameters: 

Temperature x   x 
Wind Velocity x    

 Radiation x x x  

View Factor SVF  x x x 
Thermal Indices Tmrt x x x  

 PET x x x  
 UTCI x x x  
 SET* x x   
 PT  x   

Output File Type  Excel .csv File Text File Text File Excel .csv File 
Output Model 
Type  

Result Image for 
Thermal Indices and 
Output Parameters 

 
Tmrt Result Image 

Shadow Pattern 
Radiation Result Graph 

Tmax, Tavg, Tmin Result 
Image 

Other Limitations 
A limitation for all tools evaluated is the necessity of 
simplification on the urban model that might cause the 
discrepancies on accuracy. SOLWEIG and the STEVE 
tool have a shortcoming to draw the porous form of the 
buildings while RayMan does not allow to model a form 

rather than a rectangle shape building. Also, ENVI-met 
has a limited grid resolution to model the thin elements 
such as shading devices on the streets. Due to the 
oversimplification, the complex forms have to be 
separated into two or three buildings which might mislead 
the calculations. 
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RayMan is the only tool that is capable of running for 
three days meteorological data input at once. While 
SOLWEIG needs one day run because of the daily 
shadow pattern analysis, STEVE can be set for three-day 
data together, however specifically solar radiation data of 
three different days could mislead the input values in the 
regression formula. ENVI-met, on the other hand, has 24 
or 48-hours time interval simulation one at a time 
(Ozkeresteci et al., 2003). Moreover, RayMan and 
SOLWEIG can only generate results for a single point of 
interest at a time, while ENVI-met and STEVE both allow 
spatial results across a grid of points of the urban model.  
Hourly measured wind data is input in SOLWEIG and 
RayMan for point of interest, however, ENVI-met 
calculates differing spatial urban wind velocities based on 
a constant source wind velocity while the standard 
deviation of our measured data is 0.23 to 1.14 ms-1. 
Ignatius et al. (2015) integrated a limited (only valid for 
Tmax) wind model into STEVE tool regression model; 
however, for the STEVE model examined, the wind data 
has an assumption that the formula is valid for a calm and 
clear sky condition (wind velocity below 3 ms-1).  
On the other hand, anthropogenic heat release and thermal 
indices prediction are currently out of the scope of the 
STEVE tool (Jusuf and Wong, 2009). 
Accuracy—Comparisons Between Simulated and 
Measured Data 
The accuracy of tools has been examined particularly with 
air temperature (Ta), and mean radiant temperature 
(Tmrt) (Wessel, 2001) as they are some of the most  
significant variables by affecting human outdoor thermal 
comfort (Lindberg et al., 2008) and are commonly 
predicted by most tools assessed in this study. 
Physiological equivalent temperature (PET) (Höppe, 
1999) is calculated to assist in the comparison between 
SOLWEIG and RayMan. Tmrt is derivable output for 
ENVI-met, SOLWEIG and RayMan for each point of 
interest. Scatter plots and line charts illustrate the linear 
correlation of executed simulation data with the measured 
data to explain the accuracy via Root Mean Squared Error 
(RMSE) and Mean Bias Error (MBE) on Figure 3. 
This study presents a Tmrt comparison depending on 3 
sky conditions defined previously regardless of the 
difference of the location zones of measurement. Each 
chart contains hourly Tmrt data comparison for 3 days: 
clear sky, intermediate sky, and overcast sky, measured 
for the 3 different location zones (Figure 3 (a)). Measured 
Tmrt is calculated by the in-situ measurement of globe 
temperature (Tg), air temperature (Ta), wind velocity (va) 
with our globe diameter dimension (D: 0.15mm) and 
globe emissivity (ε: 0.95) in Equation (1) (Thorsson et al., 
2007). 

Tmrt=[(Tg+273,15)4 + 1,1.108.va
0.6.(ε.D0.4)-1.(Tg-Ta)]0.25 

 -273,15   (1) 

Chen et al. (2014) and Szucs et al. (2014) compared 
SOLWEIG, RayMan and ENVI-met based on Tmrt; 
however, these studies have evaluated the simulation 

values on the linear correlation with R2 values rather than 
absolute error measures such as RMSE and MBE. 
The STEVE tool accuracy is based solely on the ambient 
air temperature comparison of the measured data with 
ENVI-met for Tmax, Tavg and Tmin values. The results 
demonstrate that ENVI-met has an acceptable range, as 
expected, the STEVE tool has a better agreement with 
RMSE are 0.34°C Tmin, 0.50°C Tavg, 0.88°C Tmax, and 
MBE -0.14 Tmin, 0.46 Tavg, 0.77°C Tmax respectively 
(Figure 3 (b)). However, Figure 3 (b) illustrates that the 
STEVE tool overestimates Tmax and Tavg values and 
underestimates Tmin values. The reason could be the 
solar radiation impact on the STEVE regression model 
which is not included for Tmin while using daily 
maximum solar radiation value for Tmax. On the other 
hand, uncertainties in setting the specific humidity at 
2,500 m value for ENVI-met might have a negative 
impact through to decrease the ambient air temperature. 
The Tmrt results indicate that intermediate and overcast 
sky conditions have less predictive error than the clear sky 
condition. As Thorsson et al. (2007) tackled, RayMan 
mismatches results for early morning and evening time 
measurements due to low sun elevation as observed C2, 
C3, C4 location point in Figure 3(c). Although 
comparison is done with 24 hours/9 days data, the tools 
have a better agreement with the measurement results for 
daytime (7.00 am to 7.00 pm).  
The PET comparison demonstrates that the prediction of 
thermal comfort by SOLWEIG is less accurate for the 
unshaded Greenery zone for intermediate and overcast 
sky regarding Tmrt accuracy as Szucs et al. (2014) 
mentioned in the studies. For instance, Figure 3(c) shows 
that SOLWEIG has a failure particularly on the G3 
overcast sky plot with the most biased result RMSE 8.40 
°C and MBE -7.05 °C. On the other hand, when SVF has 
a smaller value such as Passage zone the PET comparison 
illustrates better agreement for both SOLWEIG and 
RayMan. 
As a consequence of the discussion section, assessed four 
tools have been developed aware of the need for 
environmental performance analysis to mitigate UHI and 
increase thermal comfort. This study interprets that a level 
of knowledge in the fields of urban planning (ENVI-met, 
SOLWEIG), human biometeorology or urban 
climatology (RayMan) is required to use the tools due to 
their complexity of geometric and physical input 
parameters. And also, even if these tools try to fill the gap 
between urban planning and meteorology experts and 
non-experts (STEVE tool), the scope of the tools might 
not be adequate for a comprehensive microclimate 
analysis. Linking between these research fields and 
microclimate studies, recent research has pointed out the 
need for mutual actions from architecture and urban 
planning remarkably helpful for ‘urban design’ (Lindberg 
et al., 2015). Considering that, the present study creates a 
framework for microclimate prediction tools by 
evaluating the usefulness of the tools from the point of a 
designer while handling the tools objectively to avoid 
presenting ‘the best’ tool.
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Figure 3: Comparison Results: (a) is Tmrt; (b) is Tmax-Tavg-Tmin values; (c) is PET.

Conclusion 
This study comprehensively evaluates four urban 
microclimate tools—ENVI-met, RayMan, SOLWEIG, 
and STEVE–regarding their interfaces, advantages, 
disadvantages, limitations, capabilities, and accuracies on 
the prediction of air temperature, radiant temperature, and 
the thermal index PET. The comparisons are based on 
measurements and simulations during a 6-week period in 
the tropical climate of Singapore. 
The methodology employed provides a better 
understanding of each prediction tool. This study might 
be a document as a guide for the practical application of 
the four selected tools. According to the designer 
approach, scaling and detailing the model might influence 
the selection of microclimate prediction tool to obtain 
different results. The discussion section therefore 
indicates the capabilities and limitations of prediction 
tools abstracted by Table 2. 
The findings demonstrate the accuracy prediction results 
are in the acceptable range error on the results as seen 
Figure 3. The dominant difficulty of this study was the 
modelling of urban form in 4 different tools with 4 
different methods. However, the evaluation of this study 
demonstrates the presence of a balance between 
advantages and disadvantages of the tools. While the 

slowest tool is the most comprehensive one (ENVI-met) 
regarding the capabilities, the narrow scoped one (the 
STEVE tool) could provide the most accurate results. 
Nevertheless, from a view of an urban designer, a novel 
improvement is needed about the generating of an urban 
context model to evaluate environmental performance 
into tools. 
For further studies, the scope would be extended by 
including CityComfort+ tool and by implementing the 
same method in the second university campus in 
Singapore to increase the sample points for accuracy.  
The increasing concern of the microclimate predictions is 
a trending topic that needs the interdisciplinary approach 
by architects, designers, scientists and researchers, for the 
sake of mitigating UHI challenge and increasing thermal 
comfort. This comparison study, therefore, contributes an 
evaluation of the microclimate prediction tools to future 
users by an architect/researcher’s point of view. 
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Abstract
This work presents a data-driven approach to identify a
PieceWise affine Auto-Regressive eXogenous (PWARX)
model, in order to evaluate a residential building’s ther-
mal behavior. The PWARX model is a PieceWise affine
dynamic system that can model a large number of physical
processes such a residential building. Indeed, the building
is considered as a complex physical process influenced by
several scenarios related to external solicitations and oc-
cupants by non linear complex system. For instance, pres-
ence or absence of solar radiation, presence or absence of
occupants, and switch ON or switch OFF of the heating
supply will lead to a variety of thermal behaviors. The
PWARX model can identify these nonlinear dynamics us-
ing a set of ARX submodels with the same model struc-
ture, and each ARX sub-model represents a scenario or
configuration. So this paper presents a data-driven ap-
proach to identify the PWARX model based on experi-
mental data. Experimental data are collected for different
rooms with different heating sequences, orientations and
levels of a residential building located in Douai (France).
The approach of the experimental validation consists to
(i) determine the number of submodels in order to have
the best fitting between the measured and estimated out-
put, (ii) associate the data of each affine sub-model re-
spectively, (iii) and finally, estimate each parameter vector
associated to these submodels. The main objective of the
study is then to find a structure for a set of switching ther-
mal model to validate several configurations makes it pos-
sible to follow the experimental protocol and gets closer
to reality.

Introduction
Building energy models have a paramount importance be-
cause they allow predicting and, then controlling, the en-
ergy demand. In particular, building energy modelling is
used for (i) energy efficiency and optimal control; (ii) de-
mand side management (DSM) strategies; (iii) fault detec-
tion and energy conservation (Ferracuti and Fonti (2017)).
The dynamic model used to perform the predictions is
of great importance and three categories regroup the nu-
merous modeling approaches that have been considered
(J.Siroky and Oldewurtel (2011)):

• white box models are based on physical knowledge

of the system and thermal balance equations: these
are often obtained through energy simulation soft-
ware like EnergyPlus (Crawleya (2001)), TRNSYS
(Benzaama and Lachi (2016)), etc;

• black box models use only measured input/output
data and statistical estimation methods (e.g. (Cigler
(2010) and Ferkl and Siroky (2010));

• grey box models, a mix of the first two categories:
they use input/output data as well as some a priori
knowledge on the system. A popular grey-box model
is the equivalent RC networks (Wang and Xu (2006)
and Afram and Fung (2018)).

Comparative study between these different models was
done by Afram and Fung (2018). The results of this study
allow to state on the fact the use of white box model often
requires a computation time and a large number of inputs
(Crawley and Hand (2008)), such as the composition of
the structure of the building envelope. In some studies,
this type of input might be difficult or even impossible to
get (Kramer and van Schijndel (2013)). The other model
categories allow determining the most efficient model for
building integrated HVAC systems during the summer and
wintering seasons for instance. Also, they show that the
state-space models give a better accuracy compared to the
other models, followed by ANN models and transfer func-
tions and at the end process models and ARX (AutoRe-
gressive eXogeneous) models.
Furthermore, several studies have been done on ARX
models. As example reader can refer to Chen and
Basu (2016) and Mechaqrane and Zouak (2004). In
these works, the authors compared the ARX model with
other models such as fractionnal-ARX (FARX), non-
linear ARX (NARX) and artificial neural network (ANN)
models. Chen and Basu (2016) tested the FARX applied
to energy systems integrated into buildings. The compar-
ison between the FARX and ARX models shows that the
FARX gives a good precision compared to the ARX mod-
els. The authors of Mechaqrane and Zouak (2004) and
Soleimani-Mohseni and Thomas (2006) confirmed in their
studies the under-performance of the ARX models com-
pared to the models NARX and ANN models. The results
of Mechaqrane and Zouak (2004) show that the NARX
model performance was significantly better than to the
ARX model for predicting of the indoor temperature of
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a residential building. Moreover, Soleimani-Mohseni and
Thomas (2006) concluded that the nonlinear ANN model
outperformed the linear ARX model to estimate the op-
erative temperature in buildings. To overcome the limit
of the ARX model, several researchers developed a new
approach of ARX based on time interval and inputs in-
dexed as Yun and Luck (2012). In this study, the authors
proposed a prediction model based on an autoregressive
scheme of orders 4 and indexed on 3 periods (day, transi-
tion time and night) and five levels of ambient temperature
(4-3-5 ARX).
The inputs used in the models of Mechaqrane and Zouak
(2004) and Yun and Luck (2012) are different with respect
to the models of Chen and Basu (2016) and Soleimani-
Mohseni and Thomas (2006), which give a different struc-
ture of model and it is often difficult to apply that in gen-
eral case (Touretzky and Patil (2015)). Moreover, the au-
thors imposed the estimation of the input numbers without
doing a detailed analysis of their influence to validate the
models.The local modes have also been arbitrarily chosen,
without guarantees on the more accurate time-periods.
Despite the importance of data-driven approaches, data-
driven prediction models have limitations (Kadir and Nora
(2018)). Indeed, they may not perform well outside of
their training range. Assumptions made by the learning
algorithm have implications on the model’s ability to cope
with new data outside of the training data and whether it
would generalize well beyond the training range or not.
For example, a model that was trained by learning from
a limited dataset (e.g., data collected from a small set of
buildings) may not perform well outside of the training
data (e.g., different types of buildings in terms of physical
properties, operation strategies, weather conditions, occu-
pant behavior, etc.).
Paper contribution
In this paper, we present a data-driven approach to iden-
tify a PWARX model, in order to evaluate a residential
building’s thermal behavior subject to multiple holdings.
We also conduct a critical analysis of the inputs influence
on the accuracy of the model to assess the quality of iden-
tified PWARX model. This is based on the influence order
of each input on the structure of the model by taking into
account several scenarios or configurations.
From the literature, only one work of (Ajib and Left-
eriu (2018)) is available on experimental validation by the
PWARX model to predict the future performance of the
building under different operating conditions. The pre-
diction of the temperature presented in this paper, allows
to evaluate the energy consumption and energy control.
Therefore, this study was conducted without taking into
account the effect of the sensitivity analysis of the model.
And yet, sensitivity analyses are an essential step to un-
derstand the overall inputs influence on the model param-
eter (i.e heating power Pw, outside temperature T0, outside
humidity H0 and solar radiation Ra), on which the exper-
imental plan effort should focus. This step allows con-
figuring well the model, wins more computing time, im-

THERMAL BEHAVIOR of the building 

PWARX submodel #1 

PWARX submodel #2 

PWARX submodel #s 

. 

. 

. 

Measurement 

Figure 1: Flowchart for model identification.

Figure 2: State-input domain partitioning.

prove accuracy and improve the knowledge on a PWARX
model. Furthermore, the choice of the model order must
be carefully defined in sensitivity analysis, because this
can have a strong influence on the results. The evaluation
of the most influential factors were then classified based
on a criterion value FIT . This to rule on their influence,
on the accuracy of the model and on the quality of identi-
fied parameters.

PWARX model
The PWARX model is a piecewise affine dynamic sys-
tem, using a set of ARX submodels with the same model
structure, that can model a large number of linear or non-
linear physical processes, including the residential build-
ings (figure 1).
The model is obtained by splitting the state-input do-
main represented by their parameters {θi}3

i=1 into a finite
number of polyhedral regions (or configurations) {Ri}3

i=1
(Figure 2) (Boukharouba (2011)).
PieceWise affine ARX (PWARX) models represent the
input-output version of PWA models. They are defined
by introducing the regression vector (for a Multiple Input
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Multiple Output:
ϕ(t) = [y(t−1)T ...y(t−na)

T ...u(t−nb)
T ...u(t−nb−nk +1)T ]T (1)

Where, na, nb are the model orders and nk is the pure delay
between them. The input/output model of the PWARX
model is represented by the following relation:

y(t) = f (ϕ(t))+ e(t) (2)

and f is a piecewise affine map of the following form:

f (ϕ(t)) =


θ T

1 ϕ̄(t) if σ(t) = 1
...

θ T
s ϕ̄(t) if σ(t) = s,

(3)

where ϕ̄ =
[
ϕT 1

]T is the extended regression vector.
σ(t) is the switching rule defined by:

σ(t) = i if ϕ(t) ∈Ri, (4)

and {θi}s
i=1 are the parameter vectors that define the sub

models. {Ri}s
i=1 represent a complete partition of the re-

gion R⊂Rn, with n = nena +(nb +1), and each region is
a convex polyhedron with

Ri = {ϕ ∈ Rn : Hiϕ̄ � 0} (5)

where Hi and 0 are respectively a matrix of appropriate
dimensions defining the limit of the region partitioning the
set of regression vector and the null vector.
So, based on the input/output pair generated by the sys-
tem described by (2), the identification of the PWARX
model consist to: (i) determine the number of submod-
els in order to have the best fitting between the measured
and estimated output, (ii) associate the data of each affine
sub-model respectively, (iii)estimate each parameter vec-
tor θi associated to these submodels. Details about this
identification procedure is given in the following section.

Methodology
To perform the identification of the PWARX model, we
adopt the usual identification procedure defined by the fol-
lowing steps. Firstly, we design the experiment and the
system necessary to collect the data. After that, we pro-
ceed to the determination of the model structure. And fi-
nally, we put in place an identification method and valida-
tion. It is globally illustrate in Figure 3.
Experiment design and data collection
Smart metering Having as main target the determina-
tion of a thermal model for a building without any partic-
ular prior knowledge on the system, we have developed
in our laboratory a smart metering system that allows us
to create a database rich in information about the thermal
behavior of different buildings.
The architecture of the data collection system is illustrated
in Figure 4. The supervisory and control acquisition data
(SCADA) is based on different technologies. We use es-
pecially wireless sensors gathering by CLEODET M com-
pany to capture a number of information. Especially, to

PWARX Model 
Identification 

STEP 1 
Experiment design and data 

collection 
STEP 2 

Model structure 
determination 

STEP 3 
Model parameter 

estimation 

STEP 4 
Model validation 

STEP 5 
Model accepted ? 

 
New data set 

Figure 3: The necessary steps of system identification pro-
cedure.

SCADA 

Store and opening control 
Indoor / outdoor humidity 
Indoor / outdoor luminosity  
Indoor / outdoor temperature  
Consumption and heating system control 

APP 

Smart wireless sensor/actuator 

Data analysis and thermal modelling 

Database 

Figure 4: Global architecture of data collection system.

measure the indoor and outdoor temperature, indoor and
outdoor humidity, solar radiation and incident solar ra-
diation on the floor for different periods. A control sys-
tem is used in this study to control the heating operation
(ON/OFF) for several scenarios. Notice that, each sensor
or actuator is scanned or controlled for a sampling time
Ts = 2.4min.
Therefore, each measure is saved in database into CSV
format thanks to applications that we have developed by
our self using LABVIEWT M and NetBeansT M software’s.
The data collected is used after to compute the thermal
model of the building studied, according to the planning
detailed in the subsection below.

Experiment planning The planning of the experiments
will be elaborated in such a way that one can appreciate
the efficiency of a PWARX model for the prediction of the
thermal behavior of a building.
Thus, experimental measurements have been made for dif-
ferent rooms of a residential building located in Douai
(France) located at East/West for a different heating se-
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quence and various periods of acquisition. The purpose of
the experimental plan is to disturb the thermal behavior of
the indoor air by various factors such as the heating power
and the climatic conditions (Solar radiation and outside
temperature). The identified model will be tested on sev-
eral case studies to see its ability to capture the thermal
behavior of each case.
Indeed, the PWARX model can have different structures
depending on the configuration considered.
Parameter estimation of PWARX model
The procedure used to estimate the different parameters
of each sub-model can be describe into four steps. The
first one is the initialization step. Knowing that the num-
ber of submodels is not known a priori, this step allows
us to proceed to the creation of q singletons classes with
the q regression available data. The second one is the re-
affectation of data followed by the estimation of parame-
ters of each sub-model. This step of the procedure con-
sists in grouping the regression data (initially divided into
q classes) into a minimum number of disjoint classes. The
third one is a verification step necessary for the stabiliza-
tion of the data partition. And the last one is the validation
step of the model thanks to a sensitivity analysis. Each
step is detailed in the following paragraph.

Initialization In this part, we consider several q sub-
models that correspond to N classes, such that C ={

C1, · · · ,Cq
}

where each of them corresponds to one sub-
model defined by the parameter vector θi (Figure 4). The
initial parameter vectors θ̂ 0

1 , · · · , θ̂ 0
q is assigned, where θ̂ 0

i
is computed by taking into account the data x(i) of the
class Ci and its c nearest neighbor (c-cnn) and using the
least square technique. Thus, the parameter vector θ̂i is
calculated by least square technique while minimizing:

V (θi) =
1
Ni

Ni

∑
t=1

(y(t)−θ
T
i ϕ̄(t))2 (6)

with Ni is the number of points.

Data re-affectation and model estimation The main
goal of this step is to minimize the number of classes that
are initially divided into q classes. For it, we minimize the
Euclidean distance between each pair of data (x(i),x( j))
by:

d j
i = ‖x(i)− x( j)‖ (7)

Figure 5 illustrated the error between the measured output
and the output of each sub-model.
Moreover, the ranking of the data is done according to the
regression vector and the measured output as the follow-
ing expression:

x(i) = [ϕ(i)T , y(i)]T . (8)

Thus, the data x(i) will migrate towards the most represen-
tative classes according to a specific decision rule relative
to the nearest neighbors (c-cnn) [16]:

Figure 5: Data re-affectation effect.

ϕ
i
j = exp(−ασ̂( j) ‖x(i)− x( j)‖2−βσ̂( j)(y(i)−

θ̂
T
σ̂( j)ϕ̄(i)))

2 (9)

with θ̂ T
σ̂( j) is the parameter vector corresponding to the

class Cσ̂( j). ασ̂( j) and βσ̂(i) are positive parameters.
Thereafter, we need to update the class number C =
{C1, · · · ,Cs̄} where s̄ ≤ q. For the membership decision,
we use the probability for which data point x(i) belongs to
the class Cp:

P(x(i) ∈Cp) =
∑ j|x( j)∈{Γc(x(i)∩Cq)}ϕ i

j

∑
c
j=1 ϕ i

j
, p ∈ {1, · · · , s̄}

(10)
where s̄ determine the persistent number of class in or-
der to have the best fitting between the measured and esti-
mated output.

Convergence criterion The convergence is based on
the comparison between the earlier parameter vectors
θ (r) =

[
θ̂
(r)
1 , · · · , θ̂ (r)

s̄

]
and the posterior parameter vectors

θ (r+1) where r is the index of the iteration. Thus, the con-
vergence criterion is writing as follows:∥∥∥θ

(r+1)−θ
(r)
∥∥∥≤ υ (11)

where υ is an arbitrary threshold defined by the user. Gen-
erally, one use υ = 10−5.

Sensitivity analysis A recursive approach is used to test
the influence of each input onto the model structures. In
this paper, the input influence orders is obtained by com-
paring the FIT criterion value for different configurations.
The FIT is in fact an indicator used here to measure the
similarity between the measured output y and the output
reconstructed from the model ŷ. The FIT is given by the
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following expression:

FIT = (1− ‖ŷ− y‖
‖y− ȳ‖

)×100% (12)

where ȳ and ŷ are respectively the sum and the estimate of
the measures y(t).

Results and discussion
This section presents the results of the sensitivity analysis
of the model based on data collection. For this purpose,
the case study and the various experimental parameters
are presented. The switching between the heating modes
is one of the parameters influencing on the validation. A
comparison between the ARX and PWARX models ac-
cording to different real heating mode is made to show
the interest of a switched system identification technique
such as PWARX to detect the different behaviors seen in
a normal usage of a building zone.
Case study and experimental data
In this article, we present a case study on a room of
11m2 of the university residence Lavoisier of the School
of Mines, Douai in the north of France (Figure 6). This
room is facing west on the 3rd floor.
The choice of the west orientation and floor level was
made to appreciate the effect of solar radiation on the ther-
mal behavior of indoor air. The room is equipped with a
heating system that works in a random.
Temperature sensor is installed to study the thermal be-
havior of the room. The experimental study was made
from 14-02 to 17-02. the solar radiation received in this
period is 100W/m2 as shown in Figure 7.
The operation of the heating system is controlled in a ran-
dom manner, which causes thermal excitation of the in-
door air in a discrete way (Figure 8). the maximum heat-
ing power emitted by the electric convector is 1400W .

Figure 9 shows that the indoor temperature varies between
19 and 29◦C for an outside temperature ranging between
2 and 10◦C.
Sensitivity analysis
Based on the training data from 07-02-2018 to 12-02-2018
East side, we present in this section the method for analyz-
ing the effect of each parameter on the FIT. This method
makes it possible to find the right model structure algo-
rithm by making an analysis on the hyper parameters such
as na,nb, neighbour number (c) and the inputs. In this arti-
cle, the prediction of the indoor air temperature is sought.
This output is influenced by several physical parameters
(inputs) such as, outside temperature, solar radiation and
heating power.
The results in figure 10 show that the hyper parameters
na,nb, and C have a significant influence on the FIT. For
the inputs ”Outside temperature, solar radiation, heating
power”, the best estimate of the model corresponds to
na = nb = 2 and c = 200 classes (FIT =78.48 %).
Figure 11 show the effect of each input on the Fit for the

Ti1 

Ti2 

LuxInt 

LuxExt Te 

Ch1 

Ch2 

Heating supply 

sensors 

Figure 6: Student room configuration within sensor loca-
tion.

Figure 7: Solar radiation.

Figure 8: Heating scenario.
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Figure 9: Indoor and outdoor air temperature measured.

Figure 10: Effect of number of classes (C) and number of
discrete output and input (na,nb) on the FIT.

same hyper parameters na = nb = 2 and C =200. The re-
sults show that absence of the outdoor temperature as in-
put reduced the FIT by 8.1%. On the other hand,the re-
sults show that the absence of the heating power in the
model reduces the FIT by 53.87%, while the absence of
the solar radiation and heating power reduces the FIT by
63.21%.
The analysis of the results shows that the best estimated
model corresponds to structure: na = nb = 2 and C =200
for the inputs ”Outside temperature, Outside humidity,
solar radiation, heating power” (Figure 12). The model
found using the training data enable to validate other ther-
mal behavior and measurement campaigns.
Based on the sensitivity analysis, we could give a recom-
mendations on which the data collection effort should fo-
cus. The FIT may be changed according to the uncertain
parameters. This change can affect the indoor air tempera-
ture predicted. Sensitivity analysis should give a capacity
to structure well the model in terms of data and inputs
which increases the accuracy and decreases the calcula-
tion time.
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Figure 11: Training data (East Side 1st floor).

Table 1: Switching conditions.
Parameters Pw Ra T0

Mode 1 ON > 2.9W/m2 > 4◦C
Mode 2 OFF < 2.9W/m2 > 4◦C
Mode 3 OFF < 2.9W/m2 < 4◦C

The estimation of different thermal behavior and vali-
dation
The PWARX model has been compared with the experi-
mental results as well as with the ARX model for the case
of the a room located at East. Figure 13 and 14 show
the validation of the indoor air temperature and the oper-
ation modes.The results show that the PWARX model is
the best for prediction with a FIT = 78.48% compared to
ARX model with a FIT = 41.67%. This is due by the fact
PWARX model estimates accurately the real temperature
according to different possible scenarios influencing the
thermal behavior of the room. The results show that the
PWARX model is closer to reality compared to a standard
ARX model.
Three different modes of thermal behavior have been ob-
served (Figure 14). The first sub-model 1 corresponds to
the configuration using the heating system (ON), outdoor
temperature greater than 4oC and presence of solar radia-
tion (greater than 2.19W/m2) .The second sub-model cor-
responds to the configuration heating OFF, outdoor tem-
perature greater than 4oC and solar radiation less than
2.19W/m2, while the third sub-corresponds to the con-
figuration heating OFF, outdoor temperature less than 4oC
and solar radiation less than than 2.19W/m2 as shown in
the table 1.
The PWARX model has been tested for another measure-
ment campaign such as a room located in 3rd floor facing
west (Figure 15). The thermal behavior of this room is dif-
ferent compared to the training period (orientation, heat-
ing scenarios and weather condition). Good agreement is
shown in Figure 14 between the experimental results and
the prediction with a FIT = 76.66%, which shows that the
structure of the estimated model is adapted both to East
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Figure 12: Indoor air temperature validation: Compari-
son between ARX (green solid line) and PWARX (red solid
line) models.
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Figure 13: Operation mode validation: estimated (blue
dashed line) and predicted (red dot line) operating mode.
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Figure 14: Validation of Temperature (West Side, 3rd
Floor), FIT = 77.66% (14-02 / 17-02).

and West orientation.

Conclusion
This article proposes a new data driven approach for build-
ing thermal modeling based on a piecewise ARX model.
This approach takes into account the parameters influenc-
ing thermal behavior such as the location, the orientation
of the building and the mode of operation of the heating
source. The results show that the PWARX model allows to
validate any configuration using a single model structure
with the minimum of inputs compared to other models.
The results of the structure analysis show that, the estima-
tion of the model depends on several factors such as; the
number of past input and output (na,nb), neighbour num-
ber and the nature of the physical magnitude imposed as
input. We conclude that, solar radiation, heating power
and outside humidity are indispensable for the identifica-
tion of the model structure. The results of this paper show
that the model is suitable for any orientation and floor lev-
els with a random operation of the heating source, which
facilitates the task of the building technician. Hence, fu-
ture works will be directed to test this approach for pre-
dicting energy performance certificates for existing build-
ings, to minimize the energy consumption of the HVAC
system.
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Universite Lille.

Chen, L. and Basu (2016). Fractional order models for
system identification of thermal dynamics of buildings.
Energy and Buildings 133, 381–388.

Cigler, J. (2010). Csubspace identification and model pre-
dictive control for buildings. In 11th International Con-
ference on Control, Automation, Robotic sand Vision.

Crawley, D. and B. Hand (2008). Contrasting the capa-
bilities of building energy performance simulation pro-
grams. Building and Environnement 43, 661–673.

________________________________________________________________________________________________ 

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

 
4132

 

 
  



Crawleya, B. (2001). Ecreating a new-generation building
energy simulation program. In American Solar Energy
SOC, The American Institute of Architects.

Ferkl, L. and J. Siroky (2010). Ceiling radiant cooling:
comparison of armax and subspace identification mod-
elling methods. Building and Environment 45, 205–
212.

Ferracuti, F. and A. Fonti (2017). Data-driven models for
short-term thermal behaviour prediction in real build-
ings. Applied Energy 04, 1375–1387.

J.Siroky and F. Oldewurtel (2011). Experimental analy-
sis of model pre-dictive control for an energy efficient
building heating system. Applied Energy 88, 3079–
3087.

Kadir, A. and M. E.-G. Nora (2018). A review of data-
driven building energy consumption prediction studies.
Renewable and Sustainable Energy Reviews 81, 1192–
1205.

Kramer, R. and van Schijndel (2013). Inverse modeling
of simplified hygrothermal building models to predict

and characterize indoor climates. Building and Envi-
ronnement 68, 87–99.

Mechaqrane, A. and M. Zouak (2004). comparison of lin-
ear and neural network arx models applied to a predic-
tion of the indoor temperature of a building. Neural
Computing and Applications 13, 32–37.

Soleimani-Mohseni, M. and Thomas (2006). Estimation
of operative temperature in buildings using artificial
neural networks. Energy and Buildings 38, 635–640.

Touretzky, C. and R. Patil (2015). Building-level power
demand forecasting framework using building specific
inputs: Development and applications. Applied En-
ergy 147, 466–477.

Wang, S. and X. Xu (2006). Simplified building model
for transient thermal performance estimation using ga-
based parameter identification. International Journal of
Thermal Sciences 45, 419–432.

Yun, K. and Luck (2012). Building hourly thermal load
prediction using an indexed arx model. Energy and
Buildings 54, 225–233.

________________________________________________________________________________________________ 

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

 
4133

 

 
  



Exploring the Sky Longwave Radiance Distribution in the French Basque Country 

 

Raphaël Nahon1, Jairo Paz Acuña y Miño1, Benoit Beckers1 
1Urban Physics Joint Laboratory, Université de Pau et des Pays de l’Adour, E2S UPPA, Bayonne, 

France 

 

 

 

 

 

Abstract 

The atmospheric radiation has a significant impact on the 

outside surface temperatures, and so on the building 

heating and cooling loads and on the outdoor thermal 

comfort. It is considered isotropic in most of the thermal 

simulation programs, though sky thermography shows 

that it is strongly anisotropic in the absence of clouds, 

with a gradient from the zenith to the horizon.  

The main objective of this work is to propose a model for 

the sky temperature distribution under all-weather. Its 

originality is to propose thermograms of the complete sky 

vault under typical weather conditions.  

The observed sky temperature distributions are compared 

to the results of the models by Bliss (1961) and Martin 

and Berdhal (1984a). The latter allowed for a correlation 

coefficient higher than 92% for five of the six analyzed 

sky conditions.   

The comparison between the radiant power absorbed by a 

vertical surface at the Earth level using this model or 

considering an isothermal sky shows differences of up to 

16%, resulting in differences of up to 3.5°C in the mean 

radiant temperature.  

Introduction 

The sky vault may be assimilated to a blackbody, 

characterized by its temperature, or to a grey body at the 

air temperature, characterized in this case by its 

emissivity. Atmospheric radiation, the longwave 

(wavelength superior to 4µm) radiant power emitted by 

the sky vault, has a significant impact on building heating 

and cooling loads and determines the potential of 

radiative cooling (Argiriou, 1992; Clark, 1981; 

Zeyghami, 2018). It contributes to the 3D radiant 

environment and influences outdoor thermal comfort.  

Building simulation programs treat the atmospheric 

radiation as isotropic: the sky longwave radiance is 

supposed equal in every direction. In reality, it increases 

with the zenith angle, especially for clear and cold skies. 

Taking into account this variation is particularly relevant 

for the estimation of the performance of angularly or 

spectrally selective radiative cooling systems (Martin and 

Berdhal, 1984a); for the precise evaluation of the radiant 

environment in an urban context; or in the aim of 

reproducing thermograms through modelling (Aguerre, 

2019). 

In a previous paper (Nahon, 2016), the authors proposed 

to use the model described by Bliss (1961) and more 

recently used and discussed in (Awanou, 1998; Berger, 

2003). Though this formulation of the sky emissivity 

variation with the zenith angle is constructed for a clear 

sky, it allows for a good representation of the sky pattern 

both for clear and dark overcast skies. It was therefore 

proposed to prefer this model than an isotropic one under 

all-weather, though the lack of data made difficult a 

discussion on the results. Another candidate would have 

been the model by Martin and Berdhal (1984a), which 

allows for a good correlation with fifty thousand of 

observations at five zenith angles between 1979 and 1980 

at six U.S. locations, both under clear and cloudy skies.  

The sky emissivity may be deduced from the sky bright 

temperature obtained by thermography (Kruczek, 2015). 

This technique allows for analyzing the sky temperature 

distribution with a great resolution, and the main 

originality of this work is to propose thermograms of the 

whole sky vault under six representative sky conditions. 

The shots were taken between November and December 

2018, in Anglet, in the French Basque Country. The local 

weather is characterized by the quick alternation of clear 

and cloudy skies, which allowed us for capturing different 

representative sky types on a lapse of three days.  

The main objective of this study is to discuss the use of 

the models by Bliss and Martin and Berdhal under all-

weather. The observed and modelled sky temperatures are 

compared for six representative skies. The differences 

between the longwave irradiance on a vertical surface 

obtained from the pictures, and using an anisothermal and 

isothermal skies are analyzed. The resulting differences 

on the estimation of the mean radiant temperature under 

an extremely low sky emissivity are evaluated.  

Using both models, the directional sky emissivity is 

estimated from the global sky emissivity, which can be 

measured or modelled. In most cases, measurements are 

not available in the weather data files used by building 

simulation programs, and the use of a model is necessary. 

A recent critical review on the subject can be found in 

Evangelisti (2019). Most of the models are constructed for 

clear skies, and only a few allows for considering cloud 

cover. In this study, the global sky emissivities deduced 

from the thermograms are compared to the formulation by 

Angström (1915) and Martin and Berdhal (1984b), here 

again with the objective of discussing their use regarding 

the data commonly used in building simulation programs. 
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Methods 

Experimental set-up 

Sky thermography was performed using an infrared (IR) 

camera (FLIR T460) set on a programmable robotic 

panoramic head (CLAUSS RODEON piXplorer) placed 

on a scaffolding on the top of a three-storey building 

located in Anglet, in the French Basque Country. The 

whole sky vault thermograms were obtained through the 

assembly of eight images: seven taken with a zenith angle 

of 60° plus one facing the zenith (cf. Figure 1).  

Each of the thermograms is taken within ten to twenty 

seconds. A lens (FLIR T197412) with a field of view of 

90 x 73° was used to limit the necessary number of 

thermograms, and therefore the delay between the first 

and last shots. The apparent temperature near the edges of 

the thermograms is incorrect, and, though five 

thermograms would have been enough, it would have 

induced errors due to distortion and vignetting effect. The 

use of eight thermograms appears as a good compromise 

between the delay and the precision. 

The sky vault is modelled as a hemisphere discretized in 

tiles. The temperature of each tile is taken from the pixel 

the closest to its center. We use the partition scheme 

described by Beckers (2014), which allows us to freely 

choose the number of tiles and ensures that each of them 

has the same solid angle and aspect ratio. Doing so, the 

maximum angular displacement between the center of a 

tile and its boundary is nearly constant and controlled. A 

partition in 100 000 tiles was used to generate the images 

while 5000 tiles are more than sufficient for the 

calculations. The resolution of the IR camera is 320 x 240 

pixels. Only 16% of the total 614 400 pixels were used 

and a lower resolution would have been sufficient.  

In total, 40 sky thermograms were taken on 9 different 

days from November 15 to December 11, 2018. Only six 

of the resulting pictures are presented in this paper. Each 

of them goes along with a whole sky vault photograph, 

constructed in the same way, using in this case a camera 

with a field of view of 75.3 x 59.3°. Air temperature and 

relative humidity at the time of the shooting were 

measured on site.  

 

Figure 1: (a) experimental setup and (b) resulting 

thermograms 

Measurement of the sky thermal radiation using an 

IR camera 

Setting the distance to the measured object and its 

emissivity to one, the IR camera converts the total 

radiation beam seen by the IR detector into the 

temperature of blackbody. The IR detector of the camera 

is sensitive on the spectral range 7.5 to 13 µm, which 

includes the atmospheric window. Between 8 to 13 µm, 

the atmosphere does not behave as a blackbody and its 

emissivity depends mostly on its water vapour content: it 

is merely transparent for dry conditions and behaves as a 

blackbody for an important relative humidity. Because of 

this phenomenon, the bright temperature given by the IR 

camera has to be corrected to obtain the real sky 

temperature. To do so, the longwave radiant power 

reaching the camera is calculated by integrating Planck’s 

formula between 4 to 100 µm, using: 1) the bright 

temperature inside the atmospheric windows (between 4.5 

to 4.8 µm and between 7.5 to 13 µm) and 2) the air 

temperature on the remaining spectrum (Kruczek, 2015). 

Less than 5% of the sky vault is obstructed by faraway 

trees and by the vertical arm of the nearby weather station. 

This fraction of the sky view factor from a horizontal 

surface is limited to 0.5%, and so is its contribution to the 

horizontal longwave irradiance. While exposed to the sun, 

these objects can reach a temperature superior to that of 

the air. The sky cannot, and it is set to the air temperature 

wherever it is exceeded.  

The result of these corrections is illustrated in Figure 2: 

while the sky temperature ranges from -36 to 14°C in the 

original thermogram, its variation is limited to -6 to 12°C 

after corrections.  

 

Figure 2: Equivalent projection of the original and 

corrected sky vault thermograms  

(December 4 at 8:50, Ta=12°C) 

The IR camera offers different temperature ranges. Sky 

thermograms were obtained using the lowest one, from -

20 to 120°C. In this configuration, the maximal 

temperature given by the camera is 150°C.  The sun bright 

temperature exceeds this value. Selecting the highest 

range of temperature, from 250 to 1500°C, the sun bright 

temperature is 1013°C (cf. Figure 3). Meanwhile, due to 

its low view factor, its contribution to IR horizontal 

irradiance is negligible.  
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Figure 3: Sun bright temperature on a thermogram for 

different temperature ranges 

Modelling the sky thermal radiation 

The models by Bliss (1) and Martin and Berdhal (2) for 

the variation of the sky emissivity with the zenith angle 

are used. Both of them express the directional sky 

emissivity εθ as a function of the global sky emissivity εs 

and a dimensionless coefficient bi : 

 εθ = 1 - (1 - εs)1 / ( b
1 

cosθ ) (1) 

 εθ = 1 - (1 - εs) e b
2 

(1.7 - 1 / cosθ ) (2) 

While the first one was constructed for a clear sky, the 

second showed a good correlation under all sky 

conditions.  The integration of εθ on the hemisphere must 

equal εs and, in both cases, the coefficient bi is implicitly 

dependent on the global sky emissivity. Bliss (1961) uses 

a constant value of 1.8 to minimize the error for low 

emissivity skies. Martin and Berdhal (1984a) use a 

varying parameter. Hereafter, the coefficients bi are 

established by iterations: the value of bi which minimizes 

the difference Δε between the integration of εθ on the 

hemisphere and εs is taken in each case. Values ranging 

from 1.3 to 1.7 with a step of 0.01 are tested for b1; 

ranging from 0.30 to 0.4 with a step of 0.005 for b2. Doing 

so, Δε is limited to 0.05%.  

Comparison of the sky thermograms and modelled 

sky temperatures 

The above described models use as only input the sky 

global emissivity. The latter can be measured using 

pyrgeometer or modelled. It is deduced from the 

thermograms for the comparison of the modelled and 

observed sky directional emissivity.  

Results 

Sky thermograms vs modelled sky temperatures 

Six of the forty conducted sky thermograms are selected 

and compared to the modelled sky temperatures (Figure 

4figures 4 to 6). The curves have been created by 

comparing the modelled and observed sky emissivity for 

the north facing tiles marked by a white line on the 

figures. The model from Bliss gives unsatisfying results 

in almost every case and the comparison is focused on the 

model by Martin and Berdhal.  

The first two shots (Figure 4) were taken on December 7, 

the first one at 13h20 and the second at 14h35. In the first 

case, the sky is completely free of clouds, the air is at 

16.7°C and the relative humidity is 50%. In the second, 

barely more than an hour later, the sky is completely 

overcast by low cumulus. The air temperature and relative 

humidity have not changed much, with respectively 

15.9°C and 54%. In both cases, the model gives consistent 

results, with a maximal and mean difference between the 

modelled and observed sky emissivity respectively of 6.3 

and 2.4 points in the first and of 2.7 and 0.9 points in the 

second. Note that, in every case, the modelled sky 

emissivity is slightly inferior to the observed one for 

zenith angles lower than 54° and then the slightly 

superior, the biggest differences occurring near the 

horizon.  

The two following shots (Figure 5), were taken on 

December 4 and 5, at respectively 12h10 and 10h10.  In 

the first one, the sky is overcast by high and bright cirrus 

clouds, the air is at 16.4°C and the relative humidity is 

89%. The second one was taken under a dense fog. Here 

again, the model gives compelling results, with a maximal 

and mean difference respectively of 5 and 1.4 in the first 

case and of 1.3 and 0.3 points in the second. In both cases 

the maximal difference occurs at the horizon.  

The two final shots (Figure 6) were taken under 

intermediate skies, on December 4 at 8h50 and 10h30. In 

the first one, low opaque clouds are visible near the 

horizon and high thin clouds are scattered close to the 

zenith. In the second, low opaque clouds are scattered 

over the entire sky vault. In the first case, the modelled 

sky emissivity matches the observed one, especially for 

zenith angle lower than 54°, with maximal and mean 

differences of respectively 7.2 and 1.4 points. In the 

second one, both models fail to predict the erratic 

variations of the sky emissivity, with the alternation of 

opaque cumulus and blue sky. Meanwhile, the difference 

between the modelled and observed sky emissivity is 

limited to 5.7 points, with a mean of 2.7 points. Cloud 

positions being impossible to predict, it seems difficult to 

reach a better correlation under partially overcast skies. 

Besides, the error is comparable considering an isotropic 

sky, and it seems reasonable to prefer the model by Martin 

and Berdhal (1984a) even in those particular cases.
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Figure 4: Clear and dark overcast skies: Equivalent projection of the sky (a) photographs and (b) corrected 

thermograms; (c) comparison between the observed and modelled sky emissivity 

 

 

Figure 5: Bright overcast and foggy skies: Equivalent projection of the sky (a) photographs and (b) corrected 

thermograms; (c) comparison between the observed and modelled sky emissivity 
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Figure 6: Partly and mostly cloudy skies: Equivalent projection of the sky (a) photographs and (b) corrected 

thermograms; (c) comparison between the observed and modelled sky emissivity 

Impact of the sky anisotropy on the LW vertical 

irradiance 

The longwave irradiance on a north facing wall is first 

computed using the observed sky temperature for the six 

sky types discussed in the above section. This reference 

value is then compared to that obtained using the model 

from Martin and Berdhal (1984a) and considering an 

isotropic sky (cf. Figure 7).  

 

Figure 7: Longwave irradiance (ELW) on a North facing 

vertical surface. (Relative differences between observed 

and modelled irradiances are stated directly on the 

picture) 

The relative difference between the observed and 

modelled longwave irradiance is limited to 2.1% using the 

model from Martin and Berdhal (1984a) while it reaches 

-7.3% considering an isotropic sky. Both models give 

pretty good results in the case of a dark overcast and foggy 

skies, with relative differences of -0.8 and +0.9% in the 

first case and -0.3 and +0.4% in the second.  For the other 

sky types, using the model from Martin and Berdhal 

(1984a) allows for the reduction of the difference between 

the modelled and observed longwave irradiances by 3 to 

6%.  

Impact of the sky anisotropy on the mean radiant 

temperature under a dry climate 

The impact of the sky anisotropy on the radiative 

environment is higher for low emissivity skies, 

characteristic of cold and dry climates. The city of 

Montreal, Canada, is known for its very dry winter. The 

mean radiant temperature is calculated as described by 

Lindberg (2008) for the night with the lowest sky 

emissivity, on February 27th at 19h30, using the Typical 

Meteorological Year (TMY) from the international 

airport of Montreal freely available on the EnergyPlus 

website (energyplus.net/weather). The air temperature is 

-16.1°C, the relative humidity is 40%. The sky global 

emissivity is calculated using the model described by 

Martin and Berdhal (1984a) for a dew point temperature -

25.6°C. The ground is supposed at the air temperature and 

its emissivity is set to one. Considering a uniform sky 

emissivity, the mean radiant temperature is -24.2°C, while 

it is more than 3.5°C superior taking into account its 

variation with the zenith angle. The sky vertical irradiance 

is 16% (91 vs 77 W.m-2) higher taking into account the 

sky anisotropy, which explains the difference.  

Discussion 

As mentioned before, the coefficient b2 from the model by 

Martin and Berdhal (1984a) is calculated by iterations to 

minimize the difference Δε between the integration of εθ 

on the hemisphere and the global sky emissivity εs. The 
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values obtained with a step of 0.001 for a wide range of 

sky emissivities are displayed in Figure 8. The variation 

of the coefficient is limited for εs inferior to 90%. Besides, 

the higher is εs, the lower is the impact of the b2 coefficient 

on the sky directional emissivity (cf. equation (2)). For 

these reasons, using a constant coefficient of 0.308 allows 

for the limitation of Δε to 0.015%, which appears more 

than reasonable.  

 

Figure 8: Values of the b2 coefficient for a wide range of 

sky emissivities 

The correct evaluation of the sky global emissivity is 

determinant to achieve a good description of the sky 

longwave radiance distribution. Building simulation 

programs generally use weather data representative of the 

local climate such as TMY. Each of the data is associated 

to an ‘uncertainty flag code’ (Crawley, 1999). On the one 

hand, the horizontal infrared irradiance is usually 

associated with the flag ‘?0’, which corresponds to a 

datum of unknown source with an uncertainty higher than 

50%. On the other hand, the air and dew point temperature 

as well as the ceiling height, opaque and total sky cover 

are usually associated with the flag ‘A7’, which 

corresponds to measured data with an ‘uncertainty 

consistent with NWS practices and the instrument or 

observation used to obtain the data’. We therefore 

recommend not to use the diffuse horizontal irradiance 

but to estimate εs from the measured air temperature and 

cloud cover. As mentioned in the introduction, a review 

of the existing models can be found in (Evangelisti, 2019). 

Here, we choose to use the widely used model described 

by Martin and Berdhal (1984b) and the one described in 

the pioneer work by Angström (1915). Both models allow 

for clouds consideration. The first distinguishes opaque 

and thin clouds:  

 εs = εo  + ( 1 - εo ) ( N1 εc1 e h1 / ho + N2 εc2 e h2 / 8.2) (3) 

with N1 and N2 the fractional area covered by respectively 

opaque and thin clouds, estimated in our case from the 

thermograms; εc1 = 1 and εc2 = 0.4 default opaque and thin 

cloud emissivities; h1 = 2 km and h2 = 8 km opaque and 

thin cloud base heights; εo the clear sky emissivity, as 

defined in the model by Berdhal and Martin (1984):  

 εo = 0.711 + 0.56 (Td/100) + 0.73(Td/100)2 + Δεh (4) 

with Td the dew point temperature [°C] and Δεh = 0.013 

cos(2π t/24) the diurnal correction, t being the solar time 

in hour.  

The second takes into account only the opaque sky cover:  

 εs = (0.82 - 0.25x10-0.0945 Vp ) ( 1 + 0.21 N1 2.5 ) (5) 

with Vp [hPa] the water vapor pressure, which is deduced 

from the measured air temperature Ta [°C] and relative 

humidity rH [%] using the Arden Buck (1981) 

formulation:  

 Vp = rH/100x6.1121 e18.678 – Ta / 234.4)  Ta / (257.14+Ta) (6) 

The values obtained using those two models are compared 

in Figure 9 to the sky emissivities deduced from the 

thermograms.  

 

Figure 9: Global sky emissivity [%] (Absolute 

differences are stated directly on the figure) 

Both models give satisfying results for every of the sky 

types analyzed in this paper, with a maximal difference 

between the observed and modelled sky emissivity of 2.7 

points. Note that the results from the model by Angström 

are closer to the observed sky emissivities in almost every 

case, with an absolute difference inferior to 1% for five of 

the six analyzed skies.  

Conclusion 

In this paper, modelled sky temperatures are compared to 

whole sky vault thermograms. The observation campaign 

took place in the French Basque Country from November 

to December 2018. Six different sky types are analyzed. 

Two models (Bliss, 1961; Martin and Berdhal, 1984a) for 

the variation of the sky emissivity with the zenith angle 

are used for the comparison.  

While the first one gives unsatisfying results for the 

chosen days and locality, the sky emissivity obtained 

using the model from Martin and Berdhal fits well with 

the observed one. The correlation coefficient is superior 

to 92% in every case except for the ‘mostly cloudy’ (78%) 

sky.  

The modelled and observed longwave irradiances on a 

vertical surface are compared. It is shown that the error 

resulting from the consideration of an isotropic sky is 

reduced by up to 6% using the model from Martin and 

Berdhal. 

The impact of sky anisotropy on the vertical longwave 

irradiance and resulting mean radiant temperature for a 

very low sky emissivity is illustrated. It is shown that, for 

a mean sky emissivity of 62%, the longwave vertical 

irradiance is 16% higher using the proposed model than 

considering an isotropic sky, which leads to an error of 

3.5°C on the mean radiant temperature.  
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Finally, the model’s b coefficient value (cf. equation (2)) 

is discussed. It is proposed to use a constant value of 

0.308, which limits the resulting error on the global sky 

emissivity to 0.015%. The observed global sky 

emissivities for the six typical skies are compared to the 

models by Angström (1915) and Martin and Berdhal 

(1984b). Both of them produce satisfying results, with a 

maximum difference of 2.7% for the six representative 

skies analyzed in this paper. The first one is 

systematically closer in this case, with a difference 

inferior to 1% for five of the six skies. 

In short, it is proposed to use model by Martin and 

Berdhal (1984a) with b=0.308 under all weather 

conditions, using as input the global sky emissivity given 

by (Angström, 1915). The implantation of the proposed 

model is easy and the associated calculation costs are null. 

It allows for a better representation of the actual sky 

longwave radiance distribution than an isotropic one and 

consequently reduces related errors. The experimental 

campaign was limited to three days in only one location 

and further investigations are required to confirm that 

these conclusions can be generalized to all-weather 

conditions and localities. Nevertheless, it seems 

reasonable to prefer the proposed model to an isotropic 

one, everywhere and for all kind of applications.  
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Abstract 

This contribution describes a simulation-based method 

for the design and evaluation of building control strategies 

for new planned buildings. The approach consists of a 

combination of a digital twin of the real building and its 

HVAC system, modelled as a physical Modelica model 

and the openHAB software package, for the 

implementation of correspondent building control 

strategies. For this purpose, openHAB and the Modelica 

model is bi-directional coupled in real-time. In this way, 

new control strategies can be tested and improved under 

consideration of the dynamic system behavior in the 

building design phase. If the system behavior of the 

building simulation model is close enough to the real 

system, the digital twin can be substituted afterwards by 

the built building and the control strategy will behave 

during the operation of the real system almost unchanged. 

Introduction 

Simulation models of real buildings are often too much 

simplified in comparison to the reality, which leads to 

significant differences in the system behavior between the 

“simulation world” and the “real world”.  A digital twin, 

which reflects the technical structure, the functionalities 

and the physical behavior of the real system in a high 

precision (Nytsch-Geusen et el., 2018), can work as a base 

for the development of control strategies already in the 

“simulation world”. It is much easier and cheaper to test 

different variants of control strategies in advance in the 

early planning phase of buildings.  

 

Figure 1: General approach 

Figure 1 illustrates this approach. During the design phase 

of the building energy system a detailed simulation model 

of the building construction and the HVAC system – the 

digital twin - serves as the controlled system. The 

simulation model is delivering the necessary systems 

states as input signals for the rule-based control strategy. 

Thereafter, the calculated control signals are sent back to 

the simulation model. In our approach this bi-directional 

data exchange takes place between a home automation 

software, the open Home Automation Bus (openHAB) 

software platform (openHAB, 2019) and the Modelica 

simulation tool Dymola in real-time within the local 

network. For this purpose, the network User Datagram 

Protocol (UDP, https://tools.ietf.org/html/rfc768) is used.    

Later, if the genuine building energy system runs under 

real operation, the installed sensors, actors and bus 

systems in the building and of its HVAC system are 

connected with the same openHAB software platform. 

Under the assumption that the detailed Modelica system 

model has reflected precise enough the dynamic and 

logical system behavior within the previous design phase, 

the rules of the openHAB system can be reused for the 

real system without any changes. 

There are some related industrial solutions and research 

approaches, which touch similar issues, most of them in 

the HIL area. For instance, the company Typhon HIL 

offers an integrated software and hardware platform that 

includes a so called “Virtual HIL Testbed” which is able 

to substitute real HIL testbeds, e.g. during the 

development of controller strategies for micro grids 

(https://typhoon-hil.com).  

In Schneider et al. (2015) a HIL testbed is described, in 

which parts of the building energy system (e.g. the 

hydraulic part of the HVAC system) consists of real 

hardware and the rest of the problem (the building, the 

heating system, the control strategy) is reflected in a 

Modelica model. Hereby, the hardware and the virtual 

part are coupled in real-time over a TCP/IP data interface.  

In De La Cruz et al., 2017, an implementation of a 

HIL/real-time simulation test bench for an air to water 

heat pump is presented. In this approach, a real heat pump 

and real weather conditions were combined with a virtual 

Modelica model of the building and occupant’s response, 

for optimizing parameters of the control strategy. 

In opposite to the two mentioned Modelica approaches, in 

which only parts of the building energy system are 
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represented by a virtual Modelica model, the method in 

this paper works as described above with a pure virtual 

model for the controlled system. The first development 

steps in this direction were made within two master theses 

(Shenoy, 2018 and Balakei, 2018). In both theses, 

prototypically real-time couplings between openHAB and 

Modelica were investigated in context of the Rooftop 

building (see more details about the Rooftop building in 

the case study paragraph). Outgoing from these first 

experiences, the research approach, described in the next 

paragraph, was developed by the authors. 

Research approach 

The research approach is based on following components: 

the openHAB software platform, a Modelica library for 

energy building simulation and a real-time coupling 

between openHAB and the Modelica tool, which 

performs the simulation experiment with the digital twin. 

openHAB  

The open Home Automation Bus (openHAB) is a Java 

based software framework, which integrates components 

for building automation from different vendors 

independent from a specific communication protocol on 

one software platform (openHAB, 2019). Because it 

works as a server solution on a Java virtual machine, 

openHAB runs on different operating systems (Linux, 

Windows, MacOS) and hardware (personal computers, 

single-board computers). It is related with the Eclipse 

SmartHome project (Eclipse SmartHome, 2019), which 

delivers the technical core of openHAB. openHAB itself 

is focused on so-called bindings to more than 200 

different technologies (physical hardware, protocols, 

software technologies, web services etc.). Well-known 

examples are the integration of technical devices over the 

Modbus protocol, the integration of commercial software 

solutions for smart home applications such as Apple 

HomeKit, Nest or Philips Hue and the integration of 

weather data services, e.g. the Yahoo weather service. 

Figure 2 illustrates the software architecture of openHAB, 

which includes as the base the runtime for running the 

Java server and a lot of related system components and 

add-ons for the configuration of a specific problem. 

 

Figure 2: openHAB software architecture  

(Source: https://de.wikipedia.org/wiki/OpenHAB) 

System variables in openHAB are defined as Items whose 

states can be updated during the runtime by events. An 

Item represents the current states of continuous variables 

(e.g. temperatures or flow rates) and of discrete variables 

(e.g. the number of operation modes of a technical 

device). The different Items are logically interrelated by 

Rules that define the control strategy of an openHAB 

problem. On the top, the Sitemaps configure the graphical 

appearance in the user interfaces in a web browser or in 

an openHAB app (see the example in Figure 11). 

In our context, the openHAB REST service with its 

Representational State Transfer (REST) API is a very 

important component, because it supports the read and 

write access to the state of every Item during runtime. 

The communication within the openHAB system is taking 

place on the openHAB Event Bus in two directions 

(compare with Figure 3). 

 

Figure 3: openHAB Event Bus  

(Source: https://de.wikipedia.org/wiki/OpenHAB) 

1. Control signals (top down): if a Rule changes the 

state of an Item, this event is registered by the event 

bus and a command is send over the specific binding 

to the respective device (e.g. the rule changes the 

state for a bulb from OFF to ON and set its brightness 

to 50 percent). 

2. Measured signals (bottom up): a sensor registers a 

change of the value of the measured signal (e.g. the 

measured air temperature or the relative moisture of 

a space). This change is sent over the sensor binding 

to the openHAB Event Bus, which triggers an update 

of the state of the respective Item. 

Modelica libraries for the digital twin 

The digital twin – the modelled building energy system –   

is configured as a system simulation model by a combined 

use of following three Modelica libraries:  

1. the BuildingSystems library  

https://github.com/UdK-VPT/BuildingSystems 

(Nytsch-Geusen et al., 2016) for the modelling of 

the building construction and the HVAC system,  
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2. the Modelica_DeviceDrivers library 

https://github.com/modelica/Modelica_DeviceDrivers 

(Thiele et al., 2017) for the bi-directional data 

exchange between the simulated digital twin and the 

parallel running openHAB system and  

3. the Modelica standard library 

(https://github.com/modelica/ModelicaStandardLibrary) 

with a lot of additional needed standard components 

like signal sources, math components etc. 

A fourth library, the Modelica IBPSA library (successor 

of the Annex 60 library, see Wetter et al., 2015) is 

integrated within the BuildingSystems library. 

Following the idea that the digital twin can be exchanged 

against the real existent building energy system while the 

control strategy and the related home automation software 

shall remain the same, a real-time data exchange between 

openHAB and Modelica/Dymola is required. 

Real-time coupling between openHAB and Modelica  

The bi-directional real-time data exchange is realized with 

two Python interfaces (Modelica2openHAB and 

openHAB2Modelica), whereby the REST API of 

openHAB and the UDP sockets to the Modelica 

simulation tool are used as the technical base (see Figure 

4).  The implementation of the Python interfaces were 

done by using the library python-openHAB (python-

openhab, 2019), which supports the access to the REST 

API. For the data transfer from Python to the Modelica 

real-time simulator (Dymola) a Python binding to two 

UDP sockets for sending and receiving data based on the 

C libraries of the Modelica_DeviceDrivers library (Thiele 

et al., 2017) was programmed. 

 

Figure 4: Building automation test bed based on 

openHAB and the digital twin (Modelica) 

Figure 5 shows the inner configuration of the Modelica 

model class, which is responsible for sending and 

receiving a flexible number of Real and Integer values 

from Modelica to the UDP sockets (vectors uReal[], 

uInteger[])and back (vectors yReal[], yInteger[]). 

The outgoing data from the Modelica building/HVAC 

model has to be sampled, serialized and packaged before 

it can be sent to openHAB over the UDP socket. Received 

data packages from a UDP socket by openHAB have to 

be de-serialized, before they can be used within the 

Modelica building/HVAC model. The instance 

synchronizeRealtime guarantees real-time behavior for 

the simulation experiment, real-time capability of the 

numerical digital twin assumed. The experiment 

simulation’s speed can be altered faster or slower than 

real-time by the real-time controller component 

realTimeCon. This feature is important for periods in 

which the control signal from the openHAB side does not 

change and has no impact on the digital twin model 

(controlled system) on the Modelica side. 

 

Figure 5: Component for real time data exchange 

between Modelica and the UDP sockets 

openHAB and the real building system 

Figure 6 shows a typical configuration of an openHAB 

building automation system for a real building. 

 

Figure 6: Building automation system based on 

openHAB and the real building system 

In this case, the data transfer between the different devices 

is routed over the Local Area Network (LAN) by using a 

standard internet router. Three openHAB bindings are 

used: the Modbus binding to connect about 100 signals of 

a heat pump, the Netatmo binding to connect the signals 
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of a Netatmo weather station and the serial bus binding 

which is used for the data exchange with several Arduino 

Mega micro controllers. The Arduino’s are responsible 

for gaining measurement values from different types of 

sensors (solar radiation, ultrasonic distance, temperature, 

moisture, flow rates etc.) and for setting control values of 

actors (e.g. to control the servo-motors of a façade 

shading system). 

Case study 

Rooftop building 

The described approach was evaluated using the example 

of a solar plus energy rooftop building unit for the 

building stock (Figure 7), which was developed and built 

within the international competition Solar Decathlon 

Europe (SDE) 2014 (Figure 8 and Team Rooftop, 2014). 

 

Figure 7: Rooftop building as a solar plus energy living 

unit for the building stock (Team Rooftop, 2014) 

 

Figure 8: Rooftop building on the SDE 2014 competition 

site in Versailles, France (Team Rooftop, 2014) 

The building envelope is equipped with 14 individually 

adaptable façade elements, which are partly covered by 

photovoltaic modules. Together with the fixed installed 

photovoltaic modules on the roof, the total capacity of the 

PV system (84 thin film modules) is 9.6 kWpeak. This 

flexible façade system, installed on both long sides of the 

building, allows a deliberate use off passive solar gains, 

as well as it can serve as a sun protection shield and 

supports an one-axis tracking for an optimized electrical 

yield of the photovoltaic modules, dependent on the 

daytime, the season and the building use. The building has 

a useful area about 52 m2 and is divided in two room and 

a sanitary room (compare floorplan of Figure 9). The 

majority of the technical equipment (heat pump, thermal 

and electrical storages etc.) is placed in a core module in 

the center of the building.  

In 2017 and 2018, the Rooftop building was reconstructed 

on the university campus Berlin-Charlottenburg, where 

the both universities UdK Berlin and TU Berlin use it for 

research and education. The large room on the right side 

serves as a seminar room and the smaller room on the left 

side as a lab. 

 

Figure 9: Floor plan of the Rooftop building  

with seven sliding windows (Team Rooftop, 2014) 

The building envelope is realized as a wooden lightweight 

construction with a high-energy efficiency (U-values of 

the opaque building elements less than 0.14 W/m2K). The 

seven sliding windows on both facade sides (Figure 9) are 

triple glazed and have a U-value of 1.1 W/m2K. 

A reversible air to water heat pump (type Viessmann 

LWZ 304 SOL) with a capacity of 4.3 kW heating power 

(A2/W35) and 3.6 kW cooling power (A35/W7) heats the 

building over a ventilation and floor heating system in 

winter and enables also an active cooling during hot 

summer periods by the use of a cooling ceiling system. 

The heat pump and the PV system work in combination 

with a 200-liter buffer tank and an electric battery with  

4.2 kWh capacity for an optimized energy management. 

A small solar thermal system of 3.2 m2 roof integrated 

vacuum tube collectors and a storage with 235 liter 

generates the hot water for the sanitary room and the 

kitchen. It also supports the heating function of the heat 

pump during sunny days in the heating period. 

The building automation system of the Rooftop building 

is based on an openHAB server. Its runs on a Rasberry Pi 

using openHabian, a preconfigured Linux version of the 

openHAB software platform. The before mentioned 

building technology and further distributed sensors in the 

building are integrated and controllable by the openHAB 

system on a higher building operation level. 

During the reconstruction process, many additional 

sensors within the building construction, the inner air 

space and the building technology were added, for 

performing an energy monitoring of the overall Rooftop 

building and for generating reference values for a 

comparison with its digital twin. 

The digital twin 

The entire system, including the building construction and 

the building technology was modelled as a detailed digital 

twin in Modelica based on the BuildingSystems library. 

This system simulation model of the Rooftop building 

with all its sub system modules – the building model, the 

PV system model and the HVAC model is explicitly 

described in Nytsch-Geusen et al., 2018. 

1234

5 6 7
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Control scenario 

The control scenario specifies an evaluation of an 

openHAB rule, which triggers a reaction of the HVAC 

system dependent on the user behavior. The evaluation 

takes place during a cold winter day with an outdoor air 

temperature about - 0.7 °C and an indoor air temperature 

about 21.8 °C. Following rule was investigated: if one or 

more persons enter the heated building with a “normal 

behavior” – that means he or she opens and closes one of 

the seven sliding windows within 10 seconds – then this 

behavior shall not have an impact on the control strategy 

of the HVAC system. If one or more of the sliding 

windows are staying open longer than 10 seconds with a 

common opening width more than 30 cm, then the 

ventilation system and the circulation pump of the floor 

heating system is switched off for avoiding unnecessary 

energy losses. If the sliding windows are closed again, the 

ventilation system and circulation pump are reactivated. 

The user behavior is tracked by ultrasonic sensors, which 

are individually installed for each sliding window (Figure 

10). These sensors measure the window opening width 

between 0 cm (fully closed) and 160 cm (fully opened). 

 

Figure 10: The ultrasonic sensor, which measures the 

opening width of the sliding windows 

The wished change of the HVAC system behavior is 

realized with the switch of the heat pump operation mode 

from “Automatic mode” to “Manuel mode”: 

 “Automatic mode”: Ventilation rate 140.0 m3/hour; 

flow rate circulation pump 6 liter/minute 

 “Manual mode”: Ventilation rate 0.0 m3/hour;   

flow rate circulation pump 0.0 liter/minute 

Because the ventilation rate and the flow rate for each 

operation mode are predefined values of the heat pump, 

the rule in openHAB has to trigger only the change of the 

operation mode:  

rule "Initialization of parameters" 

 when 

  System started 

 then 

  operMode.sendCommand(11) // automatic mode 

  Thread::sleep(1000) 

end 

rule "Set operating mode from automatic 

      mode to manual mode and back" 

 when 

  Member of Doors changed 

 then 

  logInfo("RooftopSystem.rules", "start") 

  var dst = Dst1.state as DecimalType +  

            Dst2.state as DecimalType + 

            Dst3.state as DecimalType +           

            Dst4.state as DecimalType + 

            Dst5.state as DecimalType + 

            Dst6.state as DecimalType +   

            Dst7.state as DecimalType; 

  var Number minSum = 30 

  var Number operMode2nd = 14 // manual mode 

  var Number ruleContr = 20 

  if (dst >= minSum){ 

   Thread::sleep(10000) 

   if (dst >= minSum){ 

    if (operMode.state !=operMode2nd){                                  

     postUpdate(operMode_Proxi,operMode.state); 

     sendCommand(operMode, operMode2nd); 

  }}} 

  if (dst < minSum){ 

   Thread::sleep(10000) 

   if (dst < minSum){ 

    if (operMode.state == operMode2nd &&  

        operMode_Proxi.state != ruleContr){ 

     sendCommand(operMode, operMode_Proxi.state  

       as DecimalType); 

     postUpdate(operMode_Proxi, ruleContr); 

  }}} 

end 

Figure 11 shows the related openHAB Sitemap of the 

described control scenario. 

 

Figure 11: openHAB GUI of the control scenario 
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Simulation based evaluation (digital twin) 

In the first step, the openHAB rule is evaluated with the 

simulated system states of the digital twin, modelled in 

Modelica (compare with Figure 12). For this purpose, 12 

values are sent over the Modelica2openHAB interface: 

 ambience and the room air temperature, 

 opening widths of sliding windows 1 to 7, 

 mass flow rate of the circulation pump and 

 ventilation supply flow rate and extract flow rate. 

The digital twin receives only one value, the operation 

mode of the heat pump over the openHAB2Modelica 

interface. 

Figure 13 illustrates the structure of the HVAC system, 

which includes also the heat pump model. This model 

obtains its operation mode as in input signal by openHAB. 

 

Figure 13: Sub model of the HVAC system 

If it is working in the automatic mode then the two local 

controllers are regulating the valve positions of the 

hydraulic distributor for the four loops of the floor heating 

system related to the set point temperature of the 

respective rom. When the heat pump switches to the 

manual mode then the distributer valves are totally closed 

and the flow rates in the floor heating loops are reduced 

to zero. 

Figure 14 shows on a more detailed level the inner 

structure of the heat pump model. The two integrated fans 

are responsible for providing the building with fresh air 

and transporting the used air into the environment. They 

are thermally connected via a heat recovery system for 

minimizing the ventilation energy losses. In the automatic 

mode, the fans are working with the predefined air flow 

rates (in the scenario both with 140.0 m3/hour). If the 

manual mode is active, both fans are switched off and the 

airflow rates are set to zero. 

 

Figure 14: Heat pump model for the device  

Stiebel Eltron LWZ 304 SOL 

Local controllers and hydraulic distributor 
for the floor heating system

Heat pump 
model

Operation mode signal 
by openHAB

Supply and extract fans and heat recovery 
system of the ventilation system 

Figure 12: Digital twin (Modelica model) of the energy supply system of the Rooftop building 
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In the simulation experiment, the outdoor air temperature 

is set to a constant value of - 0.7 °C and the direct and 

diffuse solar radiation to 0 W/m2, because the outside air 

temperature during the real experiment was 

approximately constant and the experiment took place 

after sunset. 

 

Figure 15: Simulated based evaluation of the control 

scenario in Modelica 

Figure 15 shows a section of the real-time experiment 

between 400 and 2,400 seconds. At time 600 seconds, the 

sliding window 7 is opened to an opening width of 155 

cm for 20 minutes. This triggers the rule in openHAB to 

change the operation mode of the heat pump from 

automatic (11) to manual (14) that means the flow rates 

for the ventilation system and for the hydraulic system of 

the floor-heating system are set to zero. At time 1,800 

seconds, the sliding window is closed again, so the 

operation mode switches back to automatic and the 

ventilation system and the floor heating system is switch 

on again. Because of this, the room air temperature is now 

increasing to its set value of 21.8 °C. 

Evaluation with the real building 

In the second step, the same openHAB rule is applied to 

the real energy system of the Rooftop building. The 

experiment with the real building energy system was 

performed with similar boundary conditions as the virtual 

experiment with its digital twin (outside air temperature, 

set air temperature, opening time and opening width of the 

sliding window 7). Figure 16 demonstrates that the 

behavior of the control strategy remains the same 

(switching the operating mode from automatic to manual 

after the sliding window was opened and back to 

automatic when it was closed later). 

 

Figure 16: Evaluation of the control scenario with the 

real building 

Discussion 

The comparison of the experiments for the digital twin 

and for the real building (both evaluated with the same 

openHAB rule) indicates a similar system behavior. The 

natural ventilation effect through the almost complete 

opened sliding window over 20 minutes drastically 

reduces the room air temperature. In both cases, the heat 

pump operation mode is changing corresponding to the 

same pattern. Therefore, it can be stated that the approach 

works in practice as theoretically formulated before. 

However, the speed of lowering the room air temperature 

still shows clear differences: in the simulation model, it 

drops significantly faster than measured and remains on a 

higher temperature level as in the experiment (about 8 °C 

in the simulation experiment and 4 °C measured). These 

differences could be caused by following reasons:  

 The simulation model calculates only one thermal 

node for the enclosed air in the considered room. This 

calculated mean value can differ from the local 

situation, where the temperature sensor in the practical 

experiment was placed (in a height of 70 cm on the 

table in the middle of the room). Caused by the natural 

ventilation process, the warm air leaves the room 

through the upper half of the full opened sliding 

window and the cold air from the enviroment enters 

the room in the lower half of the opening. This leads 

to a strong thermal stratification within the room 

during the ventilation process, which can not be 

precisely reflected by an ideal-mixed air model and 

only one measurement point in the real experiment.  

 All numerical nodes in the model of the building 

construction are initialized with 20 °C. Perhaps the 

built-up time of the simulation experiment is still too 

short for developing the typical temperature gradient 
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from warm (room) to cold (ambience) in the layered 

models of the opuaqe building constriuctions. In this 

case, more thermal energy would be transferrend from 

the “warmer” building construction to the air, when 

the floor heating system is switched off in the manual 

mode of the heat pump and finally this would results 

in a higher indoor air temperature level as in the 

reality. 

Conclusion and outlook 

The described approach that a digital twin can serve as the 

base for the evaluation of building control strategies was 

successfully demonstrated in a first case study of the 

Rooftop building. The control algorithm formulated as an 

openHAB rule and the controlled system show in both 

worlds - the virtual world of the simulation model and the 

real physical world – a similar behavior.  

There are still significant differences in the respective 

indoor air temperatures. This could be improved by the 

use of a spatial resolved Modelica thermal room model 

(Mucha et al., 2015) and also physical measurements of 

the air temperature in different heights of the room in the 

Rooftop building. 

Future research will focus on the evaluation of control 

strategies for other control topics of the Rooftop building. 

In this context, the complexity of the formulated 

openHAB rules will be increased. For example, control 

strategies for the optimal positions of the 14 adaptable 

façade elements with the integrated photovoltaic elements  

should be evaluated:  which algorithm can maximize the 

generated electricity by an one-axis tracking on the one 

hand and can also regulate the passive solar gains through 

the transparent façade of the building (e.g. optimized sun 

protection in summer and maximum use of solar energy 

in winter) on the other hand?    

Acknowledgments 

The research described in this paper was conducted within 

the research project “WaveSave: Planung und Steuerung 

von dezentralen Energiesystemen in Gebäuden zur 

nachhaltigen, ressourcenschonenden und wirtschaftlichen 

Strom- und Wärmeversorgung” and funded by the Federal 

Ministry for Economic Affairs and Energy in Germany 

(reference: 03ET1312B). 

References 

Balekai, P. (2018). Energy performance analysis of single 

axis tracking PV system for the Rooftop Building 

based on Modelica and openHAB. Master thesis, 

Technische Universität Berlin, Berlin, Germany. 

De La Cruz, A.T.; Riviere, P.; Marchio, D.; Cauret, O. and 

Milu, A. (2017). Hardware in the loop test bench using 

Modelica: A platform to test and improve the control 

of heating systems. Applied Energy, Volume 188, 

Pages 107-120. 

Eclipse Smart Home (2019). A Flexible Framework for 

the Smart Home. Official website 

https://www.eclipse.org/smarthome. 

Mucha, K.; Nytsch-Geusen, C.; Wölki, D. and van 

Treeck, C. (2015). A zonal room model in combined 

simulation with a physiological human response 

model to quantify indoor heat stress risks. Proceedings 

Building Simulation Conference 2015, December 7-9, 

Hyderabad, India. 

Nytsch-Geusen, C.; Banhardt, C.; Inderfurth., A.; Mucha, 

K.; Möckel, Jens; R., Jörg; Thorade, M. and Tugores, 

C. (2016) BuildingSystems – Eine modular 

hierarchische Modell-Bibliothek zur energetischen 

Gebäude- und Anlagensimulation. Conference 

Proceedings BAUSIM 2016 IBPSA. Dresden, 

Germany. 

Nytsch-Geusen, C.; Kaul, W. and Kharraz., S. (2018). Der 

digitale Zwilling in der energetischen Gebäude- und 

Anlagensimulation. Conference Proceedings 

BAUSIM 2018 IBPSA. Karlsruhe, Germany. 

openHAB (2019). openHAB Release 2.4.  Official 

website: https://www.openhab.org. 

python-obenhab (2019). Python library for accessing the 

openHAB REST API. GitHub repository 

https://github.com/sim0nx/python-openhab 

Schneider, G.F.; Oppermann J.; Constantin, A.; Streblow, 

R. and Müller, D. (2015). Hardware-in-the-Loop-

Simulation of a Building Energy and Control System 

to Investigate Circulating Pump Control Using 

Modelica. Proceedings of the 11th International 

Modelica Conference, September 21-23, Versailles, 

France. 

Shenoy, R.V. (2018). Design of a building control 

strategy for a reversible heat pump system based on 

openHAB. Master thesis, Technische Universität 

Berlin, Berlin, Germany. 

Team Rooftop (2014). Deliverable 6 & 7, Solar Decathlon 

Europe 2014. Documentation Team Rooftop. Berlin 

University of the Arts and Technische Universität 

Berlin, Germany. 

Thiele, B.; Beutlich, T.; Waurich, V.; Sjölund and M.; 

Bellmann, T. (2017). Towards a Standard-Conform, 

Platform-Generic and Feature-Rich Modelica Device 

Drivers Library. Proceedings of the 12th International 

Modelica Conference, May 15 – 17. Prague, Czech 

Republic. 

Wetter, M.; Fuchs, M.; Grozman, P.; Helsen, L.; Jorissen, 

F.; Lauster, M.; Müller, D.; Nytsch-Geusen, C.; 

Picard, D.; Sahlin, P.; Thorade, M. (2015). IEA EBC 

Annex 60 Modelica Library - An international 

collaboration to develop a free open-source model 

library for buildings and community energy systems. 

Proceedings Building Simulation Conference 2015, 

Hyderabad, India. 

 

 

________________________________________________________________________________________________ 

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

 
4148

 

 
  



Towards Assessing Houses Resistance and Resilience Indicators At Inhabitants’ Actions 

Using Temporal Sensitivity Analysis 

 

Léa Gondian1, 2, Jeanne Goffart1, Monika Woloszyn1, Catherine Buhé1, Philippe Maréchal2, Étienne 

Wurtz2 
1Univ. Grenoble Alpes, Univ. Savoie Mont Blanc, CNRS, LOCIE, Chambéry, France. 

2Univ. Grenoble Alpes, CEA, LITEN, INES, Le Bourget-du-Lac, France. 

 

 

 

Abstract 

This paper tends to evaluate the robustness of the summer 

building behaviour under inhabitants’ actions. For that, 

two indicators are introduced: the resilience and the 

resistance of a building at the inhabitants’ action. They 

evaluate by means of time-dependent sensitivity analyses 

how in amplitude and duration an inhabitants’ action 

impacts the indoor operative temperature. The 

inhabitants’ actions under the scope of the study are time-

related and are: the opening of blinds and windows, the 

use of electrical appliances and the use of mechanical 

night ventilation. The evaluation of these indicators for 

two different designs of a low-energy house (with and 

without overhangs) reveals for both cases that the opening 

of windows in the morning is the action with the most 

influence during an heat-wave period in term of intensity 

and persistence in time. 

Introduction 

Occupant summer thermal comfort is and will be an issue 

when designing residential buildings. There are mainly 

two reasons for that: first, due to climate change, 

temperatures in summer will be higher, and longer periods 

of heat-waves i.e. abnormally high temperatures during 

several consecutive days are expected (IPCC, 2012), 

secondly, for environmental and energy savings purposes, 

it is beneficial to achieve thermal comfort in residential 

buildings without air-conditioning.  

To assess the capability of future buildings to achieve 

summer thermal comfort, several indicators have been 

developed. Carlucci (2012) performed a review of these 

indices and Silva (2016) used 37 long-term thermal 

comfort indices to analyse them and divided them into 

percentage outside range of PMV and operative 

temperature; exceedance hours of PMV and operative 

temperature; degree-hour criterion of operative 

temperature; PPD-based; PPD weighted criterion; and 

operative temperature weighted criterion. Nevertheless, 

these approaches do not provide practical guidance for the 

designer to assist them in designing more summer 

efficient residential buildings.   

Moreover, many studies have shown the influence of 

occupant behaviour on building summer thermal 

performance (Vorger, 2014; Silva, 2014) and it would be 

beneficial to exploit that knowledge to design building 

that are more efficient and robust i.e. better summer 

comfort even during occupancy. In addition, all these 

studies have shown the possibility to use sensitivity 

analysis to assess the impacts of occupant behaviour on 

building summer thermal performance but none of them 

proposes to develop indicators using sensitivity analysis 

results to conduct a better design of residential building.  

In this paper, two indicators that observe these 

specifications are introduced: the resilience and the 

resistance of the building at the occupant action. The first 

section of the paper describes the development of these 

indicators. In the second section, the two developed 

indicators are applied to a reference case (with overhangs) 

and to an alternative design (without overhangs) of a low-

energy house to study the impact of the design on the 

robustness of the summer building behaviour. 

Indicators development  

The objectives of the two developed indicators seek to 

respond to two questions when one is interested in 

building thermal performance evaluation of a free-

running residential building during the design phase. How 

intensely might an occupant action affect indoor 

temperature? And for how long? The first indicator, 

named the resistance of the building, reflects the impact 

of a precise action on the indoor operative temperature in 

a zone of the building during a heat-wave period. The 

second one, named resilience of the building, reflects the 

duration of the studied impact during the same heat-wave 

period. To compute the indicators, a temporal sensitivity 

analysis with time-related inputs is requested. The time-

related inputs are inhabitants’ actions and are introduced 

in the following subsection. Then the sensitivity analysis 

method used in this study is described and finally 

indicators’ definitions are set.  

Time-related occupants’ actions  

Occupant behaviours in building performance simulation 

(BPS) tools are traditionally described by static schedules 

(Yan, 2015; Saelens, 2011). As these static schedules are 

not able to reflect the stochastic nature of occupant 

behaviour, more complex occupant behaviour models 

were developed (Vorger, 2014). These stochastic models 

are based on monitoring campaigns or surveys that 

measure/indicate each targeted behaviour at the same time 

as contextual factors. By a statistical approach, 

relationship between these factors and behaviours are 

explained and at each time step, the probability of an 

action is assessed. With this more complex model, it is 

possible to obtain a variability of scenarios under the same 

environment and to produce scenarios that are more 
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realistic. However, with this approach, it is not possible to 

study the influence of occupant behaviour on building 

thermal performance using a sensitivity analysis as the 

sampling for the sensitivity analysis will be done on the 

inputs of the stochastic models i.e. on the contextual 

variables and not on the occupant actions. For this reason, 

stochastic model is not implemented in our study.  

Moreover, in low-energy housing, it is expected in 

summer that inhabitants follow different 

recommendations at every moment of the day to achieve 

thermal comfort. The designer advises them to close the 

blinds during the day, to use night ventilation, to reduce 

internal heat gains and to close windows during the day to 

avoid warmer air to go inside and. Nevertheless, several 

feedbacks show that these recommendations are not 

always followed as inhabitants meet some constraints 

(noise, security, daylighting needs, feasibility…) to apply 

them (Brisepierre, 2015). 

To study the impact of inhabitants’ actions over time, the 

inhabitants’ actions under scope of this study are:  

 setting blinds position  

 windows ratio of opening 

 ratio of usage of electrical appliances  

 use of mechanical night ventilation   

and to get temporal information about the influence of 

these actions on the indoor temperature, some of them 

were differentiated for different moments of a day. By that 

means, 12 inputs actions are obtained: 

 blinds position respectively between 8 a.m.-12 p.m., 

12 p.m.-2p.m., 2 p.m.-6 p.m., 6 p.m.-9 p.m. 

 windows ratio of opening between 7 a.m.-8 a.m., 12 

p.m.-1 p.m., 8 p.m.-9 p.m. 

 ratio of usage of electrical appliances between 7 a.m.- 

8 a.m., 12 p.m.-1 p.m., 8 p.m.-9 p.m., constant over 

time 

 use of mechanical night ventilation between 10 p.m.- 

7 a.m.  

The previous actions are intermittent and reproduced 

daily (except for constant plugs loads). The daily division 

for each action was settled so that it tends to represent 

variability of pseudo inhabitants’ habits and mimic 

inhabitants that are actively using windows and electrical 

appliances in the morning, at lunch time and in the 

evening and that control blind position once for each 

period of the day. The possible values of the actions are 

randomly taken on consistent operating range that are be 

introduced in next section. 

This paper aims to use the results of a BPS tool 

[EnergyPlus] of a summer free evolution low-energy 

house to evaluate the influence of time-related occupant 

actions on indoor operative temperature using the 

presented static schedule-based behaviours and through a 

sensitivity analysis. In first study, there is no 

differentiation between the days of the week. 

Sensitivity analysis 

In this study, a global sensitivity analysis method is used. 

The random balance design-Fourier amplitude sensitivity 

test method (RBD-FAST), available on SALib 

(Sensitivity Analysis Library) in Python has been selected 

as it is a robust and low-cost simulation sensitivity 

analysis method and it provides an accurate estimation of 

all the first-order sensitivity indices of inputs on a model 

output (Tarantola, 2006). It is a variance-based method 

and according to Sobol decomposition, the total variance 

V obtained of the output can be split into a sum of 

fractional variances: 

𝑉 = ∑ 𝑉𝑖 +𝑚
𝑖=1 ∑ 𝑉𝑖𝑗 + ⋯ + 𝑉1⋯𝑚

𝑚
𝑗>1   (1) 

where Vi is the partial variance related to the input xi alone 

among the m inputs and the other terms represent the 

variance explained by inputs interactions in the model. 

First-order sensitivity index Si are obtained by dividing 

Equation (1) by the total variance and give: 

1 = ∑ 𝑆𝑖 +𝑚
𝑖=1 ∑ 𝑆𝑖𝑗 + ⋯ + 𝑆1⋯𝑚

𝑚
𝑗>1   (2) 

with 𝑆𝑖 = 𝑉𝑖/𝑉 [-] and the other terms are the sensitivity 

index of order 2 to m. RBD-FAST is a frequency analysis, 

it computes the total and partial variance of the model 

output and gives access to the first-order sensitivity 

indices with only one dataset of simulation. The sampling 

method use in RBD-FAST is the well-know and efficient 

Latin Hypercube Sampling method with a permutations 

trick. More information and details about RBD-FAST 

applied on BPS tool can be found in Goffart (2015). 

Indicators 

The two indicators that are the focus of this study can be 

derived from the results of the temporal sensitivity 

analysis, i.e., sensitivity index at each time step for which 

the 12-presented actions are the inputs and the hourly 

zone operative temperature obtained by a BPS model is 

the output. The indicator of resistance [°C²] of the 

building for the ith-action is defined by: 

𝑟𝑒𝑠𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖 = max
𝑡0≤𝑡≤𝑡𝑚𝑎𝑥

[𝑉𝑖
∗(𝑡)]   (3) 

Where Vi
* represents the signed partial variance related to 

the input xi alone and the sign of the partial variance is 

determined by a linear regression process between the 

action i and the output, t0 and tmax respectively represent 

the beginning and the end of the heat-wave period and 

within which the partial variance of each input is 

reassessed at each time step. In our study, the time step 

for the sensitivity analysis is fixed at one hour.  The 

resistance to an action is therefore the maximal value of 

the variance of the operative temperature that can be 

assigned to the action alone for heat-wave period. 

The indicator of resilience [h] of the building for the ith-

action is defined by: 

𝑟𝑒𝑠𝑖𝑙𝑖𝑒𝑛𝑐𝑒𝑖 = 𝑚𝑎𝑥[𝑡𝑝 − 𝑡𝑘] {

𝑉𝑖
∗(𝑡) ≠ 0∀𝑡 ∈ [𝑡𝑘; 𝑡𝑝]

𝑡𝑝, 𝑡𝑘 ∈ [𝑡0; 𝑡𝑚𝑎𝑥]

𝑝 > 𝑘

(4) 

The resilience of an action is therefore the longest 

duration in hours within the heat-wave period for which 

the partial variance never equal zero. That means that it is 

the longest period when an input continues to affect the 

operative temperature. In our study, the partial variances 

are set to zero in two cases. The first case is when Si(t), 

the first order sensitivity index at time step t of the input 
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xi, is less than 5%. The second is when V(t) is less than 

0,06°C² ≈ σ(t) < 0,25°C with σ the standard deviation to 

ensure that relative impacts on the temperature are 

significant. 

Case Study 

This research has been carried out by using as case study 

a model of an already built house located in Paris area 

(France) that is part of a French research and development 

project named COMEPOS (www.comepos.fr), which 

aims to optimise the design of plus-energy houses. 

Building description 

The building is north-south oriented detached house. It is 

a low-energy building with a lounge/kitchen room in the 

first floor and three bedrooms in the second floor for a 

total living surface area of 80 m². The house is well 

insulated with interior insulation wall composed of glass 

wool layer (R=1,2m².K/W) and polyurethane foam layer 

(R=4,4m².K/W). The floor insulation is made of 

polyurethane layer (R=4,7m².K/W). The roof is insulated 

with glass wool (R=12,4m².K/W) and  South facade has 

double-glazed windows while for North facade triple 

glaze windows were installed. The ventilation system is a 

double flow mechanical ventilation system with heat 

recovery and bypass. Figure 1 shows the reference case 

with 1-m depth solar overhangs and the alternative design 

without solar overhangs. 

 

Figure 1: South facade of the case study modelled with 

OpenStudio SketchUp Plug-in: reference case (on the 

left) and alternative design (on the right) 

Modelling and simulation 

This study uses version 8.6.0 of the EnergyPlus software 

to compute operative temperature in each thermal zone of 

the building. Each room of the building has been 

described as a thermal zone for a total of 10 thermal zones. 

For this study, sensitivity analysis is run with 1000 

simulations (convergence issues will be discussed later in 

the present paper). The time step of EnergyPlus 

computation is 10 minutes. Using LHS 1000 samples 

were created and propagated into EnergyPlus. In the next 

paragraphs is described how the four actions (12 inputs) 

of inhabitants under study are modelled in the software 

and detailed information about their range of variations 

are given. Table 1 summarizes the 12 inputs and their 

range of variation. The weather file used in this paper is a 

2018-historical weather file from Melun (France) located 

at 20km from the house. That year, a hot summer with a 

16-day period of heat-wave has been recorded in France 

from the 24th July to 8th August. It is the second warmest 

summer, just after summer 2003 according to the French 

weather agency MétéoFrance.   

1. Blind ratio 

Designer recommend to totally close shading devices 

during the day to avoid solar irradiation to enter the local. 

However, inhabitants keep control the blind position. The 

blind can vary from totally open to totally closed position. 

As EnergyPlus does not permit to partially open/close 

blinds, each window of the building has been split in nine 

parts, as it can be seen in Figure 1 and a proper blind is 

attributed to each segment of the window. At the sampling 

phase, for this input, a number x between [0;1] is obtained 

for each sample. If x < 0,10, all blinds are activated, for 

0,10 ≤  x < 0,20 only the blind on the lowest segment of 

the window is not activated and that represents ≈ 11,1% 

of opening of the blinds, for 0,20  ≤ x  < 0,30, the blinds 

on the two lowest segments of the window are not air 

activated (≈ 22,2 % of shading) until 0,90 ≤ x ≤ 1 where 

all blinds of are totally opened. When generating the idf 

files i.e. input files of EnergyPlus, all shading devices of 

all the windows of the building follow the same position. 

Because blind position is differentiated at four different 

moments of the day, the presented process is repeated four 

times. Finally, for example, the blind position between 8 

a.m. - 12 p.m. is the same for all the windows of the house 

and remains the same for all days in a same simulation.   

2. Windows ratio of opening 

It is recommended to keep windows closed when outside 

air temperature is warmer than indoor temperature and to 

open them when it is possible to use free cooling. In this 

study, a model of EnergyPlus, derived from Bernoulli 

equation, that relate natural ventilation flow rate Qnat_vent 

[m3/s] by opening area with the local wind speed Uwind 

[m/s] and thermal stack effect has been used (Equation 

(5)). This model describes air movement in a simplest 

way than CFD (Computational Fluid Dynamic) so it less 

time consuming and it is possible with the model to 

specify the ratio of opening of the window Rop [-]  that is 

one input of interest in this study: 

𝑄𝑛𝑎𝑡_𝑣𝑒𝑛𝑡 = 𝑅𝑜𝑝𝐴𝑜𝑝 ∗ √𝐶1𝑈𝑤𝑖𝑛𝑑
2 + 2𝐶2𝑔𝐻

|∆𝑇|

𝑇𝑧𝑜𝑛𝑒
     (5) 

where Aop [m²] is the area of the window, g is the 

acceleration due to gravity, H [m] is the height between 

the lowest and highest point of the openings and ΔT is the 

difference of air temperature in the zone (Tzone [K]) and 

the outdoor (Tout [K]). C1 and C2 are constant and are 

respectively the opening effectiveness and a discharge 

coefficient of the opening.  C1 depends on the angle 

between wind direction and the opening face orientation. 

C2 is calculated according to: 

𝐶2 = 0,40 + 0,0045|𝑇𝑧𝑜𝑛𝑒 − 𝑇𝑜𝑢𝑡|   (6) 

In each room, this model is applied when Tout is more than 

10 °C and the ratio of opening is the same for every 

window of the house but is differentiated for the three  

periods of a day and the three values remain the same in 

one single simulation. 
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Table 1: List of inputs for the sensitivity analysis and variation range 

Inhabitants’ actions Schedule time Distribution Mean Interval Min. Max. 

1-Blind_position_morning [%]  (opening) 8 a.m.-12 p.m. Uniform 50 +/-100 % 0 100 

2-Blind_position_lunch [%]  (opening) 12 p.m.- 2 p.m. Uniform 50 +/-100 % 0 100 

3-Blind_position_afternoon [%]  (opening) 2 p.m.- 6 p.m. Uniform 50 +/-100 % 0 100 

4-Blind_position_evening [%]  (opening) 6 p.m.- 9 p.m. Uniform 50 +/-100 % 0 100 

5-Window_ratio_morning [%]  (opening) 7 a.m.- 8 a.m. Uniform 50 +/-100 % 0 100 

6-Window_ratio_lunch [%]  (opening) 12 p.m.-1 p.m. Uniform 50 +/-100 % 0 100 

7-Window_ratio_evening [%]  (opening) 8 p.m.- 9 p.m. Uniform 50 +/-100 % 0 100 

8-Plug_loads_morning [W] 7 a.m.- 8 a.m. Uniform 368 +/-50 % 184 552 

9-Plug_loads_lunch [W] 12 p.m.-1 p.m. Uniform 368 +/-50 % 184 552 

10-Plug_loads_evening [W] 8 p.m.- 9 p.m. Uniform 368 +/-50 % 184 552 

11-Plug_loads_stand_by [W] 24-hour Uniform 88 +/-50 % 44 132 

12-Night_control_ventilation_flow_rate [m3/h] 10 p.m.- 7 a.m. Uniform 120 +/-25 % 90 150 

3. Plug loads 

Electrical equipment in a zone such as computers, 

televisions, and cooking equipment, also known as “plug 

loads” consume energy that might become a heat gain in 

the zone and affect indoor temperature. Therefore, it is 

recommended to limit (not to stop) the use of this 

equipment and the stand-by mode as far as possible in a 

period of heat-wave. Instead of listing and modelling 

every single equipment in the house, the choice was made 

to use the average ratios from the French thermal 

regulation that define a ratio per square meter of the 

average power uses during active phase of 4,6W/m² and a 

ratio per square meter of the average power uses in stand-

by mode of 1,1W/m². These ratios were calculated by 

considering cooking, washing, refrigerating, audio-visual 

and computer equipment. As this equipment are mostly 

located in the lounge/kitchen zone, these ratios were 

applied to the total living surface area but the obtained 

power was only affected to this zone. As these ratios from 

regulation are average values, it is possible to define a 

range of variation +/-50% around these values to assess 

higher and lower level of household equipment. Finally, 

in this study, it was considered that 100% of energy use is 

converted into heat and scenario of usage are 

differentiated at three moments of the day.  

4. Ventilation 

At night, the use of a higher speed level of ventilation’s 

fan is encouraged to dissipate heat that the building may 

have accumulated. According to the fan’s documentation 

and to the topology of the case study ventilation rate can 

vary from 90m3/h (base level of 0,5ach) to 150m3/h (boost 

level of 0,9ach) according to the speed level. However, 

inhabitants keep control on the speed level and do have to 

reset speed fans every night. In this context, night 

ventilation rate can vary between the base speed level and 

the boost speed level. To ensure the consistency with the 

other inputs, continuous values between these two speeds 

are taken. In the model, a separate ventilation was 

dedicated for each zone and the ventilation rate of a single 

zone is proportional to the volume of the zone as previous 

values are given for the whole building.  

Results  

Presentation of the results 

With 1000 simulations for each case, (=1000 combinations 

of actions) indicators are calculated in the lounge/kitchen. 

For that, sensitivity analysis is run for every hour of the 

heat-wave period i.e. 384 hours. The time calculation of 

1000 simulations is around 180 minutes with 8 

processors. Before presenting and comparing the 

computed indicators, intermediate results are shown for 

one case: a study of the behaviour of the variability of the 

output, the evolution of the computed sensitivity index 

and the partial variance due to each input over time. 

Intermediate results for the reference case 

All the results of a sensitivity analysis depend on either 

the observed dispersion of the output i.e. the hourly 

operative temperature in a zone is significant or not.

 

 

Figure 2: Time evolution of the variability of the 

operative temperature in the lounge/kitchen with (a) the 

median, the 50% (dashed line) and 95% (dotted line) 

confidence intervals and (b) the standard deviation  
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For that, Figure 2 shows the evolution of the variability of 

the indoor operative in the lounge/kitchen room during 

five days of the heat-wave period of the summer 2018. 

In Figure 2(a), the median value, the standard deviation as 

well as the 50% and 95% confidence intervals of the 

operative temperature under the 1000 simulations have 

been plotted along with weather conditions. During the 

heat-wave period, the mean value of the mean operative 

temperature is about 26,1°C and the mean standard 

deviation is 0,56°C. During the same period, the 

maximum amplitude of the 95% interval confidence is 

4,7°C and the operative temperature may reach 32,0°C. In 

Figure 2(b), it is possible to observe more clearly the 

behaviour of the variability of the operative temperature 

in the zone i.e. how the variability and the intermittency 

of the inhabitants’ actions affect the variability of the 

output differently over time.  

To quantify the influence of each input variability on the 

output variability, the first-order sensitivity indexes were 

computed for each hour and are represented in Figure 3 

on a stacked area plot for five days of the heat-wave 

period. The indices give the relative influence, between 0 

and 1, of each input on the output variability. On the 

bottom, the actions that have little influence all over time 

are plotted in grey colour. When the sum of all first-order 

indices is closed to 1 that means that there is no noticeable 

interaction between inputs on the operative temperature 

over time whereas a value significantly different reflects 

presence of interactions.  

 

Figure 3: Stacked area plot of first-order sensitivity 

indices  

The indices show that the use of electric equipment in 

stand-by mode, the ratio of opening of windows in the 

morning, the ratio of opening of blinds in the morning as 

well as in the afternoon are inhabitants’ actions that have 

a high influence on the operative temperature in the 

lounge/kitchen. For example, the 01/08 at 11 a.m., the 

ratio of opening of blinds in the morning and the ratio of 

opening of windows represent, respectively, 30% and 

19% of the total variance (0,39°C²) at that time. 

Moreover, results also show that an inhabitant action 

affects the temperature in a zone not only when it took 

place but also several hours after it has finished. For 

example, the opening of blind in the morning happens at 

8 a.m., lasts for four hours, and still have an influence on 

the variability of the operative temperature superior to 

10% until 6 a.m. the next day.  

It is also necessary to verify if 1000 simulations are 

sufficient for robust assessment of sensitivity. For that, a 

convergence analysis has been carried out. Figure 4 shows 

the convergence of the mean and the variance of the 

operative temperature in the lounge/kitchen for the 01/08 

at 11 a.m., as well as the convergence of the sensitivity 

index of the most influential input at that time i.e. the ratio 

of opening of the blinds in the morning. 

 

 Figure 4: Convergence plot of the mean, the variance of 

the output and the first-order sensitivity index of the 

most influential input for one time step (01/08 11 a.m.) 

With 800 simulations, the total variance is the interval of 

5% of confidence (red dashed line) whereas with only 650 

simulations (red dotted line), it is possible to obtain a 

confidence interval of 10%.  
As it can be seen in Figure 2(b) that over time the 

variability of the output is not constant, it is therefore 

relevant to determine at each time step which input is 

influent and how intensely using absolute values and not 

only the relative influence at each time step as done by the 

classic sensitivity indexes represented in Figure 3. For 

that, partial variance values related to each input have to 

be determined at each time step. The respective partial 

variance related to each input was represented in Figure 5 

on a stacked area plot for five days of the heat-wave 

period. It corresponds to the product between the pre-

determined first-order sensitive indexes and the pre-

determined total variance. The sum of the partial 

variances is equal to the total variance in accordance with 

Equation (1) and the variability over time of the total 

variance has already been visualised in Figure 2(b) 

as 𝜎(𝑡) =  √𝑉(𝑡). For the eight most influential 

inhabitants’ actions, the respective partial variance has 

been plotted on a separated plot in Figure 6 for the whole 

period of the study. The ratio of opening of the windows 

in the morning is the action that affects the most the 

amplitude of the operative temperature in the 

lounge/kitchen. In Figure 5, it can be seen a peak of the 

total variance, when the action occurs, which is about 
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three times higher than the variance of the output 

observed at other moments. 

 

Figure 5: Stacked area plot of all partial variance values  

 

 Figure 6: Partial variance evolution over time for the 

most influential inputs 

Other inputs, as the ratio of opening of the blinds in the 

morning affect the temperature with less amplitude but for 

a long period over a day as its partial variance equals zero 

only a few times on the period (Figure 6).  

To determine if the contribution of each input tends to 

obtain high or low temperatures in the zone, linear 

regression coefficients were computed for each input and 

for each time step along with the indoor temperature. 

Figure 7 shows one scatter plot with its linear regression 

curve. It represents the indoor temperature the 01/08 at 11 

a.m. for the 1000 simulations respectively with the ratio 

of opening of the windows in the morning. As expected, 

for that parameter and at that time step, coefficient of 

regression is negative. The sign of partial variance of each 

parameter for every time step is determined similarly and 

partial variance values are then multiplied by -1 or 1 

depending of the result. 

  

Figure 7: Scatter plot and linear regression curve 

between the indoor temperature and action n° 5 

The Figure 8 shows the result of that analysis. On that 

figure, y-axis has been rescaled for each input to visualize 

the behaviour. It can be observed that there are two types 

of inputs. One categorie of inputs always impacts the 

temperature in the same way i.e. the related partial 

variance is always positive or negative and others for 

which the sign obtained by linear regression can vary 

between time steps. For example, it can be seen that the 

opening of windows in the morning is an inhabitant action 

that implies to obtain low temperature, whereas the 

opening of windows in the everning can either allow to 

obtain lower temperature as for example the 28/07 or also 

higher temperature like the 27/07, depending on the 

climate. 

Computed indicators 

Both the resistance and resilience indicators were 

determined for each inhabitant action and for the 

lounge/kitchen (South-Est oriented). In Figure 9, one 

example of the graphical display of the two indicators is 

represented for one input for the reference case. Finally 

and because of the significant quantity of information to 

visualise, it is relevant to evaluate the indicators that 

aggregate results rising from the signed partial variances 

curves analyses. 

The results for the indicators of resistance and resilience 

for reference case are shown in Table 2. The results show 

that the opening of the windows at 12 p.m. or at 8p.m. are 

the two most “harmful” actions as the computed 

resistance for both of these actions are the highest.  
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Figure 8: Signed partial variance evolution over time for 

the most influential inputs 

Nevertheless, indicators reveal that the way the 

inhabitants employ blinds in the morning and in the 

afternoon have a lower impact in amplitude (lower 

resistance) than the opening of windows at lunch time or 

in the evening but their impact lasts for a longer period 

(higher resilience). Finally, it is important to notice that 

by definition, resistance indicators only highlight actions 

that can be harmfull for the operative temperature. That’s 

why indicator of resistance of the windows opening in the 

morning is found to be zero. The resilience indicator 

reveals that the opening of blinds is the only action that 

affects the operative temperature in the room for more 

than 1day.

 

Figure 9: Computed resistance and resilience for the 

ratio of opening of windows in the evening 

Comparison between the two variants 

For the case without solar overhangs, a new sampling has 

been realised and 1000 new simulations have been 

launched with the proper EnergyPlus model. 

Consequently, the variability evolution over time of the 

operative temperature is different in this case in trend and 

in amplitude. The mean value of the mean temperature in 

this case for the same period is 26,5°C (+0,4°C compared 

to reference case) whereas the mean standard deviation is 

0,66°C (+0,10°C), the maximum amplitude of the 95% 

interval confidence is 5,0°C (+0,3°C) and the maximum 

temperature is 32,3°C (+0,3°C). The output variability is 

slightly higher for this case and an analysis of the two 

indicators will help to understand which inhabitants’ 

actions are responsible.  

As the removal of the overhangs induces more solar 

irradiations at the windows, higher indicators of 

resistance and resilience for the blinds should be obtained 

for this simple case. The Table 2 gathers the computed 

indicators for the alternative case. As expected, it can be 

noticed higher values of resistance of the blinds in the 

morning, at lunch and in the afternoon, respectively 

+92%, +200% and +71%. According to the indicators, 

this constructive choice without solar overhangs 

necessitates much more caution on the part of inhabitants 

and advanced solutions of blind control can be proposed 

at the design phase. Interestingly, in both cases, the 

opening of windows at lunch remains the most 

influencing action.

Table 2: Resistance and resilience indicators for reference case and alternative case studies 

 Resistance [°C²] Resilience [h] 

 Reference case Alternative Reference case Alternative 

1-Blind_position_morning 0,13 0,25 23 47 

2-Blind_position_lunch 0,03 0,09 9 19 

3-Blind_position_afternoon 0,07 0,12 19 23 

4-Blind_position_evening 0,00 0,00 0 0 

5-Window_ratio_morning 0,00 0,00 220 220 

6-Window_ratio_lunch 0,46 0,40 10 10 

7-Window_ratio_evening 0,16 0,12 2 2 

8-Plug_loads_morning 0,00 0,00 0 0 

9-Plug_loads_lunch 0,00 0,00 0 0 

10-Plug_loads_evening 0,00 0,00 0 0 

11-Plug_loads_stand_by 0,11 0,12 23 23 

12-Night_control_ventilation_flow_rate 0,00 0,00 9 6 
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Discussion and Conclusion 

The study introduced two new indicators that allow 

assessing impact of inhabitants’ actions in summer on 

thermal behaviour of a building. They are the resilience 

and the resistance of the building at the occupant action. 

Firstly, to develop these indicators, a set of 4 inhabitant’s 

actions have been selected: opening of blinds, opening of 

windows, use of electrical appliances and use of 

mechanical night ventilation. 

The calculation of the indicators requires temporal 

sensitivity analyses results. The methodology has been 

introduced and require one simulation by time step here 

384 sensitivity analyses with only one dataset of 1000 

simulations. Moreover, a convergence study has been 

conducted and the results show that 800 simulations i.e. a 

sample with a size of 800 would have been sufficient to 

estimate the indicators with a good accuracy (< 5%). The 

proposed resistance and resilience indicators allow to 

aggregate the results from the multiple sensitivity 

analyses and can be used to evaluate, compare different 

designs of a buildings and to be used for a design decision 

making process as they reflect how intensely might an 

occupant action affect indoor temperature and for which 

persistence. The purpose is to determine which design 

choice would make the building more robust, stable, to 

the variability of inhabitants’ actions. 

Applied to a reference case (with solar overhangs) and to 

a simple alternative (without solar overhangs) design of 

the same building, this simple illustration shows the 

potential of these indicators. The most important result of 

the study is that the indicators reveal that the inhabitants’ 

action that have the most influence on the indoor 

operative temperature is the action related to the ratio of 

opening of windows between 7 a.m. and 8 a.m. This 

action affects the most both in amplitude and duration the 

temperature. An additional analysis has been done and 

revealed that the previous impact always induces lower 

operative temperature in the lounge/kitchen room. 

Nevertheless, the limit of the indicators has been reached 

as the resistance indicator only highlights actions that 

induce higher temperature. As the results show that 

actions can lower temperature in a building, a third 

indicator would be necessary in future studies to point 

them out.     

Further investigations will focus on the relevance of this 

kind of indicators for characterizing the robustness of 

building summer performance of different design choices. 

More complex designs for which the dynamic of the 

building thermal response with respect to inhabitants’ 

actions is more difficult to assess will be investigated as 

for example an alternative case with less inertia or with 

exterior insulation or with a different system of 

ventilation that coupled different building phenomena. It 

is also possible to use this methodology to provide the 

inhabitants with advices specific to summer conditions.  

Nomenclature 

t time [h] 

Si sensitivity index of the ith input [-] 

V output total variance 

Vi output partial variance associated with the ith 

input 

Vi
* output signed partial variance associated with 

the ith input 

xi ith input 
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Abstract 
A variety of building energy prediction models have 
been widely used in building performance optimization. 
While the high data requirements of most models present 
a barrier to effective building performance management. 
At the same time, the shortage of reasonable variable 
selection has resulted in reduced credibility and 
generalization of most model results. This study aims to 
deeply explore the indispensable variables of building 
energy prediction and put forward the concept of 
minimum variables sets for reasonably accurate building 
energy prediction in the condition of limited data 
information. With application of feature dimension 
reduction methods to a building performance database, 
the hierarchical minimum variables sets are constructed 
for multiple building energy prediction objects. By 
means of two kinds of energy models, the accuracy of 
the minimum variables sets is analysed and evaluated to 
provide theoretical basis and data support for practically 
appropriate trade-off of limited data and acceptable 
requisition of building energy prediction.  
 
Introduction 
There currently existed two main kinds of building 
energy predictive models: forward and data-driven 
methods (Foucquier et al., 2013). The forward approach 
is to predict the building energy use of a specified model 
with known physical description of energy system (e.g. 
thermal performance and system parameters) and known 
building design parameters (e.g. internal gains, 
thermostat settings), as well as climate conditions. The 
forward modelling procedure and its application is quite 
unified in the related researches, and has developed into 
several detailed building energy simulation tools, such as 
eQUEST and EnergyPlus. Unlike the forward simulation, 
the data-driven model applies statistical methods to 
determine a mathematical description of building energy 
system when above building factors and energy use are 
known and measured. According to different used 
statistic method, common data-driven models include 
regression model, time series model, artificial neural 
network, support vector machine, and calibrated 
simulation.  
A variety of building energy prediction models have 
been widely used in the optimized building design and 
efficient building operation. However, both forward and 

data-driven energy prediction models have high 
requirements of model data base. The conflicts between 
high requirements and limited availability of actual data 
present a barrier to effective building performance 
management.  
Previous researches on building energy use analysis have 
mostly used the sensitivity analysis routine to explore 
the influence of some building parameters. And relative 
studies have focused on either partial building 
parameters (e.g. constant weather parameter or HVAC 
system type) or sub-metering building energy 
consumption (e.g. heating or cooling consumption), even 
a specific actual building case study (Neto et al. 2008, 
Santamouris et al. 1996, Yang et al. 2015), with 
limitation of variable definition or database shortage for 
full-scale variable coverage. However, accurate model 
variables and data information are crucial to fully 
achieve potential performance of building prediction 
models. The shortage of reasonable variable selection 
has resulted in reduced credibility and generalization of 
most researches. In this case, most of current modellers 
just choose building parameters available or selected by 
others as the model variables. Current variable selection 
process makes the model data basis of related researches 
different from each other. The corresponding 
conclusions make little sense and reference for others 
with different goals of building energy prediction. 
In the few present researches on variable selection for 
building energy prediction models, most are developed 
by data mining researchers for the application of several 
statistical methods, especially the data-driven models 
such as ANN and SVM, in the building energy 
prediction field (Olofsson et al. 2001, Lv et al. 2010, 
Zhao et al. 2010).  
After a deep understanding of the variable selection for 
building energy models, we found it similar to the 
feature selection problem in the statistical analysis. The 
nature of feature dimension reduction is to find suitable 
lower dimensional mapping to represent the initial high 
dimensional space.  
Based on this, the study considered to explore the 
fundamental question: which building parameters are the 
indispensable variables of building energy prediction 
models? Besides, commonly used building energy 
models were used to explore another fundamental 
question, how to accurately predict building energy 
consumption with the limited building variables? On the 
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basis of a building performance database (BPD) 
including about 10,000 building models, this study 
regarded the high dimensional data space built by the 
building variables and their corresponding energy 
consumption in the BPD as a reflection of the 
complicated mapping relationship between building 
parameters and energy consumption. In the core part, we 
applied the feature dimension reduction methods to the 
primary high dimensional space, then proposed and built 
the minimum variables set for building energy prediction. 
The minimum variables set includes the most essential 
variables for building energy consumption prediction. 
The model using minimum variables set as its model 
variables could achieve accurate building energy 
consumption with less training or modelling data. 

Methods  
In this study, there obviously have two key parts. First is 
the sufficient and full-scale BPD as the data basis, the 
second is reasonable feature dimension reduction 
process. Accordingly, in the first part, the case design 
and construction process are important to guarantee the 
coverage and comprehensiveness of the BPD to ensure 
the generalization of the following feature selection 
research. To keep this paper reasonably concise, the first 
part had been published in the Proceeding of ASim 2018 
(Zhu M. et al. 2018).   
This paper will focus on the feature dimension reduction 
application in the prepared BPD. Similarly, the suitable 
feature dimension reduction methods and selection 
criteria are essential to obtain reasonable and acceptable 
variables sets for building energy prediction.  
Feature dimension reduction is a most important pre-
processing method for high-dimensional data mining 
models. A basic hypothesis of feature dimension 
reduction problem is that high-dimensional data samples 
are actually, at least approximatively located on a lower-
dimensional manifold due to the common redundancy of 
data information. The feature reduction problem has 
different terms in several areas, e.g. named feature 
extraction in pattern recognition researches, and data 
compression in information theory. While in essence, it 
is to find the lower-dimensional projection mapping of 
the primary high dimension space and simultaneously 
keep the high-dimensional spatial characteristics as far 
as possible by means of removing data redundancies and 
enhancing useful features. Given the mixed data feature 
of the prepared BPD, we considered the following two 
methods: 1) Principle component analysis based on data 
transformation, and 2) Max Relevance Min Redundancy 
filtration (MRMR) to obtain different minimum 
variables sets for multi-scale building energy prediction.  
The application of common feature selection methods in 
data mining researches often has uniform criteria out of 
mathematical rationality. While the selected variables 
under a uniform rule are always difficult to meet the 
demands of input requirement, data availability and 
time-effectiveness of practical models development. 
Meanwhile, there may be discrepancy between the 
statistical rationality of mathematical methodology and 

accuracy requirement of practical application. Given this, 
we considered to propose the more universal and flexible 
hierarchical variables sets with different dimensions 
under quantitative gradient criterion, which will be the 
powerful data support for reasonable variable and model 
selection in the building energy prediction field. 
The prepared BPD and its mixed data feature  
Based on the proposed case design method and parallel 
modeling, the simulated BPD can basically reflect the 
complex mapping relation among building variables and 
office building energy consumption from the statistical 
perspective. 
The prepared BPD comprised of 9,750 building cases 
having high-dimensional mixed 17 building variables 
and the corresponding multiple time-scale building 
energy consumption. Its building variables include 
weather parameters, building shape, envelope, internal 
load, HVAC system and operation schedule, see in Table 
1. The range of each variable is determined according to 
ASHRAE or national codes and actual office building 
situation in the cities located in the north hemisphere. 
The results include whole building energy consumption, 
sub-metering consumption (e.g. cooling, heating and 
lighting etc.) and daily consumption in the form of 
energy utility index (EUI). The BPD construction 
process has been detailed in Zhu M. et al. 2018.  
Building variables of the BPD include two types: 
numeric and non-numeric variables. The numeric 
variable analysis has been mature in statistics. While for 
non-numeric variables, it’s difficult to directly obtain 
their distance or similarity metrics due to the non-
continuity. Current metrics for categorical variables have 
often applied the distribution of variables, e.g. value 
difference metric (VDM) and simple matching distance 
(SMD) (Zhao L. et al. 2016). In this case, one route for 
mixed data feature reduction is to do the quantized 
transformation of the qualitative variables before the 
conventional feature selection, e.g. the PRINQUAL 
process before PCA (Zhang X. 2016). The other route is 
to define new similarity metrics for mixed data and use 
the conventional feature selection rules to obtain a 
feature subset, e.g. the combined polychoric and 
polyserial correlation (Kolenikov S. et al. 2004).  
Here we’ve applied the first technical route to the BPD 
for feature dimension reduction and construction of 
minimum variables sets for building energy prediction. 
In statistics, feature reduction methods are generally 
divided into two types: 1) feature extraction and 2) 
feature selection. According to the mentioned research 
route, both of them are introduced in the following 
section. 
Principle component analysis for mixed data based on 
data transformation  
Principle component analysis (PCA) is the most 
commonly used feature dimension reduction method, 
which is belong to the feature extraction type. The key of 
feature extraction is to achieve the projection mapping of 
primary high-dimension space to a lower-dimension 
space. PCA explores to explain the variance-covariance 
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structure of multiple variables by means of several 
principle components based on the greatest variability 
rule. The motivation behind this problem is that the 
directions of greatest variability give “most information” 
about the configuration of the data in the primary space 
(Kolenikov S. et al. 2004). This rule means that the 
projections of primary samples to the lower-dimensional 
hyperplane are separate as far as possible to obtain the 
maximum sample variance. (Zhou Z. 2016)   
PRINQUAL procedure (SAS, 2003) performs principal 
component analysis of qualitative, quantitative or mixed 
data, combining the data transformation procedure with 
traditional PCA. It uses alternating least square methods 
to keep the covariance or correlation matrix of 
transformed variables at an optimal level, including both 
linear and non-linear transformation. It has three 
optional rules for transformation methods, maximum 
total variance (MTV), minimum generalized variance 
(MGV) and maximum average correlation (MAC). The 
PRINQUAL iterations produce a set of transformed 
quantitative variables for the following data mining work. 
For the BPD, the mixed PCA has been achieved by 
calling PRINQUAL and PRINCOMP procedures (SAS, 
2003) to separately complete the data transformation and 
conventional PCA analysis. The above feature extraction 
process will obtain the minimum variables set for office 
building energy prediction. 
Max Relevance Min Redundancy (MRMR) filtration 
based on feature relativity  
Different from the feature extraction, the other type of 
feature dimension reduction is feature selection, the key 
of which is to directly select variable subsets to rebuild a 
lower-dimension space. The earliest feature selection has 
been applied in the supervised learning researches and 
focused on the feature relativity. The key of feature 
filtering is to find the feature subset having the 
maximum relevance to the decision variable, and at the 
same time the redundancy among them is as small as 
possible. The classic Max-Relevance Min-Redundancy 
(MRMR) method uses this theory to select features 
(Peng H.C. et al. 2005). In MRMR method, there have 
some criterion to decide the relevant and redundant 
features. The relevance between features and the 
dependent variable reflects the contribution of each 
feature to decision variable and can be used to find the 
relevant features by t-test or Fisher rule. While, the 
correlation among features reflects the similarity among 
features and can be used to exclude the redundant 
features by mutual information or Pearson correlation 
coefficient (PCC).  
For the BPD, we have used the PCC to be the feature 
relativity metric and applied the MRMR method to 
construct the minimum variables sets for office building 
energy consumption prediction. As shown in equation 
(1), the correlation coefficient,	𝜌($,&) is the correlation of 
two variables, 𝑐𝑜𝑣(𝜉, 𝜂), divided by the product of their 
standard deviation, 𝑣𝑎𝑟(𝜉)  and 𝑣𝑎𝑟(𝜂) . Within the 
range of -1~1, the absolute 𝜌($,&) is closer to 1, the two 
variables are more relevant. In the feature selection 

process, we’ll keep the variables having the most 
relevance to office building energy consumption and the 
least correlation among themselves. 

              𝜌($,&) =
012($,&)

234($)	* 234(&)
                           (1) 

Proposed minimum variables set construction method  
With the above two method options, the supervised 
feature dimension reduction process is separately 
conducted to the high-dimensional building variables 
and the corresponding building energy consumption in 
the BPD. In this way, the representativeness of each 
building variable on the complicated mapping 
relationship between high-dimensional building 
variables and office building energy consumption could 
be analyzed and ranked. 
For the sake of the uncertain gap between the 
theoretically statistical rationality and practically 
applicant accuracy, we considered not to directly use 
traditional feature reduction process and simply apply 
specific statistical index, e.g. variance resolution to 
judge the reliability of results. Strictly speaking, the 
practical accuracy of the resulted lower-dimensional 
feature space needs to be validated by its following 
application of building energy prediction through the 
way of being input variables for common building 
energy models. 
Under the above consideration, we analyzed the 
similarities and differences of the two groups of feature 
reduction results separately through feature extraction 
and feature selection method. The comparison indicates 
a great degree of similarity between two resulted 
variables sets. Most of them are inter-inclusive, only a 
very few variables are exclusive by the other group or 
the prioritization ranking is slightly different.  The 
detailed comparison process is not presented in this 
paper for the sake of brevity. After this key step, the 
union of two groups are reserved to keep both feature 
reduction rules before the accuracy validation researches 
as the following exploration work in section Results. 
To construct more feasible and universal variable sets 
for practical office building energy prediction 
application, we proposed different criterions for the 
application process of the two feature reduction methods 
with the conventional statistical requirement for feature 
selection as a baseline. As shown in Figure 1, each 
feature reduction method commonly has their own 
feature selection basis in the application process, which 
is determined by their own methodological rules. With 
the same selection basis of a feature reduction method, 
we can obtain different scales of lower-dimension 
variable sets under different selection criterions. For 
example, the selection basis of the PCA method are the 
ranking and the variance resolution of each eigenvalues. 
Traditional PCA application often keeps the variables 
who represent about 80% of variance resolution for 
primary high-dimensional space as the principle 
variables. If we change the proportion of the selection 
criterion from 80% to 85% or 75%, the achieved 
variable sets will separately have more or less variables 
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than the traditional PCA application results. As to the 
MRMR filtration method, the different criterions for its 
selection basis can be reflected by different limiting 
values of the acceptable correlation coefficients. In this 
case, under three levels of criterions, we can separately 
obtain Variable Sets of Maximum, Medium, and 
Minimum scales, called VS_MethodName_Max, 
VS_MethodName _Med, and VS_MethodName_Min in 
Figure 1. According to the resulted prioritization ranking 
of building variables in both methods, this study 
combined the two groups of feature reduction results and 
merged them to construct the dimensionally hierarchical 
minimum variables sets for office building energy 
prediction with the quantitative criteria, called 
VS_EUI_Max, VS_EUI_Med, and VS_EUI_Min in 
Figure 1.	 
Results  
The annual energy consumption is one of the most 
important temporal scale in majority of the building 
energy prediction researches for both existed building 
efficient operation and new building optimized design. 
The whole building energy consumption and the sub-
metering heating/cooling energy consumption are the 
two main predictive energy objects for building energy 
management on the yearly scale.  Given that, this study 
applied the proposed minimum variables set construction 
method to the mentioned BPD including 17 primary 
variables and the corresponding multi-dimensional 
energy consumption results. In this way, we mainly 
analyzed and selected the indispensable building 
variables from the 17 primary variables (see in Table 1) 
for annual and sub-metering heating/cooling energy 
consumption prediction to separately construct the 
minimum variables sets for each predictive energy object. 

This section will firstly introduce the feature reduction 
method application process using the whole building 
annual energy consumption object as an example. Then 
the application of achieved variables sets for common 
building energy prediction model is explored and 
evaluated to explain that how to achieve reasonable 
building energy prediction with limited model variables. 

Table 1: Primary variables design for BPD 
Numerical 

variable Description Range 

v1_sat Summer average 
temperature [℃] 16.0~31.0 

v2_wat Winter average 
temperature [℃] -11.0~23.2 

v3_tat Transition average 
temperature [℃] 4.5~24.9 

v4_sarh Summer average 
relative humidity 0.28~0.88 

v5_bsc Building Shape 
Coefficient 0.10~0.50 

v6_wwr Window wall ratio 0.10~1.00 

v7_ohtc 
Overall Heat Transfer 

Coefficient, OHTC 
[W/m2] 

5.0~35.0 

v8_lpd Lighting power 
density [W/m2] 10.0~20.0 

v9_ppd People power density 
[m2/p] 2.0~10.0 

v10_epd Equipment power 
density [W/m2] 10.0~20.0 

 
Figure 1: The proposed minimum variable sets construction method	
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v11_sidt Summer Indoor design 
temperature [℃] 22.0~28.0 

v12_widt Winter Indoor design 
temperature [℃] 15.0~22.0 

v13_bldgA Building area 
[×103m2] 2~10 

Non-
numerical 
variable  

Description  Range  

v14_HVAC 

All zones:CAV A0 
All zones:VAV A1 

All zones:FCU+OA A2 
Inner :VAV 

Perimeter:FCU+OA A3 

All zones:VRV A4 

v15_plant 

CentiChiller & Boiler P0 
ScrewChiller & Boiler P1 
Absorption chiller& 

Boiler P2 

Ground source heat 
pump P3 

Air source heat pump P4 
CentiChiller & Heat 

pump  P5 

v16_tspt Variable speed pumps Y/N 

v17_schd Operation schedules High/Std/Low 
usage 

 
Minimum variables sets construction for annual building 
energy consumption  
With the BPD as the data basis, we use the 17 primary 
variables as the feature select range and the 
corresponding building energy consumption EUI results 
as the dependent variable to conduct a supervised feature 
reduction.  Through the data transformation and PCA 
process, we can get the eigenvectors of principal 
components and the corresponding eigenvalues of the 
mapped low-dimensional space. By using hierarchical 
extraction criterion in varying proportions of explained 
variance for PCA method, different scales of variables 
are separately selected for minimum variables sets of 
annual EUI prediction of office buildings. At the same 
time, based on the correlation analysis between building 
variables and annual EUI and among themselves, the 
MRMR method also can set different threshold 
relevance and redundancy coefficients to select building 
variables with different scales.  
From the feature reduction results of the two mentioned 
methods, it’s obvious that, at each criterion level, the 
selected variables by different methods are mostly the 
same and also have few different variables. After 
comparing the representative degree ranks of building 
variables for annual EUI under different feather selection 
criteria, we merged the two stratified selection results 

and obtained different minimum variables set with 
hierarchical dimensions for annual EUI prediction, as 
shown in Table 2.  
As for the annual energy consumption prediction, the 
most significant variables are the HVAC system type, 
building operation schedule, weather files, building 
shape and occupants density, in turn. When applying the 
same research route to cooling/heating energy 
consumption prediction object, the most important 
variables are HVAC/energy source system type, floor 
area, weather files, internal load density, building 
operation schedule and envelope properties, in turn. And 
the application process will not be presented in 
details. To sum up, the result indicates that the most 
stringent feature selection criteria select the most 
dimensions of variables (12/13), that those selected by 
the conventional criteria are medium (8/9), and that 
those selected by the loosest selection criterion have the 
least dimensions (6/7), where the number of variables 
from large to small means that fewer variables can be 
utilized to predict office building energy consumption 
when the selection criteria are looser. 

Table 2: Minimum variables sets for annual EUI 
prediction. 

Sets  VS_EUI_Max VS_EUI_Med VS_EUI_Min 

Selected 
variables 

v14_HVAC  
v15_plant 
v16_trsp 
v1_sat 
v2_wat 
v3_tat 
v5_bsc 

v13_bldgA 
v17_schd 
v9_ppd 
v6_wwr 
v11_sidt 
v8_lpd 

v14_HVAC  
v1_sat  
v2_wat 
v5_bsc 

v17_schd 
v9_ppd 
v6_wwr 
v11_sidt 
v8_lpd 

v14_HVA
C 

v17_schd 
v1_sat 
v2_wat 
v5_bsc 
v6_wwr 
v9_ppd 

 

Variable 
number 13 9 7 

Selection 
criteria for 

PCA 
method  

Whole 
variables for 

80% 
variance 

explained  

Most loaded 
variables for 

80% 
variance 

explained 

Most 
loaded 

variables 
for 70% 
variance 

explained 
 Selection 
criteria for 

MRMR 
method 

Relevance>
0.05 and 

have 
redundancy  

Relevance>
0.05 and no 
redundancy 

Relevance>
0.1 and no 
redundancy 

 
Minimum variables sets application for building energy 
consumption prediction 
So far, this study has applied suitable feature reduction 
methods and constructed dimensionally hierarchical 
minimum variables sets for the annual energy prediction 
of office buildings. With the statistical feature reduction 
criterion in the mentioned methods, the variable 
selection results obviously have sufficient mathematical 

________________________________________________________________________________________________ 

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

 
4161

 

 
  



rationality. So, the next important question is, how to 
reasonably use the minimum variables sets to accurately 
predict office building energy consumption? This section 
will try to analyze the application feasibility and 
accuracy of the achieved variables sets for building 
energy prediction from the perspective of two types of 
commonly used building energy models, forward and 
data-driven model.   
For data-driven models, the model structure is flexible 
according to their model variables. So, we can directly 
apply the minimum variables sets to data-driven models 
by using the selected variables as the model independent 
variables. When use the hierarchical variables, the less 
model variables mean the decreased training data for 
data-driven model development. For forward models, the 
situation is relatively complex. Their abundant outputs 
benefit from detailed and full-scale input parameters and 
modular calculation procedure. This means the relatively 
fixed model structure and model variables. If apply to 
forward models, we can try an indirect way by just 
referring to the representative degree ranks of building 
variables and default the other variables excluded from 
the minimum variables sets according to common 
building design standards to ensure the model feasibility.  
Based on feasibility analysis, this study has further 
explored the accuracy when the achieved minimum 
variables sets are used as model variables to predict 
building energy consumption of office building. Without 
plenty of actual building information or energy use data 
to directly develop data-driven models and evaluate the 
prediction accuracy, we considered to use part of the 
BPD to do this work.  
With the high-dimensional space theory, the whole 
designed BPD gives a statistical perspective to describe 
the complex relationship between building variables and 
energy consumption, being the basis of the minimum 
variables sets exploration for building energy prediction. 
Without considering the inherent error caused by the 
used software itself, the BPD can cover enough variety 
of building factors. Based on this understanding, we can 
use part of the BPD to validate the accuracy of the 
minimum variables sets under different building 
situations from the sight of forward models. About 10% 
of the BPD (almost 1000 EnergyPlus models) are used 
as the base models with all 17 building variables 
accurate. Then we set the variables excluded from the 
minimum variables sets as default in the 1000 models 
and compared the building energy consumption EUI of 
the changed models with the base models to obtain the 
prediction error caused by limited building variables. 
The prediction error of the 1000 models under the 
application of VS_EUI_Max including 13 variables are 
distributed normally, see in Figure 2. The result indicates 
that, the prediction error of VS_EUI_Max for variant 
office buildings is mainly (95%) mainly limited to -
10~10%, and the most error is -12% and 15%, which is 
acceptable for conventional annual building energy 
prediction.  

After the validation research of the constructed 
minimum variables sets by EnergyPlus models, this 
study has additionally explored to build the hierarchical 
relationship among the minimum variable set, the feature 
selection criteria and the model prediction accuracy with 
both forward and data-driven models. 

 
Figure 2: The prediction error distribution of 

VS_EUI_Max using EnergyPlus models.  
Based on building information and the measured energy 
consumption of two actual office buildings separately 
located in Shanghai and California, within the designed 
BPD variable ranges, we developed the calibrated 
EnergyPlus models by actual building information as the 
baseline models and used the same way of the above 
validation research to gradually decrease the number of 
correct building variables according to the minimum 
variables sets constitution. At the same time, we 
established BP neural network models for annual EUI 
with hierarchical minimum variable set as model 
variables, trained by the BPD, and the developed ANN 
models are used predict the annual EUIs of the two 
actual buildings. With the error of the predicted EUI of 
two types of energy models, we obtained the graded 
impact of the minimum variable set with different 
selection criteria and dimensional scales on the accuracy 
of the energy consumption prediction model, see in 
Table 3.  

Table 3: Hierarchical relationship among VS_EUI, 
selection criteria and prediction error of annual EUI 

prediction of actual office buildings. 
 VS_EUI_Max VS_EUI_Med VS_EUI_Min 

Variable 
number 

13 9 7 

Selection 
criteria for 

PCA 
method  

Whole 
variables for 
80% variance 

explained  

Most loaded 
variables for 
80% variance 

explained 

Most loaded 
variables for 
70% variance 

explained 
 Selection 
criteria for 

MRMR 
method 

Relevance>0.05 
and have 

redundancy  

Relevance>0.05 
and no 

redundancy 

Relevance>0.1 
and no 

redundancy 

Prediction 
error of 

EnergyPlus 
-6%~9% -8%~11% -14%~17% 

Prediction 
error of 
ANN 

-11%~-1% -9%~15% -13%~24% 

The result indicates that, for the whole building annual 
EUI, the prediction error using minimum variables sets 
under the most stringent criteria as model variables is 
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less than 10%, and the prediction error of that under 
conventional criteria is less than 15%, and when the 
loosest selection criterion is employed, the error 
increases to about less than 25%. When it comes to the 
cooling sub-item, the corresponding prediction errors 
using the above three minimum variable sets are 
respectively within 5%, around 5% and about 10%, and 
the application process will not be presented in details.   
 

Discussion 
The built BPD is an important data basis of this study. 
Given the comprehensive consideration of cases number, 
computation efficiency and database complexity, we did 
some simplification for the primary building variable 
design, which may result in possible error of the 
achieved results in this study. For example, the building 
shape is limited to the regular square and rectangle, and 
the other shape, such as L shape may cause about 5% of 
prediction error through some case tests. And some 
variables are just on a relatively rough scale, like the 
system variables are on the HVAC or energy system 
type level, and the building envelope and operation 
schedule variables are on the scenario level according to 
common building design standards. The more specific 
parameters included in these variables are not studied. 
The error caused by above simplification process can 
also be analysed by some parametric uncertainty 
discussion in the future work, and the schedule variable 
may need to introduce related occupant behaviour to do 
more exploration. Also, the constructed BPD are 
comprised by plenty of calculated EnergyPlus cases and 
the software calculation error is not considered.  
Owing to the limitation of forward model structure, the 
validation work of the constructed minimum variables 
sets is insufficient. In the predictive accuracy validation 
process, we can only check the predictive error 
distribution of VS_EUI_Max having the most selected 
variables. The two lower-dimensional minimum variable 
sets include some variables couldn’t be defaulted, so 
they couldn’t be directly used in the forward EnergyPlus 
models with fixed model input requirements. At the 
same time, without plenty of actual building data, the 
accuracy evaluation work of the minimum variables sets 
and the corresponding conclusion are also not enough to 
be directly useful support to other practical buildings. 
More actual buildings will be collected to analyze the 
applicability and uncertainty of the research results in 
the future.  
Conclusion 
Aim to solve the problem of using limited data to 
achieve reasonable and accurate building energy 
prediction, this study firstly put forward the concept of 
minimum variable set for building energy prediction 
models. Using a built full-sale BPD as a high-
dimensional space, we introduced feature dimension 
reduction method to solve the problem of variable 
selection in the building energy prediction and 
constructed the minimum variables sets for multiple 

building energy prediction objects, including annual 
whole building and heating/cooling energy consumption 
EUI. To get more feasible and universal variable 
selection for practical application, we constructed the 
hierarchical minimum variables sets, where the number 
of variables from large to small means that fewer 
variables can be utilized to predict building energy 
consumption when the selection criteria are looser.  
With the two types of commonly used building energy 
models, this study has analyzed the application 
feasibility and further explored how to utilize above 
research results to implement reasonable and accurate 
building energy consumption with limited data. Based 
on the built BPD and actual building data, the prediction 
accuracy of the minimum variables sets is validated and 
evaluated by building the hierarchical relationship 
among the minimum variable set, the feature selection 
criteria and the model prediction accuracy, which can 
provide theoretical basis and data support for appropriate 
trade-off of limited basic data and higher requisition of 
office building energy prediction in practical 
applications.  
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Abstract 
Dynamic energy simulation is increasingly used to 
design retrofit interventions in existing buildings. Energy 
savings are correctly predicted if the simulation model is 
carefully calibrated against measured data. In this study 
the same building storey is simulated by four different 
research groups with different dynamic simulation tools 
(EnergyPlus, TRNSYS, IDA ICE). The building 
envelope is simulated in free floating and a parametric 
analysis to envelope properties and users’ behaviour is 
carried out. A set of basic information and measurements 
on the building is made available to three groups, while 
detailed information and measured data are provided to 
the fourth one. From the comparison among calibrated 
models it is concluded that, for a good calibration of a 
well-insulated building model, the absence of data 
regarding users’ behaviour can be more critical than 
detailed measurements on the envelope properties. 

Introduction 
Building energy simulation (BES) is a powerful tool to 
design new energy efficient buildings and to identify 
energy retrofit and management interventions on 
existing ones. The second kind of application requires an 
accurate calibration of the simulation model against 
monitoring data, in order to trust the simulation results 
and achieve reliable predictions of the potential energy 
savings. 

Although the calibration phase is crucial, a shared 
methodology is presently lacking: different approaches 
can be found in literature, regarding the kind and the 
quality of the metered data, the manual/automatic 
methodology, statistical indexes to be used, the 
uncertainty of the simulation tools etc. (Coakley et al., 
2014; Fabrizio and Monetti, 2015, Prada et al. 2019). 
The few existing guidelines, such as ASHRAE 
Guideline 14 (ASHRAE, 2002), basically provide 
criteria and acceptable limits to consider a model 
calibrated. Within this framework, calibration is highly 
dependent on the user’s skill and experience.  

Multi-stage building energy model calibration, where the 
building and systems are divided into sub-models and 
then individually calibrated, has proved to achieve more 
accurate results than global calibration (Cacabelos et al., 
2017). In a previous paper by the authors (Angelotti et 
al., 2018) the sub-modelling approach was brought to the 
single wall limit. A methodology to calibrate the thermo-

physical properties of the walls was suggested as a first 
step towards the envelope calibration, in case detailed 
measurements related to heat flows, internal and surface 
temperatures are available. This approach is possible 
even within dynamic simulation tools requiring at least 
the modelling of a thermal zone, through a fictitious 
thermal zone method.  

Clearly, in order to adopt a multi-stage calibration, 
measured data at a global level such as energy 
consumption are not sufficient. Measurements referring 
to individual components or behaviors are needed. 
Detailed measurements can refer to the building 
envelope thermal response, to the HVAC systems 
inputs/outputs, or even to the occupants’ behaviour. The 
influence of the latter on the buildings energy 
performance is increasing, as building envelopes and 
systems become more and more optimised. The 
modelling of occupant behaviour has been the focus of 
the recently concluded IEA EBC Annex 66 (Yan et al., 
2017). 

Therefore, it may be argued that the quality and the 
quantity of measured data available to energy modellers 
orientate the modelling, the calibration approach and 
possibly the calibration results. This issue is confronted 
in this paper, where a comparison is carried out between 
models and calibrations based on the one side on 
detailed monitoring and on the other side on basic 
monitoring.  

Methodology 
In this study an intermediate floor of an existing 
residential building is simulated by four different 
research groups (PoliTO, PoliMI, UniTN, UniTOV), 
each using a dynamic simulation tool (EnergyPlus, 
TRNSYS and IDA ICE). PoliMI and UniTN both adopt 
TRNSYS 17.  

The building envelope is simulated in free floating, as a 
first step of a multi-stage calibration approach that 
would include the HVAC system in a second phase. A 
set of basic information and measurements on the 
building is made available to three groups, while detailed 
information and measured data are provided to the fourth 
one. Starting from base models, calibrations are 
performed by minimizing the discrepancy with the 
indoor air temperature measured profile. Two groups 
adopt manual calibration, based on sensitivity analysis to 
envelope properties and occupants’ behaviour 
parameters. The other two groups adopt automatic 

________________________________________________________________________________________________ 

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

 
4165

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

https://doi.org/10.26868/25222708.2019.210439 
 



 

 

calibration by means of optimisation algorithms. 
Materials and methods for each research group are 
summarised in Table 1. The base and the calibrated 
models are then compared against each other. Calibrated 
models are tested on a second free floating period for 
validation. 

Table 1: settings of the research. 

Researc
h group 

Tool 
 

Measures 
data set 

Calibration 
approach 

PoliTO EnergyPlus Basic Manual 
PoliMI TRNSYS 17 Basic Manual 

UniTOV IDA ICE 4.8 Basic Automatic 
UniTN TRNSYS 17 Detailed Automatic 

 

Table 2: detailed and basic measurement data sets. 

Quantity Detailed set Basic set 
Meteorological data Every 10 minutes Every hour 

Floor indoor air 
temperature 

For different rooms 
in Apartment A 

For the main room 
for Apartments B,C 

Average 
among 

apartments 
A, B and C 

Neighbouring floors 
air temperature 

For every apartment 
in the upper and in 

the lower floor 

Upper floor 
average 

Lower floor 
average 

External wall 
surface 

temperatures/ heat 
flow densities 

Every 10 minutes Not provided 

Windows opening 
switch 

Every 10 minutes 
for every window in 

apartment A 

Not provided 

Mech. ventilation 
supply temperature 

Every 10 minutes 
for apartment A 

Not provided 

 

 
Figure 1: case study geometrical model. 

Case study 

The case study refers to a 5 storey residential building 
recently built in the province of Trento (Northern Italy, 
Alpine region). The building has a platform frame 
structure, a reinforced concrete stairwell and triple pane 
low-e windows. The heating system consists in a 
centralized condensing boiler supplying the radiant floor 
systems controlled by room thermostats. A mechanical 
ventilation system with heat recovery provides fresh air 
to the apartments with a constant airflow rate of 0.5 
ACH during the heating period. During free-floating 

period, the mechanical ventilation still provides 0.5 ACH 
but a manual damper at each apartment level allows to 
by-pass the heat recovery. No active cooling is provided 
in summertime. The occupants are free to open the 
windows and modify the thermostat set point. 

A weather station close to the monitoring site collects 
the weather data every 10 minutes (Giovannini et al., 
2013). A monitoring system measures the indoor air 
temperature and the thermal energy delivered daily by 
the radiant floor system in every apartment. In a few 
apartments more sensors were installed, allowing to 
measure surface temperatures and heat flow densities on 
the external wall, the indoor air temperature in different 
rooms, the mechanical ventilation air supply temperature 
and whether the windows are open or not. 

For the purpose of this work, an intermediate floor of the 
building was chosen, where apartments named A, B and 
C are found. Measured data were grouped into a detailed 
and a basic data set, as shown in Table 2. The detailed 
data set was provided to UniTN, while the basic one to 
the other three research groups (Table 1). 

Modelling 

The building floor and the surrounding buildings were 
drawn in OpenStudio (Figure 1) and then the geometry 
was imported in each energy simulation environment. 
The research groups provided with the basic data set 
adopted a simple thermal zoning, modelling the building 
floor as 2 thermal zones, corresponding to the set of the 
3 apartments and to the stairwell (see again Figure 1). In 
turn, the research group provided with the detailed data 
set defined 14 thermal zones, namely 5 zones in 
Apartment A, and 9 zones corresponding to Apartments 
B and C and the stairwell.  

From the yearly meteorological data set, the month of 
October 2017 was chosen for simulations, considering 
the first week as the conditioning period for the building 
inertia and the remaining 3 weeks as the calibration 
period. 

The base case models implemented constructions as 
described in design documentation (external walls with 
U-value = 0.12 W/(m2.K), triple-layers Argon filled low-
e glazings with U-value = 0.6 W/(m2.K)) and standard 
internal gains schedules for residential units (UNI/TS 
11300-1, 2014). A constant mechanical ventilation flow 
rate equal to 0.5 ACH was assigned. Window rolling-
shutters were supposed in use only during nigh time. 
Finally the air temperature profiles of the upper and 
lower floors were assigned as boundary conditions for 
the thermal zones. While UniTN modelled the internal 
partitions and used weather data every 10 minutes, the 
other groups ignored internal partitions and used hourly 
weather data.  

Statistical metrics 

The simulated indoor air temperature was compared with 
the measured one at every time step. The overall 
agreement between simulation results and measurements 
on the whole simulation period was evaluated through 
the Root Mean Squared Error, i.e.: 
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where Mk and Sk represent the measured and simulated 
temperature at time step k, respectively. The model was 
considered calibrated if RMSE  where the 
temperature measurement accuracy  is equal to 0.5°C. 
In addition to RMSE, correlation plots of the simulated 
air temperature versus the measured one were drawn and 
the R2 value of the linear interpolation was used as a 
simulation performance indicator. 

Manual calibration and sensitivity analysis  

PoliTO and PoliMI performed a manual calibration, 
preceded by a sensitivity analysis to the main building 
envelope parameters and user behaviour parameters 
reported in Table 3. The envelope parameters considered 
were: the thermal conductivity of the insulation layers, 
the thermal bridges overall correction, the g-value of the 
glazings and the internal mass. The latter, including the 
furniture, was modelled in different ways: through a 
multiplier of the indoor air volume capacity as suggested 
in (EN ISO 52016-1, 2017) and/or by introducing 
internal partitions. Regarding the occupants, the 
following parameters were considered: the internal gains 
daily profile, the use of rolling-shutters also during the 
day for solar shading when a minimum solar irradiance 
on the window is reached, the natural ventilation flow 
rate resulting from the windows opening. The latter was 
modelled following two approaches: opening according 
to a daily schedule or opening when outside air 
temperature reaches a threshold. In both cases, opening 
the windows determines given ACHNV. 

The parameters were varied one-at-a time and the 
sensitivity was evaluated by means of the following 
index s: 

 𝑠
∆

∆  (2) 

where O and I are the output (indoor air temperature) 
and the input (parameter) respectively, the subscript m 
indicates the mean value, and O represents the root 
mean squared variation of the outputs at every time step, 
when the input is varied from the base value Ib to the 
generic value I. It has to be mentioned that in the case of 

natural ventilation, I is set equal to the total air changes, 
namely the sum of ACHMV and ACHNV, so that Ib = 
ACHMV = 0.5. The sensitivity index s is thus dimensional 
[°C] but the input variation is normalised by the mean 
value, so that sensitivities to different quantities can be 
compared. 

Following sensitivity analysis, the most influential 
parameters were combined and adjusted in order to reach 
the calibration target.  

Automatic calibration/basic data set  

UniTOV performed an automatic calibration by coupling 
IDA ICE with the optimization engine GenOpt, through 
the parametric runs macro. The objective function was 
identified in the RMSE for the apartments thermal zone, 
defined in (1). Since automatic calibration allows to 
easily vary more parameters compared to manual 
calibration, this potential was exploited. More in detail, 
the 3 steps of the internal gains schedule were allowed to 
vary, possibly leading to a profile very different from the 
base one. Moreover, the possibility that the threshold for 
shutters activation depends on the window orientation 
was tested.  

Automatic calibration/detailed data set  

First of all, UniTN used the detailed monitoring of the 
external walls to calibrate the thermal properties of the 
layers, operating at the single-wall level as in (Angelotti 
et al., 2018). The wall response in terms of inside and 
outside heat flow densities under imposed surface 
temperatures (equal to measured profiles in October 
2017) was simulated. The wall properties were then 
optimised in order to reproduce the measured heat flow 
densities on both sides. 

As a second step, the base building floor model was 
refined, taking into account the additional information 
on Apartment A derived from the detailed data set 
(Table 2), namely: 

 windows are often open during the day; 
 the mechanical ventilation air supply 

temperature is not equal to outdoor temperature, 
as if the occupants did not switch on the heat 
recovery by-pass. 

Therefore, in the refined model the windows in 

Table 3: parameters of the sensitivity analysis. 

 Parameter Base value Variation 

en
ve

lo
p

e 

Mineral wool/wood 
fibres thermal 
conductivity 

mw= 0.038 W/(m.K) 
wf = 0.05 W/(m.K) 

+ 5%  + 20% 

Thermal bridges L= 0 L= 5 15 W/K 
Glazings g-value g = 0.52 g = 0.34  0.40 

Internal mass Air capacity multiplier ACM = 1 
Partitions surf. Spart = 0 

No furniture 

ACM = 1  10 
Spart = 259 m2 1034 m2 (to include furniture) 

 

oc
cu

p
an

ts
 

Internal gains schedule standard (UNI 11300-1, 2014) a) reduced by factor 5%  50% 
b) modified conserving daily energy gain 

Solar irradiance 
threshold for shutters use 

Gmin = 1376 W/m2 Gmin = 200  300 W/m2 

Natural ventilation flow 
rate 

ACHNV = 0 ACHNV = 0.5  1.5 
a) hourly schedule  
b) when Text > Tmin 
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Apartment A are open according to the measured switch 
signals and the natural ventilation flow rate is calculated 
depending on the wind pressure and the temperature 
difference, following the approach by the standard (EN 
15242, 2007). As far as the mechanical ventilation in 
Apartment A is concerned, the measured air supply 
temperature profile is given as input. Finally the natural 
ventilation flow rates in Apartments B and C are 
modelled scaling the corresponding flow rate in 
Apartment A. 

As a third step, automatic calibration on the refined 
model was carried out. Beside internal gains profiles, 
threshold irradiance for shutters activation for each 
apartment and indoor air volume capacitance multiplier, 
the calibration parameters are the windows opening 
angle in Apartment A and the natural ventilation flow 
rates scaling factors for Apartments B and C. The 
objective function for the automatic calibration was 
identified in the sum of the RMSE of the different 
thermal zones. 

Validation 

The calibrated models were tested on a second period. 
Among the periods of the year when the building is in 
free floating, August 2018 was selected for validation. 
Being warmer and more sunny than October, it actually 
represents a challenge for the calibrated models.   

Results 
Base models results 

The indoor air temperature during the 3rd week of 
October obtained from the base models simulations is 
reported in Figure 2 together with the measured trend. 
The RMSE calculated over the calibration period for 
each base model is reported in Table 4. The outputs from 
the different simulation tools are generally coherent with 
each other’s. Compared with the measured profile, they 
all overestimate the indoor air temperature mean value 
and variation amplitude; moreover, they anticipate the 
peaks. It is worth comparing the simulation outputs by 
UniTN and PoliMI, since they are both obtained through 
TRNSYS. The simulation output by UniTN is generally 
damped, especially in the warm peaks, with respect to 
the output obtained by PoliMI. This outcome can be 
attributed to the inertia of the partition walls that are 
modelled in the base case by UniTN, while they are not 
considered in the base case by PoliMI and the other 
groups.  

Table 4: base models performance (October 2017)  

Research group Tool RMSE [°C] 
PoliTO EnergyPlus 1.81 
PoliMI TRNSYS 17 1.76 

UniTOV IDA ICE 4.8 1.58 
UniTN TRNSYS 17 1.53 

 
Figure 2: simulated (base models) and measured indoor air temperature (3rd week October 2017) 

 

Figure 3: sensitivity analysis – PoliTO-EnergyPlus (3rd week October 2017) 

________________________________________________________________________________________________ 

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

 
4168

 

 
  



 

 

Manual calibration results 

The sensitivity analysis performed by PoliTO and 
PoliMI showed a modest influence of the external 
opaque envelope parameters, namely the thermal 
conductivity of the insulation layers and the thermal 
bridges correction. On the contrary reducing the glazing 
solar heat gain coefficient, introducing external solar 
shading, reducing/modifying the internal gains profile, 
adding internal mass and introducing natural ventilation 
during the day all impact on the simulation output. An 
example is shown in Figure 3, where the variation in the 
indoor air temperature profile during the 3rd week of 
October 2017 for some parametric variations brought to 
the base model is reported (PoliTO-EnergyPlus 
simulations). Additionally in Figure 4 the maximum 
sensitivity index s, calculated according to equation (2), 
is reported for each kind of variation (PoliMI-TRNSYS 
simulations). The combination of the most influential 
variations resulted in several acceptable solutions listed 
in Table 5, obtained with 2, 3 or 4 variations. It can be 
noticed that all of them requires the modelling of 
additional internal mass, either through a lumped 
capacity approach applied to the air volume or through 
an explicit simulation of internal partitions.  

Automatic calibration/basic data set results 

The automatic calibration performed by UniTOV using 
IDA-ICE resulted in a calibrated model with a very good 
agreement with measured data, namely RMSE = 0.27°C. 

 

 
Figure 4: maximum sensitivity of the PoliMI-TRNSYS 

model to the main parameters 

The calibrated parameters are shown in Table 5: the air 
capacity multiplier is set to 11, a modest thermal bridges 
correction is applied, a small amount of natural 
ventilation (0.08 h-1) is added to the base mechanical 
ventilation rate (0.5 h-1). The internal gains profile is 
modified with respect to the base one according to a 
profile named UniTOV and shown in Figure 5 together 
with those resulting from the calibrations performed by 
the other groups. Different solar irradiance thresholds for 
shutters activation are found for different orientation of 

Table 5: calibrated models PoliTO, PoliMI and UniTOV 

 Model Internal mass Thermal 
bridges 

correction 

Natural 
ventilation 

Internal 
gains 

Solar shading RMSE 
[°C] 

P
ol

iT
O

-E
n

er
gy

P
lu

s PoliTO 1 
 

ACM = 5 
Spart = 259 m2 

- ACHNV = 0.5 
1 p.m. – 10 p.m. 

- Gmin= 300 W/m2 0.51 

PoliTO 2 ACM = 5 
Spart = 259 m2 

- ACHNV = 0.5 
1 p.m. – 10 p.m. 

Profile 
PoliTO 

Gmin= 300 W/m2 0.43 

PoliTO 3 ACM = 8 
Spart = 0 

- ACHNV = 0.5 
1 p.m. – 10 p.m. 

Profile 
PoliTO 

Gmin= 300 W/m2 0.44 

PoliTO 4 ACM = 5 
Spart = 259 m2 

- ACHNV = 0.5 
11 a.m. – 9 p.m. 

Profile 
PoliTO 

Gmin= 300 W/m2 0.38 

P
ol

iM
I-

T
R

N
S

Y
S

 

PoliMI 1 ACM = 5 
Spart = 259 m2 

- - - Gmin= 200 W/m2 0.49 

PoliMI 2 ACM = 3 
Spart = 1034 m2 

- - - Gmin= 200 W/m2 0.46 

PoliMI 3 ACM = 5 
Spart = 259 m2 

- ACHNV = 0.5 
1 p.m. – 10 p.m. 

- Gmin= 300 W/m2 0.50 

PoliMI 4 ACM = 5 
Spart = 259 m2 

- ACHNV = 1.5 
if Text > 18°C 

- Gmin= 200 W/m2 0.46 

PoliMI 5 ACM = 3 
Spart = 1034 m2 

- ACHNV = 1.5 
if Text > 16°C 

Base reduced 
by 25% 

- 0.42 

PoliMI 6 ACM = 3 
Spart = 1034 m2 

- ACHNV = 0.5 
1 p.m. – 10 p.m. 

Base reduced 
by 25% 

- 0.42 

U
n

iT
O

V
-

ID
A

 I
C

E
 UniTOV ACM = 11 L = 0.32 

W/K 
ACHNV = 0.08 

 
Profile 

UniTOV 
Gmin=350 W/m2 N 
Gmin=65 W/m2   E 
Gmin=611 W/m2 S 
Gmin=64 W/m2  W 

0.27 
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the windows. The minimum irradiances resulting from 
calibration suggest that shutters are used primarily on the 
East and West facades. 

Automatic calibration/detailed data set results 

The calibration of the thermal properties of the external 
walls (Table 6), obtained from single-wall level analysis, 
resulted in a negligible modification of the thermal 
conductivities of the layers, so that the U-value of the 
wall remains equal to 0.12 W/(m2.K). The variation of 
the materials density appears more significant, although 
base values already allow classifying the wall as “light” 
one.  

The automatic calibration at the building level resulted 
in the model described in Table 7. It is worth to notice 
that in the calibrated model shutters are activated on 
different thresholds for the 3 apartments. Moreover, in 
Apartment B natural ventilation flow rates are half the 
Apartment A flow rates, while in Apartment C the 
windows are generally closed. The overall performance 
of the calibrated model, in terms of mean floor air 
temperature, is RMSE = 0.46°C. 

 
Discussion 

Starting from similar results of the base models (Figure2, 
Table 4), indicating a limited difference in the simulation  

tools adopted, the research groups came to various 
calibrated models. The indoor air temperature in the 3rd 
week of October 2018 simulated by calibrated models 
obtained by PoliTO (PoliTO 4), PoliMI (PoliMI 5), 
UniTOV and UniTN is plotted in Figure 6, together with 
the measured profile. As the corresponding RMSE also 
demonstrate, it seems that having access to detailed 
monitoring does not guarantee a better calibration. 
Indeed, the relatively good performance of the UniTN 
calibrated model is the result of the combination of a 
very good performance in predicting the temperature in 
Apartment A (the one with detailed monitoring) and a 
less good performance in predicting the air temperature 
in Apartments B and C. These different performances 
are shown in (Figure 7) where the simulated temperature 
is correlated to the measured one for Apartment A 
(R2=0.7135) and Apartment B (R2=0.579). 

 

 
Figure 5: base and calibrated internal gains profiles 

(weekdays) 

Table 6: UniTN-TRNSYS calibration of the external wall: 
base and calibrated properties  

 Base properties (Calibrated – base)/ 
base 

s 

cm 

 
kg/m3

c 

J/(kg.K) 

 
W/(m.K)


[%]

c 
[%] 


[%]

6 160 2100 0,050 -29 -3 1 

1,8 550 1221 0,098 -56 7 -2 

18 40 1030 0,038 -9 -12 -2 

1,8 550 1221 0,098 -56 7 -2 

6 50 2100 0,038 -27 1 0 

1,5 1200 1100 0,320 -47 -5 0 

Table 7: UniTN-TRNSYS calibration of the building 
model: parameters range and calibrated values 

 Range Calibrated  

Solar irrad. shading closed Ap. A 200-1400 200 W m-2 

Solar irrad.shading closed Ap. B 200-1400 300 W m-2 

Solar irrad. shading closed Ap. C 200-1400 1400 W m-2 

Solar irrad. difference shading 
closed-open Ap. A 

0-200 200 W m-2 

Solar irrad. difference shading 
closed-open Ap. B 

0-200 200 W m-2 

Solar irrad. difference shading 
closed-open Ap. C 

0-200 50 W m-2 

Window opening angle Ap. A 
Zone KS 

10-90 10 deg 

Window opening angle Ap. A 
Zone WC 

10-90 40 deg 

Window opening angle Ap. A 
Zone LS 

10-90 10 deg 

Window opening angle Ap. A 
Zone LM 

10-90 10 deg 

ACHNV Ap. B/ Ap. A 0-1.5 0,5 

ACHNV Ap. C/ Ap. A 0-1.5 0 

ACHMV 0.5-0.65 0,55 

Stairwell zone infiltration ACH 0.1-0.6 0,3 

(Tsupply-Text) Ap. B/Ap. A 0.5-1.5 0,5 

(Tsupply-Text) Ap. C/Ap. A 0.5-1.5 0,5 

Time shift internal gains profile 
compared to base profile 

-2,+2 -1.167 h 

Morning gain ampl. living area  0.5-1.5 1.1 

Afternoon gain ampl. living area 0.5-1.5 1.3 

Evening gain ampl. living area 0.5-1.5 0.5 

Morning gain ampl. sleeping area  0.5-1.5 0.7 

Afternoon gain ampl. sleeping area 0.5-1.5 1.3 

Evening gain ampl. sleeping area 0.5-1.5 1.5 

Air capacity multiplier 1 2.25 
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This means that monitoring the windows opening is 
useful, but it should be extended to most of the users in 
the building to guarantee an excellent quality of the 
calibration as a whole.  

As the very low RMSE achieved by the UniTOV-IDA 
ICE model demonstrates, automatic calibration can be 
more effective than manual one. However, in this case it 
predicts the substantial absence of natural ventilation due 
to window opening (Table 5), while monitoring on 

Apartment A clearly indicates that windows are open for 
large part of the day. On the contrary, manual calibration 
easily results in several possible solutions with 
comparable performance. However, testing such 
solutions on a different period can help discriminating 
among them. As an example, the performance of the 
models PoliMI 5 and PoliMI 6 (Table 5), calibrated on 
October 2017, during the 3rd week of August 2018 is 
shown in Figure 8, where the simulated indoor 

  

 
Figure 6: simulated (calibrated models) and measured indoor air temperature (3rd week October 2017) 

  
Figure 7: UniTN calibrated model – Apartment A(left) and B(right): simulated vs measured temperature 

 
Figure 8: simulated (calibrated models) and measured indoor air temperature (3rd week August 2018) 
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temperatures are plotted together with the measured 
indoor temperature. It can be noticed that the model 
implementing window opening and natural ventilation 
according to a schedule (PoliMI 6) has a larger 
discrepancy compared to the one where window opening 
is regulated by outdoor temperature (PoliMI 5). 
Therefore, testing the optimal solutions in August led to 
discard the solutions of the first kind and to refine the 
solutions of the second kind. The refinement (PoliMI 6 
refined) consisted in the definition of a higher threshold 
of outdoor temperature regulating the window closing.  

As far as internal gains profile is concerned, it can be 
noticed that calibrated profiles by PoliMI, UniTOV and 
UniTN, although different (Figure 5), all result in a 24-
25% reduction on the daily energy gain with respect to 
the base profile. 

Conclusions 
A BES model calibration exercise was performed in 
parallel by different research groups, adopting either 
manual or automatic calibration and having access to 
basic or detailed monitoring data. 

Manual calibration results in different acceptable 
combinations of parameters. It was shown that testing 
such solutions on a different period (validation) can help 
discriminating among them.  

Automatic calibration helps managing the complexity of 
the parameters involved, identifies a unique and very 
good performing solution, but in this case such solution 
is not completely coherent with the evidences regarding 
user behaviour. 

Having access to detailed monitoring data first orientate 
the development of the building model. For a highly 
insulated building analysed in free floating conditions, 
calibrating the opaque envelope properties against 
monitored data at the single wall level leads to modest 
adjustments. In turn, monitoring the user behaviour in 
relation to window opening and using this information 
lead to more accurate calibration. Therefore, for this 
kind of buildings, it is more important to invest in 
monitoring the users’ behaviour rather than the envelope 
thermal response. At the same time users’ behaviour is 
characterised by diversity, so that observations should 
refer to sufficiently large samples. 

In the presence of several acceptable models of an 
existing building, a possible development of the research 
will address the question if and to what extent using 
different calibrated models to design retrofit or 
management interventions leads to different conclusions.  
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Abstract 

In a continuously warming planet, energy poverty is 

gaining increased attention in many overheated cities 

across the world. In slum housing, overheating problems 

can be severe, greatly exceeding the indoor temperatures 

that occur in low-cost or old dwellings that also lack 

mechanical cooling systems. This study presents an 

evaluation of the effectiveness of thermal envelope 

improvement measures for slum dwellings in the warmer 

regions of the globe. The study is structured on validated 

EnergyPlus simulation models of typical poor slum 

construction, with standard and improved low-cost 

thermal configurations. These models are then tested in 

different worldwide locations, where results indicate a 

reduction in indoor temperature with the full upgrade 

strategy. 

Introduction 

Today, poor housing is a reality spread throughout the 

planet, where more than 50 % of the population lives in 

poverty. Poor modern houses, which have lost their 

vernacular knowledge focused on local environment 

adaptation, present the same constructive design for 

different climates (Adebayo, 1990). Mostly built in 

self-construction mode, with simple techniques and 

resorting to available cheap materials, with low thermal 

mass, such as clay tiles or metallic sheet roofs and 

frequently glazing-less (Haschemi, 2015; Quintero, 

2005), those dwellings offer an overheated indoor 

environment, in addition to being frequently 

overcrowded and often single-sided ventilated (Figure 

1). 

 

Figure 1: Brick house in Sobral, Brazil 

The roof, as a potential temperature mitigator, is the 

most important vector in hot climates. Due to its 

exposition to direct radiation, it is responsible for 50 to 

70 % of the heat gain in the indoor space (Nahar, 2003; 

Vijaukumar, 2005), thus assuming an important role in 

its thermal behavior. In this context and following a 

previous experiment in a poor house in Brazil 

(Bonaccorso, 2016), an upgrade package of three 

low-cost passive strategies have been selected for 

evaluation, on a similar constructive envelope. 

Low-Cost Upgrade Package 

Bioclimatic strategies have been studied since the early 

1950s, offering suitable techniques to build a passive and 

almost energy-free adaptation to local climate. Among 

the many currently available cooling methods (Givoni, 

2011; Kamal, 2012; Santamouris et al., 2013), three have 

been chosen based on their combined effect, their 

economic accessibility and for their easy self-installation 

in a proposed DIY mode: roof cooling by a reflective 

coat (albedo); radiant insulation; solar chimney. 

Package 1/3: Albedo 

Vernacular houses in hot climates have commonly 

implemented the albedo in its buildings, in order to 

reflect solar radiation and passively dissipate 

overheating, through application of natural or industrial 

coating (Figure 2). Many recent studies and experiments 

show its effectiveness (Hernández-Pérez et al., 2014; 

Hernández-Pérez et al., 2018; Santamouris et al., 2007), 

when compared with a normal existing roof. Suehrcke et 

al. (2017) measured steady-state roof surface 

temperatures, finding that a white highly reflective paint 

is 18 °C cooler than a red-tiled roof. Regular 

maintenance such as simple washing of a high reflective 

roof with conventional and cheaper coating is effective 

and has to be ensured to maintain its solar reflectance 

potential and ensure better heat dissipation results 

(Takebayashi et al., 2016). Roslan et al. (2015) 

concluded that a reflective-cooling roof, with optimum 

pitch, should be combined with proper ventilation, 

specifically for low-cost houses. Brito Filho (2014) 

simulates the use of both reflective coating and roof 

thermal insulation on a metallic roof in the equatorial 

climate of Manaus (Brazil), finding that the combination 

of both strategies is more effective. 

Package 2/3: Radiant Insulation 

Roof thermal insulation is the most effective strategy for 

solar control, reducing indoor temperature by reducing 

both heat loss and heat gains. Haschemi (2017) shows 
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through dynamic thermal simulation, that for poor 

houses in Uganda, white painted roofs and insulated 

roofs lead to almost identical thermal comfort 

conditions. Differences have been noted on a 

maintenance basis, since an insulated roof requires a 

lower level of maintenance. The combination of both 

strategies is twice as effective as either measure alone 

(Nason, 1985). 

Nonetheless, for low-income families, even most of the 

available and common bulk technologies that are used 

for insulation, in which its performance is highly 

dependent on thickness and conductivity, carry a high 

implementation cost. However, radiant insulation may 

be applied to this case, due to its lower cost and easy 

transportation and installation (Figure 2). This type of 

insulation behaves differently when compared with 

conventional insulation, by using a high reflective 

surface with low emissivity in the airspace to restrict the 

heat flow through the building envelope. 

 

Figure 2: White painted tiles (left), radiant insulation 

(right) 

Package 3/3: Solar Chimney 

In hot climates, the urban heat island (UHI) effect tends 

to increase the local Bowen Ratio, due to the reduction 

of urban moisture, and thus to also increase the ambient 

temperature, contributing to the dweller's discomfort 

(Taha, 1998). Both previous roof strategies manage to 

reduce the indoor temperature, counteracting the UHI 

temperature effect, although they do not address the need 

of natural air flow, which is frequently reduced, 

especially at ground level, by the common densely urban 

configuration of poor settlements (Arnfield, 2003; 

Santamouris, 2001). Several wind and thermal-driven 

natural ventilation systems have been studied and 

applied. In this low-budget solutions context, the solar 

chimney, as a natural ventilation driver, has been studied 

since late 80s (Bouchair, 1988) and shown to be 

effective (Bansal, 1994). The design of the solar 

chimney is the same used in a previous experiment 

(Bonaccorso, 2017), re-scaled for the dimension of the 

test space (Figure 3). 

 

Figure 3: Model of the previous with solar chimney 

Method 

The present study’s main goal is the assessment of the 

overall performance of the proposed upgrades, which 

once thoroughly analyzed, can be applied in slum 

housing. Nonetheless, existing studies of thermal 

upgrades in slum dwellings are either experimental, 

focusing on particular measures, or simulation based 

(using non-validated models). The characteristics of 

slum dwellings make the effect of thermal upgrades 

particular to these buildings and, in some several cases 

unexpected, departing from the trends found in standard 

housing. The present study overcame this difficulty by 

using a validated simulation model. The validation data 

was measured in a full-scale purposely-built model of a 

slum dwelling that was monitored during the summer of 

2018. The building model (Figure 4a), is a standard 

ground floor brick building with a non-insulated roof 

(TC-R). 
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Figure 4: Test cell configurations – TC-R (a), TC-W (b), 

TC-RIC (c), TC-WIC (d); and weather station (a) 

The experimental campaign then tested the isolated and 

combined impact of the considered upgrades: white roof 

tiles, improved roof insulation, and solar chimney (Table 

1). 

Table 1: Designation of Test Cell configuration 

TC-R TC with Red clay tile roof Figure 4a 

TC-W TC with White painted clay tile roof Figure 4b 

TC-RIC 
TC with Red clay tile roof, radiant 

Insulation and a solar chimney. 
Figure 4c 

TC-WIC 

TC with White painted clay tile roof, 

radiant Insulation and a solar 

chimney. 

Figure 4d 

The test cell consisted of a 10 cm-thick ground slab, 

15 cm common brick walls, and a red clay tile roof over 

a wood structure. No heat gains were considered within 

the 4 m
2
 indoor space. This space is accessible by a door, 

which remained closed during the measurements (Figure 

5). 

 

Figure 5: Plan of the test cell 

An on-site weather station measured outdoor air 

temperature, humidity, wind velocity, wind direction and 

direct and diffuse solar radiation (Figure 4). Indoor air 

temperature was measured with a Hobo (U12-013), 

affixed to the north wall. Surface radiant temperatures 

were not considered in these measurements, which had 

the goal of assessing the overall performance of the 

proposed configurations. 

A simulation model was used to predict the effects of 

these thermal envelopes upgrades in warm and densely 

populated locations around the globe. The simulation 

was performed using EnergyPlus (version 8.7) (Crawley 

et al., 2001), an open source thermal simulation 

software, developed by the Energy Department of the 

United States. Neves et al. (2012) used EnergyPlus to 

model a test cell with a solar chimney and showed its 

effectiveness in simulating the effects of a solar 

chimney. 

Test cell simulation models were developed to simulate 

the effect of the different TC configurations (Figure 6). 

These simulations were compared with the field 

measurements, in order to validate the models results. 

The materials that were considered and their respective 

thermal properties can be seen in Table 2 (Crawley et al. 

2001, Mateus et al. 2014). 

Table 2: Building materials (presented as outside to 

inside from the top down for each surface) 

Surface Material 
Thickness 

[m] 

Conductivity 

[W m–1 K–1] 

Thermal 

Resistance 

[m2 K/W] 

Interior 

Floor 

Soil 1.7 1.14 – 

Riprap 0.2 1.2 – 

Ground slab 0.1 2 – 

Wall Brick 0.15 0.56 – 

Roof 

Clay tile 0.02 1.2 – 

Air gap – – 0.25 

Clay tile 0.02 1.2 – 

Door 

Laminated 

paperboard 
0.0032 0.072 – 

Air gap – – 0.15 

Laminated 

paperboard 
0.0032 0.072 – 

Chimney 

surfaces 
OSB 0.0127 0.0917 – 

Chimney 

insulation 

Expanded 

polystyrene 
0.025 0.029 – 

Chimney 

absorber 

Black metal 

surface 
0.0008 45.28 – 

Chimney 

glass 
Clear glass 0.006 0.9 – 

Radiant 

insulation 

Aluminum 0.0001 204 – 

Air gap – – 0.18 

Aluminum 0.0001 204 – 

Infiltration in the test cells was measured through the 

concentration decay of CO2 and was defined in 

simulation as constant and equal to 27 air changes per 

hour. In future work, the sensitivity of this result to air 

temperature and wind speed will be considered. Further, 

the solar absorptivity of the outdoor surfaces was 

calibrated, in order to approximate the simulation 

models to the measured results. The absorptivity of the 

red brick and clay tiles was defined as 0.55 and as 0.15 

in the case of the white roofs. 
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EnergyPlus’s Airflow Network was used to model the 

airflow driven by the solar chimney. The chimney’s 

openings were modeled as completely open with default 

wind pressure coefficients during the full simulation. 

Future work will include CFD simulations to ensure a 

more accurate estimation of those coefficients and, thus, 

of the airflow through the solar chimney. 

These validated simulation models were then used to 

predict the effects of the thermal envelopes upgrades in 

five warm and densely populated locations around the 

globe: Addis Ababa (Ethiopia), Cairo (Egypt), Fortaleza 

(Brazil), Lisbon (Portugal) and New Delhi (India). These 

simulations used typical measured weather data 

(Weather Data | EnergyPlus). 

 

Figure 6: Simulation model – TC-R/TC-W (left), 

TC-RIC/TC-WIC (right) 

Thermal simulation model validation 

The model validation results are presented in the 

following Figure 7 and Table 3. 

 

Figure 7: TC-R simulated vs measured (a), TC-W 

simulated vs measured (b), TC-RIC simulated vs 

measured (c), TC-WIC simulated vs measured (d) 
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Test Cell 

Configuration 

Avg 

error 

[°C] 

Max 

error 

[°C] 

Avg 

error 

[%] 

Max 

error 

[%] 

CT-R 0.9 3.2 4.7 17.8 

CT-W 1.1 3.2 8.0 23.1 

CT-RIC 0.7 3.7 2.3 12.2 

CT-WIC 1.2 2.5 7.8 16.8 

Table 3: Average and maximum error between simulated 

and measured indoor temperature 

The simulation model showed good agreement between 

the measured (Tmeas) and simulated (Tin) indoor 

temperature. For all configurations, the average 

temperature difference was close to 1 °C (4.5 to 7.9 % of 

the measured temperature range, which was calculated 

with Equation (1) (Mateus et al., 2014)). The maximum 

single-time step temperature difference was 3.2 °C for 

CT-R and CT-W, although the highest relative 

difference was 23.1 % (Equation 2) for CT-W. These 

differences were lower for both CT-RIC and CT-WIC. 

Further, at the peak, where accuracy is critical, the 

temperature difference was below 15 % and 2 °C, for all 

configurations. 

 𝐴𝑣𝑔 𝑒𝑟𝑟𝑜𝑟 =
1

𝑁𝑚𝑒𝑎𝑠
∑ |

𝑇𝑠𝑖𝑚,𝑖−𝑇𝑚𝑒𝑎𝑠,𝑖

𝑇𝑚𝑒𝑎𝑠,𝑚𝑎𝑥−𝑇𝑚𝑒𝑎𝑠,𝑚𝑖𝑛
|

𝑁𝑚𝑒𝑎𝑠
𝑖=1   (1) 

 𝑀𝑎𝑥 𝑒𝑟𝑟𝑜𝑟 = max |
𝑇𝑠𝑖𝑚,𝑖−𝑇𝑚𝑒𝑎𝑠,𝑖

𝑇𝑚𝑒𝑎𝑠,𝑚𝑎𝑥−𝑇𝑚𝑒𝑎𝑠,𝑚𝑖𝑛
|  (2) 

Cities analysis  

For each test cell configuration and city, the peak indoor 

temperature was calculated for three weeks: week 1 

(W1), February 22 to 28; week 2 (W2), April 15 to 21; 

week 3 (W3), July 1 to 7. These results are shown in 

Table 4 and Figure 8. 

Table 4: Temperature Peak decrease each test cell 

configuration and city; only the best week for each city 

is presented 

 CT-W CT-RIC CT-WIC 

Addis Ababa W1 –1.2 –2.5 –2.8 

Cairo W1 –0.5 –4.4 –2.5 

Fortaleza W2 –0.2 –1.8 –2.4 

Lisbon W3 –0.3 –2.8 –1.3 

New Delhi W3 –0.3 –2.8 –1.5 

As can be seen, the different colored roof does not seem 

to significantly affect the indoor temperature, which is 

similar in both CT-R and CT-W, as well as in both 

CT-RIC and CT-WIC. 

This might occur as only the color of the roof was 

altered, leaving the walls at their original color, which 

does not affect their solar absorptivity. In future work, 

this issue is to be addressed. 

The addition of the insulated roof and solar chimney 

decreases the average indoor temperature in during all 

three weeks and in all five cities, albeit with different 

magnitudes. 

In all cases, the difference in temperature occurs during 

the daytime, when the insolation-driven flow through the 

chimney is prevalent. In climates with long overcast 

periods, such as Fortaleza (throughout the year) or Addis 

Ababa (most of the year), insufficient solar radiation 

might also be a limiting factor in the efficacy of the solar 

chimney. 

 

Figure 8: CT-R vs. CT-WIC – Lisbon (a), Cairo (b), New 

Delhi (c) 

Another limiting effect is outdoor temperature. In Cairo 

(throughout the year) and New Delhi (during most of the 

year), cloud cover is usually low, fully allowing the solar 

chimney-driven natural ventilation flow to occur. 

However, this eases the inflow of the very warm outdoor 

air, which somewhat reverses its original goal. 

The solar chimney reaches is optimal potential with the 

combination of high solar radiation and lower outdoor 

temperatures. This allows the development of a natural 

ventilation airflow that introduces cool air into the 

occupied zone. This allows a decrease of up to 3 °C. 

Conclusion 

The results of the experimental studies show that the 

albedo measure was the least impactful measure, as it 
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did not significantly decrease the indoor temperature. On 

the other hand, the addition of radiant insulation and the 

thermal chimney had a positive impact, resulting in 

reductions of indoor air temperature. The installation of 

the thermal insulation greatly reduced the outdoor air 

infiltration rate. On a 24 hour basis this reduction is not 

beneficial since it reduces natural cooling during the 

milder hours of the day and night. The addition of the 

solar chimney successfully addressed this problem, 

improving indoor comfort by 1-2 °C. 

The next phase of the work is optimization of the 

simulation model, followed by the simulation-based 

studies with current and future climate. This upcoming 

analysis should include the effect of the radiant 

temperatures of indoor surfaces as well as the effect of 

air movement on thermal sensation. 
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Abstract 

This paper describes a methodology which utilises a 

Reduced Order Model (ROM) in overcoming typical 

barriers related to the Energy Performance Contracting 

(EPC) such as lack of building information and 

uncertainty regarding post renovation.  For this purpose, 

a ROM supported by a JModelica.org Python script 

(ROMFit) for the optimization and calibration process has 

been utilised in the Measurement and verification (M&V) 

process. The accuracy and benefits of this model are 

demonstrated by a comparison with an IES-VE Whole 

Building Energy Simulation Model. The results presented 

in this paper show that the ROM proves to be the most 

accurate model with regards to energy demand 

forecasting and furthermore, it is useful in estimating 

numerous energy savings of retrofitting scenarios. 

Introduction 

Within the last decade, the European Union (EU) has 

developed policies aimed at accelerating the cost-

effective renovation of existing buildings, with the vision 

of a decarbonised building stock by 2050 (European 

Union Directive, 2018).  

One of the potential measures to target this objective and 

enhance the energy efficiency (EE) of buildings is Energy 

Performance Contracting (EPC) (Augustins et al., 2018). 

However, there are different risks and barriers opposing 

the uptake of EPC such as process complexity, lack of 

information, uncertainty about post-renovation energy 

performance, access to finance, lack of trust in Energy 

Service Companies (ESCO), and lack of skilled 

professional, fragmentation of value chain and unclear 

financial mechanisms.(Lee et al., 2015)  

One way to tackle the barriers posed by the 

aforementioned uncertainties is the utilisation of 

Measurement and Verification (M&V) protocol. M&V is 

a procedure which measures and analyses data needed to 

verify and report energy savings within a system or a 

whole facility. M&V underpins and enhances a standards-

based approach to the implementation of energy 

conservation measures (ECM’s). Guidelines regarding 

the M&V protocol are provided by the International 

Performance Measurement and Verification Protocol 

(IPMVP®) (Efficiency Valuation Organization, 2016). 

This protocol defines a standards-based approach to 

estimate the potential and actual savings and can be used 

to quantify the payments to all stakeholders throughout 

the EPC process. In verifying the results of energy 

efficiency, water efficiency, and renewable energy 

projects, the IPMVP® provides four options referenced 

from A–D. An overview of these methods and practices 

is proposed by Ginestet and Marchio (2010). One of the 

main recommendations of the IPMVP® guidelines is that 

the M&V costs does not exceed 10% of the average 

annual savings achieved through its application. 

Additional cost limits are provided by M&V guidelines, 

such as the M&V handbook (Air Force Civil Engineer 

Center ESPC Playbook, 2017), where the cost limits 

range from a minimum of 1% of the annual measured 

savings for the IPMVP® Option A to a maximum of 10% 

for the IPMVP® Option D.  

Option D is the development of a calibrated computer 

simulation model that supports detailed analysis of 

various ECM’s. According to IPMVP®, this procedure 

should be undertaken for three main reasons: 1) for 

projects that generate enough savings to justify its use; 2) 

when creating a baseline is not possible for other options 

(e.g. new constructions, or major building renovation): 3) 

when the ECM’s responsible for the savings are not easy 

to measure. This option also provides a big opportunity to 

evaluate the savings of each ECM or multiple ECMs and 

thus, to test the best renovation scenario to apply to a 

building. 

Many software tools are suggested in the IPMVP® to 

analyse energy consumption and determine building 

control and operation opportunities., these range from 

eQUEST (2018),  EnergyPlus (2018) , or Integrated 

Environmental Solutions (2018) (IES-VE). Software 

tools such as these are classified as Whole Building 

Energy Simulation Modelling (WBESM) or White Box 

Models. These modelling approaches can provide the 

most comprehensive prediction of building energy 

performance with a vast range of detailed outputs from 

energy consumption to indoor comfort. These models are 

also suitable for retrofit analysis as the detailed physics-

based equations can be used to model and implement 

building components, systems and the subsystems prior to 

any renovation. However, as demonstrated in several 

papers, the high computational time (Li and Wen, 2014), 

the complexity, the cost  of the model implementation, 

and the uncertainty of the model parameters (Foucquier et 

al., 2013) means this procedure is not a popular method 

adopted by IPMVP® and in general for thermal prediction 

of existing building in the deep-renovation processes 

(Harb et al., 2016). All issues aforementioned also carry 
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the increasing cost burdens which of this option that 

usually exceed cost limit recommendations.  

Two alternatives from this purely physics modelling 

approach (white-box) can be found in 1) A purely 

empirical approach (black-box) and 2) A synthesis of 

White and Black box modelling approaches into a grey-

box modelling approach (Coakley et al., 2014). 

The black box approach is data driven and does not 

require knowledge about the system. It includes 

monitoring the building and implementing a simple 

mathematical or statistic model (e.g. ANN, ARX, etc). 

For this approach, accuracy is achieved through the 

requirement of a large amount of high-quality data. 

Although these models are based on trained data, the 

model variables are abstract and do not have a physical 

meaning (Reynders et al., 2015)  since the weight of those 

variables depends on the sensibility on the output 

variables . In addition to this, building parameters are not 

the same for each building which means this approach 

requires unique building parameters for each model. 

Since this model is based on measured data, the approach 

has limited use in new constructions in addition to major 

building modifications. Moreover, it is difficult to 

physically interpret building model. Thus, their ability to 

predict building behaviour after thermal improvements or 

altering control strategies cannot be demonstrated 

(Berthou et al., 2014) .  

The final approach is provided by grey box or hybrid 

models. These models will be explained in detail in the 

Section 2 and are considered as a hybrid where physical 

equations and physical knowledge about the system is 

used to define the model structure and the unknown 

parameters are estimated using statistical methods. 

This research paper attempts to overcome the EPC 

barriers discussed so far by offering a novel methodology 

to support the IPMVP® by developing and utilising a 

Python script (ROMFit) based on Grey box model or 

Reduced Order Model (ROM) that supports accurate and 

reliable quantification of energy savings achieved through 

ECMs. As described in the next section, a grey box model 

was selected for the capability of these models of 

estimating the energy consumption in the typical EPC 

scenario where the technical information about the 

building are missing and a high uncertainty of the model 

parameters is present (Giretti et al. 2018). Meanwhile 

ROMFit was developed to help accomplish IPMVP® 

requirements by improving the efficiency of the 

calibration procedure. To demonstrate the accuracy of the 

methodology, the ROM proposed has been compared 

with a whole facility linear regression (Option C) and a 

white box model developed with IES-VE (Option D). 

In Section 2, an overview of grey box modelling 

approaches is presented. Section 3 presents the model 

used in the analysis. Section 4 outlines the methodology 

used to accomplish the IPMVP® protocol. Section 5 

provides a detailed description on the pilot case study. 

Simulations, results and comparisons with standard 

IPMVP® methods are shown in Section 6 and finally the 

Section 7 describes conclusions and future works. 

Grey Box Models  

Grey box models are a synthesis of white and black box 

models. They consist of coupling of the physical meaning 

and structure from the white box paradigm and the 

statistical approach and parameter estimation from the 

black box approach thus tacking the advantages of both 

methods. In general, the grey box model structure 

simplifies the physical description of the building using 

thermal network analogies and treating the system 

complexity as an electrical problem by means of 

resistances and capacitances where the thermal mass of 

the building is lumped to a discrete number of 

capacitances based on the model type (Reynders et al., 

2014). The number of capacitances, not counting for the 

air mass, give the order of the model as extensively 

explained in ( M. Lauster et al., 2014) .  

All the characteristics described so far, highlights the top 

features of the grey box method, having both physical 

meaning and a high grade of generality. In addition, these 

characteristics provide the capability of having 

parameters related to building component and the 

opportunity to use the same model structure in different 

kinds of buildings. Most recently, this kind of model has 

become increasingly popular in evaluating the 

environmental and energy performance of buildings. One 

of the most compressive comparison of grey box models 

accuracy was provided by Bacher and Madsen (2011), 

similar studies have been done by Fux et al., (2014), 

,Reynders et al. (2014), Berthou et al. (2014). 

Nonetheless, there are still numerous problems with the 

use of this model approach.  

 The first problem is associated with the estimation of the 

uncertain parameters. This uncertainty usually derives 

from errors and approximations in data measurement and 

parameter estimation, material degradation, lack of 

knowledge of the building. In the papers cited above, this 

uncertainty is fixed by applying algorithms such as the 

maximum likelihood estimation method and the Kalman 

filter. However, all these methods do not give any 

physical meaning to the calibrated parameters, making it 

difficult to understand and explain the whole calibration 

process.  

The second problem is due to historical data used for the 

parameters estimation which is usually taken in to account 

without using knowledge about the building. These issues 

make quite difficult in using the model in the renovation 

phase where it is important to have a full physical 

meaning of each parameters in order to modify them for 

when developing renovation packages.  

A proposed solution to these gaps has been outlined by 

Lauster at al. in (M. Lauster et al., 2014), using Modelica 

to compare the first order grey box model of the EN ISO 

13790 to the second order grey box model of the 

Guideline VDI 6007. The second model has been used by 

the same authors as a baseline to create the different Low 

Order Models of the open source Modelica Library 

AixLib (Müller et al., 2016). From this library a tool 

called TEASER (Remmen et al., 2018) has been created. 

This tool is used to generate and simulate Modelica 
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models at both building and district level. It also allows 

the application of retrofit scenarios. However, it is unclear 

at this stage as to how the TEASER Tool might be 

incorporated into a formal EPC business process model 

and in the application of the M&V protocol.  

Due to this concern, an extension of  the third order 

building model proposed in  Giretti et al. (2018) is 

assumed as it was successfully used for a EPC tendering 

phase. The extended model used to meet the IPMVP® 

protocol purpose is described in the next section. 

Model Description  

The model proposed in this paper is developed using the 

Modelica language. The selection of this language was 

due to three main reasons. Firstly, it allows one to model 

complex dynamic energy systems supported by an object-

oriented modelling and simulation.  Secondly, the 

language recognizes linear, non-linear and hybrid 

equations and finally, many open source and commercial 

simulation environments support Modelica providing 

several numerical solvers, algorithms and libraries such as 

the IBPSA Project 1 Library (2018), which has been 

implemented in the model.  

The ROM is composed of the following four main 

components: 1) Internal Gains 2) Heating and Cooling. 3) 

Building and 4) Weather. 

A Tool has been created to estimate the parameters 

needed for the model. This Tool uses information 

obtained during the tendering phase through data 

collection and on-site site surveys. In case of missing data, 

standardized packages and associated parameter values 

have been provided to support good model parameters 

estimation. 

Since the model considers the main physical 

dependencies among each variable, the calibration phase 

is far less complicated than the white-box approach. A 

dedicated Python script (ROMFit) has been developed to 

simplify the parameter insertion and  increase the speed 

and accuracy of the calibration procedure utilising an 

FMU file (Functional Mock-up Interface,2018) generated 

from JModelica.org (2018).  

Internal Gain Component  

The Internal Gain component is modelled to evaluate the 

thermal heat power of people, lighting and equipment in 

the building. The inputs needed to estimate these 

parameters are the occupancy schedule, the maximum 

load power of the three internal heat gains and the stand-

by consumption of the equipment. Furthermore, a 

Modelica component capable of estimating the electrical 

consumption of lighting and miscellaneous equipment has 

been included and is used for the estimation of the total 

energy consumption. 

Heating and Cooling Component 

The Heating and Cooling component is implemented as a 

thermostatically regulated heat gain with an internal 

control loop. In expanding the use of the model to 

residential dwellings, an input related to the occupancy 

schedule has been added to the model proposed in Giretti 

et al. (2018).. Additionally, two statistical parameters 

have been included to maximize the efficiency of the 

auto-calibration engine.  

Building Component 

The main element of the ROM is the Building component. 

The structure of this component is derived from Giretti’s 

model (Giretti et al., 2018) which is an extension of one 

of the model proposed by Madsen (Bacher and Madsen, 

2011).  

The model, as shown in Figure 1, is created using the 

Modelica language and is composed of 14 resistances, 3 

capacitances, a solar irradiation component, a natural 

ventilation component and an air infiltration component. 

The aforementioned elements are connected to a 

Modelica MixingVolume element that represents the 

entire volume of the building. This element is also 

connected to the outdoor Weather Data and thus receives 

inputs such as temperature and solar irradiation through 

the weather data component. Finally, the MixingVolume 

component is connected to the Internal Gain Component 

and the Heating and Cooling Component through the two 

heat ports. 

 

Figure 1 – Modelica ROM, Building Component 

The resistances and capacitances in this element can be 

divided in four groups and they are used to lump all the 

building internal and external envelope. The first 

assembly (Cm, Rm, Rm1, Rm_is) is used to lump the 

building internal wall and slabs. The second group 

(Rwall_es, Rwall, Cwall, Rwall1, Rwall_is) is used to 

lump the whole building opaque envelope. The third 

(Rwin_es, Rwin, Rwin_is) represents the building 

transparent envelope and finally the forth lump (Rgf_es, 

Rgf, Cgf, Rgf1, Rgf_is) is the building ground floor. 

These elements take the temperature inputs from the 

Weather Data element.   

The solar irradiation component uses two elements of the 

IBPSA Project 1 Library (2018) to compute the direct 

solar irradiation and the diffuse solar irradiation using the 

Perez’s anisotropic sky model (Perez et al., 1990). The 

irradiation is then reduced, by using the G total value 

calculated according to the BS EN 13363-1 (2003). 

1              2          3             4 
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The natural ventilation component has been modelled 

using a formula from the Ashrae Handbook Fundamentals 

(2009) which is based on temperature and pressure 

difference between the ambient and the internal volume. 

Finally, to compute the air infiltration in the building an 

air leakage component has been created using as basis 

component of the IBPSA Project 1 Library (2018). 

Methodology  

An overview of the model usage process is shown Figure 

2, the procedure is composed by three main steps: 

1. The Tool for the ROM parameters estimation 

which receives building data as input; 

2. A .fmu file of the Modelica model described in 

the section above; 

3. The ROMFit Python script for the model 

simulation and the automatic calibration. 

 

Figure 2 - ROM methodology flow chart 

The Tool used to estimate the parameters, discussed in the 

previous section, is based on widely used method which 

is defined in standards. For instance, the resistances of 

both the internal and the external walls and facades are 

calculated as specified in ISO 6946 (2007), the internal 

and external windows heat loses are calculated using the 

U-value of the windows, and by using a simplified version 

of the ISO 10077 (2017). The resistance values of the 

ground floor are calculated with a simplified version of 

the ISO 13370 (2017), thus the G-total value is calculated 

from standard configuration by using the BS EN 13363-1 

(2003).The thermal resistances and capacitances are 

calculated from standard values, materials properties and 

construction composition. For the profiles generation, a 

graphical interface has been included in the Tool and the 

numerical output needed by the model is given. 

The ROMFit script is created using Python and 

Jmodelica, a code is developed to simplify the insertion 

of the parameters including the model simulation and 

calibration. Jmodelica, which is the platform used to build 

the code, relies on Functional Mock-up Interface (FMI) 

for simulation purposes. Thus, using this platform an .fmu 

file has been created from the reduced order model .mo 

file. The .fmu file generated has been uploaded in the 

ROMFit script where the parameters calculated with the 

Tool previously discussed can be quickly and simply 

inserted. By using ROMFit the model is simulated and 

then, after the first simulation, an engine is to adjust the 

uncertain parameters and simplifies the model calibration 

and its verification with energy consumption data.  

The uncertain parameters are selected following the 

assumption made in Giretti et al. (2018) paper. Since there 

are a restricted number of these parameters (Table 4), the 

calibration engine makes an iterative procedure that 

consists of changing the uncertain parameters within a 

range of values with and a prechosen step. For each of the 

parameter selection, a simulation is run and then the 

resulting baseline model energy consumption simulated is 

automatically compared with the actual energy 

consumption data, and, as suggested by IPMVP® the 

following statistical values are verified: 

▪ NMBE < 5% 

𝑁𝑀𝐵𝐸 = 
1

�̅�
√
∑ (�̂�𝑖 − 𝑌𝑖)
𝑛
𝑖=1
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▪ CV(RMSE) < 20% 
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▪ monthly deviation < 15%   

𝑀𝐷 =
(�̂�𝑖 − 𝑌𝑖)

𝑌𝑖
∗ 100(%) 

In these equation �̂� is the simulated value of the actual 

value 𝑌(in this paper energy consumption), �̅� is the mean 

of actual value, n is the number of data points.  

The models with the best statistical values can be chosen 

from a list. If the calibrated models do not comply with 

the statistical values limit, the building data must be 

manually adjusted and the simulation and calibration 

process need to be repeated. Otherwise, the model is 

considered calibrated and can be used or as a baseline for 

the M&V or for the application of different retrofitting 

scenarios. 

Pilot Description 

Building Characterisation  

This study researched a one-storey residential dwelling 

located on the island of Inis Mór (largest of the Aran 

Islands), Co. Galway off the west coast of Ireland. The 

dwelling was constructed in 1998, with additional 

________________________________________________________________________________________________ 

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

 
4183

 

 
  



upgrades in 2008 and 2015. The building is north facing 

with a total floor area of 110𝑚2 .  

The layout is shown in Figure 3 and the room types 

include bedrooms, a kitchen, glazed offices, circulation 

space, toilets and living rooms.  

 

Figure 3- BIM model of the pilot building 

Since 2012, the island of Inis Mór embarked on an 

ambitious program to reduce the dependence on fossil 

fuels and introduced decarbonisation of residential 

heating systems on the island with the ambition of 

becoming a carbon neutral island by 2025 (The Irish 

Government, 2009). Thus, the dwelling has a 5.5kW heat 

pump, a variety of storage heaters and one 2kW photo-

voltaic (PV) panel. Building data was collected through 

physical measurements, an interactive process of 

interviews and direct communication with the   

homeowner. 

The building is currently one of the many dwellings that 

compries the Irish Pilot in the H2020 RESPOND Project 

(2017). RESPOND will deliver demand response solution 

from building residential level to district. The developed 

ROM will be used within the project to thermal 

forecasting and Measurament &Verification  baseline 

definition.  

Building Fabric  

The building consists of two types of external walls. The 

first, is a 4 x 2 m timber frame, with 100mm of wool glass 

insulation. The second, includes the addition of 50mm 

fibre glass board insulation. 

A weighted average of both walls was carried out to 

calculate the overall U-value (W/m2K). The dwelling has 

a “warm roof” which offers optimal thermal performance 

and comprises of additional fibre glass board insulation 

on top of the existing roof structure. All windows and roof 

lights are timber framed and double glazed with 10% of 

the window openings face the east–west sides of the 

building and 40% face the north-south sides. The ground 

floor is a concrete slab with polystyrene insulation. 
 

Table 1  - Summary description table of pilot building  

Occupancy Schedules 

The dwelling houses a married couple with four children. 

Three children are studying away from home but return 

on holidays and at summer. Occupancy varies in this 

regard, but from months January to May, the house is fully 

occupied with 3 people in the morning, at least 1 person 

in the afternoon and fully occupied again in the evening.  

Heating Systems 

Air conditioning is non-existent within the dwelling, with 

the exception of extractor hoods used during cooking. 

Temperature control within the dwelling focuses solely on 

heating rather than cooling, mostly between the months of 

September through to May, inclusive. The dwelling is 

equipped with a 5kW air sourced Daikin heat pump which 

is currently only used for DHW purposes. Electrical 

storage heaters are located in the kitchen, bedrooms and 

living rooms. The storage heaters range from 1.3kW, 

1.95kW and 2.6kW depending on room dimensions. 

Heating is not in use in the glazed offices, circulation 

space or toilets.   

Energy Consumption Analysis 

Through a detailed investigation it was found that there 

are five common power consuming products in this 

dwelling. The clothes machine has a power usage of 

500W and is used for one hour most mornings. The 

dishwasher of 1200W is used on average for one hour 

each evening. The fridge runs throughout the day with a 

power consumption of 300W. Tumble dryer (1400W) is 

used in direct correlation to the weather and more 

frequently in summer months as it rains quite often. The 

lighting in each room are energy efficient LED bulbs. 

A list of the main building characteristic is described in 

the Table 1. 

Weather data 

The Aran Islands average temperature ranges from 14°C 

in summer to 6°C in winter. The Island is exposed to the 

elements and the prevailing winds are West/South West.  

To retrieve the latest energy data for the simulations, the 

MERRA 2 application (Gelaro et al., 2017) was utilised 

to extract temperature, relative humidly, pressure and 

solar radiation for 2016 and 2017. 

Utility Bills analysis  

A full review of all energy bills dating back to 2006 were 

retrieved from the electricity provider. In particular, the 

electricity usage and charges were studied for years 2017 

and 2016 to generate a typical profile of electricity use 

and to also understand any anomalous months. 

Location Latitude:53.13349  Longitude: -9.696486 

Dimensions Floor area: 131 m2  Volume: 313m3 

Main 

construction 

layers  

Exterior walls 2008 [U-value =0.20 W/m2K]: Thin plaster(15mm), air cavity (15mm), wool glass insulation 

(100mm), board insulation (50mm), hardwood (120mm); 

Exterior walls 1997 [U-value =0.27 W/m2K]: Thin plaster(15mm), air cavity(15mm), wool glass 

insulation(100mm), Hardwood(120mm); 

Windows [U-value=3.3 W/m2K]: Double glazed/timber frame; 

Roof [U-value=0.12 W/m2K]: Tougher felt metal (10mm), board insulation (100mm), Tougher felt metal 

(10mm), board insulation (150mm), thin plaster(15mm). 
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Results and Discussion 

The exanimated workflow has been utilized against a 

detailed model, typically used in the IPMVP® Option D, 

and a whole building linear regression, typically used for 

the Option C, to demonstrate the accuracy of the ROM as 

M&V baseline.  Moreover, once the two simulation 

models have been calibrated, a comparison side by side 

has been done to demonstrate the capability of the ROM 

in simulating retrofitting scenarios. 

The detailed model (Option D) is developed using the 

IES-VE 2017 software. The model is based on 

information collected during the data collection and 

investigation stage. Thermal templates of each room type 

were created to match the actual building. All simulations 

were performed using apacheSIM and each iteration was 

recorded in a manual calibration process. 

Option C has been developed using a linear regression 

model based on monthly energy bills (12 months as 

recommended by IPMVP®), occupancy schedules and 

HDD.  

The ROM is utilised as outlined in the work-flow in the 

previous Methodology section. The parameters collected 

are inputted into the Tool and each parameter estimation 

was inserted in ROMFit. In the following Table 2, the list 

of resistances and capacitance calculated by the Tool has 

been provided.  

Table 2 - Aran Island ROM resistances and capacitances 

 Value Unit  Value Unit 

RWALL_IS 5.09E-04 K/W RM_IS 1.07E-03 K/W 

RWALL 8.29E-03 K/W RM 5.44E-03 K/W 

RWALL_ES 1.56E-04 K/W CM 4.19E+07 J/K 

CWALL 2.32E+07 J/K RGF_IS 9.94E-04 K/W 

RWIN_IS 2.83E-03 K/W RGF 1.55E-02 K/W 

RWIN 6.60E-03 K/W RGF_ES 3.06E-04 K/W 

RWIN 6.60E-03 K/W CGF 3.60E+07 J/K 

RWIN_ES 8.72E-04 K/W    
 

Since the values of the previous table are calculated with 

the real specifications of the building construction, they 

are not considered in the calibration process because they 

have a low level of uncertainty. The values that are used 

in the calibration process are those with a high-level 

uncertainty. Table 3 outlines the model building 

parameters calculated by ROMfit for the calibration 

procedure. 

Table 3 - Values of uncertain parameter calculated by ROMFit 

Baseline period energy demonstration 

Once the three models have been developed and 

calibrated with 2017 data, a comparison in terms of 

accuracy as IPMVP® baseline period have been carried 

out. As it can be seen in  Table 4, the ROM proves to be 

the most accurate statistically. With this, the ROM proved 

to be the least time consuming to calibrate in comparison 

to its IES-VE counterpart. This is mainly due to the sheer 

number of parameters involved in calibrating the white-

box IES-VE model.  

Table 4-Calibrated models’ statistical values, using 2017 data   
 

 

As suggested by the IPMVP® methodology, a comparison 

was made of the three models, in terms of monthly 

deviation to measured data. From Table 5 , it is evident 

that both the ROM and the IES-VE model satisfy the 

criteria set out as they can keep the monthly deviation 

within the 15% recommended by IPMVP®. However , the 

ROM proves to be the most accurate as its monthly 

deviation always lies within 10% of measured data. 

Table 5–Calibrated models’ monthly deviation, using 2017 data 

Reference 

period 

Monthly deviation 

ROM IES-VE LIN-REG 

12 DEC - 9 JAN -3.1% 13.0% -4.9% 

9 JAN - 2 FEB -3.8% -10.8% 2.3% 

2 FEB - 13 MAR -5.2% -0.9% -0.2% 

13 MAR - 7 APR 8.5% -7.8% -12.0% 

7 APR - 2 MAY -0.6% -0.1% -21.5% 

2 MAY - 19 JUN 0.5% -6.6% 7.1% 

19 JUN - 12 JUL 0.9% 4.1% 1.3% 

12 JUL - 11 AUG -5.5% -4.4% -20.2% 

11 AUG -19 SEP -3.4% 1.0% -4.0% 

19 SEP - 11 OCT 5.0% 4.9% 14.4% 

11 OCT- 10 NOV 9.8% -0.8% 20.4% 

10 NOV - 19 DEC -2.5% 3.3% -0.2% 
 

 

The ROM was then further validated by calibrating it with 

the previous 2016 year data. This data included weather 

file, occupancy schedules, setpoints, and heating ON-

OFF. The results obtained are similarly positive and 

satisfy all calibration criteria with a NMBE = 0.62%, CV-

RMSE = 9.39%. and R2=0.976. 

In addition to this, Figure 4 outlines the monthly deviation 

using the 2016 data and shows that all months lie within 

the acquired 15% range. The months of January and 

December 2016 are not taken into consideration as the 

bills of these two months have been estimated by the 

energy provider. Therefore, we can assume that the ROM 

Uncertain 

parameter 

Description Value  

AlphaH Heating - efficiency/utilisation  0.1 

AlphaC Cooling - efficiency/utilisation -  

L_rate Air infiltration rate [kg/s] 2 

AlphaEq Equipment - efficiency/utilisation  0.1 

AlphaLig Lighting - efficiency/utilisation  0.5 

Model ROM IES-VE Lin-REg 

Total energy 12568 kWh 12527 kW - 

NMBE -0.14% 0.21% - 

CV(RMSE) 6.05% 7.57% 13.89% 

R2 0.98 0.97 0.91 
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can be used for energy demand forecasting and M&V 

baseline definition. 

 

Figure 4 - ROM monthly deviation, validation using 2016 data 

Energy Cost Saving Measures (ECMs) 

In order to test the ROM in terms of renovation packages, 

close attention was paid to the back-casting method 

present in the IPMVP® 2016(Efficiency Valuation 

Organization, 2016). This method was utilised to model 

the building in its original conditions in the year 1998. 

The original model could be then updated with each ECM 

implemented in the year 2008. Thus, the avoided energy 

consumption (AC) from each ECM was evaluated. 

During the renovation works in 2008, the owner upgraded 

numerous parts of the house. This included an upgrade 

from single to double glazing windows (A), the addition 

of 50 mm of insulation in some parts of the old external 

wall (B) and an upgrade in insulation on the roof with the 

addition of a 150 mm rigid foam (C). 

Table 6 outlines the U-values (W/m2K) before and after 

the ECMs. 

Table 6 – U-value before and after the ECMs 

 As it is U-value [W/m2K] 1998 U-value [W/m2K] 

A 3.3  5.8  

B  0.20  0.27  

C  0.12  0.29 
 

Firstly, both the reduced order and IES-VE model are 

simulated under 1998 conditions. Then, the renovation 

packages are applied one by one to each model. Thus, an 

estimation of the AC is calculated. 

Table 7  - ROM and IES-VE ECMs energy savings comparison 

 

Table 7 outlines a comparison of the annual saving 

generated for each ECM and combined ECMs for both 

models. The last column represents the absolute value 

difference between the avoided energy consumption 

calculated with the ROM and with the IES model. 

The mean value of |ACROM- ACIES| is 1.95% with a 

standard deviation of 1.06%. Thus, we can assume that 

the ROM is suitable to estimate the energy savings of 

retrofitting scenarios. 

Conclusion  

This paper uses a novel methodology to support 

Measurement and Verification (M&V) by developing and 

utilising Reduced Order Model (ROM) to estimate the 

monthly energy consumption and supports accurate and 

reliable quantification of energy savings achieved through 

Energy Conservation Measures (ECMs). 

Modelica was used to develop the ROM and that is based 

on a grey-box model proposed by (Giretti et al., 2018). 

An additional Tool has been created to estimate main 

parameters and simplify the ROM usage. The information 

needed to populate the tools has been gathered from 

available technical information, surveys and interviews. 

The remaining uncertain parameters are evaluated based 

on specific values, and then adjusted throughout an 

automatic calibration process (ROMFit). Indeed, starting 

from the Modelica ROM a Functional Mock-up Unit 

(FMU) has been generated using Jmodelica and a Python 

code to optimize the calibration and the uncertain 

parameters estimation has been created To demonstrate 

the accuracy of the methodology, the ROM proposed in 

the paper is compared with a whole facility linear 

regression (Option C IPMVP®) and white box model 

developed with IES-VE (Option D IPMVP®) for a typical 

historical one-storey residential dwelling located on the 

Island of Inis Mór, Co. Galway. 

This paper concludes that the ROM is the most accurate 

between the three models when being utilized as IPMVP® 

baseline energy consumption. This model has a yearly 

NMBE = -0.14%, a CV-RMSE = 6.05% and a R2=0.98, 

compared to the energy 2017 monthly energy bills. 

Furthermore, a comparison in terms of annual saving 

generated by ECMs between the ROM and IES model 

was completed and shows the possibility to use the ROM 

in estimating the savings achieved through ECMs 

Further research is needed to: 

▪ Apply the methodology in other buildings and 

validate the methodology; 

▪ Create a standalone or web interface to use the ROM 

and improve the calibration engine; 

▪ Application on demand response scenarios and 

validation [RESPOND]; 

▪ Create and integrate a library, to take in to account 

the thermal comfort in the ROM. 
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 ROM IES-VE |ACROM 

- ACIES| 

[%] 
 Total 

[kWh] 

ACROM 

[%] 

Total 

[kWh] 

ACIES 

[%] 

1998  15060 - 15496 - - 

A 14196 5.74 14770 4.69 1.05 

B 14552 3.37 15191 1.97 1.40 

C 13527 11.24 14363 7.32 3.92 

A+B 13680 9.16 14413 6.99 2.17 

A+C 12667 15.89 13291 14.23 1.66 

B+C 13259 11.96 13777 11.10 0.86 

As it is  12568 16.54 12527 19.16 2.62 

________________________________________________________________________________________________ 

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

 
4186

 

 
  



References 

Air Force Civil Engineer Center ESPC Playbook. 

Available at: 

https://www.afcec.af.mil/Portals/17/documents/Ener

gy/ESPCPlaybook11-08-2017.pdf?ver=2017-11-19-

171008-597 

American Society of Heating, Refrigerating and Air-

Conditioning Engineers. (2009). 2009 ASHRAE 

handbook: Fundamentals. Atlanta (USA). 

Bacher, P. and Madsen, H. (2011). Identifying suitable 

models for the heat dynamics of buildings. Energy and 

Buildings, 43(7),  1511–1522.  

Berthou, T. et al. (2014). Development and validation of 

a gray box model to predict thermal behavior of 

occupied office buildings. Energy and Buildings, 74, 

91–100. 

BSI British Standards (2003). Solar protection devices 

combined with glazing. Calculation of solar and light 

transmittance. Simplified method. (BS EN 13363-1) 

Coakley, D., Raftery, P. and Keane, M. (2014). A review 

of methods to match building energy simulation 

models to measured data. Renewable and Sustainable 

Energy Reviews. Elsevier, 37, 123–141.  

Edgars Augustins et al. (2018). Managing energy 

efficiency of buildings: analysis of ESCO experience 

in Latvia. Energy Procedia. Elsevier, 147, 614–623 

Efficiency Valuation Organization (2016) ‘Core 

Concepts, International Performance Measurement 

and Verification Protocol - EVO 10000-1’. 

EnergyPlus. Available at: https://energyplus.net/   

eQUEST. Available at: http://www.doe2.com/equest/   

Foucquier, A. et al. (2013). State of the art in building 

modelling and energy performances prediction: A 

review. Renewable and Sustainable Energy Reviews, 

Elsevier 2013, 23, 272–288 

Functional Mock-up Interface. Available at: https://fmi-

standard.org/downloads/   

Fux, S. F. et al. (2014). EKF based self-adaptive thermal 

model for a passive house. Energy and Buildings, 

68(PART C), 811–817. 

Gelaro, R. et al. (2017) The Modern-Era Retrospective 

Analysis for Research and Applications, Version 2 

(MERRA-2)’. Journal of Climate, 30(14), 5419–

5454. 

Ginestet, S. and Marchio, D. (2010). Retro and on-going 

commissioning tool applied to an existing building: 

Operability and results of IPMVP’. Energy. Elsevier, 

35(4), 1717–1723. 

Giretti, A. et al. (2018). Reduced-order modeling for 

energy performance contracting. Energy and 

Buildings. Elsevier., 167, pp. 216–230. 

Harb, H. et al. (2016) .Development and validation of 

grey-box models for forecasting the thermal response 

of occupied buildings. Energy and Buildings. 

Elsevier, 117, 199–207.  

IBPSA Project 1. Available at: 

https://ibpsa.github.io/project1/   

Integrated Environmental Solutions. Available at: 

https://www.iesve.com/   

International Organization for Standardization (2017). 

Thermal performance of windows, doors and shutters 

-- Calculation of thermal transmittance -- Part 1: 

General (ISO 10077-1).  

International Organization for Standardization (2017). 

Thermal performance of buildings -- Heat transfer via 

the ground -- Calculation methods (ISO 13370). 

International Organization for Standardization (2007). 

Building components and building elements -- 

Thermal resistance and thermal transmittance -- 

Calculation method (ISO 6946). 

JModelica.org. Available at: https://jmodelica.org/   

Lauster, M. et al. (2014). Low order thermal network 

models for dynamic simulations of buildings on city 

district scale.Building and Environment, 73, 223–231.  

Lee, P. et al. (2015). Risks in Energy Performance 

Contracting ( EPC ) projects. Energy & Buildings. 

Elsevier , 92, 116–127. 

Li, X. and Wen, J. (2014). Review of building energy 

modeling for control and operation. Renewable and 

Sustainable Energy Reviews, 37, 517–537 

Müller, D. et al. (2016). AixLib – An Open-Source 

Modelica Library within the IEA-EBC Annex 60 

Framework. Proceedings from BauSIM 2016, 

Dresden (Germany), 14-16 September 2016. 

Perez, R. et al. (1990). Modeling daylight availability and 

irradiance components from direct and global 

irradiance. Solar Energy, 44(5),  271–289.  

Remmen, P. et al. (2018). TEASER: an open tool for 

urban energy modelling of building stocks. Journal of 

Building Performance Simulation, Taylor and Francis 

Ltd, 84–98. 

RESPOND Project. Available at: http://project-

respond.eu/  

Reynders, G. et al. (2014). Quality of grey-box models 

and identified parameters as function of the accuracy 

of input and observation signals. Energy and 

Buildings, Elsevier, 82. 263–274.  

Reynders, G. et al. 2015). Impact of the heat emission 

system on the identification of grey-box models for 

residential buildings. Energy Procedia. Elsevier, 78, 

3300–3305.  

The Irish Government (2009) ‘National Renewable 

Energy Action Plan Ireland’, 1–165. 

Union, E. (2018) ‘Directive (EU) 2018/844 of the 

European Parliament and of the Council of 30 May 

2018’. 

________________________________________________________________________________________________ 

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

 
4187

 

 
  

https://www.afcec.af.mil/Portals/17/documents/Energy/ESPCPlaybook11-08-2017.pdf?ver=2017-11-19-171008-597
https://www.afcec.af.mil/Portals/17/documents/Energy/ESPCPlaybook11-08-2017.pdf?ver=2017-11-19-171008-597
https://www.afcec.af.mil/Portals/17/documents/Energy/ESPCPlaybook11-08-2017.pdf?ver=2017-11-19-171008-597
https://energyplus.net/
http://www.doe2.com/equest/
https://fmi-standard.org/downloads/
https://fmi-standard.org/downloads/
https://ibpsa.github.io/project1/
https://www.iesve.com/
https://jmodelica.org/


Bayesian Network for Predicting Energy Consumption in Schools in Florianópolis – Brazil 

 

Matheus Soares Geraldi¹, Mateus Vinicius Bavaresco¹, Enedir Ghisi¹ 

¹Federal University of Santa Catarina, Florianópolis, Brazil 

 

 

 

 

 

 

Abstract 

It is important to study innovative approaches that 

consider real-world data to predict energy consumption, 

especially in existing buildings. This paper presents a 

data-driven model to predict energy consumption using 

Bayesian Networks. Monthly energy bills over three 

years were obtained from 90 public schools in 

Florianópolis, southern Brazil. Information such as 

floor-plan area, number of students, type of education, 

number of floors and occurrence of events were gathered 

for each building. The network output indicator was 

assessed using Energy Use Intensity based on floor-plan 

area or number of students. Three types of discretization 

methods and three network structures were tested, 

generating eighteen networks. A performance analysis 

comparing predicted as well as real Energy Use Intensity 

determined the Normalized Root Mean Square Error for 

each network and pointed out Equal Width 

Discretization as the best method and Naïve-Bayes as 

the most advantageous structure type. The discretization 

method had a high impact on the network performance. 

In addition, the Energy Use Intensity based on floor-plan 

area was more reliable than that based on the number of 

students. 

Introduction 

Predicting energy consumption is important for public 

buildings once it yields better resource management and 

improves optimization and retrofits. In Brazil, buildings 

were responsible for 43% of the total energy demand in 

2017 (Brazil, 2017). 

For new buildings, the energy consumption is commonly 

predicted using computer simulation or simplified 

models. However, predicting energy consumption for 

actual buildings lacks dependable methods along with 

challenges to be addressed, such as the non-availability 

of measured data and the unwillingness to share existing 

data (Borgstein and Lamberts, 2014). Thus, a statistical 

approach can be helpful to overcome those difficulties 

and obtain a representative result. 

Computer simulations and statistical approaches are 

complementary techniques. Building simulation using 

software (e.g., EnergyPlus) is useful for forward 

modelling at the building design phase and data-driven 

modelling is useful for retrofits, building performance 

analysis and energy purchasing in smart grids 

(Kontokosta and Tull, 2017). Moreover, authors have 

emphasized the gap between simulation results and 

actual performance (Jones et al., 2015; Khoury et al., 

2017; Menezes et al., 2012), and this fact leads 

researchers to look for new ways to predict energy 

consumption by calibrating forward models or using 

data-driven modelling (Tardioli et al., 2015; Wei et al., 

2018). An evident need to forecasting energy 

consumption based on real data is expressed by recent 

studies, especially for existing buildings (Hamilton et al., 

2015, 2016; Huebner et al., 2015; Huebner et al., 2016; 

Staepels et al., 2013).  

Statistical approaches can be used to create data-driven 

models using information from the building stock. 

Usually, data-driven approaches are used to calculate 

baselines for measurement and verification proceedings 

(e.g., retrofits) (Burman et al., 2014; IPMVP, 2001). 

Human variables can also be taken into account to 

improve the accuracy of such data-driven models by 

considering user’s behaviour (Liang et al., 2016). 

Wei et al. (2018) categorized data-driven approaches in 

two major classes: to predict building energy 

consumption (using artificial neural networks, support 

vector machines, statistical regression, decision tree and 

genetic algorithm); or to classify building energy 

consumption (using k-mean clustering, self-organizing 

map and hierarchy clustering). 

For example, using a data-driven approach, Lindelöf et 

al. (2018) developed a model to reduce the cost of 

retrofitting by estimating the baseline period through a 

Bayesian verification (no specific monitoring period was 

needed). In addition, the result was expressed by 

probability density function, which gives a confidence 

interval and not a static value. This confidence interval, 

rather than a blind result, supports the stakeholder to 

decide about the most suitable retrofit. 

The Bayes theorem introduces the conditional 

probability, which is a powerful approach to face 

complex and interactive problems, such as energy 

consumption, due to its capacity to express results in a 

degree of uncertainty (Borunda et al., 2016). Bayesian 

Networks are acyclic graphical models used to assess 

inferences regarding the relationship between input and 

output variables, represented as nodes. This technique 

has been used for many purposes, such as calibrating 

simulation models (Heo et al., 2011; Heo et al., 2012), 

defining architypes for stock modelling (Menberg et al., 
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2017; Sokol et al., 2017) and evaluating resources 

operation and application (Borunda et al., 2016). 

To forecast energy consumption, Bassamzadeh and 

Ghanem (2017) proposed a Bayesian Network to predict 

the demand for purchasing energy in Smart Grids based 

on high resolution data (5 min). The aim was to 

investigate the dependent relations between contributing 

variables and to build a model to help managers to buy 

the right amount of energy using high-granularity data. 

The main variables used were past demand, outside 

temperature, weekday or weekend day and price of 

energy. O’Neill and O’Neill (2016) proposed a Bayesian 

Network for forecasting hot water energy consumption 

in an office building. The model was based on an hourly 

dataset of outside temperature and energy demand 

collected during the cold season. The Network was very 

dependent on the discretization process and the 

uncertainty had increased when predicting consumption 

in other seasons. 

However, both proposed frameworks required a high 

level of data resolution and lacked to predict 

consumption when the building was not monitored with 

smart meters. In developing countries as Brazil, 

buildings with monthly energy measurement (billing) are 

the majority and there is a need to develop models to 

consider this portion of the stock. In addition, despite the 

high applicability of the Bayesian Network to predict 

energy demand in buildings, there is a lack of a tool for 

forecasting electric energy use intensity (EUI), since it 

has been used to estimate HVAC demands in cold 

locations. The objective of this work is to introduce a 

data-driven model using Bayesian Network to predict 

electric energy use intensity in public schools based on 

monthly data. The model was constructed using billed 

data from 90 state schools in Florianópolis, southern 

Brazil. The method presents the step-by-step 

construction of the Bayesian Network and registers how 

the nodes, data classifications and node connections 

were settled to obtain an optimal network performance. 

Method 

The study is comprised of three steps: dataset 

characterization and discretization process, Bayesian 

Network construction, and performance analysis. Figure 

1 shows the method flow chart. 

 

Figure 1: Method flow chart. 

Dataset characterization 

The first step was to collect and to characterize the 

dataset. Data from 118 schools were obtained and each 

school was characterized by including information such 

as monthly energy bills from 2016 to 2018, floor-plan 

area (in m²), number of students, type of education 

(basic, high or both). The presence or not of significant 

events was also identified for each monthly bill in order 

to indicate if the school had a situation, such as a party 

or science fair, which impacts on the energy 

consumption. The data collection process was based on 

the Energy Star® Portfolio Management worksheet for 

schools K-12 (EPA, 2016). 

A first exploratory analysis cleaned the dataset aiming to 

exclude missing data, removing outliers and correcting 

inconsistent data. Some inconsistent data that should be 

avoided (such as hotwire power supply) could lead to an 

unreliable modelling. This process included the 

comparison of the average and the standard deviation of 

the annual electricity consumption. Schools with average 

annual consumption differences greater than 50% and 

schools with monthly peaks greater than two standard 

deviations of the annual consumption were excluded. 

The result of this step was the dataset ready to be used 

for discretizing. 

The EUI was obtained for each school in two ways: 

rating the monthly consumption by floor-plan area and 

by number of students. Despite the relationship between 

the consumption and the building characteristics, a 

Bayesian Network was proposed because it is not 

possible to predict energy consumption using a directly 

linear model. Figure 2 shows electricity consumption 

versus floor-plan area and number of students and 

evidences that a linear model will be very unreliable. 

 

(a)   (b) 

Figure 2: Monthly energy consumption versus (a) floor-

plan area and (b) number of students. 

Discretization process 

Values of an attribute are either discrete or continuous. 

The conditional probability of an attribute Xi that will 

take a particular state xi, when the value of the class C 

that conditions Xi is c can be described as Equation 1. 

 P(Xi = xi | C = c)  (1) 

Where Xi is an attribute of the variable X; xi is a given 

state of the attribute; C is a class of the attribute; and c is 

an adopted value for class C. 

Attribute value c for the class C is considered a discrete 

value with a finite range. When the class C has a 
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continuous attribute range, it is necessary to group them 

into classes to calculate a probability function. Even for 

attributes that have a discretized but large amount of 

values, it is often advisable to group ranges of values 

into a smaller range for the purpose of estimating the 

probabilities. So, it is needed to discretize the continuous 

variables to allow the calculation of the probabilities. 

Some of the variables gathered were continuous and 

needed discretization, but some variables were discrete. 

Table 1 shows a summary of the variables used to 

construct the Bayesian Network. 

Table 1: Summary of the variables. 

Variable 
Variable 

type 

Node 

number 

Node 

type 

Nº of 

Classes 

EUI Continuous 1 Output 5 

Area Continuous 2 Input 3 

Students Continuous 3 Input 3 

Floors 
Discrete  

(One or Two) 
4 Input 2 

Education 

Discrete  

(Class 1, 2 or 

3) 

5 Input 3 

Month 
Discrete  

(12 months) 
6 Input 12 

Event 
Discrete  

(Yes or No) 
7 Input 2 

To categorize the continuous variables, three 

discretization methods were used aiming the best 

network performance. Three methods were tested 

because, as concluded by O’Neill and O’Neill (2016), 

the discretization criteria have a high impact on the 

network output. The discretization methods were chosen 

according to Yang and Webb (2002) due the nature and 

amount of data available in this work. 

The first discretization approach was EWD (Equal 

Width Discretization). This method divides the number 

of observations into k intervals of equal width, where k 

corresponds to the number of classes. The interval width 

is given by Equation 2. 

 DEWD = (vmax – vmin)/k  (2) 

Where: 

DEWD is the intervals width; vmax is the maximum 

observed value; vmin is the minimum observed value; and 

k is the number of intervals. 

The cut points start in vmin and continue by summing 

DEWD until vmax. 

The second discretization approach was the EFD (Equal 

Frequency Discretization). This method divides the 

dataset into k intervals where each one contains 

approximately the same number of training cases (equal 

frequency). k is a predefined factor equal to the number 

of classes. 

Both EWD and EFD methods possibly jeopardize 

attribute information since k is determined by an 

assumption and without considering the dataset 

properties. However, both methods are often used and 

work surprisingly well for Naïve-Bayes classifiers (Yang 

and Webb, 2002). To explore that limitation, the final 

discretization approach was the PKID (Proportional k-

Interval Discretization) which discretizes the dataset into 

k intervals with s size. PKID adjusts discretization 

because it considers the relationship between interval 

size and number of intervals. The higher the number of 

intervals, the smaller the interval size. Consequently, the 

larger the interval size (the smaller the number of 

intervals), the lower the variance but the higher the bias. 

The opposite is true. PKID gives equal weight to 

discretization bias and variance decrease by setting both 

interval size and interval number equally and 

proportionally to the dataset size, as presented in 

Equation 3. 

 s = t = (n)1/2 (3) 

Where s is the interval size; k is the number of intervals; 

and n is the dataset size.  

The result of this step was a table with all variables 

classified according to the three discretization criteria 

adopted. 

Bayesian Network construction 

The construction of the Bayesian Network was based on 

the Bayesian Theory and the calculation of conditional 

probabilities as shown in Equation 4. 

 P(A|B) = P(B|A).P(A)/P(B)   (4) 

where P(A|B) is the probability a posteriori of the event 

A, conditioned by the event B; P(B|A) is the probability 

a posteriori of the event B that conditions an event A; 

P(A) is the probability a priori of the event A; and P(B) 

is the probability a priori of the event B. 

The probabilities a priori were based on their own 

variable distribution and the probabilities a posteriori 

were calculated as a function of the conditioning event. 

The nodes represent the attributes of the observations, 

i.e., the variables gathered in the dataset. Node classes 

represent the variable states. 

The connections among the nodes are called directed arc 

of probability and express the likelihood that the arrow-

headed node conditions the arrow-ended node. The 

structure of the network depends on the arrangement of 

those arcs among the nodes. 

Those probabilities were assessed by calculating the 

frequency of occurrence for each variable state related to 

the variable state of the connected node using a 

frequency table. Table 2 shows the questions asked 

whose response values complete the frequency table for 

two generic nodes. 

Table 2: Analytical composition of a generic frequency 

table of two nodes with two classes. 

Node A 
Node B 

Class 1 Class 2 

Class 1 

How many 

observations had 

Node A classified 

as Class 1 and 

Node B classified 

as Class 1? 

How many 

observations had 

Node A classified 

as Class 1 and 

Node B classified 

as Class 2? 
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Class 2 

How many 

observations had 

Node A classified 

as Class 2 and 

Node B classified 

as Class 1? 

How many 

observations had 

Node A classified 

as Class 2 and 

Node B classified 

as Class 2? 

Three structures of Bayesian Network were tested. The 

most basic one was Naïve Bayes, wherein the input 

nodes were settled by a direct arc to the output node. The 

Tree Augmented Naïve-Bayes type (TAN) was similar 

to Naïve Bayes, but arcs among input nodes were used. 

The Net Bayes type combines the arcs among input 

nodes and the use of latent nodes – nodes not directly 

connected to the output node. Usually, latent nodes are 

used to represent non-observational variables. Figure 3 

presents a graphical example of those three types of 

structure. 

 

Figure 3: Differences among Bayesian Network 

structures. 

Therefore, three types of networks were developed each 

one combining three different discretization approaches 

for continuous variables, resulting in nine networks. 

To use the network, one must settle the class in all input 

nodes regarding to its school information according to 

the intervals defined in the discretization. The output 

node was the energy use intensity, and, despite this node 

was denoted by a discrete node, the output is a 

continuum value because the Bayesian Network can be 

used as a predictor by multiplying the output 

probabilities of each output class by their average value. 

The predicted energy use intensity can be estimated by 

means of Equation 5. 

 EUI = Σ(pi x ai)  (5) 

Where EUI is the predicted energy use intensity (output 

of the Bayesian network); pi is the probability outputted 

for each class; and ai is the average value of energy 

intensity for each interval class of the EUI node. 

The standard deviation of the predicted energy use 

intensity was also calculated, using the same 

mathematical structure of Equation 5 but considering the 

standard deviation instead of the average value of each 

interval class of the EUI node. Considering a distribution 

of Student, the final predicted EUI value was shown 

with a confidence interval, i.e., predicted EUI + or –

confidence interval. In the first attempts, the total 

consumption was used as output node, but it was found 

that using EUI as output node the network achieved 

more reliable results. 

Two types of EUI were used to test the network 

performance. The first EUI was based on the rate 

between energy consumption per month and floor-plan 

area, used by many authors to measure performance 

(Chung 2011). The second was based on energy 

consumption per month and number of students, as 

suggested by Dias Pereira et al. (2014) to assess 

performance of school buildings.  

Performance analysis 

The performance analysis measured the capacity of each 

network to predict reliable results. 

A dataset containing known-output values (real values) 

were inputted in the network and the outputs predicted 

by the network were compared to those already 

acknowledged. This process was performed using a 

bootstrap routine which resamples the dataset that was 

used to train the network.  

A first analysis compared the predicted output values 

with the known-output values by verifying if the known-

output values were fitted inside the confidence interval 

outputted by the network. If so, the network was 

considered able to predict monthly EUI, considering the 

confidence interval. This analysis compared the correct 

and the non-correct results grouping them in a bar chart. 

To determine the network that had the best performance, 

a numerical approach was used. To assess the 

performance, the NRMSE (Normalized Root Mean 

Square Error) was adopted as an indicator, which can be 

calculated according to Equation 6. 

 NRMSE = 100 x [Σ(y’t-yt)]1/2/(ymax - ymin) (6) 

Where NRMSE is the Normalized Root Mean Square 

Error (indicator of performance); y’t is the predicted EUI 

(network output) corresponding to the case t; yt is the 

real EUI corresponding to the case t; t is the number of 

cases; ymax is the maximum value of real EUI; and ymin is 

the minimum value of real EUI. 

In summary, the square difference of the predicted 

output energy use intensity and the real energy use 

intensity was computed for each case of the 

bootstrapping sample, divided by the number of cases in 

the sample and then the square root was taken. Then, the 

indicator was normalized to exclude the influence of the 

scale on the result. This indicator expresses a reliable 

network performance measure because it gives the idea 

of the potential global fitness (Hyndman and Koehler, 

2006). Thus, the lower the NRMSE the stronger the 

network for predicting energy intensity. 

The NRMSE was calculated using the bootstrapping for 

each network combination, i.e, three discretization 

methods times three structures equals nine networks. 

Since two EUI indicators were used as output node, the 

NRMSE was calculated for the networks that use EUI as 

a function of floor-plan area and as a function of number 

of students, totalizing eighteen networks. 
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A final performance analysis used the best network 

selected from the previous analysis (smaller NRMSE) to 

predict the EUI over a year for a sample of schools 

(monthly). This result was compared to the real EUI to 

evidence the Bayesian Network behaviour in practice. 

Results 
The Bayesian Network  

Eighteen Bayesian Networks were built. An example of 

a Naïve Bayes Network is shown in Figure 4. Each 

square represents a node, and their classes are displayed 

by bars with the probabilities a priori. Those 

probabilities a priori were calculated using the dataset to 

train the network. The trained network can be used to 

insert a case by setting the states on classes of each node 

according to the classes of the case analysed. 

Then, the output node gives the predicted EUI by 

calculating the probabilities a posteriori multiplied by 

the average values of the classes of the output node. 

The NRMSE was calculated for each combination of 

discretization method and structure types used to build 

the networks. The networks were identified by means of 

an id number, followed by the discretization method and 

followed by the structure. 

 

Figure 4: Bayesian Network. 

A first analysis compared a resampled dataset with real 

output values with those predicted by the network. If the 

real value was within the confidence interval, the result 

was considered a correct prediction; otherwise, it was 

considered an incorrect prediction. Figure 7 shows the 

result of this analysis. 

 

Figure 5: Correct and incorrect predictions. 

The variation in results due to using different structures 

was very low. The major variation was due to the 

utilization of different discretization methods.  

The discretization method that led to the best result – 

higher correct predictions – was the EWD. Both EFD 

and PKID methods led to higher inaccuracy predictions. 

This could be explained because both EFD and PKID 

methods considered low variance among bins, what does 

not represent the dataset. 

In this analysis, it was not possible to define which 

output node was the best (EUI rated by floor-plan area or 

by number of students). 

Performance analysis 

To compare the representation capacity of the output 

node two indicators were used: EUI based on 

kWh/m².month and EUI based on kWh/student.month. 

Figures 6 shows the NRMSE for the networks 1 to 9, 

which used kWh/m².month, and Figure 7 shows the 

NRMSE for the networks 10 to 18 which used  

kWh/student.month. The NRMSE analysis assessed the 

numerical difference between the predicted and the real 

values. So, it was an analysis with more accuracy. 

 

Figure 6: NRMSE for energy use intensity based on 

floor-plan area (kWh/m².month). 

 

Figure 7: NRMSE for energy use intensity based on 

number of students (kWh/student.month). 

Assessing the NRMSE, the best discretization method 

was the EWD. This is due to the nature of the continuum 

variables that are best categorized using a simple binning 

method that led to more representative bins. Indeed, the 

data showed that same-sized bins (as created by EFD 

and PKID methods) do not represent the actual data 

behaviour observed in the dataset. For example, for the 

variable EUI, the majority of the data (90%) ranged from 

0.3 to 6.0 kWh/m².month, while 10% ranged from 6.0 to 

________________________________________________________________________________________________ 

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

 
4192

 

 
  



16.0 kWh/m².month. For the nodes “Area” and 

“Students”, the trend is more linear. 

This could be explained because school buildings in 

general have a very constant pattern of consumption 

despite a few outlier values as observed. In addition, 

PKID method cuts the dataset into a lot of bins, what 

might make the network performance decrease due to 

the increase of the bias. This method leads to a better 

performance for small datasets (Yang and Webb, 2002), 

so it did not fit well on this dataset. 

The best structure method was the Naïve-Bayes which 

was also the simplest one used. This could be explained 

because there was no conditional relation among the 

variables used to describe the consumption. Despite the 

attempts to link the nodes and create statistical relations, 

a more effective statistical test must be performed to find 

real relationships among the input variables. 

Comparing the output unit used, either relative to the 

floor-plan area or to the number of students, the best 

network performance (lower NRMSE) was observed 

using the EUI rated by floor-plan area.  

This could be explained because the appliances used in 

schools in Brazil are usually HVAC for cooling, lights 

and computers for employees, as observed in situ. This 

makes the consumption somehow independent from the 

number of students and more dependent from the size of 

the school. For example, if the lights and HVAC were 

turned on in a classroom, they would consume very 

similar energy either for ten or thirty students. 

In fact, if one takes the EUI rating by floor-plan area or 

number of students, it is possible to observe the 

differences, as shown in Figure 8. 

  

(a) (b) 

Figure 8: Histogram of EUI rated in relation to (a) 

floor-plan area and (b) number of students. 

The kurtosis of the histogram (a) was 0.9 and for the 

histogram (b) was 14.0, which indicates that the peak of 

the frequency-distribution curve of (b) was sharper than 

(a). In other words, the histogram of EUI rated by floor-

plan area presented more similarity to the normal 

distribution if compared to EUI rated by number of 

students. Despite the impossibility to determine a cause-

effect model as shown in Figure 2, the relationship 

between energy consumption and floor-plan area was 

very strong, since the observations were more equally 

distributed among the bins. 

To analyse the network usage in practice, each one of the 

90 schools were inserted in the network to predict their 

EUI throughout the year. The best performance network 

structure combination was used: Naïve-Bayes 

constructed with EWD that outputs EUI rated by floor-

plan area (network #1). Figure 9 shows the real and 

predicted EUI for a single school as example. 

 

Figure 9: Real vs predicted EUI for a single school 

throughout the year (real data over 2016). 

In general, the predicted values overlapped on real 

values, but this case was chosen to illustrate some 

interesting observations, such as noted in other cases. 

From Figure 9 one can observe that the predicted values 

were very similar to the real values despite some outlier 

points as in March, June and August. In March and 

August, there were indications of some peak 

consumptions, probably due to the educational schedule 

variation from one year to another (sometimes school 

year starts in February and sometimes in March, 

depending on holidays, and returns from winter break 

either in July or in August). Since the dataset used was 

composed of three years, an improvement in the network 

could be made by using larger dataset, contemplating 

several years. 

In June, the energy usage was lower than the predicted 

also probably due to the schedule variation (holidays in 

June) or because most of the schools had events in June 

that are not common on that school. 

In fact, the network was a more stable predictor, i.e, the 

predicting throughout the year followed a steady 

trending but not accomplished peaks or outlier values. 

This is also concluded by other authors (Borunda et al., 

2016; Sokol et al., 2017), who recommended the 

Bayesian Network as a robust technique for 

classification, but not so robust to be used in regression 

analysis, as predicting energy consumption requires. 

Another possible explanation for these inaccuracies can 

be found in a limitation of the network: the incapacity of 

differentiation year to year. The network always predicts 

for an undefined year and it is not possible to predict for 

2019 or 2020 differently, for example. However, the 

purpose behind the Bayesian Network is retro-feeding, 

i.e., the possibility of inserting new information 

successively. Therefore, while more information is 

added to the network more possibilities to predict 

specific events can be built. Some examples of 

improvement are the addition of specific information as 

weather data (e.g., average monthly temperature), or 
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rearrangement of the network structure due to newly 

found relationships. 

Conclusion 

This paper presented a Bayesian Network constructed to 

predict energy consumption in schools in Brazil. The 

database of 90 schools was used. This study analysed the 

performance of eighteen networks built using different 

structures and discretization methods. This study 

addresses the noteworthy findings as follows:  

(a) The type of discretization method expressively 

impacted on the network performance, and the EWD 

was the most suitable method for discretizing the 

continuum variables considered in the network 

construction of this study; 

(b) EUI rated by floor-plan area led to better predictions 

instead of EUI rated by number of students due to the 

relationship between appliances and building sizes found 

in schools;  

(c) The network with the best performance could lead to 

a proper accuracy, but it failed to predict peak values or 

to distinguish one year from another; 

(d) Some limitations of this method could be drawn, 

such as the need of a greater dataset and the incapacity to 

predict peak or outlier values. However, if the 

limitations are solved, the Bayesian Network will be 

useful in contexts where there is limited information 

available, such as developing countries like Brazil. 

The detailed reasons for the aforementioned findings 

will be investigated in future studies. For example, the 

improvement of the database with more characteristics 

and enlargement of the actual data. Furthermore, the use 

of Bayesian Networks for classifying energy 

performance instead of predicting energy consumption 

would be explored. 
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Abstract 
As the feed-in tariff of PV reduces (Wirth, H., 2018), the 
PV self-consumption becomes more profitable. Heat 
pumps can contribute to increase PV self-consumption 
because they can transform electrical power to heat and 
store the PV surplus in form of thermal power. 
Furthermore, heat pumps, which are able to modulate the 
compressor speed, open up more flexibility and adaption 
to the fluctuating PV power and to the thermal load profile 
of buildings. For exploiting the full potential, a smart 
control for modulating heat pumps (MHPs) is needed. 

This paper describes the development and the real 
application of a PV optimized control for MHPs in plus 
energy terraced houses, built in 2017. The PV optimized 
control was tested in terraced houses in winter 2018 and 
validated in the simulation software TRNSYS (2018). 
The first measurements of the MHP system show an 
accordance with the simulation results. The NRMSD 
value for the thermal power of the MHP model is between 
5.4 % and 7.7 %. Within the validation of the MHP 
System, the NRMSD value for temperatures in storage 
tanks is up to 29.4 %. The NRMSD for the PV self-
consumption is 1.65 %. 

Introduction 
Since the feed-in tariff of PV decreased, the focus is on 
control strategies, which enables an increase of PV self-
consumption. Battaglia, M. et al. (2017) show, how 
control strategies for overheating thermal storage tanks 
can reduce costs for electricity. Psimopoulos et al. (2016) 
investigates control algorithms in terms of its impact on 
final energy, solar fraction, self-consumption and 
seasonal performance factor in the simulation software 
TRNSYS. Results show an increase of PV self-
consumption to 50.5% by using control strategies in 
combination with thermal and electrical storage. 

Developed control strategies in simulation studies may 
vary from implemented control strategies as components 
are configurated with different input parameters from 
manufacturers. This leads to a changed control strategy in 
real application. In order to verify the implemented 
control strategy in a real application, the simulation model 
has to be validated to the real components. Buderus et al 
(2017) show a method to validate a buffer storage model 
to measurements from a hardware test bench. Banister et 
al. (2014) show a validation of the heat pump system 

model in TRNSYS, which was compared to a purpose-
built experimental test apparatus. 

In a previous simulation study, a control strategy, the 
Demand Side Management System (DMS), for the 
terraced houses was developed and is described in 
(Dentel, A. et al., 2017), but during the implementation, 
the control strategy was changed due to different 
configuration input parameters from the manufacturers. 
This lead to an adaption of the DMS to the Energy System 
and the PV optimized control was developed. The PV 
optimized control includes the controlling of heat pumps 
and the battery in the energy system. The energy concept 
of the terraced houses consists of two shared MHPs, 
connected to a two storage cascade, eight decentralized 
domestic hot water heat pumps (DHW-HPs) with a 200 
liters storage each and a shared battery. The second 
surplus storage in the storage cascade has a volume of 
2000 liters and is charged only during PV production. The 
first buffer storage has a size of 800 liters and is charged 
during grid and PV consumption.  

The focus of this investigation is on the MHPs and the 
buffer storage tanks as a part of the whole Energy System 
and its contribution to the PV self-consumption. The 
paper discusses the approach of controlling the MHPs in 
simulation and in real application. 

Methods 
Control Strategy 

The PV optimized control aims to operate the MHPs in 
order to maximize the PV self-consumption and to 
increase the Coefficient of Performance (COP) during 
grid consumption. 

The PV optimized control is implemented as a rule base 
control. First, as there is a surplus of PV power, after 
fulfilling the electricity needs of the household, the main 
focus of the PV optimized control is on the adaption of 
the compressor speed of the MHPs to PV surplus power. 
During grid consumption, the MHPs operate in part load 
because of the higher efficiency. 

In simulation the compressor speed is an input of the heat 
pump model and is calculated by the available PV power 
and the polynomial of the MHP, shown in Equation (7). 
Thus, the compressor speed can be adapted to the PV 
power exactly. However, in real application the 
compressor speed cannot be set directly by the PV 
optimized control. The manufacturer offers the possibility 
to set the set temperature of the return flow. Then, the 
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internal control of the MHP controls the compressor 
speed in order to reach the same temperature for actual 
and set temperature of the return flow. This concept don’t 
allow an exact control of the compressor speed and thus 
an exact adaption to the available PV power is not 
possible.  

The PV optimized control has 4 operation modes for the 
MHPs depending on the grid consumption and the 
available PV power. 

1. Grid Mode: During the develepement in simulation, 
the modulation of the MHPs is supposed to be 40 % 
of the heating power. In real application, the set 
temperature of the return flow is 30 °C and the 
modulation changes according to the actual 
temperature, consequently to the demand of the 
thermal load. This leads to a supply temperatue of the 
MHPs of 32 °C – 35 °C, because the supply 
temperature of the building has to be at least 30 °C. 

2. PV Mode: During the developement in simulation, 
the PV optimized control adapts the compressor 
speed to the available PV power by calculating the 
modulation using the polynomial of the MHP, shown 
in Equation (7). This leads to a modulation between 
18 % and 100 % of the heating power and an exact 
adaption to PV power. The exact implementation of 
this function is not possible in a real application.  The 
PV Mode starts in the real system, when the PV 
power after household consumption is above 3 kW. 
Then the set temperature of the return flow is set to 
35 °C. In the PV Mode a second buffer storage is 
charged as well until the temperature at the bottom 
reaches 35 °C. 

3. Load Management: The Load Management aims to 
avoid electrical load peaks of the terraced houses. 
During the develepement in simulation and in real 
application, the PV optimized control switches the 
MHPs off for 15 minutes, if a load peak of 16 kW is 
reached. 

4. Priority Mode: This mode ensures that the thermal 
comfort in the terraced houses is fulfilled at all times. 
In simulation, the Priority Mode starts, if the 
temperature falls under 27 °C in the first buffer 
storage and then, the modulation is set to 70 %. In 
real application, the set temperature of the return flow 
of the MHPs is set to 32 °C when the temperature 
falls under 27 °C in the first buffer storage tank. This 
mode is normally coupled to the Load Management. 
 

Modulation Heat Pumps 

Besides the flexibility to PV power operation, the 
modulation also has a benefit of energy efficiency. The 
MHP inverter performance characteristic leads to a COP 
optimized operation in part-load operation. Figure 1 
shows the heating and the COP curve of the MHP for an 
evaporator temperature of 5 °C and a condenser 
temperature of 35 °C. It is visible that the highest 
efficiency (max. COP) is at a modulation speed of 40%. 
The PV optimized control enables an optimization of the 

modulation speed of the two MHPs with respect to the 
COP and the actual produced PV power.  

The existing TRNSYS Type 401 from Afjei and Wetter 
(1997) provides an on/off heat pump that was extended 
and validated for modelling the modulating heat pumps 
and is described in (Dentel, A. et al., 2017). This lead to 
the introduction of the TRNSYS Type 4010 that offers a 
modulation speed as input, additionally.  

The bi-quadratic-polynomial equation for describing the 
heat pump characteristics is extended by the modulation 
speed ( n,iY ). Equation (1) shows the new polynomial 

equation ( iP ) for calculating the electrical power with 

eight coefficients ( nbp ), the evaporator inlet temperature 

( x,ev,in,i ), the condenser outlet temperature ( x,cond,out,i ), 

and the modulation speed ( n,iY ). The thermal power ( iQ ) 

is represented by the polynomial, shown in Equation (2), 
with eight coefficients ( nbq ), the evaporator inlet 

temperature ( x,ev,in,i ), the condenser outlet temperature (

x,cond,out,i ), and the modulation speed ( n,iY ). Table 1 gives 

an overview of the root-mean-square-deviation (RMSD) 
for the validation of the polynomial equation. The RMSD 
shows good accordance for evaporator, compressor and 
condenser power, compared to the manufacturer data. 
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Figure 1: Heating power and COP over the modulation 
speed, inverter frequency, and relative heating power of 

the heat pump for 5 °C/35 °C. 
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Table 1: Validation data of the MHP –RMSD values. 
 

evaporator power 0.6326 kW 

compressor power 0.1072 kW 
condenser power 0.7026 kW 

 

Measurements 

For evaluating the PV optimized control, the MHP system 
is monitored at all energy balance limits. Figure 2 shows 
the layout of the MHP System and the position of the 
measuring points. There are temperature sensors at 
evaporator and condenser side of the MHPs for supply 
and return flow. Only the mass flow on the condenser side 
is measured, the mass flow at the evaporator side is 
calculated. For evaluating the Seasonal Performance 
Factor (SFP) the electrical power is monitored. The 
thermal power is calculated by measured condenser in- 
and outlet temperatures and mass flow rates, shown in 
Equation (4). The frequency of the MHPs is measured as 
well. The two buffer storage units have each two 
temperature sensors at the top and bottom. On the 
building load side, there are temperature sensors for 
supply and return and a heat meter. The signal for the 
valve V7, opening the second buffer storage during PV 
production, is measured as well. 

 

 
Figure 2: Measuring points of the MHP system. 

 

The measuring points of the MHPs as well as the 
temperature and mass flow measurement at evaporator 
and condenser side are measured in a 1-minute step. The 
temperature of the storage units and the measurement of 
load temperature and energy heat are recorded in a 15-
minute step. The external temperature sensors are PT 100, 
the heat measurement is an ultrasonic meter with PT 500 
temperature sensors. The accuracy of the calculator is 
+/- (0.15 + 3K/dT) %. Electrical measurements are by 3-
phase pulse counter with an accuracy of +/- 1 %. 

Important values for evaluating the MHP System, which 
are not measured, are calculated. Equation (3) is for 
determining the compressor power of the MHP (Pel, MHP, 

measured) without auxiliary power of the pumps of the 
evaporator ( , ,el evap pumpP ) and condenser side ( , ,el cond pumpP ). 

 

 

The calculation of the thermal power of the MHP (Qth, MHP, 

measured) is shown in Equation (4). The thermal power is a 
product of the heat capacity of water, the measured mass 
flow (mcond in, MHP, Measured) and the supply and return 
temperature (Tcond in, MHP, Measured; Tcond out, MHP, Measured)) of 
the condenser. 

 

, ,  ,  , , 

 , ,    , , 

Q  c *  *        

( )
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m

T T

 


 

(4) 

 

As the mass flow of the evaporator is not measured, the 
calculation of the mass flow (mevap in, MHP, Measured) is shown 
in Equation (5). The evaporator power (Qevap, MHP, measured) 
is a subtraction of thermal and electrical power, shown in 
Equation (6). The in- and outlet temperatures of the 
evaporator are measured (Tevap in, MHP, Measured; Tevap out, MHP, 

Measured). 
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(5) 

 

with 

, , , , , , Q     evap MHP measured th MHP measured el MHP measuredQ P   (6) 

 

The measured frequency (frq) of the MHP is transformed 
into the modulation speed ( n,iY ), shown in Equation (7), 

in order to give an input to the MHP model. 

 
2  0.008193*  2.207*  39.86   n,iY frq frq     (7) 

 

Simulation and Validation 
As mentioned in the description of the modes in section 
Methods and subsection Control Strategy, there have been 
a few changes from the development of the DMS (Dentel 
et al., 2017) in simulation to the real application in the 
terraced houses. Thus, the PV optimized control in real 
application is re-implemented in simulation again in order 
to validate the simulation model of the MHP and the MHP 
system.  

Validation of Modulating Heat Pumps 

In the first step the model of the MHP is validated by 
measured data from a winter day. The model of the MHP 
gets inputs of the measured temperature and mass flow at 
evaporator (Tevap in, MHP1/2, Measured; mevap in, MHP1/2, Measured) 
and condenser side (Tcond in, MHP1/2, Measured; mcond in, MHP1/2, 

Measured). As well, the measured frequency of the 
compressor speed is turned into a modulation speed by a 
polynomial, shown in Equation (7), and is an input of the 
model.  
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The results of the MHP model are compared to the 
measurements of MHP 2 from the Energy System of the 
terraced houses.  

Figure 3 shows that the measured condenser outlet 
temperature (Tcond out, MHP2, Measured) as well as the simulated 
condenser outlet temperature (Tcond out, MHP2, Simulated) are 
similar. However, during high thermal operation, the 
deviations increase. The same effect is visible for the 
measured evaporator outlet temperature (Tevap out, MHP2, 

Measured) and the simulated evaporator outlet temperature 
(Tevap out, MHP2, Simulated) (see Figure 4). The comparison of 
MHP 1 show the same results. 

Furthermore, the measured and simulated thermal and 
electrical power of MHP 1 and 2 is compared. Figure 5 
shows measured and simulated thermal and electrical 
power of the MHP 1. There is a higher measured thermal 
power (Qin, MHP1, Measured) until a frequency of 55 Hz than 
the simulated thermal power (Qin, MHP1, Simulated). From 
55 Hz the measured thermal power is lower than the 
simulated thermal power. In contrast to the thermal 
power, the measured and simulated electrical power (Pel, 

MHP1, Measured; Pel, MHP1, Simulated) fits better in higher 
frequency at 55 Hz. In lower frequency, there is a mean 
offset of about 400 W between measured and simulated 
electrical power. 

 

 
Figure 3: Temperatures of condenser of MHP 2. 

 

 
Figure 4: Temperatures of evaporator of MHP 2. 

 

Figure 6 shows measured and simulated thermal and 
electrical power of the MHP 2. In contrast to MHP 1, the 
measured and simulated thermal power of MHP 2 is 
similar. During lower frequency of the compressor, the 
simulated thermal power (Qin, MHP2, Simulated) fits to the 

measured thermal power (Qin, MHP2, Measured). In higher 
frequency at 55 Hz, the deviation is up to 25 %. As well 
as MHP 1, the electrical power of MHP 2 (Pel, MHP2, Measured; 
Pel, MHP2, Simulated) fits better in higher frequency at 55 Hz 
and in lower frequency, there is a mean offset of about 
400 W between measured and simulated electrical power. 

 

 
Figure 5: Thermal and electrical power of MHP 1. 

 

 
Figure 6: Thermal and electrical power of MHP 2. 

 

As there are obvious deviations for thermal power of 
MHP 1, the measured data and the simulated results of 
MHP 1 and 2 are compared for a time period of 2 hours 
in which both MHPs operate at the same frequency. The 
set return temperature is the same for MHP 1 and 2 and is 
set to 30 °C.  

As the thermal power is a calculation of measured in- and 
outlet temperatures of the condenser and the mass flow 
rate, Figure 7 gives an overview of the measured mass 
flow of MHP 1 and 2. The mass flow rate (Figure 7, 
bottom) differs from MHP 1 to MHP 2 at the same 
frequency. This leads to a higher thermal power of 
MHP 1. Figure 8 shows the measured and simulated 
thermal power of MHP 1 and 2. During the same 
frequency, the simulated thermal power is the same, but 
the measured thermal power of MHP 1 is mostly higher. 
There might be measuring inaccuracies and errors during 
the measurement of the mass flow. This leads to 
deviations between measured and simulated thermal 
power of MHP 1. 
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Figure 7: Comparison of measured in- and outlet mass 
flow of condenser of MHP 1 and 2 at same frequency. 

 

 
Figure 8: Comparison of measured and simulated 
thermal power of MHP 1 and 2 at same frequency. 

 

Validation of MHP System 

Next, the model of the MHP System is validated by 
measured data from the same winter day as shown in 
section Validation and Simulation and subsection 
Validation of Modulating Heat Pumps. The model of the 
MHPs is extended with the two storage units and the 
thermal building load, shown in Figure 2. In TRNSYS the 
storage is represented by the TYPE 534. 

As the course of the frequency is the same, the electrical 
and thermal power of the MHPs is also the same and can 
be seen in Figure 5 and 6. Only the condenser inlet 
temperature of the MHPs is different as it is an input from 
the storage model. 

Figure 9 shows the measured and simulated in- and outlet 
temperatures of the condenser of MHP 2. The simulated 
temperatures are higher than the measured temperatures. 
The results for MHP 1 are similar. Figure 10 presents the 
measured and simulated temperatures at top and bottom 
of buffer storage 1 and 2. The course of measured 
temperatures is quite between the simulated temperatures. 
Figure 11 shows supply and return temperatures of the 
building load and the heating load. The simulated supply 
temperature (Tsupply, Simulated) fits to the course of the 
measured supply temperature (Tsupply, Measured). 

 

 
Figure 9: Measured and simulated temperatures of 

condenser of MHP 2 in MHP System model. 

 

 
Figure 10: Measured and simulated temperatures of 

Buffer storage 1 and 2 in MHP System model. 

 

 
Figure 11: Measured and simulated temperatures of 

building load and measured heating load in MHP 
System model. 

 

Simulation of Operation Modes and PV Self-
Consumption 

The PV optimized control offers 4 operation modes, 
which were used during the measured winter day. The 
next figures give an overview of the temperature levels in 
the storage units and the power of the MHPs during the 
different operation modes. All operation modes were used 
within a time period of 6 hours during the winter day. As 
mentioned in the description of the modes in section 
Methods and subsection Control Strategy, the modes 
depend on grid consumption and PV surplus after 
fulfilling the electricity needs of the household. Figure 13 
shows the grid consumption (PGrid, Measured) and PV surplus 
after fulfilling the electricity needs of the household (PPV 
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plus, Measured) as well as the measured and simulated 
electrical power of MHP 1. The different operation modes 
are marked with numbers from 1 until 4.  

Operation mode 1: Grid Mode shows low thermal and 
electrical power of the MHP (see Figure 13 bottom) 
during grid consumption (see Figure 13 top). The set 
temperature of the return flow is set to 30 °C. The 
temperature level in buffer storage 1 is between 30 °C and 
35 °C (see Figure 14). Buffer storage 2 is not charged (see 
Figure 15). 

Operation Mode 3: The Load Management was tested and 
the MHP was switched off for 15 minutes in order to 
avoid load peaks. While the Operation Mode 3 (Load 
Management) is active, the temperatures in buffer 
storage 1 decrease down to 30 °C and lower. During the 
winter day, there was a function test of the Load 
Management and therefore, the maximal load peak was 
reduced to 11 kW. Normally, the maximal load peak is set 
to 16 kW. 

After the enforced switch off of the MHPs during the 
Load Management, the temperatures decrease under 
27 °C and Operation Mode 4 (Priority Mode) is set. In this 
mode, the set temperature of the return flow is set to 32 °C 
and the MHPs operate with higher power until the buffer 
storage 1 reaches 32 °C at the top. 

When the PV surplus increases above 3 kW, the 
Operation Mode 2 (PV Mode) is set. In this mode, the set 
temperature of the return flow is set to 35 °C, the MHPs 
operate to the highest thermal power and the temperatures 
increase up to 36 °C in buffer storage 1. Also, the buffer 
storage 2 is charged, as shown in Figure 15 and the 
temperatures increase up to 34 °C. 

 

 
Figure 13: Grid consumption and PV surplus as well as 

the electrical power of MHP 1 in different operation 
modes. 

 

 
Figure 14: Temperatures in buffer storage 1 in different 

operation modes. 

 

 
Figure 15: Temperatures in buffer storage 2 in different 

operation modes. 

 

As there are solar measurements missing in this case, PV 
production is only measured and an input of the 
simulation. The comparison of the PV self-consumption 
(see Table 2) during the time period shows small 
differences. The PV self-consumption includes household 
and MHPs electricity. 

 

Table 2: Comparison of PV self-consumption. 

Characteristics of MHP 1 Measurement Simulation 
PV production 42.9 kWh 42.9 kWh 

Direct PV of MHPs 10.4 kWh 9.8 kWh 
PV self-consumption 32.9 kWh 32.3 kWh 

 

In general, the percentage of direct PV of the MHPs is 
24.3 % and the simulated percentage of direct PV of the 
MHPs is 22.8 %. Using a normal heat control of the 
MHPs, the percentage of direct PV is only 6.0 %. 

 

Results 
In this section, the measured and simulated results of the 
validation of the MHP model and the MHP System are 
compared regarding to the root-mean-square-deviation 
(RMSD), calculated with Equation 8. For a more general 
comparison, the normalized root-mean-square-deviation 
(NRMSD) is used, calculated in Equation 9.   
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The input data of the MHP model are measured 
temperatures of condenser and evaporator as well as the 
modulation speed. The results of the MHP model are 
outlet temperature of condenser and evaporator as well as 
thermal and electrical power. The simulated results are 
compared to the measured results of the MHP 1 and 2 by 
calculating the RMSD as well as the NRMSD and can be 
seen in Table 2 for MHP 1 and in Table 3 for MHP 2. 

The RMSD value for the thermal power of MHP 1 is 
1.2401 kW and for MHP 2 is 0.8569 kW. The higher 
RMSD value of MHP 1 is an effect of the different 
measured mass flow rates at condenser for the same 
frequency, shown in Figure 7. This lead to the higher 
thermal power of MHP 1 (see Figure 8). There might be 
measuring inaccuracies and errors during the 
measurement of the MHP 1. This leads to deviations 
between measured and simulated thermal power of the 
two MHPs. For further research work, the measured mass 
flow rate is compared at other time periods. 

The RMSD of electrical power is for both MHPs nearly 
the same value and leads to deviations of 0.3658 kW and 
0.4078 kW. The measured electrical power includes also 
the auxiliary power of the control unit and other electrical 
components of the MHP. This might explain the deviation 
to the simulation results. 

For the condenser temperature, the RMSD is quite 
similar, as well as the RMSD of the evaporator 
temperature.  

 

Table 2: Validation data of the MHP 1 –RMSD and 
NRMSD values. 

Characteristics of MHP 1 RMSD NRMSD 
Thermal power 1.2401 kW 7.7 % 
Electrical power 0.3658 kW 7.9 % 

Condenser temperature 0.5911 K 5.1 % 
Evaporator temperature 0.6184 K 8.0 % 

 

Table 3: Validation data of the MHP 2 –RMSD and 
NRMSD values. 

Characteristics of MHP 2 RMSD NRMSD 
Thermal power 0.8569 kW 5.4 % 
Electrical power 0.4078 kW 7.6 % 

Condenser temperature 0.4247 K 3.7 % 
Evaporator temperature 0.5450 K 5.0 % 

 

The input data of the MHP System are measured 
temperatures of evaporator as well as the modulation 
speed. The condenser inlet temperature is an input from 

the storage model (Type 534). The results of the MHP 
System are outlet temperature of condenser, buffer 
storage temperatures and supply temperature of the 
building load. The simulated results compared to the 
measured results of the MHP System by calculating the 
RMSD as well as the NRMSD and can be seen in Table 4. 
Condenser temperature of MHP 1 and MHP 2 have a 
higher RMSD than in the validation of the MHP model. 
This is an effect of the higher RMSD of the temperatures 
in the buffer storage units because the condenser inlet 
temperature of the MHP model is an input from the 
storage model. The buffer storage temperatures have a 
RMSD up to 2.3831 K at the bottom temperature of buffer 
storage 1. The course of the supply temperature of the 
building load is quite accurate, but during a time period of 
hour 8 until hour 14, there are obvious deviations and that 
leads to a RMSD of 0.8380 K. 

The RMSD of the direct PV usage is 0.2284 that results 
in a NRMSD of 2.25 %. The RMSD of the PV self-
consumption is the same, as the electricity of the 
household a measured data and stays the same in both 
cases. However, the NRMSD reduces to 1.65 %. 

 

Table 4: Validation data of the MHP System –RMSD 
and NRMSD values. 

Characteristics of MHP 
System 

RMSD NRMSD 

Condenser temperature of 
MHP 1 

1.6449 K 14.3 % 

Condenser temperature of 
MHP 2 

1.7865 K 15.7 % 

Top temperature of buffer 
storage 1 

1.9069 K 21.9 % 

Bottom temperature of 
buffer storage 1 

2.3831 K 28.0 % 

Top temperature of buffer 
storage 2 

1.8245 K 29.4 % 

Bottom temperature of 
buffer storage 2 

1.1074 K 24.1 % 

Supply temperature of 
building load 

0.8380 K 7.2 % 

 

Table 5: Validation data of the PV Self-Consumption–
RMSD and NRMSD values. 

Characteristics RMSD NRMSD 
Direct PV of MHPs 0.2284 kW 2.25 % 

PV self-consumption 0.2284 kW 1.65 % 
 

Conclusion 
This paper presents an approach to control a MHP and a 
MHP System in simulation and in real application. In 
previous research work a DMS (Dentel et al., 2017) was 
developed for the MHP Energy System in simulation 
studies, but for the implementation in real application at 
terraced houses inputs and parameters are changed. Thus, 
the changed control strategy, the PV optimized control, is 
realized in the MHP Energy System in the terraced 
houses. The implemented PV optimized control is re-
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implemented in simulation and is validated with 
measuring points from the real MHP Energy System in 
the terraced houses. There are a validation of the MHP 
model and a validation the MHP System model that 
includes two buffer storage tanks and the building load. 

The results of the validation for the MHP model show a 
good accordance to the thermal and electrical power. The 
NRMSD of the thermal power is between 5.4 % and 
7.7 %. The NRMSD of the electrical power is between 
7.6 % and 7.9 %. One of the two MHPs has a higher 
RMSD of 1.2401 kW for thermal power, which might 
come from measuring inaccuracies and errors during the 
measurement of the condenser mass flow rate. The higher 
measured values for the mass flow lead to a higher 
thermal power of MHP 1. For further research work, the 
measured mass flow rate is compared at other time 
periods. The temperatures of condenser as well as the 
temperatures of evaporator are quite correct with 
measured and simulated results. 

The results of the validation for the MHP System show 
moderate accordance to the condenser temperatures. The 
measured temperatures of the buffer storage units are 
within the simulated results, but regarding the NRMSD, 
the deviations are between 15.7 % and 29.4 %. The 
measured and simulated supply temperatures of the 
building load are quite similar.  

The 4 operation modes of the PV optimized control are 
implemented and realized in simulation and real 
application. The comparison show a clear assignment of 
the different modes. The NRMSD for direct PV usage is 
2.25 % and for PV self-consumption is 1.65 %. 
Comparing the PV optimized control to a normal heat 
control of the MHPs, the percentage of direct PV 
increases from 6.0 % up to 22.6 % in simulation. 

In conclusion, the power outputs of the measured and 
simulated MHPs have moderate deviations, whose 
emergence in simulation and measurement must continue 
to be investigated. Nevertheless, the results of the 
comparison of the MHP model and MHP System, the 
supply temperature of the building load, shows a good 
accuracy for modelling the MHP System in simulation. 
The PV optimized control shows the potential to increase 
direct PV usage. In further work, more measurements will 
be evaluated for analysing the PV self-consumption in the 
terraced houses. 
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Abstract 
Buildings are populated with artefacts which exhibit 
complex response characteristics to the surrounding 
environment. Computers, copy machines, ovens and 
electric storage heaters have sometimes-substantial 
temporal shifts between their inputs and the casual gains 
they introduce into rooms.  Are these thermophysical 
complexities simply noise that can be ignored or can 
they have a bigger part to play in our virtual 
environments? 
Abstract representations can make it difficult for whole 
building numerical tools to match experimental 
measurements or short term detailed observations. There 
are many possible approaches to reducing descriptive 
and thermophysical abstraction. This paper explores the 
implications of treating sub-room scale artefacts as one 
or more explicit thermal zones and use the solution 
techniques applied to thermal zones to capture these 
elusive response characteristics. The paper also explores 
the influence of sub-room scale artefacts on the rooms 
and occupants. The paper also explores whether this 
makes a noticeable difference to the patterns of 
performance recorded within the built environment and 
the computing resource implications of such an 
approach. 
Introduction 
If we choose to include in our virtual worlds 
representations of furniture and fittings within buildings 
we have access to their thermophysical interactions with 
the building fabric, occupants and environmental 
controls. The current study is done in the context of 
ESP-r via the dynamic, multi-domain solution 
techniques described by Clarke (2001) as well as the 
Radiance visualisation suite Larson (1997).  
In Figure 1 everything visible is also thermally explicit – 
the chairs and desks are real and there is paper in the 
filing cabinets as well as zones for ducts and air handlers 
and all are treated with the same level of virtual physics 
as the facade.  Portions of this office also include CFD 
domains, but this is not reported in this paper. For this 
study sufficient information was not available to support 
2D or 3D conduction so 1D conduction is used.  
This increase in the resolution of the model and allows 
us to explore local comfort issues and better represent 
the temporal response to changes in boundary 
conditions, environmental controls and room use. 

 
Figure 1: explicit thermal and visual model of office. 

This paper extends the analogy to explore what happens 
if we explicitly represent:  
• the form and composition of a thermostat case, 

circuit board and sensor - each fully represented in 
the energy balance and solved dynamically along 
with its surrounding environment.  

• the form and composition and temporal heat 
generation and distribution of ubiquitous equipment 
in offices such as photocopy machines.  

• components of a wet central heating system and their 
dynamic interactions with the rooms they are in and 
their impact on local comfort. 

• a mechanical ventilation with heat recovery (MVHR) 
device and compare it with a system component 
based approach. 

Explicit sensors  
Various approaches have been used to describe sensors 
used by environmental controls in building simulation 
tools. The what is being sensed and the location of the 
sensor has considerable variety.  In ESP-r both ideal and 
component based environmental controls supports: 
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• sensing zone dry bulb temperature with a radiant and 
convective split 

• sensing the temperature at a surface or a node within 
a surface 

• sensing a weather parameter 
• ideal controls can have weighted responses to sensors 

in multiple locations 
In EnergyPlus (2017) there are a number of key words 
such as:  
• ZoneControl:Thermostat/ZoneControl:Humidistat  
• ZoneControl:Thermostat:OperativeTemperature 
• ThermostatSetpoint:ThermalComfort:Fanger 
Such key words and their attributes specify what is 
sensed within the zone (but not a position in the zone). 
There is also a displacement stratification model allows 
the user to specify a height and a calculated temperature 
is returned as well as options for sensors related to 
hydronic systems. Thermostats approximating users are 
based on the selected thermal comfort model for any 
given time period.  
And what of the abstractions in the simulation entities 
that generate these control signals? Reality check: 
thermostats tend not to sense dry bulb temperatures 
(certainly not those attached to wet central heating 
radiators) and they certainly do not respond 
immediately. 
According to Cockroft (2018), we must look at the inner 
construction of thermostats to see if the sensor is 
mounted on the circuit board (as in Figure 2), raised 
above the circuit board or attached to the thermostat 
case. The sensed condition then become the circuit board 
or a mix of the air and case temperature or the thermostat 
case itself. Modern thermostats tend to be poorly 
aspirated and some manufacturers design in a slow 
response to limit system cycling. 

Figure 2: Thermostat layout. 

A classic disconnect between abstract assumptions and 
observed responses is where a thermostat is mounted in a 
position that occasionally is in a sun-patch.  To 
demonstrate, an explicit Honeywell unit is included on 
the side-wall of the lounge of a residential model which 
will be used in several of the case studies (see Figure 3).

             Figure 3: Context of explicit thermostat. 
Here the sensor is soldered to the main circuit board (see 
Figure 2) and the zonal representation in Figure 4 
includes the case, the circuit board as well as the battery 
and sensor. There is limited aspiration via crack 
components in the mass flow network (CFD at this scale 
of domain has not been validated so was not attempted). 
The sensor participates in the living zone hourly 
insolation calculations and the radiation view factors 
between the case and the surfaces in the room have been 
calculated. 

 
Figure 4: Zonal representation of thermostat. 

Thermostat mounted on side wall of lounge. 
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The hourly basis for ESP-r’s computation of insolation 
patterns in the room somewhat obscures the time-
response of the thermostat. The literature provides few 
clues about the rate of air flow within thermostats so that 
could also impact the accuracy of the approach.  
The difference between the reported zone dry bulb 
temperature, zone resultant temperature and the 
thermostat case and sensor temperature are shown in 
Figure 5 where the sun patch is and issue from ~14h00-
15h30.  Note also that the thermostat tends to lag the 
reported dry bulb temperature. 

 
Figure 5: Different sensed conditions 

Explicit system components  
Environmental systems in simulation tools tend to 
respond immediately to control signals. Figure 6 shows 
heat injections from an ideal heat injection controller in 
ESP-r. Other tools also typically show sharp transitions 
which are unlikely to match observations. 

 
Figure 6: Instant response to control signals. 

 However, step changes in injection of heating and 
cooling flux does not fit with observations of many real 
systems. It may take 20 minutes for a domestic boiler to 
reach its operating temperature and heating persists for 
similar periods after pumps stop running. Air based 
systems are not immune - the thermal mass of ducting 
time-shifts delivery temperatures. The graph in Figure 7 
shows measurements at a domestic boiler and two 
radiators during a morning start-up period. After 20 
minutes the boiler firing cycles and at about 26 minutes 
the boiler shuts down and the temperatures gradually 
return to ambient temperature over the next hour. 
A thermographic study of the temperature regime within 
the kitchen and lounge radiators from Figure 7 as shown 
in Figure 8. The upper is the kitchen (DT ~10°C) and the 
lower is for a long-low radiator in the lounge (DT 
~15°C). Stratification which becomes less extreme as the 
room approaches the desired temperature and persists 
during the cool-down cycle where DT approaches 3°C.  

 
Figure 7: Measured temperatures in WCH system. 

Earlier papers (2016) discussed high resolution 
residential models which included explicit furniture and 
fittings. These models used water filled thermal zones 
for radiators, the water jacket of the boiler and a water 
mass flow network to distribute the fluid (Figure 8). The 
model tracks the dynamic convection and radiation 
exchanges as well as the thermal inertia of the fluid mass 
and casing and their comfort impact on nearby 
occupants. Although a CFD domain was used to 
represent the combustion chamber in the earlier study, 
this was not included in the current study so that longer 
assessment periods could be studied.  
However, a single temperature for the fluid in a radiator 
clearly does not reflect observed temperature 
distributions seen in Figure 9.  For this study a higher 
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resolution variant has been created, where each radiator 
is composed from three horizontal water filled and steel 
bounded zones which are linked via the flow network 
and with individual controls for the thermostatic radiator 
valves sensing operative temperature (two styles of 
radiator are shown in Figure 10). 

 
Figure 8: High resolution residential model. 

 

 
Figure 9: Thermographic study of stratification. 
Calibration of the model proved to be an iterative 
process. An initial idealized control study determined the 
rough capacity needed in each room (Figure 6).  Pre-
defined radiator entities were imported into the model 

and the flow rates were adjusted to reflect the capacity of 
the boiler. The initial overall ideal capacity of 10kW 
resulted in an extended start-up period. After several 
iterations a 16kW capacity resulted in warm-up periods 
which approximate observations. It was also found that a 
two minute time step provided the necessary resolution 
for control of the system and to ensure that the injected 
heat was absorbed correctly in the boiler water jacket. 
The model was simulated for various times of the year 
and one day in February captured for presentation. In 
Figure 11 gas firing is the upper grey line and the water 
jacket takes about 30 minutes to reach is normal 
operating temperature. There is stratification within the 
three radiator zones and cycling of the thermostatic 
radiator valve can be seen as the room reaches set-point. 
The extended cool-down is also evident. The dry bulb 
temperature, resultant temperatures and MRT at 
occupants follow a similar pattern to that in Figure 7. 
 

 
Figure 10: Wet system flow components and zones. 

 
Figure 11: simulated WCH system components. 
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Office equipment 
Photocopy machines are ubiquitous.  As sources of heat 
in rooms, their operation involves complex temporal 
patterns of warm air and warm-to-hot surfaces which are 
rarely captured within whole-building simulation tools.  
What are the implications of using abstract 
representations and typical hourly values of heat 
injection vs more explicit representations which might 
better track observations? 
The printer room shown in Figure 12 includes a large 
format plotter, a small radiator which is never used, as 
well as a mid-range A4-A3 colour photocopy machine 
with paper sorter.  The room includes a small extract 
grill similar to that in adjacent cellular offices to 
maintain fresh air levels. The door is always left open to 
the adjacent passage so elevated temperatures tend to 
disperse via mixing. On two sides are conditioned 
cellular offices and two sides are passages.  Three of the 
walls were lightweight and one concrete block.  There is 
a ceiling void above the room. Lighting tended to be off 
in the room unless detailed work was underway. 

 

 
Figure 12: Photocopy room and model. 

A thermal scan of the room and photocopy machine 
(Figure 13) indicated the case temperature varied 
between 24-38°C. Vents in the device introduced air into 
the room in the 30-45°C range and newly printed paper 
emerging at ~55°C.  Air near where users interacted 

tended to be 30-34°C. The machine standby state seemed 
to be rarely, if ever engaged. 
To characterise the temporal response, temperatures near 
the printer as well as within the room were  measured 
minutely. A clamp meter tracked the power demands of 
the copy machine at 10s intervals with a back-up Watt-
hour meter. Standby mode (10-100W) was observed on 
weekends as well as 1-2 hours after staff had departed. 
First use varied from 8h30 to 10h00. The warm-up 
sequences would draw ~1100W.  Print runs of several 
hundred pages would draw ~800-900W. Shorter runs 
~500-600W dropping to ~100W for the next 30 minutes 
or the next use.  The keep-warm function tended to draw 
100-300W (with rapid changes of state). Because this 
device was often lightly used this tended to be the 
dominate state during office hours.  Scanning facilities 
made fewer demands and where not specifically tracked. 

   
Figure 13: Heat emissions from photocopier. 

 
Figure 14: Measured electrical use imposed on the zone. 
Temperatures near the paper exits and under the scanner 
were typically 30-34°C whether or not the device was 
actively printing.  During office hours the room 
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temperature would gradually rise and stabilise 3-4°C 
warmer than adjacent spaces.  
An explicit zonal model of the device was created which 
which has the same surface area and roughly the same 
composition. The internal components and mass were 
represented with a number of steel plates and these were 
also used for portions of the case where elevated surface 
temperatures were observed. After testing this was 
encapsulated as a pre-defined entity (a mix of ESP-r 
surfaces and Radiance entities) which was imported into 
the ESP-r model.  The bounding surfaces of the device 
then were included in the room zone and explicit 
radiation view-factors were calculated between all of the 
surfaces. Measured minutely electrical demands (Figure 
14) were used as casual gains within the zone and its 
cooling fans and air circulation represented via 
controlled (on if the device core exceeded 40°C) air flow 
components. 

 
Figure 15: Predicted room & photocopy temperatures. 

Uncertainties in the model were: 
• flow rate for the device fans and non-forced vents 
• variation in temperature and heat generation within 

different sections of the device 
• the length of time which newly printed paper was left 

in the sorter 
• case material composition 
• distribution of heat generation with the device 
• temperatures in the ceiling void 
Calibration approach 
An initial guess at the device cooling air flow rate, the 
room extract rate and lighting use was applied to the 
model and the predictions showed that the device 
exhaust was ~50-70°C.  
The flow rate and fan on-temperature were adjusted to 
lower the exhaust temperature.  The room exhaust was 
also adjusted to 6 litres/s to approximate the fresh-air 
control in the adjacent offices. 
It was noticed that the heat from newly printed paper had 
not been accounted for so two of the surfaces in the 

sorter were converted to steel plates to approximate the 
hot paper temperatures.  During test runs the internal 
mass temperatures were seen to be decoupled from the 
heat injections and with the assumption that air flows 
within the device would not be well represented by the 
default treatment, alternative heat transfer coefficients 
were imposed. In all there were five iterations required 
to identify and adjust the response of the device toward 
that of the monitored data. In Figure 15 the turquoise 
line is  . 
Given the observation of mild discomfort near the 
photocopy machine MRT sensors at the operator’s 
position in the room and near the doorway were added 
and view factors were also computed so that position 
specific comfort calculations could be carried out. 
For comparison, the photocopy room should also be 
simulated with an abstract scheduled casual gain 
representation of the photocopy machine as well as 
tested in the context of an open plan office with adjacent 
desks. 
This study indicates the types of performance 
information which can be derived from explicit 
representations of office equipment.  A more heavily 
loaded photocopy machine would, or course, require an 
alternative power demand profile but otherwise a 
standard pre-defined entity and sets of electrical demand 
profiles would be broadly applicable.  Machines located 
in open plan offices would expected to create a local 
heat island which would disperse into adjacent work 
areas.  Here increasing the resolution of the solution via 
a CFD domain might be considered. 
Heat exchangers 
Mechanical ventilation with heat recovery (MVHR) 
devices which combine fans and heat exchangers in a 
compact unit are increasingly ubiquitous (Figure 16). 
Their efficiency is calculated in various ways and one is 
shown below. Many simulation tools offer system 
components, possibly linked to a flow network to 
provide control (although staff in a hurry often resort to 
re-setting infiltration rates). ESP-r offers a component 
based approach using systems components, but users 
often then simplify the air flow regime. For buildings 
with hybrid designs where natural air flows and 
mechanical flows mix a zonal approach may be a better 
fit. This case study looks at representing the air as it 
flows through a series of thermal zones with surfaces 
forming the heat exchanger with suitably set surface heat 
transfer coefficients. This approximates the heat transfer 
paths one might find in a MVHR. The model 
approximates the MVHR case and ancillary components 
(Figure 17). This was compared with an ESP-r systems 
component approach designed with the same 
characteristics. 
In the model tempered air is supplied to the left room via 
the explicit heat exchanger and the left_alt room via 
system components. In each case the air flows to the 
right or right_alt zone and passes out through either the 
explicit heat exchanger or the relevant system 
components. 
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The inter-zone surfaces in the heat exchanger zones 
approximate the heat exchange area. Heat transfer 
coefficients are set for the typical velocity in the MVHR. 
In this case, passing air through three zones in each path 
captured most of the temperature transition observed in a 
counter-flow heat exchanger yielding ~75-80% 
efficiency. The alternative plant network approach 
includes ducts (with equivalent flow components), a fan 
and three heat exchanger components (to represent the 
counter-flow and transition zones of the MVHR). The 
rooms have the same diversity of use and are controlled 
to the same temperatures.   
 

 

 

   
Figure 16: Mechanical ventilation heat recovery unit. 

The temperatures at various points in the heat exchanger 
are shown in Figure 18 and are roughly as expected.  As 
all other zones attributes are the same, the equivalence of 
the two representations of tempering the incoming air 
should show up in the pattern of heating required. The 
heating demands (Figure 19) follow a similar pattern but 
there is a shift in magnitude between the two methods 
which is not yet explained.  
In many ways it is early days for a zonal approach as 
there are many attributes of MVHR units which have 
been assumed.  Certainly this approach does not track 
real-world issues such as condensation droplets in the 
heat exchanger or vapour permeable membranes where 
latent transfers also occur. Further calibration is 
warranted.   

 

 
   Figure 17: Exploded view of HE and used with zones. 

What is not included in this representation are heat gains 
from the fans in MVHR. This would require additional 
geometric resolution. There are also no filters or a 
facility for a ‘summer bypass’. The space taken up by 
the virtual MVHR is not quite the same as the physical 
devices so there is further work needed if this approach 
was to be taken forward.  
A three-zones-along-the-heat exchanger yields 
temperature patterns consistent with ~80 efficiency. 
Additional zones would be needed to support units of 
extreme efficienty. What is missing are experimental 
data to better characterise the transition temperatures at 
the air entry points.  
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Figure 18: Temperatures at various points in heat 
exchanger. 

 
Figure 19: Heating demands for both approaches. 

Conclusions 
Several case studies have been used to explore zonal 
approaches to representing the performance of sub-zone 
scale artefacts within a whole-building simulation suite. 
We have observed: 
• Zonal representations involve a step-change in the 

number of surfaces and zones in a model. This 
increases run-times as well as the size of simulation 
results files.  

• For entities, such as the photocopy machine, which 
have been added to ESP-r’s library of pre-defined 
entities, inclusion in the model is streamlined but 
some attribution involves mass flow components and 
patterns of electrical demand which the user must 
still manage manually. This also applies to radiators 
and other system entities that involve multiple 
solution domains. Work is needed to extend the data 
model to include such attributes. 

• There is also a step change in performance 
information e.g. energy balances at each of the zones 
and surfaces as well as their temperatures an all of 
the flux paths normally associated with surface 
entities.  As a simulation community we have not yet 
evolved working practies to take into account such 
information in evaluating design decisions. 

• Where mass flows and heat transfer between surfaces 
and air are involved we have found that these are best 
captured if we move to shorter simulation timesteps – 
say 5 minutes rather than 15 minutes. If control is to 
be imposed, a 1-2 minute timestep is sometimes 
required.    

• Because we are still in the early stages of learning, 
there are few rules as to the specific level of detail 

needed to approximate these artefacts. Although we 
can use a caliper to measure the dimensions within a 
thermostat further research is needed to establish 
how much room air actually mixes within such 
devices. 

• Some topics are still very much work in progress. 
Thermostic radiator valves are crudly represented 
and would require quite a bit of work.  Losses in 
pipe-work would require that heat flows from mass 
flow components are tracked – probably a PhD in 
that topic. 

• Calibration is an iterative process.  It helps to have 
physical devices to observe and measure but there are 
any number of uncertainties in the form and 
composition and it will take time to explore 
sensitivities.  

• Some of these approaches do not scale well.  
Including a dozen MVHR units in an office building 
would likely require considerable passion.  

• One of the attractions of explicit representations is 
that is supports detailed comfort assessments and 
high resolution heat exchanges between objects and 
their surroundings. Most system component positions 
and exchanges with their surroundings are rather 
abstract. From the current perspective we might 
focus on methods to anchor system componets in 
space and enhance their interaction with their 
surroundings.  
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Abstract 

The present paper gives an overview of a French 

national project on building performance. Named 

COMEPOS, started in 2013, it focuses on « Positive 

Energy » detached houses.  

It consists in the design, construction, operation and 

evaluation of 20 inhabited and innovative houses. This 

collaborative project includes constructors, industrial 

and academic partners, the latter involved both in the 

monitoring and the use of building performance 

simulation at different stages of the building's life. The 

paper offers an overview of how simulation technics can 

be used, in coordination with measurements, concerning 

points like the optimization of the design, performance 

evaluation, fault detection, but also improving 

simulation of real-life situations, for example by 

improving the knowledge about the impact of occupants’ 

behaviour. 

Introduction: context and objectives of the 

COMEPOS project – Toward Energy 

Positive Buildings design, construction and 

evaluation 

In France, building is the most energy-consuming sector. 

To reach the objectives of reduction of energy 

consumptions that France set, sector of the individual 

house, which represents approximately 60 % of annual 

housing constructions, establishes an essential stake. 

Political commitments leading the building sector to 

generalize "positive energy houses" (that is to say, 

producing more energy than they consume over a year) 

in 2020 are ambitious. Research efforts and 

demonstration remain necessary to define and validate 

the concept of energy-plus houses, in terms of 

characteristics and expected requirements. 

The COMEPOS project involves 22 partners. It consists 

in developing the concept of detached energy-plus 

houses for all energy uses (regulatory uses and uses said 

"movable" not regulatory) with a real control of the 

additional costs, within the framework of the evolution 

of the thermal regulations on the horizon 2020. It has 

two main objectives:  

 Realize design studies,  simulation, technological 

design, monitoring and experience feedback of 

demonstrators, as well as the development of 

innovative technological systems that may be 

integrated; 

 Demonstrate the feasibility of the concept through 

the construction of 20 demonstration buildings that 

are distributed throughout the French territory, in 

partnership with a dozen builders who are members 

of LCA-FFB (Builders of individual homes Union). 

The large and dispersed sample over the entire territory 

of these demonstrators, integrating the various 

innovations proposed by industrials, can help better 

define effective solutions depending on climate types, 

building patterns but also lifestyles and clients’ 

expectations. 

The project allows mutualizing between the various 

partners the know-how and the following innovations: 

 Analysis of the performances of already built energy-

plus buildings, evaluation and choice of 

technological components best-suited for each 

region; 

 Houses design (building energy performance 

simulation, Life cycle analysis tools), taking into 

account various builders practices and expectations; 

 Houses construction: definition of an economic, 

commercial and legal model and elaboration of a 

guarantee of energy performance; 

 Monitoring in exploitation phase (analysis of 

measurements and inquiries with construction actors 

and occupants). 

The project will help accelerate the market development 

for energy-plus houses, HVAC systems and innovative 

components, as well as optimized design and energy 

management. As a result of first demonstrators during 

the project, the large-scale development of this type of 

home is expected, first of all by the different builders 

________________________________________________________________________________________________ 

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

 
4213

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

https://doi.org/10.26868/25222708.2019.210572 
 



 

 

partners in the project, and then in the longer term, by all 

members of LCA-FFB. 

This paper especially focuses on scientific developments 

made during the project. Those developments cover a 

great part of the life-cycle of energy-plus building and 

that are respectively: 

 Ecodesign; 

 Deployment of monitoring systems and on-site 

measurement; 

 Global data analyses; 

 Calculation of global indicators from measurements; 

 Comparison of predicted simulated values versus 

measured performances; 

 Measurement for default diagnostic and guaranty of 

performances. 

Ecodesign of ‘energy-plus houses’ using 

multi-objective optimisation, life cycle 

assessment and stochastic occupancy model 

Designing energy-plus buildings, at lower environmental 

impact and lower cost, is a complex optimisation 

problem. To address this issue, an ecodesign approach 

associating multicriteria optimisation, stochastic 

occupancy model, and simulation tools (for energy and 

environmental performance) was developed and applied 

in the COMEPOS project. 

Methodology 

A challenge in the design phase is to explore a large 

range of solutions in a limited time, in order to optimize 

the performance according to several criteria that can be 

contradicting. The optimisation procedure can be 

computationally expensive, especially when the number 

of dimensions of the search space is high. In that case, 

selecting suitable design variables constitutes an 

interesting preparatory stage of optimisation (Machairas 

et al., 2014). This selection stage can be carried out 

using sensitivity analysis, e.g. Morris screening method 

(Morris, 1991). Expert judgment is a complementary 

way to simplify the optimisation problem by identifying 

the most influential design variables. 

The optimization stage is conducted using a genetic 

algorithm, NSGA-II (Deb et al., 2002). As a simplified 

computing transposition of Darwin’s theory, the goal is 

to mimic a living organism’s population adapting itself 

to its environment over generations. Starting with a 

random initial population of µ individuals, λ individuals 

are selected by tournament (step 1 in Figure 1). These 

individuals, called “parents”, generate λ “children” via 

stochastic operators representing the crossover and 

mutation phenomena in genetics (step 2). The children’s 

performance is evaluated (step 3) in order to create a 

new generation of µ individuals using an elitist selection 

between the current µ individuals and the λ children 

(step 4). The process is generally stopped when reaching 

a given number of generations, but can also be defined 

regarding the current population’s performance. 

 

Figure 1: Illustration of the genetic algorithm process 

During the design process of plus-energy houses, the 

target of the COMEPOS methodology was to find a 

prototype with a positive annual primary energy balance 

which jointly minimises construction cost and 

greenhouse gases emissions (in CO2 equivalent). To 

assess the energy performance, the dynamic building 

energy simulation software COMFIE, created by 

Peuportier and Blanc-Sommereux (1990) was used. The 

model’s reliability was studied in the particular context 

of a high energy performance house (Brun et al., 2009; 

Munaretto, 2013; Recht et al., 2014 ; Munaretto et al., 

2018). The building environmental performance was 

assessed using an LCA software (EQUER), created by 

Polster (1995) and coupled to COMFIE. The 

construction, exploitation, renovation, and demolition 

stages were taken into account. Life cycle simulation 

(annual time step) uses the ecoinvent database to 

establish an inventory of flows from and into the 

environment. Construction cost functions were 

developed in collaboration with constructor partners. 

Being more and more insulated, high energy 

performance buildings are significantly sensitive to 

internal loads (metabolism, electrical appliances), 

commonly modelled by conventional ratios and profiles. 

In the COMEPOS project, average statistical occupancy 

profiles based on a stochastic occupancy model (Vorger 

et al., 2014) were generated, allowing a more realistic 

consideration of occupants’ behaviour. 

Illustration 

For illustrative purposes, the results obtained during the 

design phase of one COMEPOS house are presented in 

Figure 2. Eleven design variables were considered: 

insulation thicknesses of the walls (1), the roof (2), and 

the floor (3), areas of four south-east or south-west-

facing windows (4,5,6,7), the type of glazing of north-

east-facing windows (8), the type of the mechanical 

ventilation system (9), the installation (or not) of a 

greywater heat recovery system (10), and the number of 

photovoltaic modules (11). These variables, divided into 

levels between 2 and 16 (depending on the variable), 

lead to a search space of several millions of solutions. In 

approximately two hours, the algorithm identified a 

solutions set near the theoretical one. The analysis of 

characteristics provides useful information regarding 

main questions in design phase that are “which 

repartition of investment between envelope and 

equipment?” and “when several criteria are addressed, 

are there some prevailing solutions or only 

compromises?”. 

Selection for 
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Figure 2: Base case, initial population and final Pareto 

front 

Conclusion and perspectives of the proposed design 

approach 

An ecodesign approach associating multicriteria 

optimization, stochastic occupancy model, and 

simulation tools was developed, contributing to the 

decision making process, beyond simple evaluation by 

simulation. Solution robustness regarding occupancy 

diversity and climate change was also studied within the 

project (Recht et al., 2016). 

Monitoring systems deployed in constructed 

demonstrators 

One main goal of the project is the development of 

systems to manage all house equipment (HVAC, 

bindings, natural ventilation openings, etc.) and to 

produce energy consumption dashboards adapted to all 

types of operation. Two levels of systems have been 

developed and studied: 

A standard level, looking for the best compromise 

between cost and features, and a more complex level 

allowing to minimize building energy consumption 

through innovative control algorithms. 

The project will allow the pooling of the knowledge of 

builders of individual houses on the BEPOS and 

demonstrators' realization on the scale of the territory. 

Environment 

All the different experimental sites are equipped with a 

common base of sensors. Some additional sensors have 

been added in specific demonstrators depending on the 

installed innovative systems characteristics. 

Two industrial partners were involved in the sensor 

networks and communication for data collection, what 

results in two different architectures presented in Figure 

3. Both are able to aggregate several communication 

protocols and, thus, the use of almost all kind of sensors. 

For non-intrusive reasons and following the project 

objectives, wireless industrial sensors were installed as 

much as possible. When available, the equipment 

external communication protocol was used (like 

typically MODBUS). This was necessary for equipment 

that produces both heating and domestic hot water for 

example in order to correctly identify the electric 

consumptions for each service. 

The common base data collection consisted in measuring 

electric consumption for heating, lighting, domestic hot 

water production and domestic activities. Ambiance 

parameters (temperature and relative humidity) were 

measured in all living and service rooms. CO2 

concentration was measured in at least two main zones 

(main living room and main bedrooms). And in some 

sites, full volatile organic compounds (VOCs) sensors 

were also added. 

Complement monitoring systems were needed for 

specific sites that integrate either innovative ventilation 

systems that required measurement of CO2 concentration 

in each room, innovative heating/cooling generation and 

distribution as a couple hydraulic ceiling and air energy 

distribution or solar thermal panels with high volume 

storage and direct distribution (using the dwelling mass 

as storage device) which both require calorific energy 

measurements. Sites equipped with photovoltaic panels 

and, for some, coupled with an electrochemical storage 

device, also required specific electric power sensors. 

One of the challenging aspects for the sensor network 

was to integrate its installation phase within the global 

building process for each site. Some sensors were 

installed within the plumbing network while some others 

were installed in the electric main board, and, finally, the 

ones related with internal ambiance, were required to be 

installed after occupants arrived in the dwelling. Thus 

full sensor network was installed in quite long time 

range and by many different stakeholders, leading for 

some site to quite difficulties in order to get it fully 

functional. 

For all sensors, data collection is ensured every minute. 

Analyses are then performed with oversampling, if 

needed, with one-minute time step, leading to 

1440 values each day for each sensor. 

Data are not mean values over the minutes but 

instantaneous values. 

Depending on the manufacturer’s architecture, the data 

are stored every day on main server for analyses. 

Some global data analyses resulting from 

measurements 

Building energy and indoor ambiance simulations need 

accurate inputs, especially in the context of energy 

performance contracting (Faggianelli et al, 2017). These 

are needed for all simulations from the simplest model 

with one single inside node and mean envelope effect to 

multi-zone models with highly detailed envelop 

description. The panel of uncertainties origin spreads 

from building characteristics (thermal bridges, air 

tightness and its localisation …) to occupant behaviour 

(zone target temperatures, presence, activities …). The 

different sites and long-time acquisitions (two years) 

enable to get global views on occupant behaviour and 

presence. 

As an example, CO2 concentration in main rooms 

enables to get an estimate of indoor air quality with 

respect to bio-effluents and gives some valuable 

information on occupancy. These are useful indications 

for simulation purposes. Figure 4 presents heatmaps of 

CO2 concentration in the main room of several sites. The 
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Figure 3:  2 sensor network architecture and data collection (right scheme) 

Figure 4: Heat maps of CO2 concentration in main rooms of several sites 

 

vertical axis starts at 12:00 a.m. and ends at 11:59 p.m. 

every day along the horizontal axis. This representation 

enables to easily catch the repeatability of occupant 

behaviour (presence and wake-up). In one specific 

heatmap, one can see the winter/summer hour change as 

well as the difference between weekends and working 

days. 

Collected data for domestic activities and lighting might 

be treated the same way and computed in a compatible 

statistical form for numerical simulation enhancement. 

Indeed, in order to get a step forward guaranteed 

performances, a stochastic parts of inputs is needed to 

compute an effective performance range since even if 

occupant have quite same attitude, the inherent 

variability automatically leads to performance’s 

variability. 

From measurements to indicator’s 

calculation based on INDICOM as common 

framework 

INDICOM is a software tool developed in Python as an 

open source application to ease the measurement data 

analysis and to compute different indicators for the 

positive energy houses of the COMEPOS project. 

Since the monitored houses are equipped with sensors to 

measure variables such as temperature, illumination, PV 

production, total consumption, etc. The aim of 

INDICOM is to connect permanently the data coming 

from the sensors. 

The data collected from the project’s houses need to be 

analyzed and filtered. Thus, noises and outliers are 

removed from the dataset: it’s one feature of INDICOM. 

Besides, INDICOM has been built to evaluate the energy 

performance of the connected houses as well as to 

________________________________________________________________________________________________ 

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

 
4216

 

 
  



 

 

monitor the comfort levels by calculating different types 

of indicators, and proposing by this way a common 

referential in order to compare the performances of each 

houses, and this for energy and comfort performances. 

Indicators can also be communication means to interact 

with occupants of a living area so they can take informed 

decisions regarding their everyday practices and 

customs. Consequently, occupants are able to compare 

and challenge with others or with their past results. 

Moreover, occupants will be able to understand the 

consequences and effects of their behavior regarding 

energy and learn how to improve it. 

INDICOM is organized into three main folders: a folder 

for indicators independently of any sites, a folder for 

sites with connections with data and relevant processings 

and finally, a folder for coupling indicators with each 

site. 

As an example, the first demonstrator of the COMEPOS 

project was equipped with approximately 200 sensors, 

which provide data on air quality, energy consumption 

and PV panel.  

On this demonstrator, the following match-load 

indicators have been calculated for different time 

windows (or time scale) (day, week, month and year): 

 Self-consumption: it corresponds to the share of 

photovoltaic electricity production that is consumed 

on a site instantly. It has a value between 0 and 1. 0 

means nothing of the site generation is used by the 

load (no load), while 1 means that all the energy 

produced on the site is consumed on the site. The 

values of this indicator are the lowest during summer 

and highest during winter. This is due to the low PV 

production and higher electricity consumption in 

winter (i.e., for 4 months in summer total 

consumption is equal to 547 kWh, and total 

production is equal to 834 kWh, while for the same 

house for 4 months in winter, total consumption is 

equal to 827 kWh, and total production is equal to 

175 kWh). 

𝑆𝑒𝑙𝑓𝐶𝑜𝑛𝑠 =
∫

𝑡1

𝑡2
𝑚𝑖𝑛[𝑔(𝑡) − 𝑠(𝑡) − 𝜁(𝑡), 𝑙(𝑡)]𝑑𝑡

∫
𝑡1[𝑔(𝑡)−𝑠(𝑡)−𝜁(𝑡)]𝑑𝑡

𝑡2
     (1) 

Where g(t) is the onsite production, s(t) is the                                     

storage energy balance, ζ(t) energy losses within the 

system l(t) building load (demand).  

 Self-production: it has a value between 0 to 1,  

where a value of 1 means that all the load is supplied by 

the on-site production and 0 means that none of the load 

is supplied by the on-site production.  
This value increases in summer and drops in winter 

cause to lower PV production and higher consumption. 

𝑆𝑒𝑙𝑓𝑃𝑟𝑜𝑑 =
∫

𝑡1

𝑡2
𝑚𝑖𝑛[𝑔(𝑡) − 𝑠(𝑡) − 𝜁(𝑡), 𝑙(𝑡)]𝑑𝑡

∫
𝑡1[𝑙(𝑡)]𝑑𝑡

𝑡2
     (2) 

 Coverage rate: it provides information about the 

energy balance of the house over a given time period, 

values more than one means a positive energy house.  

𝐶𝑜𝑣𝑒𝑟𝑎𝑔𝑒 𝑟𝑎𝑡𝑒 =
∫

𝑡1

𝑡2
𝑔(𝑡)

∫
𝑡1[𝑙(𝑡)]𝑑𝑡

𝑡2
                             (3) 

 Loss of load probability: It gives an indication of 

the dependence of the building on the grid and has a 

value between 0 to 1: 1 will indicate a full 

dependence on the grid for the time of study and 0 

will indicate a full autonomy from the grid for the 

period of study (Salom, 2014). 

                𝐿𝑂𝐿𝑃 =
∫𝑡1

𝑡2𝑇𝑑𝑡𝑙(𝑡)>(𝑔(𝑡)−𝑠(𝑡)−𝜁(𝑡))

𝑡1−𝑡2
                     (4) 

In addition, different usage indicators have been 

calculated in order to analyze occupant behavior towards 

energy usage. Heat flow through door/window indicators 

(heat wastes), and dish-washer/clothe-washer indicators 

have been integrated into INDICOM. 

Moreover, in order to fully appreciate the results, 

INDICOM has been developed to plot all the sensors 

data and calculated indicators in three simple steps (see 

Figure 5): 

1. Select the house; 

2. Choose the sensor data or indicators; 

3. Plot the curves. 

 
Figure 5: INDICOM interface 

Figure 6 shows the results of coverage rate indicator for 

one year from July 2016 to July 2017 in different time 

scales (day, week, month and year). 

 

Figure 6: Coverage rate 
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From measurement to comparison of 

predicted simulated values versus measured 

building performance 

Data from COMEPOS project lead to improve the 

reliability of the building performance simulation by 

identifying the potential deviation sources between 

predicted and measured building performances. 

Nevertheless, the model validation by the comparison 

between measured building behavior and the simulation 

results is not straightforward.  

First, the comparison has to be made with the same 

boundary conditions and context. In that way, 

meteorological data and occupant behavior in the real 

and simulated building have to be close. In that way the 

section “Some global data analyses resulting from 

measurements” illustrates capabilities of the data 

processing to extract key information on occupant 

behavior. Especially for the understanding of the 

variability of occupant behavior and their impact on 

building performance. See Gondian et al.(2019) for an 

original methodology applied on one of the COMEPOS 

single house. 

Generally, the simulation involves several physical 

phenomena and consequently a large number of 

parameters and assumptions. They are always associated 

with some uncertainty or a lack of knowledge. Some 

inputs, and their uncertainty, have significant impact on 

the building performance estimation and have to be 

estimated with care. 

To prioritize the characterization effort on the hundreds 

of building parameters, a sensitivity analysis might be 

applied. This stochastic method identifies inputs 

responsible for the lack of robustness in building 

simulation. For example, Morris screening aims to rank 

uncertain inputs by influence on the studied output. 

Global sensitivity analysis associated with uncertainty 

analysis evaluate first the robustness of the simulation 

results with a confidence interval and then quantify the 

influence of each uncertain input on the result. RBD-

FAST (Goffart et al, 2015), for example, performs the 

study with only one dataset of hundreds simulations. 

Such methods are essential to simplify model complexity 

and may help to calibrate model by reducing the number 

of parameter identification. Indeed, the calibration of a 

whole building performance simulation model is a 

challenge because of the high number of parameter and 

the interaction between the building and the solicitations 

as weather data and occupant behavior. The use of 

sensitivity analysis and measured data may lead to 

identify suitable measurement periods for the estimation 

of each significant factor. Indeed, depending on the 

configuration (solicitations and states of the building), 

the influence of the model parameters could drastically 

change and, thus, affect the quality of the calibration 

stage. A methodology for calibration based on temporal 

sensitivity analysis is applied on one of COMEPOS 

house in Recht et al. (2019). 

From measurement to default diagnostic 

and guaranty of performances 

Guarantee of performance (GP) is a big research 

challenge that is also addressed by the COMEPOS 

project. In Josse-Buret et al. (2017) and Josse-Buret 

(2017), GP has been developed, using a method of 

Morris, for detecting what could the more important 

parameters influencing the default. Then an ABC-PMC 

Bayesian algorithm is used to determine what could be 

the Bayesian distribution of the parameters explaining 

the default. Studies have been made on an inhabited 

house, focusing the analysis on absence periods, since it 

is during such periods, that we can focus on the physical 

performances and defaults of the system and the 

parameters, without being disturbed by inhabitants’ 

behaviour. In Josse-Buret (2017), 2 techniques for 

absence detection (based typically on the measure of 

CO2 concentration) were tested and compared. Finally, 

the impact of simulation on short periods with Morris’ 

screening method has been studied. It finally resulted 

with a methodology with 4 main steps: 

• First, we identify periods where occupants are absent to 

focus on data that are the less influenced by occupants’ 

behaviour. The analysis of electric data was pointed out 

as a reliable way to do that. 

• Secondly, we reinject inside our model weather 

parameters and electrical equipment consumptions that 

are measured in order to minimize the bias due to those 

parameters. 

• Then, we perform an analysis of Morris on the root 

mean square error (RMSE) of comfort and energy 

consumption in order to reduce the list of input factors 

for the calibration process. 

• Finally, we apply the Bayesian algorithm ABCPMC to 

evaluate the range where the identified factors thanks to 

the Morris’s method should be to fit the measurements. 

We applied this methodology on cases coming from the 

COMEPOS demonstrators by using measurements and 

simulation, we first demonstrated that it is possible to 

identify absence period thanks to the study of 

consumption meters. Secondly, we showed at which 

theoretical conditions, it is possible to detect defaults 

from global defaults (like a global insulation default), to 

local default (like a local insulation default of a wall). 

This result in the development of a software tool called 

REFATEC and described in Josse-Buret (2017). 

Conclusion 

The paper aims to give an overview of the COMEPOS 

dedicated to “Energy-plus detached houses”. This 

project innovates by proposing optimization and 

integration of technological solutions to achieve the 

'positive energy balance' goal. It succeeds by monitoring 

and validating the performance of demonstrators under 

actual use conditions. 

From an economic and social point of view, the project 

will give rise to the development of a model generic 

economic aiming at the control of the bound additional 
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costs with the evolutions of the performances of 

buildings. The paper focuses more on the scientific and 

technical developments made for using simulation for 

design, exploitation of measurement for making 

sensitivity calculation, calculation of indicators or 

guaranty of performances. 
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Abstract 

The evaluation of benchmarks for building energy savings 

for a specific dwelling usually requires the generation of 

an individually calibrated model (ICM). The development 

of such models requires specialist knowledge, has time 

and cost implications, and may require the deployment of 

field devices to obtain data for the calibration process. The 

project reported here compared the outcomes from the 

simulation of detailed ICMs and corresponding (simpler) 

models selected from a pre-constructed collection of 

models comprising a building stock. The results 

demonstrated a reasonable agreement between 

benchmarks derived from ICM and stock model 

simulations in ~29% of cases. In the other cases, the stock 

model tended to over-predict the potential savings. This 

was attributed to lack of diversity in parameters defining 

heating system time-of-use and set-point temperatures. 

Introduction 

An upgrade programme, developed in co-operation with 

Glasgow City Council as part of a UK Future Cities 

Demonstrator project funded by Innovate UK (MRUK, 

2016), set out to develop a low cost, rapid evaluation 

procedure for the assessment of housing upgrades when 

applied to dwellings throughout the City (Allison et al., 

2015). 

The procedure combines building simulation and field 

monitoring of indoor conditions and energy use. This 

paper describes the approach with the emphasis on the 

building simulation component and its use to provide 

benchmark data to quality-assure the upgrade outcome. 

The aim of the paper is to investigate if a collection of 

stock models with sufficient parameter diversity can 

provide a useful benchmark prediction as judged by 

acceptable agreement with a calibrated dynamic model of 

a dwelling, i.e. an ICM. 

While it is well understood that weather, archetype details 

(building type, number of bedrooms, floor area, 

construction and orientation), occupant behaviour, 

heating/ cooling systems type and control, social and 

economic influences and desired thermal comfort dictate 

dwelling energy use, most approaches to stock modelling 

encapsulate limited variability in occupancy and heating 

system use (Kavgic et al., 2010).  

In a previous project (Clarke et al., 2008), the Scottish 

housing stock was represented as a collection of models 

as required by the ESP-r program. These models – 

representing the existing stock and the many possible 

upgrades that may be applied in future – were then pre-

simulated and the results encapsulated within a Housing 

Upgrade Evaluator (HUE) tool. HUE therefore comprises 

a database of estimated energy use profiles (for space 

heating/ cooling, domestic hot water, lighting, and 

equipment use) derived from the results from simulating 

a large number of building simulation models. From a set 

of pragmatic inputs defining dwelling form, fabric and 

operation, the tool is able to determine the energy and 

emissions reduction potential of proposed upgrades 

applied to any portion of the building stock. 

In contrast, when focussing on single dwellings, the 

evaluation of benchmarks for building energy savings 

typically requires the generation of an ICM for a specific 

dwelling. The development of such models requires 

specialist knowledge and has cost implication associated 

with the acquisition of calibration data from smart meters 

or other field devices. This paper establishes a procedure 

to simplify the process without unacceptable loss of 

accuracy. The procedure was trialled by application to 

dwellings scheduled for upgrade throughout Glasgow. 

This paper reports the following. 

 The key parameters required to select suitable models 

from the collection representing the stock. 

 The establishment of the ICM and the use of 

monitored data to enable its calibration. 

 Comparison between benchmarks from selected 

models from the stock and the ICM. 

Glasgow City trial 

The Scottish House Condition Survey Local Authority 

Analysis 2014–2016 estimated that 27% of dwellings in 

Glasgow City are in fuel poverty (Scottish Government, 

2018). The Scottish Government has committed resources 

to tackle fuel poverty through various grants and other 

schemes, including the Home Energy Efficiency 

Programme for Scotland Area Based Schemes (HEEPS: 

ABS) (Scottish Government, 2016) and the Energy 

Companies Obligation (SI 2012/3018). This funding 

enabled Glasgow City Council to work with social 

property owners and private contractors to pursue 

insulation upgrades that would benefit those living in the 

most fuel-poor areas. 

The work being carried out under HEEPS: ABS is 

external wall insulation as this measure allows the most 

significant energy saving per property, which is a central 
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aim for the Scottish Government. External wall insulation 

was applied in the upgrade programme and all houses 

already had loft insulation. 

To gain an overview of the upgrade quality and typical 

responses by occupants regarding behaviour adjustments, 

the dwelling selection process was based on random 

sampling within each city area corresponding to a 1/9th 

replicate subset. Table 1 provides details on the sample of 

the monitored dwellings discussed in this paper. 

Table 1: Sample of dwellings included in the trial. 

ID Construction 

type 

Building 

type 

Occupancy 

AN2 1950s/60s solid 

concrete/ brick 

high rise 

Flat, middle 

floor 

2 adults (1 

working, 1 not), 

2 children 

AN3 
Flat, middle 

floor 

1 adult (not 

working) 

CA4 

1920s terrazzo 

block cavity 

wall 

Semi-

detached, 1 

floor 

2 adults 

(retired) 

CA5 

Semi-

detached, 1 

floor 

2 adults 

(working) 

CA6 

Semi-

detached, 1 

floor 

3 adults 

(working), 1 

child 

CA7 
4-in-a-block, 

ground floor 
1 adult (retired) 

CA8 

Semi-

detached, 1 

floor 

1 adult (retired) 

DR1 

1950s solid 

brick wall 

Flat, middle 

floor 

2 adults 

(retired) 

DR2 Flat, top floor 
2 adults 

(working) 

DR4 
Flat, ground 

floor 

3 adults 

(working) 

DR5 
Flat, ground 

floor 

2 adults 

(retired) 

DR6 
Flat, ground 

floor 
1 adult (retired) 

SL3 1920s cavity 

concrete panel / 

brick 

Flat, ground 

floor 
1 adult (retired) 

SL4 Flat, top floor 
4 adults 

(working) 

SH6 

1920s cavity 

brick/ concrete 

block 

Semi-

detached 
1 adult (retired) 

SH7 

Semi-

detached, 1 

floor 

2 adults 

(retired) 

SH8 
Semi-

detached 

2 adults (1 

working, 1 not), 

1 child 

As shown, the selected properties encapsulate a variety of 

archetypes – semi-detached, tenement flat, multi-storey 

flat, and four-in-a-block – while constructions encompass 

solid brick, solid sandstone, solid concrete, and various 

two-leaf cavity types. The dwellings were mostly 

occupied by between one and three adults some of which 

were in full-time occupation, with some dwellings also 

having children. 

Upgrade evaluation procedure 

Procedure overview 

Properties were sampled from the upgrade programme to 

trial the benchmarking procedure intended to enable the 

quality-assure of the energy use and indoor conditions 

(temperature and relative humidity) improvements 

resulting from the upgrade. This paper focuses on the 

energy use component of the trial. The indoor conditions 

monitoring is here only included for the purposes of 

model calibration and not for the assessment of 

satisfactory indoor conditions. 

The assessment included a pre- and post-upgrade period, 

both falling within the same heating season. An initial 

deployment of monitoring equipment was undertaken at 

least 10 days before the upgrade works commenced. All 

monitoring was conducted with explicit consent from the 

occupants. All occupants were provided documentation 

that explained the nature and purpose of the monitoring 

equipment, the extent of the required access to their 

homes, and the analysis to be applied to the collected data. 

The measurement of heating energy consumption is not 

straightforward and can involve invasive sensor 

installations in pipework in the case of gas heating. To 

minimise occupant impact, utility meter readings were 

relied on as a proxy for heating energy consumption under 

the assumption that lighting and cooking energy use 

would be unaffected by the upgrade. The procedure uses 

monitored external conditions data to adjust the post-

upgrade heating energy consumption to ensure a fair 

comparison between the pre- and post-upgrade periods. 

To determine the efficacy of the upgrade, the post-

upgrade energy consumption of the dwelling was 

compared to a benchmark, with the result indicating 

whether the expected performance improvement had been 

attained. A practical method to determine a benchmark is 

explicit dwelling simulation. In establishing such a 

benchmark, it is assumed that there is no behavioural 

change after the upgrade and that the upgrade is fault-free. 

The energy use evaluation used monitored external 

weather conditions to adjust the energy consumption after 

the upgrade to enable comparison with the pre-upgrade 

period. The percentage difference in dwelling energy use 

is then compared with an energy benchmark that is 

specific to the dwelling and obtained by modelling. 

Individually-calibrated models (ICM) 

The ESP-r simulation program (Clarke, 2001) was 

employed to establish an energy saving benchmark for 

each monitored dwelling. The following data are required 

for model creation. 

 Dwelling geometry relating to the envelope and 

internal zoning. 

 Construction details for fabric and glazing. 

 Occupancy profile and related hot water, electrical 

appliance and lighting use. 
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 Parameters of the heating system and related control 

settings. 

Dwelling dimensions were obtained via inspection of 

architectural drawings provided by the Council (such as 

shown in Figure 1). An example of a resulting model is 

shown in Figure 2. 

 

Figure 1: An architectural drawing as supplied by 

Glasgow City Council. 

 

Figure 2: ESP-r dwelling model derived from 

architectural drawings. 

Construction information was extracted from prior 

versions of the Building Regulations relevant to the year 

of construction and elsewhere (e.g. Harrison et al., 2015) 

for non-traditional housing types. 

The ICMs utilise occupancy profiles generated using a 

stochastic model (Flett and Kelly, 2016 & 2017). This 

models allows for the generation of diverse occupant 

presence/ behaviour and related electrical appliance, hot 

water and lighting use. These data that are then attributed 

to the ESP-r model. 

The key parameters required to generate the profiles are 

as follows. 

 Dwelling type: house or flat. 

 Bedrooms: 1–4. 

 Floor area (required for lighting model only). 

 Household type and age: single adult, small family, 

single pensioner etc. 

 Household tenure: owner-occupier, privately-rented, 

rented from housing associations, rented from Local 

Authorities. 

 Availability of mains gas connection. 

 Area type: urban, town, rural. 

 Scottish Index of Multiple Deprivation (SIMD) – can 

be derived from income per week for postcode. 

The information required was gathered from site visits 

and a questionnaire completed by occupants. 

Figure 3 shows an example of an occupancy profile and 

related gains as generated by the model. 

 

Figure 3: Example of a generated  

occupancy profile. 

The parameters of the heating system controls – time of 

use and set-point temperatures – were determined from 

monitored indoor conditions data. The monitoring of 

indoor conditions required two wireless temperature and 

humidity sensors transmitting to a local, internet-

connected logger/ router at 5-minutely intervals. 

In each dwelling, the sensors were installed in a living 

room and utility area (kitchen or bathroom). A 

temperature/ humidity sensor was also deployed 

externally as a local, low cost weather station, with one 

station covering the monitoring needs for all dwellings in 

the immediate vicinity. The external conditions data is 

used for the weather-related adjustments of the measured 

energy consumption and the model calibration process. 

Figure 4 shows a sample of monitored data captured for a 

dwelling during the pre-upgrade period. Other weather 

data, such as solar irradiation and wind velocity were 

obtained from a local weather station. 

 

Figure 4: Monitored temperature data over a pre-

upgrade period. 

________________________________________________________________________________________________ 

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

 
4222

 

 
  



 

 

It can be difficult to estimate heating system controls by 

direct inspection of data in the form of Figure 4. Instead, 

the data was transformed into the statistical representation 

as shown in Figure 5. This was generated by resampling 

the monitored data to 15-minutely resolution and then 

calculating the descriptive statistics (mean, median and 

standard deviation) across all days in the monitored 

period. This builds a picture of the typical daily indoor 

conditions in the dwelling. From this representation, 

estimates of the heating system timings and set-points 

were determined as illustrated in Figure 5. 

With the model fully defined, calibration was carried out 

by comparing simulation outcomes with monitored data 

for the pre-upgrade period. Calibration is automated via 

the Calibro tool (Monari and Strachan, 2017). When 

provided with a set of model parameters and the allowable 

ranges for their values, this tool utilises a statistical 

method to determine model input parameter values that 

give rise to the best fit with the monitored data. The best 

fit is the set of parameter values that maximises the 

goodness of fit between its internal statistical model and 

the monitored data. In this work, the thermostat set-point, 

heating system capacity, construction thermo-physical 

properties, and infiltration rate were the candidates for 

adjustment. 

As these simulation models utilise stochastic occupancy 

models, there will never be an exact agreement between 

the observed and simulated fluctuations in temperature 

during the occupied hours that are caused by lighting, 

appliances, and the movement of people within the 

dwelling. To accommodate this issue, the procedure uses 

a 7-point calibration procedure (mean, standard deviation, 

minimum, 25th percentile, 50th percentile, 75th 

percentile, maximum). Where the absolute error between 

the monitored data and simulation output from the ESP-r 

model is minimised for each point. This ensures that the 

indoor temperature distributions are equivalent between 

the monitored real dwelling and the dwelling simulation. 

It also avoids the problems associated with the use of 

RMSE, which can penalise a model with a single 

relatively large absolute error caused by, for example, a 

gain misaligned by only a single time-step. 

 

Figure 6: Probability density function comparison of 

indoor temperatures for a calibrated dwelling. 

The 7-point calibration can be visualised by generating a 

probability density function from the monitored and 

simulated data. Figure 6 shows a comparison of a 

calibrated dwelling with the metrics provided in Table 2. 

Table 2: Example of calibrated model metrics. 

Metric Monitored Simulation Absolute 

Error (%) 

Mean 18.1 18.2 1 

Standard dev. 2.0 1.9 5 

Minimum 12.6 12.7 1 

25% Percentile 16.7 16.9 1 

Median 18.5 18.5 0 

75% Percentile 19.6 19.6 0 

Maximum 22.4 22.0 2 

Figure 7 shows a comparison between a post-calibration 

simulation and monitored data for the temperature 

component of the calibration procedure, illustrating the 

improved match after the model calibration process. 

 

Figure 7: Comparison between post-calibration 

simulation predictions and monitored data for 

temperature. 

In addition, the same procedure used to determine the 

heating system timings (Figure 5) can be used to compare 

the daily temperature profiles for the monitored and 

simulation data as shown in Figure 8. 

Figure 5: Statistical metrics of daily indoor 

temperatures and the identified heating control 

profile. 
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The calibrated model was subjected to annual simulations 

to determine the heating energy use. The model was then 

adapted to represent the proposed building upgrade and 

again subject to an annual simulation. The percentage 

difference between the two simulations is the theoretical 

heating energy saving potential associated with the 

proposed upgrade. Note that this is the best performance 

that can be attained assuming a fault-free upgrade and that 

occupant behaviour and heating system use remains the 

same post-update. 

 

 

Figure 8: Statistical metrics of daily indoor 

temperatures for the monitored and simulated cases. 

Stock model selection procedure 

By using a specific combination of key parameters for 

each dwelling in the trial, an equivalent individual 

dwelling can be identified within the HUE database that 

represents its behaviour (here the information of Table 1 

and data from site visits as described in the previous 

section). Each dwelling was identified by: 

 house type (semi-detached, tenement, 4-in-block); 

 year of build (1919–44/1945–64); 

 number of storeys (1/2); 

 air leakage (5 levels: 1 (low)–5 (high)); 

 heating system efficiency (low/med/high); 

 heating control type (14 options); 

 building thermal mass (low/high); and 

 occupancy (5 levels: 1 (low)–5 (high)). 

The relevant HUE model then gives the space heating 

requirements for that dwelling. This value corresponds to 

the annual space heating requirement pre-upgrade. 

HUE incorporates a matrix of model variants that were 

simulated for a range of different contexts, e.g. local 

weather, air leakage properties, solar ingress, changes in 

occupancy patterns etc. to allow building performance to 

be established for these cases. The selection of the variant 

corresponding to the post-upgrade conditions uses the 

same parameters as listed above but with the amendment 

of enhanced construction, as judged by the equivalent U-

value of the walls with external wall insulation applied. 

The post-upgrade annual space heating requirements are 

then determined by 1) selecting the pre-upgrade model 

from the stock, 2) applying the modification to the wall 

construction properties and 3) reducing the air leakage by 

one level. The air leakage is reduced as external wall 

insulation upgrades typically increase the through-wall air 

tightness by negating the effects of mortar gaps, cracks in 

bricks/blocks/render etc. The newly selected model from 

HUE gives the space heating requirements for that 

dwelling post-upgrade. 

Results and discussion 

Procedure outcomes 

Table 3 lists the benchmark savings for each monitored 

dwelling in the trial. These data demonstrate the large 

variation in anticipated benefit among the dwellings in the 

trial, justifying the rationale for case-by-case benchmarks. 

Table 3: Energy performance benchmarks. 

ID 

Benchmark savings 

(%) 

Actual 

savings 

(%) Category ICM HUE 

AN2 14 17 70 4 

AN3 14 16 −4 1 

CA4 23 32 18 0 

CA5 16 33 18 2 

CA6 16 33 17 0 

CA7 24 25 3 1 

CA8 23 32 60 4 

DR1 14 40 19 2 

DR2 23 40 26 0 

DR4 22 41 6 3 

DR5 16 40 8 3 

DR6 22 39 10 3 

SL3 25 46 4 1 

SL4 16 48 23 0 

SH6 15 32 8 1 

SH7 15 32 40 2 

SH8 15 33 41 0 

Comparison of ICM benchmarks and actual savings 

From Table 3 ~29% of the upgrades (category 0) could be 

immediately signed-off as their energy performance was 

close to their ICM benchmark and a separate analysis 

confirmed acceptable indoor conditions. The remaining 

dwellings required further investigation. These latter 

dwellings fell into the following categories. 

1. In 24% of the dwellings, the expected energy saving, 

compared to the benchmark, was not achieved. In 

these cases, the occupants had taken a large part of the 

insulation benefit as a higher standard of comfort. 

2. 18% of the dwellings exceeded their benchmark 

energy savings, but exhibited low indoor temperatures 

for prolonged periods and low total energy use pre- 

and post-upgrade. This indicated that the occupants 

were not using their heating system to provide 

recommended indoor conditions. This could be a sign 

that the occupants are experiencing difficulties 

relating to fuel poverty. 

3. 17% of dwellings had low energy saving compared to 

the benchmark, but had favourable indoor conditions 

pre- and post-upgrade. In these cases, it was not 
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possible to determine whether behaviour changes or 

faulty installation was responsible for the discrepancy. 

A follow-on investigation was initiated by the Local 

Authority. 

4. The final 12% of the dwellings demonstrated 

significant energy savings above the benchmarks. 

However, these results were based on a short period of 

monitored energy use data post-upgrade. The results 

were deemed unreliable in these cases. 

Comparison among benchmarks 

Overall, the benchmarks from the HUE models tend to 

over-predict the potential savings due to the building 

upgrade in comparison with the ICM models and the real-

world performance. However, for ~29% of the cases the 

ICM and HUE models demonstrated a good agreement 

between predicted performances. 

It is believed that the reason for the over prediction in the 

majority of the cases is the use of the monitored data–

derived heating profiles in the ICMs. These allow the 

ICMs to more accuracy capture the heating system time-

of-use and set-points for the specific dwellings, which 

have a significant effect on the space heating use. 

Investigation of the monitored temperature data for the 

cases in which the ICMs and HUE models showed 

agreement were in dwellings which followed a more 

‘standard’ heating profile with the heating remaining on 

during the actively occupied hours at approx. 21 °C. 

While HUE has the facility to select the heating control 

type (e.g. boiler thermostat or room thermostat), it lacks 

the ability to input on/off times and thermostat settings. 

Accounting for all potential on/off times and thermostat 

positions for domestic dwellings in a pre-simulated stock 

would be computationally expensive. However, future 

versions of HUE could incorporate a sub-set of the 

heating profiles generated in the construction of the ICMs 

in this work. The hypothesis being that in doing so HUE 

would be able to generate energy performance 

benchmarks in-line with those attained by individually 

calibrated models. 

Role of stock model benchmarks in future studies 

The use of pre-constructed stock models for generating 

benchmarks could have further uses than just being able 

to deliver more rapidly than an ICM. Consider each of the 

outcome categories discussed earlier. 

Category 1: These outcomes assume that had the original 

comfort levels been maintained, the energy saving would 

have been achieved. This analysis could be quickly 

confirmed using stock model derived benchmarks by 

selecting a different heating profile from the future stock 

model. 

Category 2: By selecting different heating profiles for 

both the pre- and post-upgrade selections from the stock 

could confirm this hypothesis. 

Category 3: Using a future stock model with additional 

parameter diversity it would be possible to permute the 

parameters to identify possible causes based on the 

measured energy performance benchmark for that 

archetype. 

In many of the cases that were immediately signed-off, 

the actual energy savings exceeded that of the theoretical 

best-case energy savings as determined by computer 

simulation. These results can also be attributed to changes 

in occupant behaviour. In one case, the average indoor 

temperature in the living area post-upgrade was lower 

than pre-upgrade, with minimum temperatures higher and 

maximum temperatures lower. This indicated that the 

occupants were using their heating system less after the 

upgrade. Such a reduction in heating system use could be 

because the home can retain heat for longer so that the 

operative temperature is the same as pre-upgrade even 

with a reduction in air temperature. 

Conclusions 

In the context of dwelling upgrades in Glasgow, the trial 

has shown that a low-cost monitoring approach can 

provide confirmation (or otherwise) of the efficacy of 

housing upgrades across a targeted estate. Outcomes from 

pre- and post-upgrade monitoring of internal/ external 

conditions and energy use were used to ascertain whether 

the upgrades were acceptable and to what extent the 

savings potential had been achieved. 

Many cities are upgrading old housing stock, and in the 

project reported here, a large upgrade programme was 

underway in Glasgow. A sample set of dwellings was 

subjected to short-term low-cost monitoring, and an 

upgrade evaluation procedure was developed that utilised 

detailed building simulation of calibrated models. 

However, the drawback of the procedure was the inability 

to generate benchmarks rapidly. In addition, the 

generation of new benchmarks is required when there is a 

change in occupant behaviour post-upgrade.  

To reduce the time and cost that are required for 

generation of individually calibrated models, 

corresponding models were selected from an existing pre-

simulated set of models comprising a building stock 

model. 

The results demonstrate that the stock model with its 

current level of parameter diversity is able to provide a 

reasonable agreement between benchmarks derived from 

ICM in ~29% of the cases. If future versions can 

incorporate heating system time-of-use and a range of 

thermostat set-points it is hypothesised that the stock 

model could provide a reasonable agreement in the 

majority of cases. This would require the following 

developments. 

 Incorporation of a set of monitored data–derived 

heating profiles into the stock models, 

 Pre-simulation of a range of stochastic occupancy 

profiles. 

 Re-calibration of ICMs with post-upgrade monitored 

data to confirm assesments on changes in occupant 

behaviour. 

 Currently neither benchmark generation approaches 

include any faults in the dwellings such as disrepair to 

critical elements, urgent disrepair, rising damp, 

penetrating damp or condensation. These can be 

included in future in order to benchmark the penalty 
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to energy performance due to such faults in the 

building fabric. 
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Abstract 
Currently, typical air-conditioning schedules used 

in facility design often assume certain fixed durations 
of continuous operation; however, these are not 
applicable to rooms that are not regularly used, such 
as meeting rooms. Owing to this, there might be 
discrepancies in the selected capacity of an air-
conditioning unit and the calculated primary energy 
consumption of the building. 

In this study, we performed a Monte Carlo 
simulation, which stochastically decided the operation 
time of air conditioners based on the state transition 
probability of room occupancy. Further, using this 
model, we investigated the effect of irregular room 
usage on the heat load calculation. 
Introduction 

Currently, in the heat load calculations of 
multiple rooms of similar room usage, all the rooms 
are assumed to be routinely occupied. However, 
this assumption is not valid when there are rooms 
that are not used on a regular schedule. Owing to 
this, the current calculation methods may project 
that the use of a split individual air-conditioning 
system, which works only when the rooms are 
occupied, will result in a design inappropriate for 
the actual usage conditions. Methods for selecting 
the capacity of a device based on simultaneous 
usage rates have been proposed in the past, and 
these have already been implemented in the field of 
plumbing. Therefore, we believe that it is possible 
to use the stochastic usage rate of air conditioning 
to select the air-conditioning unit of appropriate 
capacity. 

J.Page et al.(2008) simulated the typical behavior 
of occupants using a Markov chain. Further, K.U. 
Ahn et al.(2016) investigated three approaches to 
reproduce the state of room occupancy: the 
stochastic, agent, and random walk approaches. 
However, they did not investigate the effect of 
occupancy on the heat load calculations. 

In their research, J.Tanimoto et al. (2009) created 
a stochastic behavior model by studying the daily 
activities of occupants. With the collected data, 
they performed a Monte Carlo simulation and 
calculated the heat load; however, the considered 

room types were limited to those found in a 
residence. Further, they subdivided the collected 
data based on the attributes of the residents and 
their behavioral patterns with respect to the day of 
the week to reproduce the behaviors. However, 
such a behavioral model is difficult to create since a 
massive amount of data needs to be collected. 

Thus, in this study, we collected data only on the 
occupancy of the rooms, i.e., on the presence or 
absence of occupants, to compute the state 
transition probabilities. Using the obtained state 
transition probabilities, we reproduced the air-
conditioning usage in randomly used rooms using a 
Monte Carlo simulation and investigated the effect 
of irregular room usage on the heat load 
calculations of office buildings. 

First, we studied the air-conditioning start time 
and duration of operation, and investigated the 
deviation in the actual conditions from a typical air-
conditioning schedule. 

Next, we created a model that stochastically 
determines the occupancy of a room. The presence 
or absence of occupants cannot be measured 
directly; therefore, a field study was conducted 
during midsummer to collect the data, and the 
start/stop of the air conditioner were respectively 
assumed to be equivalent to the presence/absence 
of occupants in a room. The presence/absence of 
room occupants was thus determined based on air-
conditioning start/stop data. 

We performed a Monte Carlo simulation using 
the obtained state transition probabilities, and 
tabulated the maximum heat load, air-conditioner 
operation time, and cumulative period heat load in 
the summer. By comparing the resulting heat loads 
with those obtained by applying the conventional 
fixed air-conditioning schedules and the measured 
actual air-conditioning schedules, we investigated 
methods to improve the accuracy of heat load 
calculations of randomly used rooms. 
Field study of air-conditioning operation 
In this study, we used the hourly energy consumption 
information of indoor air-conditioning units obtained 
from a heat load database, which were measured from 
individual split air-conditioning systems that were not 
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centrally managed. Regardless of the energy 
consumption per hour, i.e., even if the air conditioner 
operated only for a short duration in an hour, it was 
assumed functional in that hour. To correlate the use 
of air-conditioning to the occupancy of a room, we 
chose a study period in midsummer (July, August), 
when it is safe to assume that an occupant would 
certainly use the air conditioner while in the room. 
The information on the properties considered for this 
study is listed in Table 1. 

Table 1: Property information 

 
Figure 1 is a time-series graph illustrating the use of 
air conditioners in 10 rooms of a property. Figure .2 
shows the average start time of the air conditioners in 
the hotel guest rooms. Figure .3 illustrates the 
frequency distribution of the average air-conditioning 
duration in the hotel guest rooms. Figure .1 indicates 
that the operation of air conditioners in the hotel guest 
rooms is irregular. The air-conditioning units do not 
all start at the same time, and the duration of usage is 
also irregular. From Figure 2, it can be observed that 
the air-conditioning units are frequently turned on in 
the evening, when guests start to check in and 
immediately after they wake up in the morning. We 
can see from Figure 3 that short operation times have 
the highest frequency; long operation times have a 
lower frequency. This may be due to a direct 
relationship between the start/stop of the air 
conditioner and the behavior of hotel guests.  

As per the energy conservation standards used in 
Japan3), the air conditioners in hotel guest rooms are 
assumed to be continuously used from 7 PM to 10 
AM. Under this assumption, because there are no long 
periods without air conditioning, the extreme 
variations in the room temperature are not considered. 
Consequently, the calculated start-up load of the air 
conditioner will not be very large. This implies that 
the calculated design capacity of indoor units by this 
method may be underestimated. Additionally, there is 
a possibility that the design capacity of the outdoor 
units may be overestimated to account for the start-up 
load of all the rooms at the same time, if we assume 
that all the indoor units will start at the same time. 
Consequently, the heat load calculated using the 
conventional fixed schedule used for the design might 
result in a deviation from the actual values. Thus, to 
increase the accuracy of the heat load calculation of 
rooms that are not regularly used, we created a model, 
which stochastically determines the occupancy status 
of a room. 

 
Figure 1: Time series graph of the start/stop of air 
conditioning at a property (Hotel – Guest room) 

 
Figure 2: Frequency distribution of average air- 

conditioning start time (Hotel – Guest room) 

 
Figure 3: Frequency distribution of average air-

conditioning duration (Hotel – Guest room) 
Proposed usage model 

 We created two state transition probabilities to 
represent the presence or absence of occupants for the 
room types under study. The “Unoccupied→Occupied” 
state transition probability is the probability that a 
room will go from being out of use to being in use, 
and the “Occupied→Unoccupied” state transition 
probability is the probability of the reverse situation. 
Further, we categorized these probabilities by the days 
of the week, i.e., weekday, Saturday, and Sunday, and 
by the hour (for 24 hours). For this, the empirical data 
related to the occupancy of rooms at each time point 
are required. Since we were unable to get this data 
directly, we conducted afield study to acquire the data 
during midsummer, when we could safely assume that 
the occupants would definitely turn on the air 
conditioning while in a room. We used the energy 
consumption of the indoor unit and the operation time 
to determine the room occupancy. 

We then performed a Monte Carlo simulation 
using the conditions shown in the flow chart of Figure 

Property Use Hotel Office

Room usage Guest room Conference room

Number of buildings 9 5
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4 to stochastically determine the on/off condition of 
the air conditioner. Uniform random numbers were 
used to determine whether a state transition 
probability was satisfied. If a room is established as 
occupied, the heat load is calculated from the air 
conditioning and ventilation usage; otherwise, if a 
room is established as unoccupied, natural room 
temperature calculations are performed. 

 
Figure 4: Air conditioning start/stop flow chart 

Example 1 (Hotel – Guest room) 
In this example, the peak heat load and cumulative 

period heat load of a hotel room were calculated, and 
the effect of the uncertainty of occupancy on the heat 
load was investigated. 
 Figure 5 shows the Unoccupied→Occupied state 
transition probability, and Figure 6 shows the 
Occupied→Unoccupied state transition probability for 
a hotel guest room. These graphs were plotted based 
on the data obtained from the 90 rooms in the 9 
buildings under study, as shown in Table 1. It was 
observed that theUnoccupied→Occupied state 
transition probability was higher around the wake-up 
time and check-in time of guests, and the 
Occupied→Unoccupiedstate transition probability 
was higher during the day. 

 
Figure 5: Unoccupied → Occupied state transition 

probability (Hotel – Guest room) 

 
Figure 6: Occupied → Unoccupied state transition 

probability (Hotel – Guest room) 
 Figure 7 shows the plan of the theoretical 

standard hotel guest room; this plan remains 
continuous for every 10 rooms. All the typical design 
items except the air-conditioning start/stop were used 
for all the test conditions. Table 2 lists the calculation 
conditions, and Table 3 shows the composition of the 
outer wall. 

In Case 1, the actual air-conditioning start/stop 
times of all the 90 rooms were used as the schedule 
for the calculations. In Case 2, the conventional fixed 
schedule was adopted for one room. For the air-
conditioning start and stop times, the average values 
were calculated for the studied properties; they were 
calculated to be from 7 PM until 9 AM the next 
morning. In Case 3, the schedule of 10 rooms 
obtained from the model that uses the state transition 
probabilities of occupancy were used for the 
calculations. The accuracy of a case was determined 
by how close its results are to those of Case 1. 
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Figure 7: Floor plan (Hotel – Guest room) 

Table 2: Calculation conditions(Hotel – Guest room)

 
Table 3: Wall composition - Outer wall 

 

Figure 8 compares the time series graphs of air-
conditioning loads. Here, the load of the outdoor unit 
is calculated as the sum of the loads of the indoor 
units at each time interval. We know that a longer idle 
period of the indoor unit will result in a heavier start-
up load. Because the indoor units are started at 
different times, sharp peaks are not observed in the 
outdoor unit. 

Next, we compared the loads of the indoor units. 
Figure 9 shows that in Case 1 and Case 3, the air 
conditioning starts/stops irregularly, resulting in heavy 
loads. Conversely, in Case 2, the air conditioning 
starts/stops regularly; therefore, no extreme peaks are 
observed in the load. 

From Figure 10, we can observe that the air-
conditioning duration has a considerable variation in 
Case1. This might largely be related to the degree of 
prosperity and disposition of guests. The air-
conditioning operation in Case 2 is regular; since the 
room temperature does not rise extremely, the heat 
load does not become unnaturally high. In Case 3, the 
operation of the air conditioner is irregular, which 
results in intermittent high heat loads; the durations of 
air conditioning are also close to the mean of the 
actual conditions. Meanwhile, in Case 3, a Monte 
Carlo simulation was performed using a 10-room 
model, in which there were no variations between the 
rooms. Figure 11 shows that in Case 2, the peak load 
was underestimated by roughly 60%. In Case 3, high 
accuracy was observed for the estimation of small 
values of peak loads. Additionally, it was observed 
that during the study period, the maximum heat load 
decreased when the duration of operation increased, 
except in Case 2. Figure 12 shows that in Case 2, the 
cumulative period heat load and operation time tends 
to be overestimated, while the results obtained from 
Case 3 were close to those obtained from Case 1. 

Calculation condition Input data
Location Tokyo(35.68N,139.7E)

Temperature 26℃
Humidity 50%

Lighting heat generation 15.0W/㎡

Human body heat generation 6.4W/㎡

Equipment heat generation 4.0W/㎡

Gypsum board 8㎜
Unseald hollow layer -

polystyrene form 25㎜
Concreat 150㎜

mortar 25㎜
tile 10㎜

Indoor

Outdoor
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Figure 8: Time series graph of indoor and outdoor units at a property from August 1 to August 5 (Hotel – Guest room) 
 

 

 

 
Figure 9: Time series graphs of indoor units in each 

case(Hotel – Guest room) 

 

 
Figure 10: Indoor unit duration curve 

(Hotel – Guest room) 

 
Figure 11: Indoor unit operation time and peak heat 

load 
 (Hotel – Guest room) 

0

50

100

150

200

250

1 13 1 13 1 13 1 13 1 13

H
ea

r l
oa

d[
W

/㎡
]

Time[h]

0

50

100

150

200

250

1 13 1 13 1 13 1 13 1 13

H
ea

r l
oa

d[
W

/㎡
]

Time[h]

0

50

100

150

200

250

1 13 1 13 1 13 1 13 1 13

H
ea

r l
oa

d[
W

/㎡
]

Time[h]

0

50

100

150

200

250

300

350
H

ea
t l

oa
d[

W
/㎡

]

Operation time[h]

0

50

100

150

200

250

300

350

0 300 600 900 1200 1500

H
ea

t l
oa

d[
W

/㎡
]

Operation time[h]

Case1 Peak Case1 Top1% Case1 Top5%
Case2 Peak Case2 Top1% Case2 Top5%
Case3 Peak Case3 Top1% Case3 Top5%

1                 200               400              600               800             1000 

       Case1            Case2            Case3 

Case3 
 

Case2 
 

Case1 
 

Indoor unit1 
 

Outdoor unit1 
 

Indoor unit2 
 

Indoor unit10 
 

________________________________________________________________________________________________ 

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

 
4231

 

 
  



 
Figure 12: Indoor unit operation time and cumulative 

period heat load (Hotel – Guest room) 
Next, we compared the results obtained for the 

outdoor units. From the duration curves shown in 
Figure 13, it was observed that the operation time of 
the outdoor units is short in Case 2 since all the indoor 
units operated at the same time. The duration obtained 
in Case 3 was observed to be more precise. This 
might be because the start times of the air 
conditioners are not concentrated at a particular time 
and the outdoor unit load is leveled out because the 
start/stop of the air-conditioning units is irregular as in 
Case 1. Figure 14 shows that the peak load in Case 2 
is slightly overestimated and the results of Case 3 are 
more accurate. Figure 15 shows that the operation 
time is short in Case 2;however, since the load on the 
indoor unit is higher cumulatively, we can observe 
that the results are overestimated. 

 
Figure 13: Outdoor unit duration curve 

(Hotel – Guest room) 

 
Figure 14: Outdoor unit peak heat load 

(Hotel – Guest room) 

 
Figure 15: Outdoor unit cumulative period heat load 

 (Hotel – Guest room) 
Example 2 (Office – Conference room) 

Similar to the investigations conducted on the heat 
load of hotel guest rooms, we also investigated the 
effect of irregularity in occupancy of conference 
rooms in office buildings. 

Figure 16 shows the Unoccupied→Occupied state 
transition probability, and Figure 17 shows the 
Occupied→Unoccupied state transition probability. In 
conference rooms, the Unoccupied→Occupied state 
transition probability was the highest after the 
employees arrive at the office in the morning, and 
when they begin their duties in the afternoon; the 
Occupied→Unoccupied state transition probability 
gradually increased with the working time. 
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Figure 16: Unoccupied → Occupied state transition 
probability (Office – Conference room) 

 
Figure 17: Occupied → Unoccupied state transition 

probability (Office – Conference room) 
In Case 2, the air conditioner was assumed to be 

operating between 11 AM to 4 PM on weekdays, 9 
AM to 4 PM on Saturdays, a nd not in use all day on 
Sundays.  
First, we conducted a comparison of the indoor units. 
The duration curves in Figure 18 show that in some 
properties, the actual air-conditioning frequency was 
considerably low, and Case 2 vastly overestimated 
these durations. Further, the results of Case 3showed 
increased accuracy as in the case of the hotels, and 
were the closest to the results of Case 1. Table 4 
shows that in Case 2, the operation time of the indoor 
unit and the cumulative period h eat load were 
overestimated for both room types, and the peak load 
was underestimated. 

 
Figure 18: Indoor unit duration curve 

 (Office – Conference room) 
Next, we compared the results of indoor units. 

Figure 19 shows that though the operation time of the 
indoor unit in Case 2 does not differ significantly 
from that of Case 1, the load is overestimated since all 
the indoor units are assumed to be operating at the 
same time. Further, as with hotels, the accuracy of the 
results improved in Case 3. The accuracy was high 
around the peak value in Case 2, but poor elsewhere. 
Table 5 shows that the cumulative period heat load of 
outdoor units was overestimated in Case 2 for both 
the room types. 

 
Figure 19: Outdoor unit duration curve 

 (Office – Conference room) 
Table 4: Indoor unit running time and median heat load

 
Table 5: Outdoor unit running time and median heat 

load 

 
Conclusion 

In this study, we investigated split individual air-
conditioning systems, which can be operated 
separately in each room, that are installed in rooms 
that are not regularly used, such as hotel guest 
rooms and office conference rooms. A field study of 
the air-conditioning operation in such rooms 
showed that there was a variation in the start time 
and durations between the conventionally used 
design schedules and the actual schedules. Thus, we 
tested a room-use model employing the state 
transition probability of room occupancy to 
determine the start/stop of air-conditioning units in 
randomly occupied rooms. 

When split individual air-conditioning systems 
are installed, if a fixed schedule is assigned to all 
the rooms, the maximum heat load of the indoor 
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[h]

Peak
[W/㎡]
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Hotel - Guest room
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Operation time
[h]

Peak
[W/㎡]
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[W/㎡]
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[W/㎡]

Period load
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units tends to be underestimated, and that of the 
outdoor units tends to be overestimated. 
Additionally, the cumulative period heat load in the 
summer tends to be overestimated for outdoor units. 
On the other hand, a maximum heat load and 
cumulative period heat load that are closer to the 
actual conditions can be obtained by stochastically 
determining the start/stop of air conditioning in all 
the rooms. 

The room-use model proposed in this research is 
effective in calculating the heat load of rooms that 
are not regularly used. It is possible to apply this 
model to calculate the primary energy and to select 
the capacity of air-conditioning units. 

However, more research is required to 
investigate different methods to consider the 
variation in air-conditioning operations of each 
room and to modify the model to analyze the year-
round room usage. 
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Abstract 

Haus M is a multi-family building composed of twenty-

nine dwellings and a kindergarten. The building and its 

energy systems have been modelled in Modelica consid-

ering a typical occupancy profile based on the habits of 

the tenants and questionnaires.  

The limited information about the building combined with 

its highly-unpredictable use and the simplistic controls of 

the systems in Haus M conducted to a shallow validation 

of the model. The results of simulations show an energy 

use for heating of about the 77% of measured energy.  

The building is heated using an underfloor heating system 

that is coupled to a geothermal heat pump. After valida-

tion of the model, the estimated energy use was compared 

with the energy use of a baseline heating system com-

posed of a natural gas boiler and radiators for all heated 

zones. 

Introduction 

One important part of the global energy is used in build-

ings where people develop their lives. In this area, the pre-

sent and future pass through the reduction and optimiza-

tion of the energy at the building and energy systems 

level. Any building, described as an energy system, is the 

result of a combination of many different parameters and 

many connections between them. Even if the equations 

that rule the system are relatively simple, the amount of 

different parameters involved and their relationship pro-
duces a complex system that cannot be easily analysed 

without computer calculations. That is why simulations 

became very handy tools to calculate the energy loads of 

buildings and, later, to optimize the energy systems to de-

termine the optimal level of efficiency. 

The use of simulations for building energy analysis is be-
coming more popular, but there are still some counterparts 

that need to be minimized to spread their use in the indus-

try. One of the most important handicaps is the lack of 

information to compare the energy behaviour of a build-

ing and the results of a simulated model under the same 

conditions. Some parameters have to be estimated, which 

leads to mismatches, increases the uncertainty and, con-

sequently, results in a poor model that cannot give good 

enough results. The problem is to identify how good or 

poor the model is and to determine whether a model can 

be used or not. In other words, in order to promote the use 
of simulations, it is a must to give ways to raise trust in 

them. To reach this point it is necessary to develop vali-

dated models. (Strachan et al.) The information obtained 
from them would be helpful to estimate the errors of fu-

ture modellers and it would be valuable to determine the 

estimated parameters in a better way. 

Having validated models gives the possibility to develop 

and improve advanced HVAC-technologies that, without 

simulations, would be impossible to manage. For exam-
ple, hybridGEOTABS is such a technology. It consists of 

the combination of geothermal heat pumps, and Ther-

mally Activated Building Systems (TABS). The combi-

nation of both parts gives the acronym GEOTABS. TABS 

are the structural components of the building, such as 

floors, walls or ceilings, that contain conditioned water 

pipes in their cores and therefore act as emission system. 

The energy flows between the geothermal heat pump and 

the building zones through the materials of the structural 

components. Moreover, the TABS have a high thermal 

mass and can be considered as an intermediate energy re-

pository. This property allows the use of lower tempera-
ture gradients in the components, which increase the effi-

ciency of the system. On the other hand, the thermal iner-

tia of TABS causes a slow reacting system and it cannot 

accommodate to high and sudden changes in the energy 

demand. To avoid the consequent discomfort periods, a 

fast reacting secondary system can compensate the gap 

between the energy demand and the energy covered by 

the GEOTABS system. hybridGEOTABS are governed 

by a Model Predictive Control (MPC) that decides in 

every instant the share of the demanded power between 

TABS and secondary system. The MPC tries to maximize 
the baseload and minimize the use of the secondary sys-

tem, while maintaining thermal comfort (Himpe et al. 

(2018)). 

The aim of the hybridGEOTABS project is to maximize 

the baseload (the share of the energy demand covered ef-

ficiently by GEOTABS) without compromising comfort 
and by minimizing the energy use in the building. Then, 

it is necessary to determine how good the performance of 

this technology is in comparison to other HVAC solutions 

under the same conditions. This process would be ex-

tremely difficult to carry out without simulations, which 

is where validated models are an important tool.  

In context of the hybridGEOTABS project, several case-

study buildings were selected around Europe to demon-

strate the technology using real-life data and validated 
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models. The selected buildings are equipped with a GE-

OTABS or similar technology. One of those is the multi-

family building Haus M, in which underfloor heating is 

combined with geothermal heat pumps, a system close to 

the GEOTABS solution. In particular, the use of the build-

ing is interesting: GEOTABS is typically applied in build-

ings with an easily predictable building use (e.g. office 

buildings), while residential buildings have a more irreg-

ular occupation. For this building, and the other case-

study buildings, the hybridGEOTABS system is com-
pared to a ‘baseline’ HVAC-solution, in order to show its 

performance. The ‘baseline’ HVAC solution is a more tra-

ditional system concept that is relevant and applicable for 

heating and/or cooling in all climates in Europe and for 

all building typologies investigated (offices, schools, el-

derly homes and multi-family buildings). For Haus M, it 

basically consists of radiators and a natural gas boiler with 

the same power as the actual heating system. The results 

of the comparison between several models of buildings 

and their respective baselines are going to be published in 

the deliverable 4.5 of the hybridGEOTABS project ant 
they will be public accessible from the website of the pro-

ject. 

In this paper, the modelling and validation of the multi-

family building Haus M is described, considering all 

available parameters. The use of the building represents 

one of the most difficult scenarios for the modeller. Some 
assumptions related to the people have to be taken into 

account to represent a reliable behaviour influenced by 

the daily habits of all of them. Nevertheless, most of the 

buildings in the world have the same use as the modelled 

one, so the interest in this model is also important. 

The second part of the paper is about the implementation 
of the ‘baseline’ heating system and its comparison with 

the model of the actual one in terms of energy efficiency. 

hybridGEOTABS project 

The model, validation and comparison with the baseline 

scenario of the multi-family Building ‘Haus M’ is part of 

the EU Horizon project hybridGEOTABS. The challenge 

of the project is to demonstrate the performance of the hy-

bridGEOTABS system and develop a design methodol-

ogy and MPC-solution. The final objective is to probe the 

efficiency of GEOTABS and to improve and promote that 

technology in the industry and in the society. More infor-
mation about the project can be found at http://www.hy-

bridgeotabs.eu. 

Description of the building “Haus M” 

Haus M is a multi-family building located in Zürich, Swit-

zerland. The weather in that region corresponds to a tem-

perate climate (oceanic in particular) with four seasons. 

The maximum temperatures in the year are around 24 ºC 

in July and the minimum are around -2 ºC in January. 

The gross floor area of the building is around 950 m² per 

floor. Its shape is an irregular quadrilateral which largest 

facades have east-west orientation. There is not any rele-

vant element in front of its eastern and southern façades 

that can project shadows in any moment of the year. The 
shaded facades are the western and the northern ones, 

which are facing to other buildings. Haus M is composed 

of five floors of six dwellings per floor, except for the first 

floor, which has five dwellings. There are 29 living units 

in total for 97 people. On the ground floor, there is a kin-

dergarten for about 70 people, named KiTa. The basement 

is used as storing area and it is also the place where the 

technical room is located. The apartments are organised 

around a large atrium that reaches from the first to the fifth 

floor and has an irregular quadrilateral shape. The atrium 

includes the staircase and gives access to every dwelling. 
It is wide enough, so it can also be defined as a large air 

volume that connects all floors in the middle. Besides the 

atrium, there are four common areas per floor for storage, 

laundry and rooms for drying clothes. Around the 20% of 

the flat area is represented by the common zones and the 

atrium.  

External surfaces of the building have the U-Values 

shown in Table 1: 

Table 1: U values of external surfaces in Haus M 

Type U_value [W/(m2K)] 

Ground floor 0,214 

Facades [0,135-0,573] 

Roof 0,135 

Windows - glazing [0,7 – 1,1] 

Windows - frame [1,3 – 1,7] 

 

The energy systems in Haus M are only for heating and 

domestic hot water. There is no active system for cooling. 
The heating system takes the energy mainly from a 75-

kW ground source heat pump (GSHP) with horizontal 

heat exchangers located under the building, covering an 

area of 885 m². The GSHP is exclusively used for floor 

heating both for the KiTa and for the dwellings. There are 

two constant-flow pumps for delivering the heating 

energy to the underfloor heating system. One is for the 

KiTa and the other one is for all the living units. All hy-

dronic loops are based on pressure drops and they were 

tuned once to guarantee the right balance between them. 

The heating system is ruled by a heating curve that sets 

the return temperature of the water for the global flow. 
The GSHP has eight levels of modulation to adapt the 

power to follow the target temperature given by the heat-

ing curve.  

There is another heat pump in the building. It is a 64-kW 

air source heat pump (ASHP) that recovers the heat from 

the ventilation exhaust air to produce domestic hot water 
(DHW) at 53 ºC. It can also give support to the underfloor 

heating when the GSHP cannot reach the target tempera-

ture defined by the heating curve. This situation is con-

trolled by a valve between the two major loops (DHW and 

floor heating) of both systems. To let the ASHP support 

the floor heating it is mandatory to satisfy the temperature 

of 53 ºC for DHW. There are 31 solar collectors on the 

rooftop used to produce DHW as well. The total absorp-

tion area is 77,81 m². Originally, there was also a loop 

controlled by a valve that could connect the solar collec-

tors to a heat exchanger for ground recovery when the 
temperature was not enough to heat the DHW or when 
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there was not any DHW production. This ground recovery 

loop is installed but it is not working since 2015. Conse-

quently, solar collectors are only used for DHW produc-

tion. 

The emission system in Haus M is floor heating. The wa-

ter pipes are embedded in the screed, about 5 cm below 

the floor finishing. The conditioned net areas represent 

3940 m² (840 m² KiTa and 3100 m² of apartments). All 

levels of dwellings have similar geometry and distribu-

tion, thus there are six types of apartments and they are 

repeated along the five floors.  

The ventilation system in Haus M is based on mechanical 

extraction. It consists of ventilators located on the top of 

the building that extract in total 6400 m³/h from all zones. 

The fresh air enters the building through grids located on 

the upper part of the outer walls of all living units and the 

KiTa. Fresh air comes inside the building without any 

treatment, but all exhaust air conducts are connected to 

the ASHP for DHW production. 

On the rooftop, there are also photovoltaic solar panels 

(PV) used for self-consumption. There is not any storage 

system for electricity. The system is connected to the elec-

tricity grid. 

Controls and monitored data 

Haus M has a simple control for the heating based exclu-

sively on a heating curve. That control is global, which 

means that the whole building heating system is con-
trolled with only one parameter: the heating curve. The 

pumps are always working at the nominal regime during 

the heating period and there is not any valve that totally 

controls the flow of the hydronic loops. In this kind of 

control, the initial tuning of the hydronic loops is essential 

to have an acceptable thermal balance in all heated zones 

of the building. 

The heating curve calculates a return flow temperature 

based on the exterior temperature, affected by a correction 

factor. A privative algorithm calculates that factor. Cur-

rently, the equation that rules the heating curve, according 

to the parameters in the BMS, is the following one: 

 Treturn [ºC]=
-7

30
·Tequivalent+

77

3
 (1) 

Where: 

 Tequivalent [ºC]= Texterior+Fcorrection (2) 

Fcorrection varies from 0 to 15 according to the unknown 

privative algorithm. 

Each apartment has a device to allow the users to have a 

certain control on the flow of one of the floor heating 
loops that belong to the dwelling. The number of loops in 

a flat varies from 3 in the studios to 9 in the biggest apart-

ments. The user’s device controls the opening of an elec-

tronic valve that changes the flow in that loop. The rest of 

loops do not have any regulation system and the global 

flow in the whole building remains constant, so the real 

effect of the control is the variation of the flow in all 

loops, including the ones that do not belong to the con-

trolled apartment. This situation conduces to an unpre-

dictable behaviour when some users use it. In fact, the ef-

fect is not really appreciable, so it is considered by the 

administrators of the building as a dummy control. 

For the ventilation system, the control strategy consists in 

extracting air at a constant flow rate all the time. 

There is a web-based Building Management System 

(BMS) that monitors the temperature of each dwelling 

and the temperature of the KiTa with hourly resolution. 

Every apartment has a temperature sensor located in the 

living room and the KiTa has one located in the centre of 
the biggest zone. The BMS defines the equivalent temper-

ature for the heating curve and gives the possibility to the 

administrator of the building to change the default param-

eters of the heating curve. All data can be exported with 

hourly resolution since 2015, but there are several periods 

where the data is not available due to technical problems. 

Model of the building 

The detailed BES-model of Haus M is a white-box model 

that was developed in Dymola, using validated compo-

nents from IDEAS (Jorissen et al. (2018)), Buildings 

(Wetter et al. (2014)) and Modelica libraries.  

The weather conditions for Zürich have been included in 
the model. The weather conditions consider more than fif-

teen parameters that define precisely the conditions, with 

hourly resolution. 

The aim for the modelling the building was to include all 

masses of the real building.  

All properties of the materials were taken from the mate-

rial library included in the software Lesosai and the geo-

metrical parameters were taken from the blueprints of 

Haus M. In total, there are 63 construction types using 

combinations of 46 different materials. 

Every apartment can be considered as a single zone in the 

model. But it is also possible to merge all dwellings with 

similar geometry, orientation and boundary surfaces and 

conditions into one single zone (Figure 1). The reason to 

combine them is to reduce the complexity of the model 

and to improve the simulation time. It is possible to group 

similar zones because the accuracy in the results will not 

be compromised. In this case, the living units located on 
the fifth floor were excluded from this operation because 

their boundary conditions are too different than the others. 

By this lumping of zones the amount of them was reduced 

from 32 to 15. 13 of them are floor heated and the rest are 

unheated (passive zones).  

 

Figure 1: Representation of the zones in the model 
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The building envelope was designed following all infor-

mation showed in given floorplans. Also, the envelope 

was modelled trying to match the mass calculated from 

the geometries shown in floorplans and material proper-

ties. Internal walls and floors of each zone were consid-

ered using a correction factor included in the model of the 

zone component in IDEAS library (mSenFac) that affects 

the thermal capacity of the air volume in each zone. The 

envelope is the representation of the empty building with-

out any furniture, but including floor and walls finishing, 
doors and windows. Furthermore, all external compo-

nents in contact with the ambient are defined with orien-

tation and inclination, parameters that will determinate 

the reaction with external conditions. 

The heating system was set as described in the previous 

section, neglecting the non-working loop for ground re-
covery. The energy for heating is delivered to each zone 

through the surfaces that represent the floors. The heat is 

distributed uniformly according to the floor area of each 

zone. First, it goes through a heat exchanger and then it is 

delivered to the core of the floor component. From the 

floor component it flows to the zones in contact. The 

lumped zones consider two kinds of floors. The floor that 

is also a boundary receives the heat as the non-lumped 

zones, but the floors that are not boundaries are included 

as surfaces in contact to the same zone in both sides. In 

this case, the whole heat is flowing between the lumped 
zone and the surface exclusively. The heat is not delivered 

directly to the zone in any case. The GSHP has a modula-

tion input controlled by the heating curve to set the return 

temperature. Every moment the controller is measuring 

the return temperature and if this is lower than the target 

temperature it increases the power of the heat pump to the 

next modulation level. If the temperature continues to be 

too low for 30 minutes more, the following modulation 

level is set. For higher temperatures than the target one, 

the operation is the same in times and the modulation level 

is decreasing until the heat pump is off. If the maximum 

modulation level is reached, delivering the maximum 
power, but the temperature is still below the target for 30 

min more, a control signal is given to a valve that can re-

direct part of the flow from DHW loop to floor heating 

loop. Additionally, it is a necessary condition to open the 

valve that the temperature of the final DHW equals 53 ºC. 

Figure 2: Scheme of the systems in Haus M 

The rest of the controls are simple. The domestic hot wa-

ter loop is controlled by a PI controller that stabilizes the 
temperature at 53 ±0.5 ºC and the ventilation system has 

a constant extraction flow rate. The zones are connected 

in parallel, so all of them receive (release) air directly 

from (to) the exterior. The lumped zones have the same 

ventilation system based on mass flow rates, but multi-

plied by their respective distribution factors (based on the 

volume of the zones). The control of the blinds is not au-

tomated in reality, but a control based on the solar radia-

tion and occupancy profiles has been implemented in the 

model. A schematic view of all the systems in Haus M is 

shown in Figure 2.  

At the moment, there is not any pressure model for the 

windows, so the air exchange is produced only by the ven-

tilation system. In the next step of the model the opening 

of the windows will be included based on occupation pro-

files. 

Occupancy 

Although the construction parameters, the energy systems 

and the geometry of Haus M are well defined, other pa-

rameters are missing or they cannot be defined easily. 
Those parameters are related to the occupancy and the ac-

tivities the tenants realize in their daily lives. For example, 

they can cook, open or close windows or blinds, use pow-

erful electric devices, be or not be at their homes, etc. 

There are some tools to model occupancy profiles, but 

they are more focused on office buildings, schools and 

those places that occupancy level can be easily predicted, 

which is not the case in Haus M, except for the KiTa.  

 

Figure 3: - Example of an occupancy profile for Apx.1. 

Note that this is a lumped zone composed of 4 dwellings 

with 6 tenants half of them and 7 tenants the other half 

(26 people in total). 

To generate a first approach of the occupancy profile, the 

tenants were invited to answer a questionnaire about their 
habits. Based on the obtained results and the expected 

habits in the building, a general occupancy profile was de-

fined for each apartment and included in the model. 

Lumped dwellings in the model have also a lumped occu-

pation profile. The base occupancy profile is defined for 

a week. It means that there is a distinction depending on 

the day of the week, but not on the month or the season. 

An example of a weekly profile for the zone Apx.1 is 

shown on Figure 3. 

Validation of the model 

Considerations and methodology 

The available information to model the building was very 
accurate in terms of materials and geometries. Nonethe-

less, the detailed information related to the heating and 

ventilation systems was not entirely available therefore 

assumptions had to be made. The controls in those sys-

tems are basic, in the sense that there are very few con-

trolled variables. There is fixed air-extraction flow in the 

ventilation system and for the heating system there is just 

the return temperature of the water that is controlled. This 
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situation must be included in the model, so the modelled 

controls can respond in the same way as in the real build-

ing. Also, the occupation profile is not as accurate as in 

other buildings typologies. These circumstances provoke 

both in the real building and in the simulations that the 

temperatures in the apartments and in the KiTa may not 

be in the comfort band. On the other hand, that is the ex-

pected behaviour for this building, so the process of vali-

dation only has to consider that the results of the simula-

tions have to be coherent with the real measurements of 

the building. 

A first analysis of the measured temperatures of 2016 and 

2017 showed that similar zones had considerably different 

temperatures. The Figure 4 shows the maximum and min-

imum registered temperatures of the 29 dwellings and the 

KiTa in every moment of the year 2017. All measured 
temperatures are between the shown curves. The average 

of the differences of both curves are around 4 ºC, but it is 

noticeable that during summer season those differences 

are smaller than in the heating season. 

Figure 4: Maximum and minimum registered tempera-

tures in all zones in Haus M in 2017 

As said before, the tenants practically do not have control 

on their part of the heating system, so these differences in 

measurements can be caused by the unbalance of the hy-

dronic loops. It seems that those are not correctly tuned 
and the validation process cannot be based only on the 

temperatures of the zones. To make a validation it is nec-

essary to compare the energy use in the building. That in-

formation is only given with monthly resolution, but is the 

best information available for the model validation. 

Validation results 

The first approach for the validation was the comparison 

of the simulated and measured temperatures in all the 

zones. The lumped zones are compared to the mean val-

ues of the temperature in the lumped apartments. Two 

simulations were run, one for 2016 and another one for 

2017. The reason is that in 2016 there was a large period 
without measurements in many zones. The measured tem-

peratures of lumped zones, such as Apx.1, are considered 

as the average temperature of the affected real apartments 

in the building. 

The first analysis was to compare the maximum and min-
imum measured temperatures with the results of the sim-

ulations. The idea is to see whether the simulated temper-

atures are in the range of the limits of the real measure-

ments and whether the behaviour of the curves are similar. 

For 2016 the results fit almost all the time in the band, but 

in 2017 there are some periods where the behaviour of the 

results is not the same as in the reality (Figure 5). The rea-

son is that the heating curve was changed several times 

during those periods (for example, in December 2016 and 

January 2017). There is not any log to check the right val-

ues of the heating curve for those periods, so it is not pos-

sible to adjust the model to fit the measurements properly. 

Regarding the temperatures, the weighted average of the 

temperatures (weight defined by the volume of the zones) 

were compared for both years, showing differences below 

2 ºC (Figure 6). 

In terms of temperatures, it is possible to say that the 

behaviour of the model is pretty similar to the reality, 

taking into account the circumstances previously 

explained.  

Regarding the energy use for heating of the building 

(KiTa and dwellings together), the measured energy use 

for 2016 was about 262.000 kWh. The simulated heating 

use is about 77% of this measured energy use (see Table 

2). 

Table 2: Heating energy in 2016 in Haus M in kWh 

Month Measured 

(a) 

Simulated 

(b) 

% (b/a) 

Jan 47771 36530 76% 

Feb 38750 28978 75% 

Mar 34404 24923 72% 

Apr 12825 12365 96% 

May 7163 5309 74% 

Jun 1240 735 59% 

Jul 1034 738 71% 

Aug 1023 741 72% 

Sep 1422 735 52% 

Oct 24293 18693 77% 

Nov 40044 30272 76% 

Dec 52278 41902 80% 

Total 262247 201921 77% 

 

One reason for the higher heating energy use in the real 
building, when compared to the simulated building, can 

be the overheating of some apartments due to the imbal-

ance in the hydronic loops. According to the question-

naires, about 35% of the tenants feel too warm and they 

sleep with at least one opened window during the night, 

specifically between October and April. The discomfort 

forces some people to release the heat to the exterior to 

reduce the temperature in their homes, since there is not 

any way to stop the water flow in the floor heating circuit. 

As a result, the emitted heat even increases to reach the 

thermal balance with opened windows. For now, the mod-

elled building does not include a random window opening 
profile that could take this effect into account. 
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Another reason can be found in the internal heat gains re-

lated to occupancy. These gains include not only the heat 

produced by human bodies, but also an estimation of the 

gains by general electric appliances such as bulbs, com-

puters or ovens. The simulated internal gains were 75550 

kWh in 2016, which represents 37% of the simulated 

heating energy in the same year. Therefore, assumptions 

on the internal gains can largely affect the results. 

 

 

 

Figure 5: Comparison between min and max values of measured and simulated temperatures in 2016 and 2017.                           

Note the missing-measured-data period and the anomalies between December 2016 and March 2017. 
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Comparison to a baseline heating system 

In order to demonstrate the performance of the current 

system, that combines underfloor heating with geother-

mal heat pumps, an alternative ‘baseline’ heating system 

is also modelled. For this, the actual heating system in the 

validated model is substituted by an alternative heating 

system which can give a similar comfort level than the 

original one. The baseline heating system includes 

radiators in all heated zones that emit heat provided by a 

natural gas boiler. All the components are included in 

IDEAS library, except for the gas boiler, which was taken 
from the Buildings library. The gas boiler also has the 

same power as the GSHP, which is 75 kW. 

Figure 7: Weighted average of temperatures. The light 

green and light blue colours represent the standard devi-

ation. The maximum deviation is 1.0 ºC for the actual 

system and 1.2 ºC for the baseline. 

Every heated zone has a radiator sized according to its 
volume. The setpoint temperature for all the zones is 23 

ºC, with a bandwidth of ±0.5 ºC. The baseline considers 

one global setpoint based on the average indoor tempera-

tures of the zones and an equivalent temperature calcu-

lated from the exterior temperature. This control strategy 

differs from the actual control strategy. Designing the 

same control for the baseline as for the actual building 

would require the calculation of that equivalent tempera-

ture, the heating curve and the right hydronic balance in 

the zones. Such calculations would give a system that re-

acts in a similar way as the actual one. However, in this 
case it was not possible to determine the equivalent exte-

rior temperature because the privative algorithm involved 

in this calculation is unknown. Instead, a control based on 

the average temperature of all zones was chosen. It is a 

realistic one and it is also not far from the actual control. 

Both are based on one equivalent temperature to control 

the heating system. 

The structure of the building, the ventilation system, the 

domestic hot water production and the occupancy profile 

were not changed. 

Figure 8: Energy delivered to the building for heating. 

The results of the simulation compared with the results 

from the original model for the year 2017 are shown in 

Figure 7. The weighted average temperatures of both sce-

narios differ less than 1 ºC in any moment in the simulated 

period. The dispersion in the temperatures is a bit higher 

in the baseline case than in the original one. The baseline 

model also shows a clear band of temperatures between 
22.5 and 23.5 ºC during heating period, while the actual 

system shows a more fluctuating behaviour. The reason 

of this different results is directly related to the different 

temperatures used to control each heating system. In the 

baseline heating system the target is to set the weighted 

average temperature of the zones specifically in the men-

tioned band, while in the actual system the exterior tem-

perature is used to set the return temperature of the floor 

heating system, which influences but does not totally de-

termine the temperature in the zones themselves. In non-

heating period, the results in temperatures differ in around 
0.2 ºC. This situation can be explained because the heat-

ing curve in the original model is always activated, so it 

is possible to have small heating power during the night 

in some days in summer. In those periods the baseline 

model would not activate the heating because its control 

is based on indoor temperatures. 

Figure 9: Total provided energy. 

Figure 8 shows the energy delivered to the building by 

both systems. The energy delivered by the baseline is 

97.5% the energy delivered by the original GSHP by the 
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end of the year, motivated by the different controls of both 

heating systems. 

The greatest differences are on the side of the primary en-

ergy. The GSHP has a COP of 3.5 and the SEER of the 
whole installation is 3.36. The baseline uses natural gas as 

primary source of energy and the boiler can transmit the 

90% of the total energy released by the natural gas to the 

water. Figure 9 shows the provided energy for the actual 

heating system (electricity from the grid that is delivered 

to all pumps and the GSHP) and for the baseline (electric-

ity from the grid delivered to the pumps and natural gas 

used in the boiler). The baseline needs 4.2 times more pro-

vided energy than the actual system the baseline. The 

electricity is only considered at the point of use. Trans-

portation losses are not considered. 

Conclusions and perspectives 

The model of a multi-family building integrating geo-

thermal energy and floor heating has been explained. A 

primary validation of the model has been accomplished 

considering the circumstances of the case and the avail-

able data in the real building. The model of a baseline 

heating system composed of a natural gas boiler and radi-
ators has been developed as an alternative heating system 

for the building. Finally, the results of the simulations of 

both scenarios have been compared and explained. All 

these tasks are included as part of the hybridGEOTABS 

project. 

Haus M multi-family building is a challenging building to 
model. Its simple control for ventilation and heating 

causes large dispersions in temperatures in all zones. The 

information given by the BMS is very basic and only the 

temperatures of the apartments and KiTa are monitored 

with hourly resolution. The (residential) use of the build-

ing represents an added uncertainty that causes more var-

iability and makes more complicated to model the whole 

system.  

Consequently, the validation process shows a weak rela-

tion between the model and the real building. The degree 

of accuracy of the validation cannot be easily determined 

taking into account the available information. There are 

important uncertainties that cannot be evaluated numeri-

cally due to the limitations of the available data. Never-

theless, this is an expected situation for many buildings 

around the world, so it is something modellers have to 

deal with. 

Considering the limited energy measurement data for the 

validation, the absence of a window opening behaviour 

model and the uncertainty of the use of the building, the 

results of the validation are acceptable, but more work 

will be done to optimize the model and investigate the dif-

ferences with the real building performance. A profile for 
opening windows will be implemented in the model. The 

expectations are to reduce the differences in energy use 

between the model and the reality. Also, simulations will 

be run for the year 2018 to check if the behaviour is sim-

ilar to previous years, in which the heating control was 

adapted. 

The baseline system results in a more stable, controlled 

thermal comfort in the building than the actual control in 

the original building. To allow a more accurate compari-

son of both systems, a similar control has to be imple-

mented in the baseline system. The challenge here will be 

the definition of an algorithm to determine an equivalent 

temperature suitable for the baseline that will give similar 

results as the actual system. In terms of energy use, the 

baseline shows a reduction of 2.5% of the energy deliv-

ered for heating, but it would also have released in situ 41 
tons of CO2 to the environment in 2017. The CO2 produc-

tion is an estimation given by the model of the boiler 

based directly on the natural gas consumption. This value 

is only taking into account the emissions generated from 

the use of the natural gas.  

The baseline will be updated with domestic hot water pro-
duction (at the moment the comparison was only for space 

heating) and it will also be compared for the year 2018 

including the opening windows profile. 

 

Acknowledgement 

This research is part of the hybridGEOTABS project, that 

has received funding from the European Union’s Horizon 

2020 research and innovation programme under grant 

agreement No 723649 (MPC-GT). 

 

References 

Himpe, E., Vercautere, M., Boydens, W., Helsen, L., & 

Laverge, J. (2018). Geotabs Concept and Design: 

State-of-the-Art, Challenges and Solutions. 

Proceedings from REHVA Annual Meeting 

Conference. Brussels (Belgium), 23 April 2018. 

hybridGEOTABS project http://www.hybridgeotabs.eu  

Jorissen, F. et al (2018) Integrated District Energy 

Assessment Simulations (IDEAS library) v2.0, 

https://github.com/open-ideas/IDEAS 

KU Leuven et al. (2019). D4.5. Documenting the two 

baseline cases: non-GEOTABS and RBC GEOTABS. 

Lesosai http://www.lesosai.com  

Strachan, P., Svehla, K., Kersken, M., & Heusler, I. 

(2016). IEA EBC Annex 58 - Report of Subtask 4a: 

Emperical validation of common building energy 

simulation models based on in situ dynamic data. 

Retrieved from 

https://www.kuleuven.be/bwf/projects/annex58/data/

A58_Final_Report_ST4a.pdf 

Wetter, M et al. (2018) Modelica Buildings library v5.1.0 

https://github.com/lbl-srg/modelica-buildings 

 

Keywords: Modelica, Dymola, IDEAS library, Modelica 

Buildings library, European Union (EU), Horizon 

2020, hybridGEOTABS

  

________________________________________________________________________________________________ 

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

 
4242

 

 
  



Forecasting Indoor Temperatures During Heatwaves: Do More Complex Models Provide 

Better Predictions? 

 

Matej Gustin1,2,*, Rob S. McLeod1,2, Kevin J. Lomas1,2 

1School of Architecture, Building and Civil Engineering,  

Loughborough University, LE11 3TU, UK 
2London-Loughborough EPSRC Centre for Doctoral Training in Energy Demand,  

Loughborough University, LE11 3TU, UK 

*Correspondence: M.Gustin@lboro.ac.uk 

 

Abstract 

A novel application of semi-parametric Generalized 

Additive Models (GAMs) was developed to forecast 

elevated indoor temperatures. GAM models were 

compared to AutoRegressive models with eXogenous 

inputs (ARX) and validated against monitored data from 

two case study dwellings, located near to Loughborough 

in the UK, during the 2013 heatwave. Input variables were 

selected using backward stepwise regressions based on 

minimisation of the Akaike Information Criterion (AIC) 

and Mean Absolute Error (MAE), for the ARX and GAM 

models respectively. Comparison of the models showed 

that GAMs are capable of slightly improving the 

forecasting accuracy, but only at short horizons (3-6 hours 

ahead).  

Introduction 

Overheating in residential buildings is increasingly 

acknowledged as an emerging global health risk (NHBC, 

2012; ZCH, 2016; Lomas and Porritt, 2017). Climate 

change projections indicate that the world’s most 

populated regions will experience more frequent and 

intense heatwave periods over the coming decades (Meehl 

and Tebaldi, 2004; IPCC, 2014). The likelihood of events 

such as the 2003 heat wave (which was responsible for 

over 30,000 premature deaths across Europe (De Bono et 

al., 2004) recurring is projected to increase 100-fold by 

2050 (Stott et al., 2004).  

Understanding how individual buildings are likely to 

respond to extreme climatic events in the future is critical 

to mitigating their potentially life-threatening impacts. 

The complexity of this problem originates in the unique 

time-varying nature of the thermal behaviour of any given 

building, which is influenced both by its physical 

characteristics and the unique way in which it is occupied 

and operated.  

Fully parametrised Dynamic Thermal Simulation (DTS) 

models have been widely used to assess current and future 

overheating risks (Porritt et al., 2012; McLeod et al., 

2013; Mavrogianni et al., 2017; Symonds et al., 2017), 

however, the results of such studies often reveal a 

significant gap (De Wilde, 2014) between the empirically 

measured and modelled overheating performance of 

dwellings (Mantesi et al., 2017). This ‘modelling-gap’ has 

led some researchers to question the applicability of using 

white-box DTS models for forecasting overheating 

(Lomas and Porritt, 2017). In contrast, the availability of 

data from large monitoring studies (Beizaee et al., 2013; 

Lomas and Kane, 2013; Firth et al., 2016; Mavrogianni et 

al., 2017; Symonds et al., 2017; Buswell et al., 2018) 

offers the potential to develop empirical models of 

existing buildings which are capable of making 

predictions based on the data alone (i.e. machine learning) 

(Foucquier et al., 2013). In statistical black-box models 

(Amara et al., 2015), the time-varying responses of the 

building fabric, ventilation, etc., are all embedded in the 

past internal temperature data, obviating the need to make 

assumptions relating to the building’s thermo-physical 

characteristics. Such models could be usefully deployed 

to provide tailored information to occupants (or their 

carers) and/or facilities managers of the impending risks 

of overheating in specific spaces, and potentially advise 

them on the level of preventative action needed to 

mitigate heat-related risks (Gustin et al., 2018). 

In a previous study, the present authors (Gustin et al., 

2018) have shown that linear AutoRegressive models with 

eXogenous inputs (ARX) can forecast indoor temperatures 

during heatwaves up to 72 hours in advance, with 

reasonable accuracy. However, it was postulated that the 

accuracy of such models might be improved by adopting 

non-linear models. 

Several studies (Mechaqrane and Zouak, 2004; Thomas 

and Soleimani-Mohseni, 2007; Mustafaraj et al., 2011) 

have shown that non-linear Artificial Neural Networks 

(ANNs) such as Non-linear ARX (NARX) models 

outperform linear ARX models for forecasting indoor 

temperatures. Some researchers (Mechaqrane and Zouak, 

2004; Mustafaraj et al., 2011) have posited that the higher 

forecasting accuracy of NARX models is attributable to 

their ability to capture the non-linear relationships that 

govern indoor temperatures. In contrast, Thomas and 

Soleimani-Mohseni (2007), showed that the differences 

between non-linear NARX and linear ARX models were 

minimal and Ferracuti et al. (2017) observed more 

accurate predictions with linear ARX models, both in 

summer and in winter. Whether or not non-linear models 

are a better choice than linear models, appears to depend 

on several factors, including: the period of testing, the 

structure of the models, and forecasting horizon. ANNs 

are also inherently limited by their lack of interpretability 

(Foucquier et al., 2013), which has been referred to as “the 

Achilles’ heel of deep neural networks” (Zhang and Zhu, 

2018). 
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In contrast to ANNs, semi-parametric models, also known 

as Generalized Additive Models (GAMs), offer 

transparent interpretability of their results (Larsen, 2015) 

and for some problems, e.g. short-term forecasting of 

electricity demand (Fan and Hyndman, 2012), they have 

significantly outperformed ANNs. Because semi-

parametric additive models allow non-linear and non-

parametric terms to be included within the regression 

framework, they can readily capture complex non-linear 

relationships (Fan and Hyndman, 2012). 

The monitored data set 

To stress-test the predictive and generalisation 

capabilities of a model for overheating forecasting, it is 

important that it is tested and validated during a period in 

which external temperatures exceed those experienced 

during the training period. For this purpose, two rooms 

from two dwellings, located near to the town of 

Loughborough in the English Midlands (and monitored as 

part of the LEEDR Smart Home dataset (Buswell et al., 

2018) were selected. These rooms were chosen because 

of the completeness of the data, their markedly different 

temperature response profiles during the 2013 heatwave1. 

This UK-wide heatwave reached a peak temperature of 

33.5°C and lasted from 3 to 23 July 2013 (Met Office, 

2013), making it the second warmest July recorded in the 

UK, since 1910, in terms of both the mean and mean daily 

maximum temperatures (Met Office, 2018b). 

To capture the most pronounced overheating, the internal 

temperatures (Tint) were logged at one-minute intervals, in 

the upstairs bedrooms. The weather data, consisting of the 

external air temperatures (Text) and Global Horizontal 

solar Irradiance (GHI), was recorded at the nearby Sutton 

Bonington meteorological station at hourly intervals. To 

achieve a compatible timestep, the data that was recorded 

in the dwellings was down-sampled by averaging the sub-

hourly values to obtain hourly mean values (centred on 

each hour). 

Outdoor air temperatures during spring and early summer 

2013 were considerably below average. The external air 

temperature started to rise on the 3rd of July, resulting in a 

continuous hot spell that lasted until thunderstorms on the 

22nd and 23rd of July broke the heatwave. During this 

extended hot spell, the indoor temperatures (recorded in 

the bedrooms) were noticeably elevated in both dwellings 

on 6-7 and 13-19 July. Although indoor temperatures in 

the two dwellings were very similar on some days, 

dwelling A warmed up considerably less than dwelling B 

on most days, with the most pronounced temperature 

difference (of 6.9°C) occurring on the 8th July. 

Methods 

In previous work (Gustin et al., 2018), overheating was 

forecasted using ARX models based on the lagged effects 

                                                           
1 According to the UK Met Office, based on the World Meteorological 

Organization definition, a heatwave is defined as, “A marked unusual 
hot weather (Max, Min and daily average) over a region persisting at 

least two consecutive days during the hot period of the year based on 

local climatological conditions, with thermal conditions recorded above 
given thresholds” (WMO, 2016; Met Office, 2018a). 

of the internal temperature (Tint), external air temperature 

(Text) and Global Horizontal solar Irradiance (GHI). Here, 

additional predictor variables were considered for 

inclusion in both the newly developed GAMs and ARX 

models alongside those adopted in the previous study. 

These new additional variables were chosen based on 

inputs adopted by Fan and Hyndman (2010; 2012) and 

included: hour of the day (H), indoor temperature at the 

same time on the previous day (Tint (t - 24)), minimum 

and maximum indoor temperatures in the past 24 hours 

(Tint
 -  and Tint

+ ), and the 24-hour means of the indoor 

temperature (T̅int (24h)), outdoor temperatures, (T̅ext (24h)) 

and Global Horizontal solar Irradiance (GHI̅̅ ̅̅ ̅̅
(24h)). These 

additional inputs were iteratively recalculated at every 

time step. 

In GAMs the relationships between the dependent 

(output) and independent (input) and variables are 

represented by two-dimensional smooth functions2. The 

only exception is the hour of the day, which was modelled 

as a cyclic cubic regression spline, which is a smooth 

function with a constrained relationship at either extreme 

(i.e. the first and last hours of the day, 00 and 23, adopt 

the same value). The hour of the day cannot be discretised 

as a single variable in a linear ARX model, because the 

relationship would be fixed as a constant for every hour. 

To perform the forecasts at a specific time-step (t) and 

forecasting horizon (h), the models are first fitted on the 

training data, a process which estimates the relationships 

(parametric for the ARX model and semi-parametric for 

the GAM) between the independent and dependent 

variables.  

The general equation of the ARX model can be written in 

the form shown in equation (1).  

T
int (t + h) = c + ∑ p

Φ,i 
T

int (t + h - i)  + 

n

i=1

 (1) 

 p
Φ,24 Tint (t + h - 24) +    

 ∑ pα,j  Text (t + h - j) 

n

j=0

+  

 p
β,j

 GHI  (t + h - j) +  

   p- T
int(24h)

 -  + p+ T
int(24h) 

+
+   p

μ,1
T̅int(24h)+ 

 p
μ,2

 T̅ext(24h) + p
μ,3

 GHI̅̅ ̅̅ ̅
(24h)+ e (t + h) 

where:   

Tint (t + h) 

forecasted hourly internal temperature 

at the time step t for the forecasting 

horizon h (°C) 

t hourly time step (h) 

2 Non-parametric functions, are those where the shape of predictor 

variables (i.e. relationships between dependent and independent 
variables) are entirely determined by the data (Larsen, 2015). 
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h 
forecasting horizon, hourly time steps 

(h = 1, … , 72) (h) 

c intercept (°C) 

n 

maximum lag (previous n time steps) 

of the input variables that are being 

considered in the model  

i 

lag count (1-5) for autoregressive 

inputs (i.e. previous time steps of the 

output varaible) 

j 

lag count (0-5) for exogenous inputs, 

where count 0 is weather data at the 

forecasted time step 

T
int (t + h - i) 

observed or forecasted hourly internal 

air temperature at lag i before the 

forecasting horizon h (°C) 

p
Φ,i

 parametric coefficients of the lagged 

(previous n) Tint 

T
int (t + h - 24) 

observed or forecasted hourly internal 

air temperature 24 hours before the 

forecasting horizon h (°C) 

p
Φ,24

 parametric coeff. of the Tint on the 

previous day at the same hour (t-24) 

T
ext (t + h - j) 

observed or forecasted hourly external 

air temperature at lag j before the 

forecasting horizon h (°C) 

p
α,j

 parametric coefficients of the lagged 

(previous n) Text 

GHI  (t + h - j) 

observed or forecasted Global 

Horizontal Irradiance at lag j before 

the forecasting horizon h (W/m2) 

p
β,j

 parametric coefficients of the lagged 

(previous n) GHI 

Tint(24h)
 -  

minimum internal air temperature in 

the past 24 hours (°C) 

p- 
parametric coefficient of the 

minimum Tint in the past 24 hours 

Tint(24h)
 +  

maximum internal air temperature in 

the past 24 hours (°C) 

p+ 
parametric coefficient of the 

maximum Tint in the past 24 hours 

T̅int(24h) 
mean internal air temperature in the 

past 24 hours (°C) 

T̅ext(24h) 
mean external air temperature in the 

past 24 hours (°C) 

GHI̅̅ ̅̅ ̅
(24h) 

mean Global Horizontal Irradiance in 

the past 24 hours (W/m2) 

pμ,1 , p
μ,2

 , 

p
μ,3

 

parametric coefficients of the mean 

values in the past 24 hours of Tint, Text 

and GHI respectively 

e (t + h) 

forecasting error: hourly difference 

between the forecasted and observed 

temperatures at the time step t (°C) 

The general equation of the GAM can be written in the 

form shown in equation (2).  

g ( T
int

(t + h) ) = c + ∑ sΦ,i Tint (t + h - i) 

n

i=1

+  (2) 

 sΦ,24 Tint (t + h - 24) + 

 ∑ sα,j  Text (t + h - j) 

n

j=0

+  

 sβ,j GHI  (t + h - j) + 

 s- Tint(24h)
 -  + s+ Tint(24h) 

+
+ sμ,1T̅int(24h) + 

 sμ,2 T̅ext(24h) + sμ,3 GHI̅̅ ̅̅ ̅̅
(24h)+  

 scc H (t + h) + e (t + h) 

where:  

g 
gaussian (default) link function for 

GAM models 

T
int

(t + h) 

forecasted hourly internal 

temperature at the time step t for the 

forecasting horizon h (°C) 

t hourly time step (h) 

h 
forecasting horizon in hourly time 

steps (h = 1, … , 72) (h) 

c intercept (°C) 

n 

maximum lag (previous n time 

steps) of the input variables that are 

being considered in the model  

i 

lag count (1-5) for autoregressive 

inputs (i.e. previous time steps of 

the output variable) 

j 

lag count (0-5) for exogenous 

inputs, where count 0 is weather 

data at the forecasted time step 

T
int (t + h - i) 

observed or forecasted hourly 

internal air temperature at lag i 

before the forecasting horizon h (°C) 

sΦ,i 
smooth functions of the lagged 

(previous n) Tint 

T
int (t + h - 24) 

observed or forecasted hourly 

internal air temperature 24 hours 

before the forecasting horizon h (°C) 

sΦ,24 
smooth function of the Tint on the 

previous day at the same hour (t-24) 

T
ext (t + h - j) 

observed or forecasted hourly 

external air temperature at lag j 

before the forecasting horizon h (°C) 

sα,j 
smooth functions of the lagged 

(previous n) Text 

GHI  (t + h - j) 

observed or forecasted Global 

Horizontal Irradiance at lag j before 

the forecasting horizon h (W/m2) 

sβ,j 
smooth functions of the lagged 

(previous n) GHI 

Tint(24h)
 -  

minimum internal air temperature in 

the past 24 hours (°C) 
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s- 
smooth function of the minimum 

Tint in the past 24 hours 

Tint(24h)
+  

maximum internal air temperature in 

the past 24 hours (°C) 

s+ 
smooth function of the maximum 

Tint in the past 24 hours 

T̅int(24h) 
mean internal air temperature in the 

past 24 hours (°C) 

T̅ext(24h) 
mean external air temperature in the 

past 24 hours (°C) 

GHI̅̅ ̅̅ ̅̅
(24h) 

mean Global Horizontal Irradiance 

in the past 24 hours (W/m2) 

sμ,1 , sμ,2 , sμ,3 
smooth functions of the mean values 

in the past 24 hours of Tint, Text and 

GHI respectively 

H Hour of the day (00-23) 

scc  
cyclic penalized cubic regression 

spline smooth function of H 

e (t + h) 

forecasting error: hourly difference 

between the forecasted and observed 

temperatures at the time step t (°C) 

To constrain the complexity of the models and thus the 

computational time, which is considerably longer for 

GAM than ARX models, the maximum lag (n), of the 

AutoRegressive (Tint) and eXogenous inputs (Text and 

GHI) was limited. As in previous work (Hyndman and 

Fan, 2010; Gustin et al., 2018), temperature variables 

(used as exogenous inputs) were set to a maximum lag n 

of 5 previous time steps.  

For one-step-ahead forecasts, the models require only the 

observed past internal temperatures (Tint) as 

autoregressive inputs, while for multi-step-ahead 

forecasts, the model adopts partially (when 1 < h ≤ n) or 

exclusively (when h > n) the forecasted internal 

temperature estimates (generated at previous time steps). 

Similarly, with exogenous inputs, one-step-ahead 

forecasts require only the observed past weather data (Text 

and GHI) and the forecasted weather data for that specific 

time step (t+1). For multi-step-ahead forecasts, the model 

adopts the forecasted weather data partially (when 1 < h ≤ 

n) or exclusively (when h > n).  

The developed models were coded in R (R Core Team, 

2017) and the GAMs were implemented using the ‘Mixed 

GAM Computation Vehicle with Automatic Smoothness 

Estimation’ (‘mgcv’) package (Wood, 2011; Wood, 

2018b). 

The accuracy of a forecasting model can only be 

evaluated based on how well it performs in relation to 

‘new’ data (Hyndman and Athanasopoulos, 2018), and 

not in comparison to the ‘past’ data to which it was 

exposed during the training period. In this study, the 

initial training period spans from the 13th April 2013 to 

the 30th June at 23:00, during which there was a marked 

increase in the external air temperature and the heating 

was turned off. The forecasting period then starts 

immediately after this, on the 1st July at 00:00 (initial 

forecasting origin). However, due to the 72-h forecasting 

window, it is not possible to evaluate the forecasting 

accuracy for the first three days, from 1st July at 00:00 to 

3rd July at 23:00 for all forecasting horizons (h). The 

forecasting accuracy was evaluated at different 

forecasting horizons (h = 1, 2, 3, 4, 5, 6, 12, 24, 36, 48, 

60, 72), using the Mean Absolute Error (MAE).  

Rolling origin forecasts (i.e. sliding training and 

forecasting windows) were performed from the 1st July at 

00:00 to 26th July at 23:00. However, because of the 

constraints imposed by using a 72-h forecasting window 

(as the longest forecasting horizon) a full comparison of 

the forecasting accuracy between the various forecasting 

horizons is only possible during the 19-day period from 

4th July at 00:00 to 22nd July at 23:00, when complete 

forecasts are available for each forecasting horizon (h). 

For the identification of the optimal linear ARX model, as 

in the previous study (Gustin et al., 2018), model selection 

was based on the minimisation of the Akaike Information 

Criterion (AIC). However, the consideration of additional 

input variables compared to the previous study (Gustin et 

al., 2018) leads to an increase in the number of viable 

model combinations from 131,072 (Gustin et al., 2018) to 

8.4 million and 16.8 million for the ARX model and GAM 

respectively. This exponential increase in model 

combinations would render the testing of every possible 

combination computationally excessive. Therefore, to 

converge quickly on a near-optimal model, a backward 

stepwise regression (Hyndman and Athanasopoulos, 

2018) selection procedure was adopted. 

For the linear ARX model, the model selection algorithm 

begins by including all of the considered input variables 

in the calculation of the AIC. The algorithm then excludes 

one variable at a time, re-computing the AIC after each 

exclusion. The excluded parameter that decreases the AIC 

value the most is then permanently removed, and the 

improved model adopted as a reference for further 

parameter exclusions. The selection algorithm continues 

removing input variables iteratively until no further 

decrease in the AIC is observed, after which the final 

reference model is selected. This model selection 

procedure defines the structure of the model and is 

performed only once during the initial training period.  

Model identification is more challenging for GAMs, due 

to their more complex structures. According to Wood 

(2018a), automatic model selection procedures for 

complex models that consider all of the possible inputs 

are often unsuccessful. Since the selection procedure 

(described above) based on the minimisation of the AIC 

did not show satisfactory results, a backward stepwise 

regression, based on minimisation of the out-of-sample 

predictive accuracy (as defined by the MAE) was 

adopted. This approach was demonstrated by Fan and 

Hyndman (Fan and Hyndman, 2012) to provide good 

results, for semi-parametric model selection. During this 

selection process, only the first part of the training period 

of the linear ARX model (75% of the data spanning from 

13 April 2013 at 00:00 to 11 June 2013 at 23:00) was used 

to fit the models and the remaining 19 days (25% of the 
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data spanning from 12 June 2013 at 00:00 to 30 June 2013 

at 23:00) were used to test the forecasting accuracy, as 

part of the backward stepwise selection process. As for 

the ARX models, the model selection procedure is 

performed only once during the initial training period. 

In ‘real-world’ applications such a model would require 

forecasted weather data from one or more (Gustin et al., 

2017) nearby meteorological station(s) as an input. Since 

the uncertainty of weather forecasts increases in 

proportion to the length of the forecasting horizon, their 

reliability several days ahead (particularly in a maritime 

climate) is questionable (Gustin et al., 2017); as a result, 

forecasting overheating risks at periods well beyond the 

forecasting origin is unlikely to be reliable. According to 

the UK Met Office, short-range (1-3 days ahead) weather 

forecasts, use data that is updated several times per day 

and are considered to be extremely accurate (Met Office, 

2016). On the other hand, medium-range (3-10 days 

ahead) weather forecasts provide only a general synopsis 

on a day-to-day basis. For this reason, the developed 

models were constrained to forecasting indoor 

temperatures up to 72 hours (3-days) ahead. As in the 

previous study (Gustin et al., 2018), multi-step-ahead 

forecasts were performed by adopting a recursive strategy 

based on a rolling forecasting origin (i.e. utilising a sliding 

training and forecasting windows). This means that after 

each forecast, the model’s training window moves 

forward by one time-step (i.e. 1 hour), before recalibrating 

the relationships of the previously selected predictors and 

then recalculating the subsequent forecasts. The model 

automatically stops forecasting when the sliding 

forecasting window (of 1-72 hours) reaches the end of the 

validation period. Once rolling origin forecasts have been 

completed for the entire validation period, it is then 

possible to assess the forecasting accuracy. 

Results 

To automatically select near-optimal models, backward 

stepwise regressions, based on the minimisation of the 

AIC and MAE were adopted for the ARX and GAM 

models respectively. During the model identification 

process, a number of the inputs (including Tint , Text , 

and/or GHI) were discarded from both the GAM and 

ARX models at some of the previous time steps. The 

internal temperature that was recorded at the same time 

on the previous day (Tint (t-24)), as well as the  minimum 

and maximum internal temperature in the past 24 hours 

(Tint(24h) 
 - and  Tint(24h)

+ ), and the mean GHI in the past 24h 

( GHI̅̅ ̅̅ ̅̅
(24h)) were selected in 3 out of the 4 models. 

Conversely, terms describing the mean internal and 

external temperatures in the past 24h ( T̅int(24h) and  

T̅ext(24h)) were never selected. Although the hour of the 

day (H) was included in the GAM models as a non-linear 

smooth function it was omitted by the selection algorithm 

for dwelling B.  

Examining the fitting of the GAM provides a useful 

means of understanding how optimal relationships are 

attributed to the various variables. It is evident from this 

analysis that the autoregressed variables of Tint assume the 

most dominant weights, and the nearer they are 

temporally located to the value that is being forecasted, 

the higher their weighting. Moreover, the final result is 

the sum of positive and negative effects, which in the 

ARX models is always linear, whereas in the semi-

parametric GAM models might be non-linear. The 

exogenous inputs have considerably lower weights than 

the autoregressed variables and therefore act as a tuning 

effect on the predicted dependent variable.  

The forecasts suggest that GAMs are capable of 

producing more accurate forecasts (Table 1) for h ≤ 6h; 

whilst for h = 12h, the forecasting accuracy of the two 

models is very similar; however when h ≥ 24h, the ARX 

models achieved consistently better predictions. 

Whereas there is a comparable forecasting accuracy 

between the GAM and ARX models for h ≤ 12h, for 

dwelling B, a localised disruption in the GAM forecast 

occurred on the 7th of July (Fig. 1). This is because when 

forecasting temperatures close to or above the maximum 

temperatures experienced during the training period some 

of the predictor variables contain estimates of the 

relationships which encompass a significant uncertainty. 

Therefore, until the model has been exposed to such hot 

conditions, the out of range values predicted by these 

terms remain highly uncertain. The recursive strategy 

used by GAMs for multi-step-ahead forecasts means that 

such errors compound exponentially. Thus, whilst the 

local over-prediction (seen in Fig. 1 on 7 July), is not 

unduly pronounced at short forecasting horizons (h ≤ 6) it 

degenerates quickly as the forecasting horizon (h) 

increases (Table 1). This local disruption is evident in the 

MAE for h ≥ 24h (Table 1). For the ARX model, the errors 

are much smaller thereby avoiding the local disruptions 

that were observed with the GAM (Fig. 1). This is because 

ARX models only incorporate linear relationships, using 

the same regression coefficients, throughout the whole 

range of temperatures. 

Table 1: Forecasting accuracy of GAM vs. ARX models 

in two dwellings during the 2013 heatwave. 

Forecasting 

horizon h 

(hours) 

Dwelling A Dwelling B 

ARX GAM ARX GAM 

MAE 

(°C) 

MAE 

(°C) 

MAE 

(°C) 

MAE 

(°C) 

1 0.13 0.13 0.12 0.10 

2 0.25 0.24 0.21 0.18 

3 0.35 0.33 0.28 0.24 

4 0.44 0.41 0.33 0.29 

5 0.50 0.48 0.37 0.33 

6 0.57 0.54 0.41 0.37 

12 0.81 0.78 0.59 0.53 

24 0.92 0.98 0.79 0.99 

36 0.92 1.03 0.88 2.23 

48 0.93 1.06 0.94 5.76 

60 0.94 1.11 0.98 17.51 

72 0.95 1.21 1.01 59.33 
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Figure 1: Dwelling B: observed - Tint(t) vs. predicted - Tint(t+h) hourly internal temperatures with hourly forecasting 

errors - e(t+h) and 95% prediction intervals (grey band) for 12h forecasting horizons (h) with ARX (a) and GAM (b). 
 

Following the first warm period, the non-linear 

relationships in the GAMs are recalculated, and as a 

result, the error in subsequent forecasts of impending high 

indoor temperatures are greatly reduced (Fig. 1). 

However, in terms of reliability in a ‘real-world’ 

application, it is concerning that a non-linear model might 

fail temporarily when rapidly approaching a considerably 

warmer period for the first time. 

Discussion 

The results demonstrate that the inclusion of substantially 

more input variables to the ARX models than in the 

authors’ previous study (Gustin et al., 2018) did not 

improve their accuracy at shorter forecasting horizons. 

For example, the 6h forecasts produced MAEs of 0.57 and 

0.41°C for dwellings A and B respectively (Table 1) 

compared to MAEs of 0.21, 0.51 and 0.55°C in (Gustin et 

al., 2018). Over longer forecasting horizons, such as 72h, 

ARX models produced an MAE of 0.95 and 1.01°C, for 

dwellings A and B respectively which is higher than the 

MAEs of 0.49, 0.63 and 0.69°C recorded in the previous 

study (Gustin et al., 2018). However, the lower 

forecasting accuracy, reported here, should not be 

attributed to poorer model performance but rather to the 

extended period over which it was evaluated. In the 

previous study (Gustin et al., 2018), the forecasting 

accuracy was computed for only one week of data where 

the day of, and the day after the two-day heatwave 

produced the largest forecasting errors.  The intensive and 

long-lasting nature of the 2013 heatwave used in this 

study enabled errors to be computed over a 19-day period, 

during which there were several pronounced drops in the 

outdoor and indoor temperatures. The mean zonal indoor 

temperatures were also approximately 6.5°C (dwelling A) 

and 7.3°C (dwelling B) above the corresponding indoor 

temperatures during the initial training period. 

Considering these forecasting challenges, the ARX model 

can be considered to have performed well with good 

generalisation ability.  

In the absence of previous results from the literature, the 

forecasting accuracy of the semi-parametric GAMs can be 

best assessed by comparison with the forecasts of the 

linear ARX models. The GAMs produced statistically 

better forecasts than the ARX models (at the 90% level) 

for horizons up to 6h ahead (with MAEs of 0.54 and 
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0.37°C for dwellings A and B respectively at 6h, Table 1). 

For forecasting horizons beyond 12h, the GAMs were not 

significantly better than ARX models. Moreover, the 

GAMs were vulnerable to disruptions when rapidly 

approaching a considerably warmer period for the first 

time, rendering them highly unstable, and difficult to 

control at longer forecasting horizons. While training the 

models on historical data from past heatwaves (if 

available) could potentially obviate this issue, any 

changes to the building fabric or occupancy in the interim 

would invalidate the previously established relationships 

embedded in the model. Considering these factors, linear 

ARX models appear to be a more reliable choice in the 

context of overheating forecasting. When computational 

time is considered, ARX models are also favoured due to 

their minimal fitting times. In contrast, GAMs require 

much longer to fit the models, an issue which increases 

exponentially with the number of predictor variables. For 

forecasts at shorter time horizons, however, when 

computational time is less relevant, the potentially higher 

forecasting accuracy of GAMs might be advantageous.  

The forecasting accuracies presented in this study are in 

line with previous studies involving the prediction of 

internal temperatures; although most previous research 

has focused on offices with mechanical cooling and with 

higher data resolutions. Mustafaraj et al. (2011) observed 

MAEs of 0.27-0.38°C  for an ARX model predicting 1.5h 

ahead; cf. MAEs of 0.25 and 0.21°C for dwellings A and 

B at h=2 (Table 1). Forecasts by Mustafaraj et al. using a 

NARX model (Mustafaraj et al., 2011) were considerably 

better, with MAEs of 0.23-0.27°C at 2h ahead, which is 

very close to the MAEs achieved with the GAMs for h=2, 

0.24°C and 0.18°C for dwellings A and B (Table 1). 

However, these results must be viewed in relation to the 

validation data used to test the models. Notably, the 

forecasts performed here took place in free-running 

dwellings with considerably higher indoor temperature 

variability than that observed in the study by Mustafaraj 

et al. (2011). 

Conclusions 

The ability of linear ARX models and semi-parametric 

GAMs to forecast indoor temperatures over the intense 

and long-lasting UK heatwave of 2013 was investigated 

using hourly data from two bedrooms, in two houses, 

located near to the town of Loughborough in the UK 

Midlands. A backward stepwise regression based on 

minimisation of the AIC (for ARX models) and MAE (for 

GAMs) was adopted for the model selection process. 

Recursive multi-step-ahead forecasts were produced by 

both the models using a rolling forecasting origin for the 

entire duration of the heatwave. Forecasts were made for 

time horizons of 1-6, 12, 24, 36, 48, 60 and 72 hours 

ahead, including the 95% prediction intervals, to provide 

a credible interval for the forecasted temperatures. The 

accuracy of the predictions was evaluated using the MAE 

to assess out-of-sample accuracy.  

Comparisons between the ARX models and GAMs 

showed that although the GAMs were capable of slightly 

improved forecasting accuracy, the improvements were 

only statistically significant up to 3-6 hours ahead. For 

longer forecasting horizons, ARX models provided an 

accuracy that was either equal to, or greater than the 

GAMs, with an MAE (up to 72 hours ahead) that was 

typically below 1°C for the entire heatwave. Considering 

the potential uncertainty associated with the non-linear 

GAMs relationships when exposed to higher temperature 

ranges for the first time, the subsequent risk of instability 

at longer forecasting horizons, higher computational time 

requirements, lower accuracy at longer forecasting 

horizons and marginal improvement of the predictive 

accuracy at shorter horizons; the adoption of such models 

appears unjustified for forecasting elevated internal 

temperatures in free-running buildings. 

Overall this work suggests that more complex non-linear 

models do not necessarily produce better forecasts and 

that particular attention should be given to the use of 

GAMs when predicting out-of-range. By definition, there 

will always be limited data at the lower and upper ranges 

of the independent variables, which engenders increasing 

uncertainty when forecasting beyond the ranges for which 

the models were originally trained, with errors that are 

likely to amplify at longer forecasting horizons.  

Future work will involve longitudinal testing of the 

prototyped forecasting models using larger datasets to 

quantify the reliability of predictions for different room, 

dwelling and household configurations across a wide 

range of geo-social contexts. 
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Abstract 

The estimation of the energy performance of livestock 

houses is a recent research topic that is gaining interest 

due to the expected increase of the energy consumption in 

agriculture in the coming future. In this work, the state of 

the art in the energy modelling of livestock houses is 

presented. Due to the lack of shared and globally accepted 

methodologies for simulating the energy consumption for 

climate control of livestock houses, in the EPAnHaus 

project different energy simulation methods were 

compared and contrasted to find the best solution in terms 

of reliability, number of input data, customizability and 

calculation time. 

Introduction 

Climate control is of a foremost importance in intensive 

livestock houses because it enables high animal stocking 

density and the possibility to carry out production cycles 

even with not adequate outdoor weather conditions, due 

to the season and/or the geographical location of the farm. 

Due to their high productivity, intensive livestock houses 

represent an interesting solution for feeding the future 

generations but the problem of the energy consumption 

due to the control of the climate of this building type is 

still open. As an example, in broiler houses, up to 140 

kWh/(m2y) of thermal energy are needed for space 

heating, a percentage that represents about 96% of the 

total thermal energy consumption, while the remaining 

4% is needed for manure treatment and disposal. In this 

building type, climate control entails also a not negligible 

electrical energy consumption due to ventilation and 

localized heating (through electric radiant heat lamps) that 

can be estimated between 4 and 11 kWh/(m2y). This 

amount of energy represents about 66% of the total 

electrical energy consumption of these livestock houses, 

while the remaining 34% is due to feed distribution, 

lighting and the collection of products (Costantino et al., 

2016). 

Considering the estimated rise in agricultural and 

livestock production (FAO, 2009; FAO, 2011; FAO, 

2012) due to the expected demographic growth (United 

Nations, 2015), the energy consumption of this sector, is 

estimated to increase in the coming future. In the 

framework of the limitation and the decrease of the energy 

consumption of this productive sector, the assessment of 

the energy consumption for climate control is of the 

foremost importance and reliable energy simulation tools 

are needed for this purpose. 

Aim of the work 

Given this picture, the EPAnHaus Project (2014-2017, 

funded by the Italian Ministry of Education, Universities 

and Research) (Fabrizio et al., 2017), aimed at developing 

an ad-hoc energy certification scheme for climate control 

of intensive livestock houses. The project faced different 

issues and one of the most interesting was to find a 

reliable, customizable, low time-consuming energy 

simulation method for the estimation of the energy 

consumption for climate control and the indoor 

environmental conditions inside intensive livestock 

houses. The objective of the present work is to give a 

picture of the state of the art of the literature about the 

energy modelling of the livestock houses and to show the 

main findings of the EPAnHaus Project in this respect. 

Literature analysis 

Models to calculate thermal loads, energy 

consumptions and indoor environment conditions in 

livestock houses 

In this section, the analysis of energy calculation models 

that are applied at livestock houses with a totally confined 

enclosure is presented. Since dairy/calf houses usually are 

not completely confined enclosures, they are out of the 

scope of this work. Table 1 summarizes the results of the 

literature review, highlighting that few Authors have been 

focusing on this specific simulation issue and even less 

performed energy simulations on livestock houses. 

The found steady-state energy models (mainly from the 

reference handbooks in agricultural engineering) are 

generally used at design conditions, also with the aim of 

analysing the animal welfare using indexes for the 

assessment of the heat stress, such as the THI -

Temperature Humidity Index- (Xin and Harmon, 1998). 

Dynamic energy models are used for the estimation of the 

energy performance of livestock houses and for the 

assessment of the average (they are lumped parameter 

models) values of indoor environmental conditions. To 

get over these limitations, some Authors coupled dynamic 

energy simulation models with Computational Fluid 

Dynamics (CFD), that enables more detailed analysis of 

the indoor environmental conditions because they 

consider the spatial distribution of the indoor 

environmental parameters (e.g. indoor air temperature 

and air velocity).
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Table 1: Summary of the results of the literature review. 

 
Reference Publication year Source* House type** 

Main 

outputs*** 
Validation 

S
te

ad
y

-s
ta

te
 

en
er

g
y

 m
o
d

el
s Albright 1990 H GH TL No 

Carvalho et al. 2008 P BH ASI+IEC Yes 

Esmay and Dixon 1986 H GH TL No 

Hamilton et al. 2016 J BH EC+IEC+TL Yes 

Lindley and Whitaker 1996 H GH TL No 

Midwest Plan Service 1983 H GH TL No 

D
y

n
am

ic
 e

n
er

g
y

 

m
o

d
el

s 

Daskalov et al. 2006 J GH IEC+TL Yes 

Daskalov 1997 J PH IEC+TL Yes 

El Mogharbel et al. 2014 J BH EC+IEC+TL No 

Fabrizio et al. 2014 J PH ASI+EC+IEC No 

Liberati and Zappavigna 2005 P GH AWI+IEC Yes 

Panagakis and Axaopoulos 2008 J PH ASI+IEC No 

Seo et al 2009 J BH IEP+TL Yes 

Zhou et al. 2017 P BH EC+IEC No 

C
F

D
 

Blanes-Vidal et al. 2008 J BH IEC Yes 

Bustamante et al. 2017 J BH IEC Yes 

Fidaros et al. 2018 J BH IEC Yes 

Guerra-Galdo et al. 2015 J BH ASI+IEC No 

Kwon et al. 2015 J BH IEC Yes 

Mostafa et al. 2012 J BH IEC Yes 

Rojano et al. 2015 J BH IEC Yes 

Zhu et al. 2012 P BH IEC No 
*Journal (J), Proceedings (P), Handbook (H) 
**Generic animal house (GH), Broiler house (BH), Pig house (PH) 
***Animal stress indexes (ASI), Energy consumption (EC), Indoor environmental conditions (IEC), Thermal loads (TL) 

 

Another interesting aspect that stands out from Table 1 

regards the building type that is analysed: most of the 

analysed works focuses on broiler houses, some works are 

focused on generic livestock houses while very few of 

them analyse pig houses, representing a remarkable gap 

in this research area. 

Steady-state energy models 

In the reference handbooks of agricultural engineering 

about environmental control, various Authors presented 

different formulations of the steady-state heat balance that 

were developed specifically for livestock houses. Those 

heat balances were not addressed to the improvement of 

the energy performance of these buildings, but 

agricultural engineers mainly use them for sizing the 

HVAC system (e.g. number of fans and heating capacity 

of the air heaters) and for assessing the thermal stress risk 

for the reared animals in certain periods of the year. 

In literature, the reference formulation of the sensible heat 

balance in steady-state conditions was provided by 

Albright (1990) and reads: 

ϕs + ϕm + ϕso + ϕh + ϕvi = ϕw + ϕf + ϕe +
ϕvo     [W] (1) 

In Eq. (1) the term ϕs represents the sensible heat flow 

from animals inside the enclosure. This term depends on 

the animal species and their body mass. Data about animal 

sensible heat production can be found in handbooks 

(Esmay and Dixon, 1986) or in technical reports 

(Pedersen and Sällvik, 2002). The term ϕs is considerably 

higher than in civil buildings: for example, in broiler 

house it can reach values around 180 W/m2. 

The term ϕm is the sensible heat flow from internal 

sources, such as fan motors and lights. According to the 

formulation of the heat balance of Midwest Plan Service 

(1983), this term can be neglected in the balance of a 

livestock house due to its minor relevance. This 

simplification is encouraged by the current widespread 

use of energy-efficient technologies (e.g. led/gas-

discharge lamps and brushless motors) that enables high 

performance with a minimum overheating of the devices. 

The term ϕso represents the solar heat flow, while ϕh is 

the sensible heat flow that is provided by heating system 

(e.g. air heaters or heating lamps).The terms ϕvi and ϕvo 

are the sensible shares of the heat flows due to the 

ventilation air entering and leaving the enclosure. These 

terms play a fundamental role in the energy balance of 

livestock houses because in these buildings high 

ventilation rates are needed for removing the high 

concentration of contaminants (e.g. H2S and NH3) and to 

cool the animals (Esmay and Dixon, 1986). In livestock 

houses, in fact, no mechanical cooling is usually present. 

The indoor air temperature is decreased by free cooling 

and, in some cases, by evaporative cooling. 

In Eq. (1), heat losses due to transmission through the 

building envelope is split into two terms, ϕw that is the 

heat losses through the walls and roof, and ϕf that 

represents the heat loss through the floor. Even though ϕw 

and ϕf represent transmission heat flows through the 

building envelope, various Authors (Albright, 1990; 
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Panagakis and Axaopoulos, 2008) separated these terms 

because the heat transfer via the ground represents a 

challenging issue due to its complexity especially in 

livestock houses, as highlighted by Albright, L.D. (1990) 

Panagakis and Axaopoulos (2008) and Costantino et al. 

(2017). In pig houses, for example, the presence of 

ventilated pits (below-grade structures) for the manure 

collection complicates the estimation of the heat transfer 

via the ground. Panagakis and Axaopoulos (2008) solved 

this problem calculating firstly the heat transfer 

coefficient of the pit walls as reported in CIRA (1982) and 

then the heat transfer coefficient of the pit floor. For this 

calculation, they applied a series of thermal resistances for 

the various layers (namely, the air inside the pit, the 

manure and the pit floor) that divide the thermal zone 

from the ground. 

The term ϕe represents the sensible heat flow that is 

needed to evaporate the water inside the enclosure, 

considering for example the presence of waterers, feed 

and slurry. In literature, there is not a common agreement 

on how to consider ϕe. Hamilton et al. (2016) developed 

a steady-state model for broiler houses with the final aim 

of demonstrating the considerable energy savings that can 

be achieved through the thermal insulation of the house. 

In their steady-state energy balance, they considered this 

term. Pedersen and Sällvik (2002) in their formulation of 

heat production at house level accounted ϕe directly in 

the share of heat produced by the reared animals 

considering, for instance, the evaporation of water from 

waterers and feed. On the contrary, according to Midwest 

Plan Service (1983), ϕe can be considered negligible due 

do its minor relevance. 

To resume, the steady-state heat balance of Eq. (1) can be 

simplified neglecting the terms ϕm and ϕe, as stated in 

Midwest Plan Service (1983). In addition, it is possible to 

integrate the Eq. (1) with other terms that are present in 

the formulation of the heat balance by other Authors. In 

particular, Daskalov et al. (2006), Carvalho et al. (2008), 

and Panagakis and Axaopoulos (2008) take into account 

in their works the presence of the term ϕfog that represents 

the sensible heat flow due to the fog system installed 

inside the building. In certain livestock houses (especially 

growing-finishing piggeries), fogging and sprinkling 

systems are installed to mitigate the heat stress of the 

animals. Panagakis and Axaopoulos (2008) introduced 

the Boolean variable γfog to take into account the 

possibility that the system is turned off, or not present at 

all, (γfog = 0) or present and turned on (γfog = 1). 

Liberati and Zappavigna (2005) underlined the 

importance of considering the sensible heat exchange 

between manure (especially when it is collected in pits) 

and the air inside the enclosure. For this reason, in the 

formulation of a steady-state heat balance, the term ϕman 

could be considered, especially in the large-scale 

growing-finishing pig houses that are equipped with pits 

where manure is not frequently removed through 

flushing. Even in this case, the Boolean variable γman 

may be used: γman will be equal to one in livestock houses 

where ϕman is considered significant. 

Considering all the previously mentioned aspects, the 

energy balance of Eq. (1) can be rewritten as 

ϕs + ϕso + ϕh + ϕvi = ϕw + ϕf + ϕvo + γfog ∙ ϕfog +

+γman ∙ ϕman     [W]  (2) 

Due the considerable production of water vapour that 

characterizes this building type, also the mass balance 

should be considered. In literature, the formulations of 

mass balances of livestock houses are widespread because 

they are also used to study the concentration of the 

contaminants (e.g. H2S and NH3). Albright (1990) reports 

the usual steady-state mass balance for a generic material 

of interest 

 �̇�p + �̇�vi = �̇�vo      [
kg

s
] (3) 

where �̇�p represents the mass flow that is produced 

within the space, �̇�vi and �̇�vo the mass flow that is 

carried into and carried out of the enclosure by ventilation 

air. A specific formulation for the moisture balance can 

be found in Esmay and Dixon (1986) and Midwest Plan 

Service (1983). It can be considered the mathematical 

development of Eq. (3) and reads 

 (�̇�an + �̇�ev) + (�̇�air ∙ 𝑥vi) = (�̇�air ∙ 𝑥vo)     [
kg

s
] (4) 

where �̇�an is the water vapour from animals, �̇�ev is the 

water vapour from surfaces water evaporations (and 

fogging), �̇�air is the ventilation rate and 𝑥vi and 𝑥vo are 

the specific humidity of the incoming and exhaust air. 

Dynamic energy models 

The use of steady-state models can be a reliable and 

effective solution at design conditions. When the aim of 

the simulation is the assessment of the energy 

performance of the livestock houses, dynamic models are 

needed. An important aspect that has to be considered in 

the dynamic models is the heat capacity stored in the 

building elements. Even though the heat balance proposed 

by Lindley and Whitaker (1996) was in steady-state 

conditions, they introduced the term ϕst indicating the 

heat stored in the building materials and equipment. This 

term was not added in Eq. (2) because the heat storage 

capacity of the building should be considered only in 

dynamic or quasi-steady state energy balances. 

Panagakis and Axaopoulos (2008) introduced the lumped 

effective building capacitance in their time-dependant 

equation for defining the energy balance inside a pig 

house. This work concerned the development of a 

simulation model for assessing the performance of two 

different fogging strategies inside pig houses to decrease 

the heat stress of the reared animals. The model was based 

on two time-dependant equations for the calculation of the 

indoor air dry-bulb temperature and relative humidity 

(RH). In this work, no estimation of the energy 

consumption was carried out, but two heat stress indices 

(regarding duration and intensity) were used. These 

indexes together with the THI (Xin and Harmon, 1998) 

can be implemented in the simulation models to provide 

useful information about the welfare of the reared 

animals. 
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Liberati and Zappavigna (2005) presented a dynamic 

simulation model that is based on two time-dependant 

equations for describing the energy and the mass balance 

inside a livestock house. In this work, each term of the 

heat balance (both sensible and latent) is explicitly 

described focusing on detailed aspects, such as the 

manure-air heat exchange calculation and floor 

modelling. The model was validated against real 

monitored data with good results. 

In literature, the use of BES (Building Energy Simulation) 

tools for carrying out dynamic simulations can also be 

found. Fabrizio et al. (2014) used a BES tool (EnergyPlus) 

to simulate the indoor climate conditions and the energy 

consumption of a sow farrowing room. In this work, the 

BES tool was used for performing dynamic simulations to 

compare different solutions in terms of HVAC system 

(e.g. presence of variable flow fans and free cooling) and 

building envelope (e.g. different materials and thermal 

insulation). The final aim was to find out the best solution 

from the point of view of energy consumption (heating, 

cooling and primary energy) and animal welfare (index of 

overheating) for the analysed sow farrowing room. 

Zhou et al. (2017) carried out a similar analysis using the 

same BES tool (EnergyPlus) focusing on a broiler house 

in New South Wales (Australia). The analysis aimed at 

decreasing the energy consumption and the operating 

costs for heating and cooling of the analysed broiler 

house, considering also an optimization in the operational 

plan of the farm, by varying the starting dates of the 

production cycles. 

Seo et al. (2009) coupled BES with CFD with the aim of 

improving the ventilation system of a naturally ventilated 

broiler house. CFD evaluated the indoor air temperature 

and the ventilation efficiency, while BES model 

computed the heating load. Through this model, various 

types of openings were analysed to find the best solution 

in terms of energy consumption. 

Even El Mogharbel et al. (2014) coupled an energy model 

with CFD to evaluate the performance of an innovative 

localized solar-assisted heating system for broiler 

brooding. CFD was used to simulate the air flow rate and 

the supply air temperature inside the house, while the 

performance of the components (e.g. collector-tank 

system and solar concentrator) was simulated through a 

set of time-dependant equations. 

Finally, Daskalov (1997) adopted a different approach to 

the problem of the energy simulation of livestock houses, 

developing a dynamic discrete auto-regressive moving 

average model. The model investigates the main indoor 

environmental parameters (e.g. indoor air temperature 

and relative humidity) that have to be considered inside a 

livestock house and the main findings of this work were 

used in Daskalov et al. (2006) for designing a non-linear 

proportional integral control to be applied to the climate 

control system of animal buildings. 

CFD 

For the detailed analyses that concern the estimation of 

the indoor environmental conditions, CFD is preferred to 

lumped parameter energy models. This preference is 

because CFD can analyse more in detail the entire spatial 

domain of the enclosure, enabling the assessment of the 

spatial distribution and gradient of indoor environmental 

parameters, such as indoor air temperature and velocity. 

2D or 3D CFD models are applied to livestock houses 

especially for: 

• the prediction of the indoor environmental conditions; 

• the assessment or improvement of ventilation; 

• the evaluation of the emissions of contaminants. 

An accurate and complete prediction of the indoor 

environmental conditions inside livestock houses is 

fundamental because the breeds that had been selected for 

rearing inside intensive livestock houses lost their 

adaptability to the environment variations and are more 

sensitive to the thermal stress (Sandoval et al., 2006). For 

this reason, adequate indoor environmental conditions 

should be guaranteed and CFD is suitable for this task 

(Kwon et al., 2015; Rojano et al., 2015) also when 

evaporative pads for the mitigation of the heat stress are 

present (Fidaros et al., 2018). CFD is also able to estimate 

in detail the thermal and humidity gradients of the entire 

domain (Mostafa et al., 2012) also focusing on of the 

disadvantageous spots of the enclosure, such as the areas 

near windows. 

The use of CFD is spread in literature also for analysing 

ventilation and the effects that it has on indoor air quality, 

energy efficiency and animal thermal comfort (Guerra-

Galdo et al., 2015). CFD is used for the assessment of the 

air velocities inside livestock houses (Bustamante et al., 

2017; Blanes-Vidal et al., 2008) also with different 

building configurations (Guerra-Galdo et al., 2015). 

Finally, in many works CFD is used to investigate aspects 

such as ammonia emissions (Bjerg et al., 2013) and the 

removal of gaseous pollutants (Zhu et al., 2012). This 

need is due to the high cost that characterizes the 

measurements of ammonia concentration. To obtain 

reliable results, in fact, specialized measurement tools 

(Decock et al., 2009) and a considerable number of 

samples are needed, entailing a not negligible financial 

cost (Hendriks et al., 2001). The advantage of CFD 

models relies on the possible combination with 

experimental campaigns, enabling the extension of the 

performed measurements to the entire enclosure. 

Furthermore, CFD enables more reliable results because 

the entire domain of the enclosure is deeply analysed and 

the measurements by agent (that may cause distort 

outputs) are minimized Furthermore, CFD can analyse 

also experimental solutions without the need of adopting 

real test sites (Blanes-Vidal, 2008). 

EPAnHaus results 

Application and validation of the simple hourly 

method to livestock houses 

The literature review showed that few Authors focused on 

the topic of the energy simulation of the energy 

performance for climate control of livestock houses with 

dynamic models, and fewer Authors validated the 

obtained results against real data. Another aspect that was 
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found is the lack of a shared methodology to be adopted 

for the energy modelling of the livestock houses. 

For this reason, an energy simulation model in 

compliance with the simple hourly method of ISO 13790 

(2008) was developed for broiler houses and the results 

were validated against monitored data. The simple hourly 

method (SH) of ISO 13790 (2008) is based on the 

thermal-electrical analogy between the livestock house 

and the equivalent 5R1C (5 resistance and 1 capacitance) 

electrical network. This calculation method is considered 

appropriate for this purpose because its time step (one 

hour) is sufficiently short to correctly consider the 

variations of the boundary conditions without weighing 

the calculation down. This method is high customizable 

and for this reason is adequate to model the HVAC system 

of livestock houses. The full set of equations of this model 

can be found in Costantino et al. (2018). 

The energy simulation model was developed specifically 

for broiler houses because is a quite standardized building 

type that is characterized by high consumption of energy 

for climate control. The length of broiler houses can 

exceed 100 m, the maximum width generally is around 

15 m and the covering can be a barrel vault or a gable roof. 

The windows are polycarbonate hollow sheets adopting a 

guillotine or wasistas opening system. The envelope has 

U-values that are higher than the ones that of residential 

buildings, since only few centimetres of thermal 

insulation are present. The production cycle (batch) starts 

when chicks are carried inside the house and will remain 

there until they achieve the target weight for being 

slaughtered (40–50 days). At the end of the batch, the 

sanitization of the house could take between 7 and 14 days 

to be carried out. During the first days of the batch, the set 

point temperature is around 32 °C because chicks need 

higher indoor air temperatures than during the last days of 

the batch, when the set point temperature is around 17 °C. 

To guarantee these indoor environmental conditions, air 

heaters are used for space heating, while fans deal with 

ventilation for free cooling and for the indoor air quality 

control. During the warm season, also evaporative pads 

are used for cooling the reared animals. 

The case study that was monitored for the model 

validation has 1200 m2 of useful floor area. The walls 

have a mean U-value of 0.81 W/(m2K), the windows of 

3.60 W/(m2K) and the roof of 0.81 W/(m2K). The floor 

has a U-value of 0.94 W/(m2K). Batches of 50 days of 

duration are carried out and the final live weight of the 

bird is 3.7 kg. The animal stocking density is 

12 broilers/m2. The HVAC consists in ten belt-driven fans 

(1 hp power and 37,000 m3/h of maximum airflow at 0 Pa 

of pressure differential), with evaporative pads and five 

gas air heaters (50 kW of total heating capacity). 

The acquired data for the model calibration and validation 

regarded environmental and energy measurements and 

were acquired during a production cycle from May to 

June (50 days, 1200 hours). The period was adequate 

because all the equipment for climate control were used 

and different outdoor weather conditions occurred. 

 

Figure 1: Comparison between the monitored and 

estimated indoor air temperature and RH (daily values). 

The model was validated considering both hourly and 

daily values for the estimation of the indoor 

environmental conditions. The hourly values were 

successfully validated according to ASHRAE Guideline 

14 (2002). In Figure 1, the trend of indoor air temperature 

and relative humidity (RH) from the monitoring campaign 

and from the model are shown on a daily basis. The indoor 

air temperature estimated by the model (θModel) has a 

similar trend with the monitored data from both the data 

loggers (θDL) and climate control unit (θCCU). The RMSE 

errors of indoor air temperature estimation are 0.99 °C 

and 0.78 °C considering the monitored values from data 

loggers and from climate control unit, respectively. A 

different trend characterises the indoor RH, being the 

estimated value (RHModel) more similar to the one from the 

climate control unit (RHCCU, RSME=4.21%) than the one 

from data loggers (RHDL, RSME=7.59%). 

The model reliability was also evaluated regarding the 

energy consumption. The space heating entailed a 

monitored energy consumption of 3551 kWh, while the 

model estimation was 3184 kWh, meaning an 

underestimation by about 10%. The monitored electrical 

energy consumption due to ventilation was 5061 kWh, 

while the model estimated 5463 kWh, meaning a slight 

overestimation by about 8% (Costantino et al., 2018). 

Comparison between detailed dynamic, simple 

hourly and quasi-steady-state simulation methods 

The validation proved that the model provides good 

results in terms of energy consumption and evaluation of 

the indoor environmental conditions. Other two 

simulations were performed using the monthly quasi-

steady-state (QS) method and the detailed (hourly) 

dynamic (DD) method (developed in EnergyPlus), from 

ISO 13790 (2008). The three methods were applied to 

case study presented in Costantino et al. (2017) and the 

results are compared. Hourly boundary conditions (e.g. 

set point temperatures and weather data) were used for 

DD and SH simulations, while average monthly values 

were used for QS model.  

The yearly energy needs for heating and cooling 

estimated by the three models are reported in Table 2. 

Comparing the energy needs, it stands out that the heating 

energy need estimated by QS model is the highest one 
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among the three models. On the contrary, the cooling 

energy need estimated by the QS model is the lowest one, 

while the cooling energy load from the SH model is 

highest one. The results of DD model fall within the 

values obtained by QS and SH models for both heating 

and cooling energy needs. The differences between the 

estimated heating energy needs are considerable. 

Assuming the results of DD model as reference, SH 

model underestimates the heating need by 17% (17.0 

kWh/m2), while QS model overestimates the same energy 

use by 66% (66.9 kWh/m2) if compared with DD model. 

On the contrary, the values of cooling needs are quite 

similar: QS model underestimates the cooling energy 

need by 9% (18.2 kWh/m2), while SH model value 

overestimates it by 3% (6.7 kWh/m2), if compared with 

the output of DD model (Costantino et al., 2017). 

The previously highlighted differences could be 

explained analysing the monthly energy needs (Figure 2). 

In the cool season, QS model considerably overestimates 

the heating energy needs, especially in January, February 

and December. Furthermore, using QS model is not 

possible to take into account the simultaneity of heating 

and cooling energy needs in the same month, except for 

those months in which heating and cooling seasons 

change, as it occurs in October due to the fact that QS 

model uses average monthly data as boundary conditions. 

For this reason, QS model underestimates the energy 

needs during some months, such as February and April. 

For these reasons, QS method cannot be considered a 

reliable tool for the energy simulation of livestock houses 

(Costantino et al., 2017). 

In Figure 3, the heating and cooling loads during a batch 

(from February to April) that were estimated by SH and 

DD models are shown. Before the of production cycle 

start, neither heating nor cooling loads are needed because 

the livestock house is still empty and the indoor air 

temperature fluctuates in free-range conditions. When the 

chicks are carried to the broiler house, a peak in the 

heating load is estimated, because an adequate high 

indoor air temperature should be provided to the chicks. 

As shown in Figure 3, both the models estimate this peak, 

but with some differences during the first hours (about up 

to hour 1250), while, later, the trends of the heating loads 

are similar. During the first half of the production cycle, 

the heating loads decrease because elder animals need 

lower set point temperatures than the young chicks. 

The Root-Mean-Square Error (RMSE) for the heating and 

cooling loads between the SH and DD models was 

calculated over all the 936 h of the batch. The RMSE for 

the heating load is 22.0 kW, while for the cooling load is 

8.1 kW. If the first days of the batch (when peak is 

present) are not considered in the RMSE calculation, the 

RMSE for the heating loads decreases to 7.3 kW 

(Costantino et al., 2017). 

Once the batch is ended, no set point temperature is no 

more required: the indoor air temperature fluctuates in 

free-running conditions. Just after the system shut off, the 

trends of the indoor air temperatures are quite different, 

maybe due to the heat capacity estimation of the floors in 

the two models. After some days, the air temperature 

trends that are estimated by the models are similar. 

Table 2: Comparison between the outputs of the models. 

 Heating 

[kWh/m2] 

Cooling 

[kWh/m2] 

QS model 168.1 187.5 

SH model 84.2 205.7 

DD model 101.2 199.0 

 

 

Figure 2: Heating and cooling energy needs on a 

monthly basis (QS model: full colour columns; SH 

model: striped columns; DD model: dotted columns). 

 

Figure 3: Trends of heating and cooling loads during a 

batch (February – April). 

 

Figure 4: Trends of indoor air temperatures at the end 

of the batch (about at hour 2175) and over. 

This analysis showed that both DD and SH methods are 

reliable for the simulation of the indoor environmental 

conditions and energy consumption of livestock houses. 
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In the framework of EPAnHaus Project SH method was 

preferred and used as basis for the energy certification 

scheme because is highly customizable and new solutions 

and technology can be easily evaluated through it. 

Furthermore, in SH models, it is easier to define the 

boundary conditions (e.g. variable set point temperatures 

and heat emissions) and to provide other indexes (e.g. heat 

stress indexes and specific consumption per unit of final 

products). 

Conclusions 

In this work, the state of the art on the energy and indoor 

environment modelling of livestock houses was provided, 

especially regarding pigs and poultry houses. This state of 

art has been the basis of the EPAnHaus project of which 

the main findings are also reported. 

Currently, very few works were focused on this topic and 

most of them are more related to the estimation of the 

indoor environmental conditions than on the energy 

performance for climate control. Among the works that 

assess the energy performance of those buildings, it was 

not possible to find a shared methodology. 

For filling this gap, the simple hourly method of the ISO 

13790 (2008) was applied to livestock houses and was 

validated against monitored data. Simple hourly method 

is considered the best solution for this specific application 

also when compared with other energy simulation 

methods (quasi-steady-state and detailed dynamic ones), 

because it provides reliable results, it needs a limited set 

of boundary conditions, it is high customizable and the 

calculation time is considerably reduced if compared with 

a detailed simulation tool. 

Further investigations could compare the simple hourly 

method of ISO 13790 (2008) with the new simple hourly 

method in compliance with ISO 52016-1 (2017). The aim 

of this comparison may be to evaluate if the increased 

complexity of the new method entails results that are 

considerably more accurate. 

Nomenclature 

ϕ heat gain [W] 

γ Boolean variable [−] 

�̇� mass flow rate [
kg

s
] 

𝑥 humidity ratio [
kgvapour

kgair
] 

θ temperature [°C] 
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Abstract 

Due to the limitations of the stationary energy needs 

calculation, energy dynamic simulation tools become 

strictly essential. In literature, many researches 

compared different energy simulation tools without 

validating those models through real data.  In this 

framework, this study aims to compare two energy 

dynamic simulation tools: TRNSYS 16 and 

Grasshopper/Archsim, through a real case study, the 

historical building of Palazzo Baleani, validated by 

comparing the simulated results with real consumptions. 

Furthermore, results will help users to choose the most 

suitable software depending on the needs and the 

available data. Finally, latest analysis underline that 

different type of retrofit solutions, simulated with those 

two tools, have a considerable impact on the 

achievement of nZEBs targets, especially on the listed 

building. 

Introduction 

A new European regulation EN ISO 52016-1:2017 

concerning the calculation procedures of building energy 

needs, heat loads and internal temperatures, was issued. 

This standard represents a turning point in the 

calculation methods since it is based on hourly or 

monthly dynamic calculations instead of the stationary 

calculation as in the UNI/TS 11300 (UNI/TS 2014). In 

fact, dynamic simulations allow to control and manage 

the complexity of a real environment, such as the 

occupant behaviour, the thermal inertia of the envelope 

and the use of hourly climate data values. Last year, the 

EN ISO 52016-1:2017 was approved as a directive UNI 

EN ISO 52016-1:2018, therefore the interest on the 

energy dynamic tools are growing.  In this framework, 

this research aims to compare the accuracy of two 

energy dynamic simulation tools and their graphic 

interfaces: TRNSYS 16, with TRNSYS Simulation 

Studio as graphic interface, and Archsim with 

Grasshopper as interface and Energy Plus as calculation 

engine. The aim of this work is to underline the 

weaknesses and the strengths of those two simulation 

tools and analyse the input and output conditions, 

modelling a real case study. Most energy simulation 

tools, such as TRNSYS and EnergyPlus, are validated by 

the IEABESTEST (International Energy Agency 

Building Energy Simulation Test and Diagnostic 

Method) procedures (Neymark and Judkoff, 2008), but 

frequently reliable results are not provided for the last 

version of these software (Gasparella and Pernigotto, 

2010). 

On the other side, open sources software as Grasshopper, 

are easily implemented by the users, but few of them are 

validated. Therefore, the comparison between TRNsys, 

software validated by international procedures, and the 

energy open source Grasshopper/Archsim could be a 

useful step through the free plug-in valuation. 

Furthermore, many researches in literature compared 

building energy performance obtained with different 

simulation tools but frequently these energy models are 

not validated using real data (Mauri, 2016). Due to the 

wide variety of the cultural heritage in Italy, an historic 

building is chosen as a case study. It is Palazzo Baleani, 

an historical structure (Decreto Legislativo 2004) located 

in the centre of Rome. In fact, today the need of 

including the cultural heritage into the policies of energy 

efficiency has become a relevant issue of European 

legislation (Mazzarella, 2015) according to the Directive 

2010/31/UE EPBD recast (European Parliament 

Directive 2010). Moreover, this directive highlights the 

importance of promoting the transformation of existing 

buildings into Nearly Zero Energy Buildings (nZEBs). 

An NZEB is a “very high energy performance building”, 

which cover a very significant extent of building energy 

needs with renewable energy sources, partially produced 

on site or nearby the building. According to this, it is 

important to investigate how and if historical structures 

can comply with nZEBs target; in fact, many researches 

underlined that it is very difficult for these buildings to 

conform with nZEBs requirements (Testi et al, 2017), 

due to the numerous restrictions imposed on ancient 

buildings. Therefore, the last step of this research 

consists on performing energy analysis in order to 

evaluate if and to what extent different type of passive 

and renewable retrofit solutions would allow to achieve 

nZEBs targets on this type of historical building. 

Methodology 

This study aims to compare two energy dynamic tools: 

TRNSYS 16 and Grasshopper/Archsim in order to 

highlight many aspects of those two tools and to provide 

suggestions for choosing the most suitable software 

depending on the specific needs and the available data. 

Model validation is guaranteed by the calibration of 

those simulations results with the real energy 

consumptions of the case study. Passive and renewable 

retrofit solutions proposed are in line with the capacity 
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of both energy tools, in order to compare them properly. 

Finally, it will be assessed if the analysis of these 

differences would influence in the achievement of the 

nZEBs requirements. The main steps of the work are the 

followings:  

1. Case study ex ante analysis  

2. Case study ex post analysis trough passive and 

renewable retrofit strategies  

3. Model validation trough the comparison 

between ex ante results and energy 

consumption of the specific year 2014. 

4. Impact of different type of retrofit solutions to 

achieve nZEBs targets 

Energy dynamic tools 

TRNSYS (TRaNsient SYstem Simulation program) is an 

energy simulation tool created by “Solar 

EnergyLaboratory” University of Wisconsin–Madison, 

USA. It is composed by two parts: the first is the proper 

engine which receives the inputs and iteratively solves 

the system by reaching convergence; the second is the 

library of components which allows to model the 

performance of the system. The software includes 

(TRNSYS 16, Manual):  

-  TRNBuild is the specific tool for modelling the 

building properties such as building materials, 

profiled of occupancy, ventilations rate, loads 

and internal gains and so on. 

- Typestudio is the proper engine which includes 

a FORTRAN77 mathematical codes and a 

graphical interface for developing new blocks 

or compiling the existing one, in order to create 

the entire model. 

- TRNEdit is the text editor for writing and 

viewing TRNSYS input and output files. 

Archsim Energy Modeling is a plug-in for the 

parametric design environment Grasshopper for 

Rhinoceros (Dogan, 2013). The thermal model class 

library contains abstract definitions for zones, faces, 

materials and can translate those into a simulation 

engine specific syntax (Dogan et al, 2015). 

Recently, it becomes a part of the DIVA 

environmental performance analysis suite (Alstan 

Jakubiec and Reinhart, 2011).  Below the 

description of those tools: 

- Grasshopper is a graphical algorithm interface, 

free plug in for Rhinoceros. This tool uses a 

nodes diagram to describe mathematics and 

geometrical relationships.  

- Rhinoceros 3D is a CAD modelling software 

for architectural and design fields, that works 

with NURBS (Non-uniform Rational B-

Splines). This program allows to support a large 

amount of environmental and energy free plug-

in. 

- EnergyPlus is the Grasshopper/Archsim energy 

engine for the analysis and thermal load 

simulation, elaborated by the U.S. Department 

of Energy’s (DOE) Building Technologies 

Office (BTO) and managed by the National 

Renewable Energy Laboratory (EERE 2013). 

Case study 

 

Figure 1: Palazzo Baleani 

The case study is the historical building of Palazzo 

Baleani, Figure 1. Located in the city centre of Rome, it 

was built in the first quarter of the sixteenth century. It is 

composed by four floors with an average height of 3.7 

m. The building is occupied by offices, but it hosts 

university lessons and research activities too.  The 

building has a very old envelope and consequently very 

low performance. Table 1 summarizes the properties of 

the envelope. 

Table 1: Characteristics of the envelope 

 

Single-glazed windows with different shapes and 

dimensions are installed on the facades of the building: 

Table 2 shows the percentage glass surfaces for each 

orientations and floors. 

Table 2- Characteristics of the windows 

Type  Thickness 

(m) 

Description Trasmittance 

(W/m2K) 

Perimeter 

walls 

1 Load bearing 

walls 

0.8 

Internal 

walls 

1 Load bearing 

walls 

0.8 

Partitions 0.2 PVC 0.704 

Floor 0.9 Iron beams 

and hollow 

bricks 

0.367 

Roof 0.9 Tiles and 

reinforced 

concrete 

0.448 

Floor  Total 

surfaces 

(m2) 

North 

(%)  

East 

(%) 

 

South 

(%) 

West 

(%) 

Ground 92.93 25% 25% 19% 31% 

First 104.54 22% 22% 17% 36% 

Second 51.06 25% 24% 16% 35% 

Third 49.68 25% 25% 19% 31% 

Fourth 16.56 42% 8% 0% 50% 
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The operative time of the central heating is from 7 to 18 

in the winter period; two gas boilers provide both hot 

water for heating and DHW. The first one has a nominal 

power of 303.4 kW and the second one of 174 kW. The 

number of radiators is variable inside the rooms (from 1 

to 4), depending on the dimensions of the zones. Cooling 

system on the contrary is not central: only the first and 

second floor are provided with air conditioning with a 

different nominal power:60.5 kW on the first floor and 

42 kW on the second floor. Mono or dual fan coils with 

an average nominal power of 3.5 kW supply some 

offices. Finally concerning the lighting, in the offices 

recessed lamps with mono fluorescent tube of 58 W are 

installed while in the corridors there are 4 tubes of 18 W 

each. The height of installation is 3.5 m. The nominal 

power of the entire lighting system was supposed to be 

about 19 kW, including lighting power in conference 

rooms, laboratories and service. As a historical building, 

Palazzo Baleani needs a relevant energy refurbishment 

in order to improve envelope end technical plants 

performances and to reduce costs and emissions (Piras, 

2016). 

Model description 

The model of the building in both software is composed 

by the same number of thermal zones (132). A thermal 

zone is a space or a collection of spaces having similar 

space-conditioning requirements and the same heating 

and cooling setpoint. The inputs for the characterization 

of the zones are the following: 

Climate condition  

Concerning the climatic conditions, Archsim is based on 

hourly profile data of EPW (EnergyPlus Weather) files, 

while TRNSYS includes many subroutines both for only 

reading standard data files (TMY and EPW) or for the 

implementation of new climatic profiles (TRNSYS 

Program guide, 2016). In this case, it was necessary to 

update the Archsim EPW file in order to elaborate a 

current EPW file of Rome, because the previous one 

contains old weather data. In fact, the currently climatic 

conditions are deep different: that is a crucial point to 

make an accurate simulation. 

Thermal zone setting 

The interface of Trnsbuild that allows to set and modify 

the properties of the zones: dimensions, thermo physical 

characteristics of the envelope and structure components, 

thermal load and so on. The equivalent component in 

Archism is “Thermal zone setting” interface. The 3D 

model, generated with Rhinoceros, was imported in 

Grasshopper as input for the “Thermal zone setting” in 

order to transform the geometrical model into an energy 

model. Thermal zone needs a specific element called 

“Brep” (Boundary REPresentation), useful for 

connecting geometrical zones together. Due to the 

complexity of the building composition, different 

components, such as Entewine, Intersector and Bang, are 

required in order to combine thermal zones. 

Consequently, the thermal zones organization could take 

special attention in Archsim in order to avoid 

geometrical errors (Figure 2). 

 

Figure 2: Archsim interface zones example 

Thermal properties of the building envelope 

Regarding the composition of building layers, Archsim 

allows to better represent the characteristics of the 

materials compared to TRNSYS. In fact, TRNsys 

provide only four parameters such as trasmittance, solar 

absorptance, emissivity, convective coefficient. 

Archism, instead, had a full schedule of proprieties: 

conductivity, roughness, visible absorptance, solar 

absorptance, emissivity, convective, transmittance.  

Internal gains 

Internal heat gains are the sensible and latent heat 

emitted from any source, as air conditioning or 

ventilation. The main consequence is the increase of the 

temperature and humidity in the space, therefore the 

quality of internal comfort decreased. Sources of internal 

loads are: lighting, people, electrical equipment (PC, 

printers, coffee machines). In the figures below is 

possible to see the schedules for internal loads of each 

energy tool (Figure 3, Figure 4): inputs are quite similar. 

 

Figure 3: Archsim internal loads setting 
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Figure 4: Trnsbuild interface internal gains 

Load people  

Schedules of occupancy are essential for energy and 

environmental simulation in order to determinate the 

impact of the real human presence inside the room. Both 

software allows to create those schedules in order to 

define thermal loads due to the people inside. In this case 

two schedules were defined: offices and classrooms, as 

shown in Figure 5 and Figure 6.  

 

  Figure 5: TRNsys offices and classrooms schedules 

 

Figure 6: Archsim offices and classrooms schedules 

Conditioning setting 

Monthly simulations were carried out. Inputs in 

TRNSYS were given to set up the operative time and 

power of the heating and cooling systems. TRNBuild 

model allows to manage the operative time only through 

the setpoint temperature. In other words, the setpoint 

temperatures for winter and summer period supplied the 

on/off signals. In this case, several signals are combined 

in order to guarantee the on/off behaviour during the day 

and the night in different seasons. Due to this, two 

temperature signals are created: “Heat_T” for the heating 

system and “Cool_T”, for the cooling system. The lack 

of a specific component able to create a signal depending 

on the simulation time could be a significant 

disadvantage for a not expert user. Concerning the 

power, the input for heating is HEAT_PW-M, which 

corresponds to the power supplied by a single radiator. 

The number of radiators, as aforementioned, is variable 

in each room. The cooling system is composed by 

internal and external fan coil units. The single power of 

the fan coil is COOL_PW. Climatization inputs in 

Archsim are the following: setpoint temperature (Figure 

7) and operative time schedules of the heating and 

cooling systems (Figure 8). In this case, the operative 

time schedules of the heating and cooling systems are 

easier to set up than TRNsys signals codes.  Archsim 

does not allow to set the power of the heating and 

cooling plants. In fact, energy simulations are carried on 

trough ideal technical systems due to the few energy 

conditioning characterizations, as shown in Figure 7. 

 

Figure 7: Archsim conditioning zone setting. 

 

Figure 8: Archsim operative time schedules of the 

heating and cooling systems. 

Retrofit strategies 

Due to the ideal technical systems provided by Archsim, 

only passive retrofit strategies and photovoltaic system 

are simulated. TRNsys, instead, allows to design and 

replace active energy systems, but in this work are not 

consider. Therefore, in this paragraph different solutions 

are proposed in order to compare those energy 
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simulations properly: one for the thermal efficiency and 

another one for the renewable energy system installation. 

Reduction of energy requirements  

Due to the restrictions of the listed building, only few 

solutions can be applied to the envelope. Windows 

replacement is the only solutions that respects the 

historical and artistical value of Palazzo Baleani. The 

new stratigraphy of the windows is composed by two 6 

mm sheets of glass with an air gap of 6mm too. 

Consequently, the transmittance value decreases from 

5.4 W/m2K to 2.8 W/m2K. 

Photovoltaic system installation 

55 monocrystalline panels of 327 Wp and with 20,4 % of 

efficiency are installed on the roof. TRNsys allows to 

manage the PV system through the Type 94 (TRNSYS 

16, Mathematical Reference). It is possible to define the 

single panel power and to simulate the peak power trend 

during the year.  

In Archism, the definition of the panel geometry is 

provided by the 3D model with Rhinoceros and 

connected through PV setting components. Panels 

nominal power is not available, an ideal nominal power 

is provided by the software. Energy DC produced is the 

yearly output for each panel. 

Results and discussion  

Validation results 

Results with the two software are comparable and well 

aligned with real consumptions: the percentage 

difference is lower than 15%, the mean percentage 

difference lower than 5% (Table 3 and Table 4). 

Electricity bills show that in March the energy demand is 

higher than the other periods: the main reason could be 

the different use of the building (e.g. conferences, 

exhibitions and so on). The same thing happens in 

August where the low bills results are derived by the real 

occupancy of the buildings during the summer season 

(e.g. summer holiday). Concerning the thermal 

consumption, those two months report the same trend, 

especially regarding the DHW simulation results during 

August. 

For validating the two software, simulations have been 

carried out and compared to the electricity and gas bills.  

Regarding the heating results (Figure 9), it possible to 

notice that Archsim, compared to the bills, slightly 

underestimates the heating demand in January, February 

and March while it overestimates it in October, 

November and December. On the other hand, Figure 10 

shows the difference of the cooling energy need, where 

Archsim quite overestimates cooling needs in June and 

August. In fact, in August and March significant 

differences between the two energy tools are noticeable, 

as shown in Figure 9 and 10. In TRNSYS the percentage 

differences between simulation results and bills are very 

low both for the heating and cooling demands. 

Due to the less detailed characterization of technical 

systems, Archsim seems incapable to described properly 

the thermal and cooling behaviour of those two months 

(August and March). On the contrary, TRNsys allows to 

better design technical plants, providing results in line 

with the real use of the building energy systems. 

 

Table 3: Comparison between thermal consumption bills 

and simulations 

 

 

Figure 9: Archsim, TRNsys and real thermal 

consumptions 2014 graphic 

Table 4: Comparison between electrical consumption 

bills and simulations 
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Figure 10: Archsim, TRNsys and real electrical 

consumptions 2014 graphic 

nZEBs pre and post retrofit results 

Table 5 shows the achievement of nZEBs targets before 

the interventions. It is evident that some of nZEBs 

requirements are satisfied, as green boxes highlighted. 

The rest of targets are quite distance from the minimum 

requirement, due to the low performances of the 

envelope and low efficiencies of the energy plant. 

Table 5: Scenario nZEBs pre-retrofit 

 

Table 6 shows the results obtained with the energy 

strategies: windows replacement provides a significant 

thermal energy reduction, quite similar with both 

software (Archsim results are 3% higher than TRNsys). 

Concerning the cooling supply, both software registered 

an energy demand increase, especially TRNsys, related 

to their calculation algorithms of the envelope insulation 

improvement. 

Table 6: Simulations results for each retrofit solution 

 

Regarding the achievement of nZEBs requirements after 

the interventions, new windows properties do not allow 

to satisfy the 𝐻′𝑇  (mean global thermal trasmittance per 

dispersive surfaces) target, due to the building 

restrictions (Table 7). The 𝐸𝑝𝐻  and 𝐸𝑝𝐻,𝑛𝑑 decrease the 

previous value because the heating energy need is 

reduced by the new glass stratigraphy, but this change is 

not enough. On contrary, the cooling demand for both 

software is slightly increased due to the improvement of 

envelope insulation, as the and indicators shown.  

Table 7: scenario nZEBs post windows retrofit 

 

In Table 8, nZEBs targets achieved with the PV solution 

are summarized. Following the 26/06/2015 Italian 

Ministerial Decree (2015), energy produced with the 

photovoltaic system can be used for the lighting 

requirements of the non-residential building, as the case 

study. With both the energy tools the 𝐸𝑃𝑙  target (lighting 

performance energy index) has been obtained. The 

nominal electrical renewable power as 𝑃𝑒𝑙.𝑟𝑒𝑛, required 

by the 28/11/2011 Italian Legislative Decree (2011) 

can’t be defined in Archsim due to the impossibility to 

set the capacity of the PV system.  

Table 8: scenario nZEBs post pv system retrofit 
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Conclusion 

This study highlights different aspects of those energy 

tools. In the first part, concerning the comparison 

between the real consumption and the simulations 

results, it is evident that both tools gave similar results 

and aligned with real consumptions. It means that energy 

needs are adequately estimated with the two software, 

except for particular months.  

Regarding the first retrofit solution, the window 

replacement, Archsim as an architectural energy tool, 

provides an accurate materials and envelope analysis: 

that are the primary properties of this software. 

Therefore, it allows to obtain comparable results with 

TRNsys. The second solution highlights that TRNsys is 

more suitable for the technical system modelling 

providing the nominal electrical renewable power 

(𝑃𝑒𝑙.𝑟𝑒𝑛,) for the PV system which is not available on 

Archsim. 

The use of those energy tools also depends on the 

available data and the targets of the user: If real 

consumptions are not provided, Archsim is a good 

choice, using the energy primary requirement related to 

ideal technical plants performances. If real consumptions 

are available, TRNsys can be chosen due to its accuracy 

in modelling technical plants. The weakness and 

strength, discussed in this paper, have the aim to be a 

general guide for the users. Regarding the simulation of 

nZEBs TRnsys appears more suitable than Archsim, as 

shown in Table 8.  

Limits of Archsim emerged in this study will be further 

investigated. In particular in future works it will be 

analysed if the use of additional Grasshopper tools will 

allow to reduce the difference between an open-source 

architectural software and a transient engineering 

software.                                                                                    

Nomenclature 

𝐻′𝑇  = mean global thermal trasmittance per dispersive 

surfaces (W/m2K). 

𝐴𝑠𝑜𝑙,𝑒𝑠𝑡 𝐴sup𝑢𝑡𝑖𝑙𝑒⁄ = The solar equivalent area per useful 

surfaces (n.d.). 

ɳ𝐻= Technical heating system mean efficiency (%). 

𝐸𝑝𝐻,𝑛𝑑 = Heating need performance energy index 

(kWh/m2). 

𝐸𝑝𝐻  = Heating system performance energy index 

(kWh/m2). 

ɳ𝐶= Technical cooling system mean efficiency (%). 

𝐸𝑝𝐶,𝑛𝑑= Cooling need performance energy index 

(kWh/m2) 

𝐸𝑝𝐶  = Cooling system performance energy index. 

(kWh/m2). 

ɳ𝑊= Technical hot water system mean efficiency (%). 

𝐸𝑝𝑤,𝑛𝑑= Hot water need performance energy index 

(kWh/m2). 

𝐸𝑝𝑊= Hot water system performance energy index 

(kWh/m2). 

𝐸𝑝𝑡= Transport people service performance energy 

index (kWh/m2). 

𝐸𝑃𝑙  = Lighting performance energy index (kWh/m2). 

𝐸𝑝𝑣= Ventilation performance energy index (kWh/m2). 

𝐸𝑝𝑔𝑙,𝑡𝑜𝑡= The total primary energy (kWh/m2). 

𝑃𝑒𝑙.𝑟𝑒𝑛 = nominal electrical renewable power (kW).  
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Abstract 

With the trends of comfort modelling moving more 

towards the application of Adaptive Models, the 

influences of several parameters as used in the traditional 

ISO7730 standard are therefore non-existent. The 

proposed work considers the conventional ISO 7730 

standard as conservative in its calculation; however 

extremely useful, in cases where actual measurements of 

spaces are considered (ISO 7730, 1994).  Measurements 

from a comfort cart built according to ASHRAE-55 

standards (ANSI/ASHRAE 55, 2005) together with 

thermal imaging temperatures are combined.  In doing so, 

an ISO 7730 thermal comfort assessment applying the 

CBE – ASHRAE 55-2004 Comfort Tool allows for 

changes in the environment to be examined for improved 

comfort (Huizenga, 2006; Tyler et al, 2017). Results for 

two cases in a severe Darwin climate yield an improved 

PPD by 2.5-2.7 times when implementing extremely low-

energy measures. 

Introduction 

Comfort, Energy & Building Design 

The existing literature, no doubt, presents the continuous 

challenge between thermal comfort with that of energy 

consumption (Barbadilla-Martín et al, 2018, Zampetti et 

al, 2018; Yun et al, 2016; Attia and Carlucci, 2015; 

Strengers, 2008).  Alongside the multitude of research 

articles on thermal comfort, is perhaps the importance in 

recognition of the diversity on the subject itself.  Meaning, 

that there are perhaps ‘categories’ into which the literature 

on comfort might be placed. 

One of these research categories pertains to the 

acknowledgement and definition of the two fundamental 

models of comfort; namely 

• the ‘static’ or ‘rational’ ISO 7730 (O. Fanger, 

1970) standard;   and 

• the ‘adaptive model’ developed by Humphreys 

(1976), Auliciems (1997), or De Dear and 

Brager (1998) as well as others. 

From these two different models we obtain the variables 

pertaining to each that produce an indicator of comfort.  

In the ‘static’ model it is useful to acknowledge that a 

thermal vote (a Predicted Mean Vote - PMV) or a 

Predicted Percentage Dissatisfied (PPD) is the outcome of 

six different variables; dry-bulb, mean radiant 

temperature, air-velocity, humidity, clothing level and 

metabolic rate.   

The adaptive model has several authors from different 

periods in time, yet, all relating to the basic concept of 

obtaining a ‘neutral temperature’ using a predictor of 

external mean (monthly) temperature.  These models all 

consider a particular building type which is naturally 

ventilated or provides the opportunity to be free running, 

passively conditioned and permits interaction with its 

users, allowing them to ‘dress adaptively’ to climatic 

seasons.  They may even provide ceiling fans and window 

shading that occupants can adjust.  These buildings are the 

opposite from sealed windows and a tightly regulated 

thermostatic control.   

Nicol and Humphreys (2002) in discussing the adaptive 

model alongside the ‘rational’ (static) approach define the 

importance of good indoor climate not being only about 

comfort, but that it will determine its energy consumption 

and ultimately sustainability. 

Interestingly, Nicol and Humphreys (2002) claim that 

when the ‘rational’ model indices are used to predict 

thermal comfort of subjects measured in the field, they are 

found to be no better than simpler indices such as 

temperature alone.  Consequently, they claim that the 

‘comfort temperature’ is a result of the interaction 

between the subjects and the building or environment they 

occupy.  

While the authors of this paper do not dispute the above 

and are in favour of ‘adaptive model’ buildings there 

remains an argument in support of utilising the ‘rational’ 

(or static) model. Predictors of comfort are not necessarily 

the direct causes or explanation of the result (Jones, 

2002).  In other words, several other parameters may 

influence the comfort outcome often represented as a 

‘neutral temperature’.  While a neutral temperature could 

be observed as a comfort result, in the adaptive model, it 

does not necessarily explain the possible causes of this 

result.    

What never really seems to be explained by the adaptive 

models are the numerical and quantitative influences of 

interior variables that can influence the ‘comfort 

temperature’.  Several reports mention air-velocity and 

possibly humidity in regard to the Operative Temperature 

or the Standard Effective Temperature (SET) (Yun et al, 

2016). For the most part however, mean radiant 

temperature is rarely mentioned in these analyses.  While 

it appears that these ‘rational’ indices are not required (by 

the experts) to determine the ‘comfort temperature’ it is 

argued here that they could assist in influencing building 

design to make a more responsive building.  In other 
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words, they offer explicit measures that can change 

comfort.  Nicol and Humphreys (2002) do state that the 

‘range of comfort’ predicted by these ‘rational’ methods 

is far wider than calculated.  This is pleasing information, 

since what is proposed here (in this paper), is to utilise 

these ‘rational’ parameters in order to approach a lower 

Predicted Percentage Dissatisfied (PPD) for a severe 

indoor climate. 

While it may be interesting to note that the outdoor 

climate is a significant independent variable to the indoor 

‘comfort temperature’ prediction, as a building designer 

or service consultant, we have no control over this 

variable.   However, as designers or consultants we can 

respond to the average or extreme results of this variable 

through the selection of our building materials and their 

design of envelope apertures.  This last point brings us to 

acknowledging possibly two other categories related to 

comfort research in addition to the first category which 

was pertaining to establishing the two models and the 

buildings they apply to. 

The second category is the application of the comfort 

models into controlling mechanical equipment (HVAC) 

and/or building operation.  There are a selective few who 

have explored and reported such information.  Barbahilla-

Martin et al (2018) report the application of an adaptive 

model of comfort applied to the thermostatic control in a 

mixed-mode office building. The neutral set-point is 

based upon a mean monthly external temperature or 

utilises a running average over the past several weeks.  

Findings indicate that there are up to 30% saving for 

cooling periods and about 12% during heating periods 

with minor (if any) sacrifice for comfort.  Another study 

by Tanabe et al (2013) from Japan explored the 

productivity levels and energy savings under mandatory 

electricity legislation after the Great East Japan tsunami.  

Field studies were conducted in five office buildings 

measuring and assessing occupant thermal sensation 

votes.  The results related to thermal comfort tolerance 

levels in regard to energy savings.  

Lastly, we introduce a third category, which may in part 

be mentioned among the first two categories of comfort 

research, namely, the design of the building itself.  It is 

evident that the literature establishes the differences 

between a ‘static’, mixed mode, and naturally ventilated 

building.  In fact, Kaltz and Pfafferott (2010) claim that 

there are five different classifications of buildings that 

respond and operate differently to achieve thermal 

comfort. These are; (i) fully air-conditioned (ii) mixed-

mode air-conditioned (iii) low-energy with mechanical 

cooling (iv) low energy with passive cooling and (v) 

buildings without cooling.  The authors here would 

consider that buildings ii – iv would be called variations 

on hybrid-controlled buildings.  In fact, the mechanism of 

conditioning, whether natural air-flow ventilation, ceiling 

fan driven, or convectively conditioned air flow is never 

clearly mentioned nor are radiative system; ceiling, floors 

or consoles.  It would appear that there are a multitude of 

possibilities and that these would determine occupant 

control (or lack of it) and comfort. 

Analysing the Building for Improvements to Comfort 

From the literature it can be ascertained that buildings that 

offer interaction through their design and/or service 

systems are more likely to provide better ‘comfort 

temperature’ possibilities or attainment of such.  In other 

words, provisions in the building itself, to provide for 

changes in air temperature, air movement, relative 

humidity, and mean radiant temperature are more likely 

to achieve a ‘comfort temperature’ accepted by 

occupants.  Furthermore, buildings that allow occupants 

to adapt in terms of clothing levels and provide some 

interaction with the building parameters are even more 

likely to achieve this ‘comfort temperature’. 

Therefore, it is practical in the design or improved 

analysis of building comfort to consider a model that 

allows for a multitude of variables to be considered, 

studied and altered in the pursuit of comfort.  Hence, the 

application of the ‘static’ model (ISO 7730, 1994) is 

revisited and applied in this paper to actual measurements 

of residential interiors in the severe climate of Darwin.    

We turn to the CBE ASHRAE Thermal Comfort Tool, 

which allows for specific time periods of discomfort from 

real measurements to be analysed (Tyler et al, 2017).  It is 

fortunate that the tool also accounts for a localised mean 

radiant temperature for a particular room with known (or 

specified) interior surface temperatures of walls, 

windows, floor and ceiling to be calculated.  It was 

noticed that this tool suited our real time-based 

measurements taken with a standardised Comfort Cart 

(see Figure 1). 

 

Figure 1: A Comfort Cart according to 

ANSI/ASHRAE Standard 55-2004 

 The comfort cart establishes the measurement of dry-

bulb temperature, air-velocity and globe temperature 

taken at 100mm, 600mm, 1100mm and also 1700mm 

heights.  At the 600mm level humidity and CO2 are 

measured.  These measurements allow for a mean radiant 

temperature to be calculated at the 100, 600 and 1100mm 

heights.  Furthermore, a Predicted Mean Vote (PMV) and 

a Predicted Percent Dissatisfied (PPD) can be calculated 

at each of these levels.  In summary, the Thermal Comfort 

Cart exhibits a measurement of PPD, PMV and Mean 

Radiant Temperature for the location that it is placed.   In 

particular, the mean radiant temperature is a result of all 
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the surface temperatures in the room influencing its 

temperature at the comfort cart location. 

An NEC Avio high level thermal imaging camera, as 

shown in Figure 2, was applied to the imaging of several 

different rooms in different houses during a performance 

measurement investigation in Darwin, Australia.  This 

camera has the capability of producing photo imaging 

measurements every 15 minutes.  The results produced a 

logging of the surface temperatures of the space while at 

the same moment measurements were recorded by the 

comfort cart.   

 

Figure 2: NEC – Avio Thermal Imaging Camera 

 

The serendipitous discovery of the presented research (12 

years later) combines both the measurement of the 

thermal imaging camera and the comfort cart results of 

PPD, PMV and mean radiant temperature, together with 

that of the ASHRAE 55 Comfort Tool.  The procedure for 

combining these measured results and the simulation tool 

is outlined here:  

• The ASHRAE 55 Comfort Tool is applied, 

entering the known measured values of dry-bulb 

temperature, air-velocity, and relative humidity 

measured by the Comfort Cart. 

• A CLO (clothing) value and MET (metabolic 

rate) have already been established prior to this 

analysis and have been entered in the ASHRAE 

55 Comfort Tool program.  

• Given that the surface temperatures are known 

through the measurement of the thermal imaging 

camera results they can now be applied to the 

Mean Radiant Temperature program within the 

ASHRAE 55 Comfort Tool. 

• The entire room dimensions, with window sizes 

and the Comfort Cart location (essentially the 

location of an occupant in the room) can be 

entered into the ASHRAE 55 Comfort Tool. 

• Next, the calculated result of Mean Radiant 

Temperature from the measurements of the 

Comfort Cart can now be compared with the 

ASHRAE 55 Comfort Tool simulated result.  

• Refinements are made in slight temperature 

adjustments to various surfaces in the ASHRAE 

Comfort Tool until they virtually match the 

measured comfort cart result as well as the cart’s 

calculated PPD.  

• In completion of this process we now have a 

result of the PPD, PMV and mean radiant 

temperature that are both in agreement.  In other 

words, the results of the ASHRAE 55 Comfort 

Tool match those that were measured in the 

space. 

The above process demonstrates a combination of 

measurement and simulation uniting to provide a useful 

forthcoming analysis of thermal comfort alterations for 

the particular space.  The ASHRAE 55 Comfort Tool can 

now be considered as a vehicle to examine various ‘What 

If’ scenarios.  In particular we can begin to ask what could 

building surfaces, proper window design, air movement 

and special conditioning systems provide towards the 

improvement of comfort.   

The fact that the ISO 7730 comfort model has several 

variables that the building could be held responsible for is 

fortuitous.  As architects and building designers we can 

begin to ask what the building design or its conditioning 

systems could do to provide: 

• an increase or decrease in air movement?   

• a reduction or increase in interior facing surface 

temperatures?   

• humidity level control?  

• a uniform air temperature distribution without 

stratification? 

These are all valid questions in the pursuit of improving 

thermal comfort.  ‘Ask not what you can do for your 

building, but what your building can do for you’ as a 

matter of formulating the argument in opposition to what 

most of our research on comfort has been pursuing.  It is 

high time that our buildings start providing the design and 

service systems that provide for our comfort and amenity 

that we expect, as we do in other products we acquire - for 

instance - our automobiles.  Furthermore, our research 

needs to explore and report the services and systems that 

can accomplish such, at minimal expense to our 

environment. 

Methods 

This research utilises real measurements together with a 

well-known thermal comfort tool CBE – ASHRAE-55.  

Through the application of a thermal comfort cart as well 

as thermal imaging a comprehensive set of data is 

accomplished for a particular interior space.  The comfort 

cart measurements are processed to yield the ISO-7730 

comfort indices.  The ISO standard calculation yields the 

Predicted Percentage Dissatisfied (PPD) and other 

parameters such as MRT are result of this calculation.    

These results serve as the guide to validate and fine-tune 

the ASHRAE 55 Comfort Tool inputs until the simulation 

outputs match the measured result.   

The ASHRAE-55 Comfort Tool has a sub-routine for the 

calculation of mean radiant temperature of a space.  This 

routine allows for the measured inputs of wall and glass 

surface temperatures to be entered into the simulation 

tool, providing a total room mean radiant temperature 

result.  This simulated result is once again compared with 

the ISO-7730 measured output from the comfort cart. 
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The innovation now rests in applying the comfort tool to 

achieve informed decision-making that can improve 

comfort conditions.  For example, shading the glass from 

direct heat gain, thereby reducing the surface temperature 

substantially.  Other solutions may consider applying 

radiant cooling systems for the ceiling and floor that will 

reduce the overall mean radiant temperature, or a change 

in air velocity through a ceiling fan, or a mechanism that 

reduces humidity levels, etc.  

Results 

Comfort Provision Process 

The process, as described above, is now applied to several 

rooms of two different houses measured in in Darwin 

during the month of February.  This is time of year is 

considered the most severe and difficult in terms of 

achieving comfort in the building. 

• The Block House Living Room   

Figure 3 below shows the floor plan of the Blockhouse 

which consists of a newer construction method introduced 

into Darwin residential building.  A result of the thermal 

imaging during the most severe period in terms of thermal 

comfort is shown in Figure 4.  The ASHARE 55 Comfort 

Tool is applied here (Figure 5 and Figure 6) to first 

replicate the measured results.  Thereafter we provide a 

stepped process to adjusting various room parameters that 

affect the result of comfort.  Table 1 provides the comfort 

results (PPD) of changes to various parameters in stages, 

as described below the table.   

 

 

Figure 3: Instrumentation and Measurement Points of the 

Blockhouse - Darwin 

Figure 4: Thermal Imaging of Surface Temperatures in 

the Blockhouse – Living Room 9:15a.m. 

  

Figure 5: The ASHRAE 55 Comfort Tool (Huizenga, 

2006) 

Figure 6: Mean Radiant Temperature module of the 

ASHRAE 55 Tool (Huizenga, 2006) 
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Table 1:  The Blockhouse Living Room – Original Comfort Case & Improvements 

Case PPD DB(air) MRT Relative 

Humidity 

GLASS 

Temperatures 

Air 

Velocity 

Ceiling 

Temp 

Floor 

Temp 

  Wall 

 Temp 

I 58% 29.6◦C 30.2◦C 73.0% 43◦C 33◦C 0.15m/s 31.0◦C 27.0◦C 29.6◦C 

A-1 47% 29.6◦C 28.9◦C “ 43◦C 33◦C 0.15m/s 26.0◦C 26.0◦C 26.0◦C 

B-1 29% 28.6◦C 28.0◦C “ 32.0◦C 32.0◦C 0.15m/s 26.0◦C 26.0◦C 26.0◦C 

C-1 23% 28.6◦C 28.0◦C “ 32.0◦C 32.0◦C 0.25m/s 26.0◦C 26.0◦C 26.0◦C 

 = Original Measured Case: ASHRAE 55 Comfort 

Tool Simulation calibrated to Comfort Cart 

measurements.  

Note:   All other cases are simulations - ONLY - 

calculated through the ASHRAE 55 Comfort Tool.  

A-I:   The floor, ceiling and interior Wall-1 surfaces are 

hydronically cooled to 26.0°C which is above the 

dewpoint during this period. 

B-I:   The glass is shaded, thereby reduced to 32°C and 

air temperature is reduced by 1°C (to 28.6°C) considering 

convective heat transfer processes among the cooled room 

surfaces. 

C-I:   A ceiling fan is applied to increase the air velocity 

(marginally) to 0.25 m/s. 

The result is an improvement in PPD by 2.5 times 

achieved through extremely low energy inputs.   

It is important to realise that adaptive models of comfort 

would be far more lenient than what is proposed here.  In 

other words, the likelihood of comfort would undoubtedly 

be accepted by more than 80% of occupants clothed and 

accustomed to this Darwin climatic condition.   

In a second case, for a different house, with an elevated 

floor level, typical for houses designed in Darwin, a 

severe time period is observed. Figure 7 shows the 

thermal floor plan and a resulting thermal imaging. As 

before in the Blockhouse example, the process of 

calibrating both the mean radiant temperature results with 

those of the comfort cart through the ASHRAE 55 

Comfort Tool is accomplished.  We present the PPD 

(predicted percentage dissatisfied) results from a staged 

process of interior conditioning improvements in Table 2. 

 

 

 

 

Figure 7:  Floor Plan and Thermal Imaging Results of the Elevated House
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Table 2: The Elevated House – Original Case & Improvements 

Case PPD DB(air) MRT 
Relative 

Humidity 

GLASS 

Temperature 

Air 

Velocity 

Ceiling 

Temp 

Floor 

Temp 

Wall 

Temp 

II 94% 32.5◦C 32.7◦C 61% 40.0◦C 0.2 m/s 33.5◦C 31.0◦C 32.5◦C 

A-2 71% 32.5◦C 28.4◦C 61% 40.0◦C 0.2 m/s 24.0◦C 24.0◦C 32.5◦C 

B-2 68% 32.5◦C 28.0◦C 61% 32.0◦C 0.2 m/s 24.0◦C 24.0◦C 32.5◦C 

C-2 43% 30.5◦C 28.0◦C 61% 32.0◦C 0.2 m/s 24.0◦C 24.0◦C 32.5◦C 

D-2 35% 30.5◦C 28.0◦C 61% 32.0◦C 0.3 m/s 24.0◦C 24.0◦C 31.0◦C 

 = Original Measured Case: ASHRAE 55 Comfort 

Tool Simulation calibrated to Comfort Cart measurement.  

Note:   All other cases are simulations - ONLY - 

calculated through the ASHRAE 55 Comfort Tool.  

A-II:   The floor and ceiling are hydronically cooled to 

24.0°C which is above the dewpoint in this case. 

B-II:   The glass is shaded and reduced to 32°C. 

C-II:   Convective heat transfer among the room surfaces 

reduces air temperature by 2.0°C down to 30.5°C.  This is 

reasonable to assume considering the large ceiling and 

floor areas making up the volume of this space. 

D-II:   Ceiling fan applied to increase the air velocity 

(marginally) to 0.3 m/s. 

The result is an improvement of PPD by 2.7 times 

achieved through extremely low energy inputs.  

While the PPD remains relatively high at 35% we believe 

that this is still a very conservative figure, meaning that 

the adaptive model would be substantially lower in its 

PPD result.  Furthermore, this room experiences this 

extreme temperature for approximately 30-45 minutes.  

Other periods of the day are far less severe than the one 

dealt with here.    

Results indicate that the application of radiant systems in 

a hot humid climate are effective in improving comfort. 

In particular, the idea of cooling interior ceiling, floor and 

possibly wall surfaces through hydronic systems is 

explored (Tye-Gingras and Gosselin, 2012). The 

introduction of lightweight capillary hydronic matts 

(German and Japanese manufacturers) integrated with 

gypsum drywall construction or tiled floors as a possible 

cooling solution is proposed.  Surface temperature levels 

that are between 24-26◦C and well above dew point (2-

3◦C) indicate promising results for improved comfort in 

these environments.  Furthermore, radiative conditioning, 

for leaky and poorly insulated houses, offers an improved 

energy cost benefit when compared to convective air 

conditioning systems. 

Discussion and Conclusion 

There has been an increasing effort in research, 

investigating the measurement and sensors applied to 

evaluating interior environments.  Zampetti et al (2018) 

have developed a ‘Comfort Eye’ IR sensor that can 

provide for the Mean Radiant Temperature of an 

environment.  They claim that the non-homogenous 

thermal comfort component can be identified through this 

mean radiant temperature measurement which is far 

superior to conventional thermostatic control.  Other 

researchers have been investigating systems for radiant 

ceiling cooling inclusive of the new capillary type 

(Catalina et al 2009; Xie et al 2016).  This research 

demonstrates a possible lightweight and very responsive 

radiant panelised system for room surfaces (floors, walls 

and ceiling).  The numerical evaluation on the comfort of 

these radiant systems is gaining research interest as 

indicated in the work by Mustakallio et al (2016), Tye-

Gingras and Gosselin (2012), and Miriel et al (2002).   

One of the assumptions made in this (our) paper is the 

degree and/or contribution that a radiant cooled surface 

can provide in terms of convention to changing the dry-

bulb temperature within a space.  In other words, at this 

point in time there was no numerical calculation to 

determining the dry-bulb parameter change as applied to 

the ASHRAE-55 Comfort Tool.  Further work is expected 

to take place in this area of the problem.  Others such as 

Causone et al (2009) have looked into this problem.  It is 

anticipated that our research work will investigate this 

matter empirically through full-scale experimental 

projects as we are primarily interested in the introduction 

of hydronically radiant cooled surfaces into building 

spaces. 

What our work has indicated here, we believe, is a 

promising method and stepped process towards analysing 

and potentially improving severe and difficult to control 

environments in the tropics.  This investigation has 

provided a gateway to other related and extended research 

on a very important topic.  We have begun to realise the 

importance of real spatial measurement alongside 

evaluation tools such as the ASHRAE 55 Thermal 

Comfort Tool. This project has launched interest in 

several new avenues as related to comfort research, its 

measurement and tools, as well as its service systems that 

sense and provide conditioning for it. 
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Abstract

Unsupervised learning methods have been widely
used for building energy consumption profiling, but
the currently used methods usually gave undesirable
results and could hardly tolerate the highly diversified
building cases. A scalable automatic framework is ac-
cordingly proposed in this study to achieve accurate
load profiling. The framework consists of four major
steps: pre-processing, preliminary K-means cluster-
ing, DBSCAN within clusters, and post-processing.
With a dataset including 50 different buildings in Sin-
gapore, the framework was demonstrated to outper-
form all the baseline methods in most cases (37 out
of 50). The profiling results provides more compre-
hensive insights on the buildings energy behavior, fa-
cilitates applications such as building load prediction
and improves the prediction accuracy.

Introduction

With the escalating deployment of smart meters
and building management systems during the past
decades, a huge amount of building operational data
becomes available. Building level temporal energy
consumption is the most common data. It was real-
ized that traditional statistical or physical principle-
based methods were not capable of fully exploiting
the information embedded in these high-dimensional
and highly diversified data (Fan et al., 2018). Thus,
various advanced data mining techniques have been
introduced to analyze and apply the data for building
energy assessment and building operation.

Load profiling and its application

One important application of building temporal en-
ergy consumption data is energy consumption profil-
ing (also called load profiling), to identify the repre-
sentative diurnal energy usage patterns of a building.
The profiling result provides designers, engineers, and
facility managers with better knowledge on building
operation. It is also useful for many further appli-
cations, including but not limited to building energy
simulation, occupancy and load prediction, demand
side management, and abnormal operation detection.

One application of load profiling is to classify the cus-

tomers according to the identified profiles. The classi-
fication was done both at occupant level for domestic
buildings (Tsekouras et al., 2007; McLoughlin et al.,
2015) and at building level for non-domestic buildings
(Li et al., 2018). With the identified representative
profiles, some demand side management approaches
were applied to achieve load shape adjustment objec-
tives such as ”peak clipping” and ”valley filling” (Wei
et al., 2018; Panapakidis et al., 2014). Fault detection
and diagnosis was done both in the process of pro-
filing (Jalori and T Agami Reddy PhD, 2015a) and
according to the profiling result (Habib and Zucker,
2015). Also, the profiling result was used to assist
in building energy consumption prediction. By fit-
ting prediction models separately for different typical
profiles, both the accuracy and the efficiency were
improved by Tang et al. (2014) and Shahzadeh et al.
(2015). And for physical-based building energy mod-
els, where occupant behavior was claimed to account
for up to 30% of the uncertainty (Eguaras-Mart́ınez
et al., 2014), the profiling result can be used to infer
the schedules as inputs of the model.

Existing methods for load profiling

Buildings’ characteristics tend to be very different
from each other and sufficient background informa-
tion is hardly available. Therefore, though other
methods including regression and neural network
have also been used for load profiling, unsupervised
learning methods were recognized to be more promis-
ing (Miller et al., 2018). Studies have used unsuper-
vised learning methods for load profiling, including
K-means clustering (Tsekouras et al., 2007), Hier-
archical clustering (Fan et al., 2015), Density-Based
Spatial Clustering of Applications with Noise (DB-
SCAN) (Jalori and T Agami Reddy PhD, 2015b), K-
shape clustering (Yang et al., 2017), Self-Organizing
Map (Panapakidis et al., 2014), and Symbolic Aggre-
gate approXimation (Miller et al., 2015). Next, we
will discuss K-means and DBSCAN in detail as they
represent the two most popular categories of cluster-
ing method: distance-based and density-based parti-
tional clustering. We will also cover the comparison
and analysis of other typical methods later in the dis-
cussion section.
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Among the diverse clustering methods, K-means was
most widely investigated. Hsu (2015) showed that
it gives the most stable clustering result if the clus-
ter number K is correctly chosen. Green et al.
(2014) showed its effectiveness in facilitating the sub-
sequent prediction. By carefully picking the initial
centroids and combined with Self-Organizing Map,
Panapakidis et al. (2014) further improved the clus-
tering accuracy. However, K-means assumes that the
clusters have spherical variance and are of similar
size. Consequently, K-means tends to wrongly clus-
ter non-spherical or unevenly sized clusters. More-
over, it requires a presumption of the cluster number,
which is usually questionable and leads to the igno-
rance of special profiles on minor certain days. Shown
in figure 1.a is an example where K-means failed
to correctly recognize the elongated clusters from a
building’s diurnal load data. The samples that were
wrongly clustered are highlighted in the black dashed
rectangles. It can be told from the lower plot that the
correct clusters should be as in the dashed ellipses
of the corresponding colors. This kind of problems
happens more often in the case of load profiling be-
cause the samples are usually at high dimension (24
or higher), which is also known as ”Curse of Dimen-
sionality” (Verleysen and François, 2005) and will be
further discussed later.

Figure 1: An example of (a) K-means and (b)
DBSCAN giving bad clustering results (Upper: 2-D

visualization; lower: time series load profile.)

By contrast, Ester et al. (1996) introduced DBSCAN
as an alternative method that recognizes elongated
clusters, identifies outliers and doesn’t require pre-
defined cluster number. For example, Jalori and
T Agami Reddy PhD (2015a) applied DBSCAN to
identify the essential diurnal schedules from the build-
ing energy interval data. However, it is still arbitrary
and troublesome to tune the parameters, Epsilon and
minimum points. Additionally, with a pair of param-
eters defining only one density threshold, DBSCAN is
naturally unable to well identify clusters and outliers
when the density varies over the samples. Figure 1.b

displays the DBSCAN clustering result of the same
building. The clusters are shown as marker types
in the scatter and color in the plot, while color in
the scatter plot stands for the density level around
the samples. As highlighted in the red dashed circle,
these few samples were relatively far from the others
and of lower density, so the model identified them as a
cluster and failed to separate the two major clusters.

Objectives

The objective of this study is to tackle the following
three major problems of the currently popular meth-
ods for building electricity load profiling:

1. A single type of model was not suitable for varying
characteristics of different buildings’ energy data;

2. No existing method was able to well capture the
detailed building energy usage behavior;

3. The models usually required intuitive tuning be-
fore being applied to a new building, contradict-
ing the concept of unsupervised learning.

Therefore, we designed and implemented an auto-
mated framework to achieve high-resolution electric-
ity load profiling for different buildings. In the fol-
lowing sections, we will illustrate the structure of
the framework in detail. Then we will benchmark
the proposed method against K-means, DBSCAN,
Dynamic Time Warping (DTW) (Sakoe and Chiba,
1978) and K-shape (Paparrizos and Gravano, 2015).
Also, we will use the clustering result to infer the op-
erating schedule of the buildings to demonstrate its
effectiveness for further application. Finally, we will
discuss the results and directions to further improve
the load profiling performance.

Methods

The proposed framework

As in figure 2, the framework consisted of 4 main
steps: pre-processing, K-means clustering, DBSCAN
clustering, and post-processing. With K-means and
DBSCAN complementing each other, the hierarchical
framework overcame their respective disadvantages.
The Greedy algorithm was applied over the whole
framework to tune the parameters automatically and
efficiently. The Calinski-Harabasz (CH) index stood
out as the objective from the various clustering vali-
dation indices (CVI) because of its higher robustness
(Maulik and Bandyopadhyay, 2002).

As the first step, the raw annual hourly energy con-
sumption data was filtered, normalized and reshaped
into diurnal electricity load data. Considering that
load shift on a single hour can make a profile dif-
ferent, days with any missing value were filtered off.
Maximum normalization was applied to maintain in-
formation about the base load, which is important
for understanding how a building is operated. After
this, the 24-dimension load data of each day during
the year was used for further clustering.
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Figure 2: Information flow of the proposed
framework (1.Pre-processing; 2.K-means;

3.DBSCAN; 4.Post-processing).

Afterwards, K-means was applied to initialize the
clustering because it is reliable to give rough cluster-
ing result (Hsu, 2015). Based on the nature of build-
ing energy usage, the cluster number K was optimized
between 2 and 10 against the CH index. However, K-
means has two major issues for the task of load profil-
ing: a) failure in recognizing detailed building energy
behavior, and b) wrong clustering of samples at the
joint area between two elongated clusters. These two
issues were addressed in the following steps.

As the third step, DBSCAN was used to cluster
within the preliminary clusters obtained by K-means.
The number of minimum points was selected as 2 so
that any pattern happening on more than two differ-
ent days is recognized as a cluster. And the other pa-
rameter Eps was tuned between 0.02 and 0.6 against
the CH index. The outliers were treated as individ-
ual clusters by themselves when calculating the in-
dex. In this way, different parameters were applied
on different preliminary clusters, so that the inherent
weakness of DBSCAN in clustering data with differ-
ent density was eliminated. Additionally, its ability
to identify fine clusters and outliers compensated for
the first issue of K-means. This was the most critical
step to obtain high-resolution building energy load
profiles.

By post-processing, the second issue of K-means was
solved and the final clusters were identified. The
wrongly clustered samples were separated from the
major part of its preliminary cluster when applying
DBSCAN, and at this step combined into their true
clusters. Pearson Correlation Coefficient (PCC) ma-
trix of centroids (mean of all the samples in each clus-
ter) was first calculated. Then starting from the high-
est PCC, clusters with PCC higher than a threshold
were merged. Again, the threshold of PCC was opti-
mized between 0.8 and 1 by comparing the CH scores
of the final clusters.

Clustering result benchmarking

To demonstrate the effectiveness of the proposed
framework, we tested the algorithm on a dataset con-

taining a year of hourly building electricity consump-
tion data from 50 campus buildings in Singapore.
Building types included office, educational, residen-
tial and commercial. After preprocessing, the build-
ings had 357 days of data on average, 82% of the
buildings had more than 350 diurnal electrical load
data and 90% had more than 340. The clustering
result was benchmarked against four typical cluster-
ing methods: K-means with Euclidean distance, DB-
SCAN, K-means with DTW, and K-shape. K-means
and DBSCAN were selected as they are the most pop-
ular methods during the past decades, while the other
two shape-based methods were claimed to be more
suitable for time series clustering. Parameters of all
these methods were also optimized against the CH
index. We benchmarked the methods in three ap-
proaches: visual comparison, using CVI and sched-
ule inference. The entire process was implemented in
Python, using ’Pandas’, ’Scikit-learn’, and ’Tslearn’
packages.

First, all the clustering results were visualized as in
figure 1 to observe whether the clusters are well sep-
arated. T-Distributed Stochastic Neighbor Embed-
ding was applied to map the 24-dimensional dataset
to the 2-dimension scatter plot so that the spatial re-
lationship between samples could be easily noticed.
The centroids of each cluster were highlighted in the
plots as bold lines to distinguish the different energy
usage patterns such as early start or late finish. We
will use overall evaluation and typical cases to illus-
trate how the proposed method outperforms the oth-
ers.

Since the real buildings’ operating schedule, which
is the ground truth of clustering, is usually unavail-
able, external CVIs are not applicable. Therefore, we
applied internal CVIs to evaluate the performance of
the methods. However, most existing CVIs have their
limitations and none has been proved to be robust,
especially for high-dimensional datasets with diversi-
fied variance and outliers (Liu et al., 2010). Thus,
both CH index and another mostly used CVI Silhou-
ette Coefficient were calculated to compare the meth-
ods and to analyze the effect of CVIs. The CH and
Silhouette scores are defined as equation 1 and 2, the
meaning of which were clearly elaborated by Desgrau-
pes (2013).

CH =
N −K

K − 1

∑K
k=1 nk

∥∥C{k} − C
∥∥2∑K

k=0

∑
i∈Ik

∥∥∥M{k}
i − C{k}

∥∥∥2 . (1)

Silhouette =
1

K

K∑
k=1

(
1

nk

∑
i∈Ik

b(i) − a(i)

max(a(i), b(i))
). (2)

In addition to direct comparison, we also applied the
load profiling result to infer the building operation
schedule to demonstrate how the framework can as-
sist in building energy modeling. While the result
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can be used for other various applications, sched-
ule inference was selected for this study because it
is straightforward to understand and to benchmark.
The inferred schedules were constructed for buildings
according to eight date types: Weekdays, Saturdays
and Sundays during semester; Weekdays, Saturdays
and Sundays during vacation; holidays and days be-
fore holidays. The categorization is based on the anal-
ysis of the clustering results, which will be illustrated
later. To automate this process, each sample was la-
beled with the date type and the date type of major
samples in a cluster was used to represent the cluster.
The centroids are taken as the schedule of the cor-
responding date types. The inferred schedules were
then transformed to electricity load prediction and
compared with the real data. The Mean Bias Error
(MBE) and Coefficient of Variation of the Root Mean
Square Error (CVRMSE) of the prediction were cal-
culated for the buildings.

Results

Visual comparison

By investigating the identified load profiles and the
corresponding days of each cluster, the clustering re-
sults were subjectively evaluated. Considering how
informative and accurate the clusters were, the best
methods for each building were selected. The pro-
posed framework identified many interesting profiles
and was more robust and intelligent in uncovering the
building energy behavior from energy consumption
data. Among the 50 buildings, the proposed frame-
work gave the best clustering result for 37 buildings,
K-means and DBSCAN respectively gave the best for
4 buildings and DTW gave the best for 1 building.
There are another 3 buildings where the proposed
framework gave the best, but the results still had
some issues. There was one building that was too
noisy for all the methods to work. Figure 3 shows the
5 methods’ clustering result of 8 exemplary buildings.
We used this figure to thoroughly elaborate all typ-
ical situations. The 2-dimension scatter plots were
not shown here due to the space limitation.

Building 1 to 4 stand for the 4 typical types of the
37 buildings where the proposed framework outper-
formed the others:

• The first type included 11 buildings that oper-
ated differently during different periods in the
year. In this example, the proposed framework
discovered that the building weekday operation
ended one hour earlier before August (cluster 2)
than after August (cluster 1). While the other
methods identified one or two clusters from the
weekdays, none of them was able to well distin-
guish them.

• The second type accounted for the most build-
ings (19), where only the proposed framework
was able to correctly identify the different pro-

files on different weekdays. From the image, it
is obvious that profiles are different on Saturday
(cluster 1) and Sunday (cluster 3). However, all
other methods failed to separate them.

• 3 buildings from the third type contained a spe-
cial profile happening only Feb. 18 and Dec. 24,
when the operation was normal in the morning
but off in the afternoon. These two days were one
day before Chinese Spring Festival and Christ-
mas. Note that there were other buildings fol-
lowing this pattern, but were not detected.

• There were other 4 buildings where the opera-
tion was affected by the academic semester. For
example, building 4 consumed lower in the af-
ternoon during vacation (cluster 4) than during
semester (cluster 3), which was only recognized
by the proposed framework. In this example, the
proposed framework also had the advantage over
the others of separating the Saturday and Sun-
day profiles clearly. These buildings with mul-
tiple advantages were categorized based on the
dominant profiles.

The proposed framework also gave the most informa-
tive result to 3 other buildings, but they had issues of
too similar clusters not merged. Take building #5 for
example, Saturdays (cluster 4) and Sundays (cluster
5) were well separated from the weekdays, but two
small clusters of normal weekdays that are supposed
to be merged also stood out.

For the 8 buildings where K-means (e.g. building
#7) or DBSCAN (e.g. building #6) gave the best
result, the proposed framework identified too many
meaningless clusters. Most of the residential build-
ings belonged to this category. Unlike all the other
buildings, building #8 were very noisy and no mean-
ingful cluster was identified either by visual observa-
tion or by the clustering methods. It was also noticed
that the shape-based methods (DTW and K-shape)
frequently gave bad unexpected results.

Table 1: Percentage of buildings where the proposed
framework got higher score than other methods.
Sethods Log(CH) (%) Silhouette (%)
K-means 14.6 25
DBSCAN 79.2 77

DTW 22.9 35.4
K-shape 97.9 87.5

Benchmarking by Clustering Validation Index

Comparison between the proposed framework and the
other 4 methods over the CH and Silhouette score
was summarized in table 1. It can be seen from the
table that the two CVIs basically gave the same re-
sult: Both K-means based methods got more higher
scores than the proposed framework, the framework
got more higher scores than DBSCAN, and K-shape
got the lowest score. Comparing these with the vi-
sual evaluation results, it can be told that the visual
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Figure 3: Clustering results of different methods on 8 exemplary buildings (best cases highlighted in red boxes).

observation did not match the CVI evaluation. The
proposed framework got lower scores than K-means
and DTW in most of buildings where it found finer
clusters. Meanwhile, the proposed got higher scores
than DBSCAN in the several buildings where DB-
SCAN gave the best clustering result. The reason of
this paradox will be discussed later.

Benchmarking by load prediction

Comparison over the accuracy of building electricity
load prediction was visualized in figure 4. Almost all
MBE are close to 0 and therefore the logarithmic val-
ues are plotted for better visualization. In addition
to the diagonal line for comparison, vertical and hor-
izontal lines are also drawn in the CVRMSE plots for
the 30% ASHRAE standard (ASHRAE, 2014). Since
some clustering results were too trivial to extract op-
eration pattern, several buildings were excluded for
this benchmarking. For prediction errors, Smaller
values mean better predictions. Thus, the red points
lying in the lower half represent the buildings where
the proposed framework gave better predictions. The
percentage of red points out of the total number of

points is reported for each plot. For easier compari-
son, the 37 buildings where the proposed framework
was visually observed to be better are plotted as cir-
cles, and the others are plotted as crosses.

Since the centroids of each cluster were extracted as
schedule, the positive and negative errors canceled
each other when summed up. Therefore, MBEs of
all the buildings were very small, close and not use-
ful for further analysis. Meanwhile, the comparison
result of CVRMSE agreed with the visual compar-
ison. Regarding the standard, the proposed frame-
work gave acceptable results for all buildings. Except
that K-shape was much worse than all the others, the
proposed framework outperformed all the other three
methods in around 75% buildings. Most of the build-
ings, where the proposed framework was not the best
solution, lay in the upper half of the corresponding
plots. However, it is also noticeable that the scale
of improvement was usually not very large since the
extra schedules identified by the framework were usu-
ally on some minor day types.
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Figure 4: Comparison results of energy prediction accuracy (red/black: proposed got better/worse prediction;
circle/cross: proposed got better/worse clustering).

Discussion

The effectiveness of the framework

According to the benchmarking result, the proposed
framework outperformed the existing methods in dif-
ferent types of buildings and successfully captured the
buildings’ detailed energy behavior. The clustering
result given by conventional methods like K-means
might seem ”acceptable”, but there truly was infor-
mation missed in comparison with that of the pro-
posed framework. This knowledge, only discovered
by the proposed framework, is valuable for further ap-
plication. For example, a more precise and detailed
building operation schedule helps with the building
benchmarking and can lead to more accurate build-
ing energy simulation.

Why the proposed framework was more informative
and robust has been elaborated before in the sec-
ond section. However, while the framework solved
the original problems of K-means and DBSCAN, it
also brought a new potential issue of too many clus-
ters identified. Among the 13 buildings where the
framework failed, the most typical type was residen-
tial buildings. Like building #6 in figure 3, in addi-
tion to two major patterns respectively for semesters
and vacations, residential buildings had many minor
patterns caused by the occupants’ variant behavior.
In this situation, all the minor patterns were recog-
nized as clusters at the second step and not merged at
the final step, resulting in too many uninterpretable
final profiles.

Thus, the high-resolution profiling worked well for
most buildings but was too sensitive for buildings
with too diversified behavior. Other than the resi-
dential buildings, undesired clusters were also gener-
ated for the rest of the 13 buildings. Taking building
#5 in figure 3 as an example, the first three clusters

are supposed to be merged at the last step but were
not. This was caused by the drawbacks of the existing
metrics, which we will discuss next.

The problem of metrics

Among many CVIs we tested, most were found not
robust when applied to highly diversified datasets.
For example, s Dbw index was not applicable to high-
dimensional data and Density Based Clustering Vali-
dation could easily get NaN. However, the CVI bench-
marking results showed that even the selected two
robust CVIs could not precisely describe the quality
of the clustering result. As the example in figure 5,
the proposed framework separated cluster 2 (Satur-
days) and 3 (Sundays), which had clearly different
profiles, but got lower scores than K-means. This is
because these two clusters were close to each other
and therefore lowered the scores. According to equa-
tion 1 and 2, both indices include elements represent-
ing the distance between clusters in the numerators
to penalize too many clusters generated. However,
the fact is some close and somewhat ”similar” sam-
ples are actually different and should be separated. In
other words, the distance is the only factor that de-
fines clusters according to existing CVIs, while factors
like density and continuity should also be considered.
Fortunately, though the CH index cannot well evalu-
ate the final clustering result, it was still reliable for
tuning the parameters at each step in the framework.
Take the case in figure 5 for example, the CH score
reached 3577 after K-means. Then DBSCAN iden-
tified smaller and closer clusters within the prelimi-
nary clusters so that the maximum value of overall
CH score was limited to 1935 before the last step. In
this way, the framework took advantage of the CVI’s
capability of finding locally optimal solution and nar-
rowed the range of CVI over the whole process so that
the CH index’s bias on close clusters was eliminated.
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This is one of the reasons why the greedy algorithm
was applied instead of global optimization.

Figure 5: An example of failed CVI evaluation
(Proposed got better result but lower scores).

Since no dimension reduction method was applied due
to the potential information loss, the 24-dimensional
data became very sparse in the space. This led to
the problem of ”Curse of Dimensionality”. With 24
variables in each sample, the influence of stochas-
tic error was essentially enhanced, sometimes over-
whelming the true difference between samples. An
example is highlighted by the black dashed rectangle
in figure 5. Weekdays after October (a) consumed
more than before (b) for 2 hours in the evening, but
couldn’t distinguish themselves from the others. The
reason is that this 2 hours’ difference, though obvi-
ous by observation, was not substantial in compari-
son with the variance of other hours when comput-
ing the Euclidean distance. Methods like DTW were
proposed to overcome this kind of problems (Sakoe
and Chiba, 1978) but unfortunately is not suitable
here because the difference in scale and trend mat-
ters. PCC was used as a different metrics at the last
step to complement for this weakness but still suffered
similar problems, causing those undesired situations
of similar final clusters not merged. Thus, applying a
better and more suitable similarity metrics will fur-
ther improve the framework’s performance. Alterna-
tively, different weights can be assigned to different
hours to magnify the difference in critical hours, but
the weighting strategy should be carefully designed
to make it adaptive to different situations.

On further applications

The load prediction benchmarking result showed that
the improvement of load profiling accuracy can eas-
ily result in improvement of further load prediction.
Load prediction was implemented in a simple and
scalable way to demonstrate the effectiveness. Two
items to note here: 1) The prediction error was
mainly caused by the lack of information. Since date
type was the only input of prediction, the prediction
accuracy can be improved by integrating more pa-
rameters like outdoor temperature; 2) To avoid over-
fitting, the approach of schedule generation cannot
be reversed, i.e. to directly use the mean profiles of

the 8 date types.

It is straightforward that finer profiles benefit energy
prediction, especially when it comes to higher gran-
ularity. For other applications such as demand side
management, the profiling results give more solid an-
swer to questions including but not limited to ”when
will the peak load happen on certain date types”
and ”how much percentage of load can be shifted to
nighttime”. However, this study mainly focused on
the profiling algorithm, questions like ”how this in-
formation will affect the design strategy” and ”how
many extra saving can be achieved” remained unex-
plored. Also, note that the profiling resolution is not
always the higher the better, but should adapt to the
ultimate objective. For instance, if the profiles are
used to classify the buildings or customers, too de-
tailed profiles would lead to too large variance among
buildings or customers and therefore inhibit the sub-
sequent classification.

Conclusion

In this paper, we proposed a scalable unsupervised
framework that can achieve high-resolution building
load profiling. By applying K-means and DBSCAN
complementarily, the framework is able to accurately
identify the typical energy usage profiles for different
types of buildings without any extra tuning. With
the dataset of 50 buildings, the proposed framework
has been proved to solve the problems of currently
popular methods and outperform the existing meth-
ods. The framework provides a better approach to
understanding how a building is operated. Also, the
result is useful for further applications including but
not limited to schedule inference for building energy
modeling.

With a thorough comparison between the proposed
framework and the existing methods, we revealed
the reasons behind the performance improvement.
Through further discussion, we identified three direc-
tions to extend this study: 1) A robust and more in-
formative CVI is required to quantitatively evaluate
the load profiling result; 2) A new similarity metric or
a delicate weighting strategy is to be designed for time
series clustering; 3) How this high-resolution profiling
result can help tasks other than energy prediction is
to be investigated.
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Abstract

There are various sustainable policies or labeling pro-
grams in building energy benchmarking. However,
they are often oriented for the static information of
building performances. The installation of smart me-
tering capabilities with building energy system gen-
erates unprecedented amount of data. By analyz-
ing such data, buildings can be evaluated in a more
comprehensive manner. We propose a data analytic
framework to discover dominant load shape patterns
and benchmark buildings with respect to these. We
applied this method to a simulation dataset (256
DOE reference building models) and compared them
to the results of an actual metering dataset (3,829
buildings). Using k-means clustering, we found three
fundamental profiles in the actual metering dataset,
and two of them, i.e., noon and evening peak pro-
file, are very similar to the dominant load shape pat-
terns of the DOE reference buildings. After regroup-
ing the buildings based on their dominant load shape
patterns, we found that 94% of the buildings are as-
signed to one of the three fundamental profile shapes
(in actual metering dataset), while there were only
two groups assigned for the DOE reference buildings.
The visual analytics of the proposed benchmarking
provides a comprehensive insight on building perfor-
mance, i.e., not only provides the static information
(PSU and EUI) but also temporal aspects (load shape
pattern) of building performance.

Introduction

The building sector is one of the main contributors for
global energy consumption and greenhouse gas emis-
sions. For example, buildings in the U.S. represent
for 40% of the energy consumption and 38% of CO2

emissions (DOE (2011)). Therefore, both public and
private stakeholders are attempting to develop sus-
tainable policies for a large stock of buildings (Park
and Nagy (2018)).

One of the famous sustainable policies in practice
is building energy benchmarking (Chung (2011)).
When there are a number of buildings to manage,
it is important to know whether a specific building in

the group performs better or worse than its peer. In
this regard, building energy benchmarking helps find-
ing the right peers, i.e., similar buildings in terms of
energy performance. One popular benchmarking tool
is EPA’s Energy Star program. It normalizes energy
usage for a variety of factors and it finds the average
consumption for a group of input buildings using na-
tional survey data. The Energy Star scores based on
residuals from ordinary least square regression models
and uses the Commercial Building Energy Consump-
tion Survey (CBECS) as a data source to create the
peer groups for submitted buildings.

With the importance of benchmarking in building en-
ergy policy, then the question is How to group build-
ings for the right comparison? Traditionally, build-
ings are classified into man-made categories, e.g., res-
idential, office, classroom, and retail based on their
primary space usage (PSU). This classification is the
key components when defining the building type, a
label that is still actively used in, e.g., CBECS. How-
ever, the PSU based classification is inflexible to cap-
ture the function of modern buildings, i.e., a whole
building does not often exactly fit into these cate-
gories due to an increasing diversity of space usages
and loads. These buildings are often refereed to as
mixed use colloquially, but are often still officially
given a rigid building type label. The CBECS data
collection protocol instructs that buildings used for
more than one of the activities described are assigned
to the activity occupying the most floor space. This
fuzzy definition creates a situation in which a number
of buildings are placed in peer groups that may under
or over-estimate their relative energy performance.

In addition to the PSU based classification, current
benchmarking methods score buildings according to
their energy performance. Energy usage intensity
(EUI), which is the annual energy consumption nor-
malized by the gross area of the buildings, is the most
widely used in practice due to its convenience of cal-
culation. Although EUI based classification enables
users to compare energy performance of building, this
metric often also oversimplifies the energetic perfor-
mance of a building, i.e., EUI information does not
capture temporal aspects of energy consumption.

________________________________________________________________________________________________ 

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

 
4282

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

https://doi.org/10.26868/25222708.2019.211074 
 



Figure 1: Data analytic framework for benchmarking buildings with respect to their temporal behavior.

The new opportunity has been emerged from the re-
cent technological development in the built environ-
ment. For example, researchers are able to under-
stand more comprehensive information on building
performance (Gunay et al. (2019)). In particular,
smart metering facilities have been widely deployed,
e.g., 70 million smart electricity meters were installed
in the U.S. by 2016 (EIA (2016)). This integration
of smart meters and buildings generates fine-grained
energy usage information, and researchers have lever-
aged this unprecedented increasing smart metering
data to analyze building performance more robustly.

The example usages of advanced data analytics in
building energy data are described as follow. For a
single building, Miller et al. (2015) proposed DayFil-
ter, which detects motifs and discords by analyzing
daily energy consumption data using Symbolic Ag-
gregate approximation (SAX). Their tool was further
used as fault detection tool for building management
system. Using more building data, Miller and Meg-
gers (2017) developed a two step framework to predict
various building performance information with a ran-
dom forest model and applied to 507 non-residential
buildings. With even larger scale, Luo et al. (2017)
proposed clustering based benchmarking method by
analyzing smart meter data from 2,000 commercial
buildings in California. Similarly, in our prior work,
Park et al. (2019) developed a load shape profile based
benchmarking method. We found fundamental load
shape profiles and labeled buildings by not man-made
artificial labels, e.g., PSU, but rather by their dom-
inant load shape patterns, which is more useful to
understand the energetic performance of buildings.

In this paper, we apply a load shape profile based
benchmarking to the reference buildings defined by
the Department of Energy (DOE) (NREL (2011)).
This DOE reference building dataset consists of 16
PSUs and 16 climate zones, i.e., 256 buildings. More
importantly, they represent 70% of the buildings in
the U.S. and were successfully used in various build-
ing simulation case studies (Field et al. (2010)). With
the proposed benchmarking method and reference
building models, we questioned 1) whether our bench-
marking strategy can classify the reference buildings
with respect to their daily energy consumption pat-
tern in order to analyze the buildings within more ho-
mogeneous groups, and 2) how the benchmarking re-

sult compares to the fundamental profiles found in the
real building energy metering dataset. For this com-
parison, we use our previous results from the largest
hourly building electricity consumption dataset (Park
et al. (2019)), i.e., 3,829 buildings. Further, we com-
pare both results qualitatively and suggest possible
future studies of our work.

The paper is structured as follows. In the Method
section, we summarize the data-driven load shape
based benchmarking method and introduce the two
datasets, i.e., metered and simulated data. Subse-
quently, the Result section shows both benchmarking
results with the discovered profiles. In the Discus-
sion section, we compare the implication of the bench-
marking method and both results. The last section
concludes the paper.

Method

Data analytic framework

Figure 1 illustrates the proposed benchmarking pro-
cedure, consisting of four main steps. First, the pro-
posed benchmarking requires hourly energy consump-
tion data for labeling buildings with respect to their
energetic behavior. Next, we preprocess the data to
limit the number of profiles of each building to a cer-
tain year, e.g., 1 or 2 year, in order to ensure that no
single building is biasing the clustering result. Sub-
sequently, we eliminate incomplete profiles, i.e., if a
daily profile contains less than 24 data points. Lastly,
we normalize daily profiles with Z-normalization. Let
t ∈ [1, 24] be the hour of day, and Ld is the hourly
energy consumption of a building on day d in kWh.
Then, the Z-normalized daily profile is

Zd(t) =
Ld(t)− µ

σ
(1)

where µ and σ are the mean and standard deviation
of Ld(t). Again, the objective of this benchmarking
is discovering load shape pattern, not the magnitude
of energy consumption. Particularly, Z-normalization
allows us to capture the shape of the profile as the re-
sulting mean for all profiles will be close to 0, while
the standard deviation will be closed to 1. This nor-
malization technique was successfully implemented in
previous related studies (Miller et al. (2015))

Next, we cluster all preprocessed daily profiles. The
objective of this clustering step is to investigate the
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Algorithm 1: k-means clustering

Determine the number of clusters (k)
Initialize k number of centroid randomly
repeat

for every data point do
for every centroid do

calculate the distance between the data
point and the centroid

assign the point to the cluster with the
lowest distance away

end

end
for every cluster do

calculate the cluster mean assign the cluster
to the mean

end

until no data point has changed cluster assignment

given data points (load profiles) into a certain num-
ber of k of clusters that show similarity. These defined
clusters are further used as the dominant load shape
patterns of benchmarking. We used k-means clus-
tering algorithm (alg. 1). Due to its simplicity, this
algorithm has been actively deployed for building en-
ergy portfolio and benchmarking studies (Miller et al.
(2018)). Although it is popular in the built environ-
ment, one challenge of this algorithm is the ambiguity
of cluster number, k, selection. To decide k, we em-
ploy two metrics. The first index is the within-cluster
sum of squares error (SSE), i.e.,

SSE =
k∑

i=1

∑
x∈Ci

(||x− ci||2) (2)

where Ci is the cluster i, x is a point in cluster Ci

and ci is the centroid of cluster Ci. From this in-
dicator, we can evaluate how data points are clus-
tered with shorter distances. In addition, we calcu-
late the Calinski-Harabasz (CH) Score (Caliński and
Harabasz (1974)), which offers a trade-off between
separation and cohesion by using both the average
between and within cluster sum of squares as

CH Score =

∑k
i=1 |Ci|||ci − c||2/(k − 1)∑k

i=1

∑
x∈Ci

||x− ci||2/(n− k)
(3)

where |Ci| and c are the number of points in each
cluster and the overall centroid of the data, respec-
tively, and n is the number of data points. By an-
alyzing these two metrics, we decide the number of
benchmarking groups for the input buildings.

Once the load shape profiles are found from k-means
clustering, we re-assemble on a building level and cal-
culate the cluster assignment distribution, i.e., the
frequency of each cluster, for each building. To quan-
tify how distinct the load shape profiles of the build-
ing are, we calculate the entropy of cluster assignment

distribution (Xu et al. (2017)).

E(j) = −
k∑

i=1

pj(Ci)log2pj(Ci) (4)

where pj(Ci) is the proportion of cluster type i in
building j. Larger values for E(j) indicate that vari-
ous consumption patterns are occurring with similar
distribution, i.e., no dominant profiles are present.
On the other hand, if E(j) is low, then the building
consumed energy in a relatively consistent pattern,
i.e., dominant cluster exist. If the same dominant
profile is present in a large amount of buildings, it is
considered a fundamental load shape profile.

Finally, we label the buildings with their benchmark-
ing groups. In the third step, we identified dominant
load shape, i.e., cluster type. Here each dominant
load shape serve as benchmarking groups. For this
grouping, we define the grouping rule as, i.e.,

Gk = {Bldg(j)|pj(Ck) > 0.5} (5)

If there is no dominant cluster, then these buildings
are classified as,

G0 = {Bldg(j)
∣∣ pj(Ck) < 0.5 ∀k} (6)

where Gk and Ck are benchmarking group and domi-
nant cluster, respectively. Within the same bench-
marking group, their energy consumption patterns
are similar so that buildings are compared within the
peers of similar energetic behavior.

Actual metering and simulation data

Again, we apply the proposed benchmarking strat-
egy to the DOE reference building dataset and com-
pare the result with the fundamental profile calcu-
lated from one of the largest smart metering datasets
(Park et al. (2019)). The main reasons that we em-
ploy the DOE reference building in this study are
1) to verify that our benchmarking method can be
used for simulation dataset and classify the reference
buildings, which are the most representative building
models in the U.S., and 2) to compare both actual me-
tering and simulation results in order to investigate
the potential improvement of input assumptions to
bridge the gap between actual and simulation build-
ing performance.

Here, we introduce the input building datasets for
both actual smart metering and energy simulation
from DOE reference building models. Each dataset
is summarized in Tab. 1 and explained as follows.

The first is one of the largest available actual build-
ing energy metering datasets (Park et al. (2019)). It
is constructed as a single hierarchical data format
(HDF5) and consists of multiple sources, which are
publicly available for academic purpose. Each indi-
vidual dataset contains hourly electricity consump-
tion with labeled information, i.e., PSU, building lo-
cation (city level), and gross area (m2). Precisely, this
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Figure 2: Clustering performance metric result (left: SSE, right: CH score).

Table 1: Summary of actual metering and simula-
tion dataset; More detail descriptions can be found in
(Park et al. (2019), NREL (2011)).

Metering Simulation

Buildings 3,829 256
Data period 2 yr 1 yr

Avg. area 4,709 m2 8,573 m2

Avg. EUI 111 kWh
m2 480 kWh

m2

Climate zones 5 16
PSUs 75 16

dataset follows PSU categories mostly refereed from
CBECS survey (EIA (2013)). In brief, the dataset
contains hourly energy consumption from 3,829 build-
ings and 75 PSUs with in average 2 years of collection
period.

In addition, we apply this benchmarking strategy
to the simulated building energy consumption data.
Specifically, DOE reference building models (new
construction case) are simulated using EnergyPlus
and TMY2 weather files (NREL (2011)). These refer-
ence buildings are developed by DOE and associated
national laboratories, and formerly called commercial
building benchmark models. In total, there are 16
reference building types (PSUs) across 16 locations,
resulting in 256 individual building models. Although
the actual number of building is less than metering
data, these building models are the most representa-
tive of the commercial buildings in the U.S. (approx-
imately 70%), and the validity of these models has
been evidenced by various building simulation stud-
ies (Field et al. (2010)).

We described the proposed data-driven benchmark-
ing method and two datasets we tested with. Next
section, we analyze the benchmarking results from
both datasets.

Results

Clustering performance index

The clustering performance indices, i.e., SSE and CH
score are shown in Fig. 2 as a function of k (k =

2—20). In detail, navy and orange colors indicate
the results from actual metering dataset and simula-
tion dataset, respectively. Note that the magnitude of
each result is significantly different due to the reason
that the numbers of buildings are different. Thus, we
visualize the results using two separate y-axes. Al-
though the magnitudes of values are different, their
patterns are very similar for both datasets, i.e., SSE
results continuously decrease with increasing number
of clusters, k, and CH scores have a maximum for k
= 3 decrease thereafter.

For further selection of the optimal cluster number
(k), we analyzed the SSE plot with elbow method,
and found the significant SSE reduction at k = 3.
This is also confirmed by the CH score, having its
maximum values for k = 3 in both datasets. Thus,
from Fig. 2, we select k = 3 case for further analysis.

Discovered load shape profiles

With k-means clustering using k = 3, Fig. 3 (left) il-
lustrates three fundamental profiles from the actual
metering dataset, while Fig. 3 (right) indicates the
three dominant load shape patterns in DOE refer-
ence buildings. The profiles are visualized with three
different colors, and x-axis and y-axis indicate time
of day and Z-normalized electricity consumption, re-
spectively. In addition, the line thickness is scaled
according to the number of profiles for the respective
cluster, i.e., a thicker line is indicative of more daily
profiles in that particular cluster. Mathematically,
these profiles are calculated by cluster centroids, i.e.,
the mean values of the profiles within associated clus-
ter.

We discovered similar load shape patterns from both
actual metering (3,829 buildings) and simulation (256
DOE reference buildings). As shown in Fig. 3, green
and blue load shape pattern illustrate noon and
evening peak profile, respectively, in both datasets.
The minor difference is that the profiles from me-
tering data shows smoother shape with shorter peak
time and smaller variations in terms of magnitude of
Z-normalized load. In addition, both green and blue
profiles are the thickest profiles, indicating most of
daily profiles in both datasets are noon and evening
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Figure 3: Discovered fundamental profiles (left: metering data, right: simulation data).

Table 2: Number of buildings and average entropy
(G1: blue load shape, G2: red, and G3: green).

Metering Simulation
Nr.
bldgs

Avg. en-
tropy

Nr.
bldgs

Avg. en-
tropy

G0 247 1.5 0 -
G1 1,868 1.0 80 0.05
G2 561 0.75 0 -
G3 1,153 0.95 176 0.4

peak load shapes primarily.

On the other hand, red profiles represent totally dif-
ferent load shape patterns for each dataset. In left
part of Fig. 3 (actual metering dataset), red load
shape indicates the maximum and minimum con-
sumption at morning and evening, respectively. Dif-
ferently, we observed that red profile has low and
steady consumption during noon period from simu-
lation data. However, red profiles are the thinnest
profiles, which means that there are only a few daily
profiles behaving like red load shape patterns in both
datasets.

Regrouping by cluster dominance

The buildings are then regrouped with respect to
dominant cluster types. Tab. 2 represents the re-
grouping result based on each building’s dominant
energy consumption pattern. From the metering
dataset, only 6% (247) of buildings are classified as
G0, which indicates that total 94% of buildings have
a dominant load shape and are grouped accordingly.
In addition, the entropy value of G0 is relatively high,
which also confirms that there is no such dominance
energy consumption pattern for these 247 buildings.
On the other hand, the major portions of the build-
ings are grouped as G1 (48%), G2 (16%) and G3

(30%) with relatively low entropy values. This ob-
servation suggests that the majority of the buildings
have their dominant load shape patterns and those
load shapes are fairly consistent based on their smart
metering records.

For the simulation dataset, on the other hand, none of
the buildings are classified as G0 and G2. About 30%
of the buildings are part of G1 and the averaged en-
tropy values within this group is extremely low. This
suggests that 80 DOE reference buildings are domi-
nantly behaving as blue load shape, i.e., evening peak
profiles. The other 70% of the buildings are grouped
as G3. Again the averaged entropy values of this
group is small enough to argue that these 176 build-
ings have a dominant load shape pattern as green
profile in Fig.3 (right). In general, the entropy values
of simulation dataset is lower than one from actual
metering dataset. This is because, simulation results
are calculated predominantly by input assumptions
and weather files, whereas metering dataset has some
uncertainties regarding building system performance,
occupant behavior, and inconsistent weather condi-
tions.

Analyzing building performance with PSU,
EUI, and dominant load shape profile

Fig. 4 illustrates the final benchmarking result with
dominant load shape profiles. For the metering
dataset, we randomly sampled 256 buildings from the
whole dataset (3,829 buildings) for visualization pur-
pose, on the other hand, we visualize all 256 buildings
for simulation dataset. The buildings are grouped ac-
cording to G0 — G3, each dot representing one build-
ing colored according to its PSU for reference and
EUI values on y-axis. Such visual analytic provides
multidimensional insights on building performance,
i.e., analyzing PSU, EUI, and dominant load shape
profile. As an example, even though two classroom
buildings in actual metering dataset are same PSU
and EUI, we can differentiate by their different energy
consumption pattern (G2 or G3) with this result.

Regarding PSUs, buildings from actual metering
analysis are classified for all groups (G0 — G4).
Mainly, G1 contains single family house type build-
ings, while other groups have various PSUs. This
indicates that blue load shape pattern in Fig. 3 is de-
rived by residential building. Conversely, other load
shape patterns are independent from PSU types. For
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Figure 4: Dominant load shape profile based benchmarking result (left: metering data, right: simulation data).

simulation dataset, G1 and G3 are separated com-
pletely, i.e., G1 has midrise apartment, large / small
hotel, and full / quick restaurant, and G3 has other
PSUs. This observation suggests that load shape
pattern is dependent on schedule inputs of reference
building models.

In addition, this visual analytic tool quickly returns
the building performance overview of a large amount
of buildings. For example, more than half of the
buildings from metering dataset are grouped in G1,
which indicates that the grid needs to be robust
enough to maintain this demand pattern, i.e., evening
peak. Also, the buildings in G0 might have malfunc-
tioning building systems or metering infrastructures.
Thus, this grouping could serve as a preliminary step
in automated fault detection.

Discussion

The proposed benchmarking method regrouped a
large amount of buildings for both actual meter-
ing and simulation dataset according to their dom-
inant load shape patterns. Each group has unique
load shape pattern and indicates low entropy value,
which means these profiles are unique characteristics
of buildings. This result suggests that when building
researchers or policy makers analyze temporal aspects
of building performance, a load shape pattern based
benchmarking only requires 2—4 groups for a large
stock of buildings whereas typically 20—50 individual
PSU in a conventional benchmarking strategy.

Interestingly, two of the fundamental profiles from
actual metering are similar to two dominant load
shape patterns from DOE reference building simu-
lation dataset, i.e., blue and green load shape pat-

tern. First, blue load shape pattern is representing
small and large peak at morning and evening, re-
spectively. The major contributions for this type of
profile are residential buildings in metering dataset.
Similarly, in simulation dataset, all of the residen-
tial and hotel buildings have blue load shape pattern
as dominant cluster. In addition, green load shape
patterns from actual metering and simulation dataset
are similar, i.e., peak time around noon, and various
building PSUs derive this load shape profile. Lastly,
even though red load shape patterns are completely
different each other, these profiles again are not the
main load shape patterns in both datasets, i.e., 16%
of the buildings in metering dataset and none of the
DOE reference buildings have red load shape as dom-
inant cluster. This observation suggests that DOE
reference building models capture real world build-
ing cases at least for dominant building load shape
patterns.

On the other hand, the main difference between the
two results is that DOE reference buildings are only
grouped by 2 dominant groups while buildings from
actual dataset are classified with all 4 groups includ-
ing no-dominance group (G0). This is mainly be-
cause, simulation result from DOE reference build-
ings are governed by modeling assumptions. For ex-
ample, Fig. 5 indicates modeling assumptions, i.e.,
building occupancy, equipment, light schedules, for
DOE reference building models. As we described,
these models have 16 different PSUs. Although all
16 occupancy profiles and schedules are different in
terms of numbers, some PSUs do not generate sig-
nificantly different energy simulation results, e.g., the
pairs of restaurants, hotels, offices, and store build-
ings. Such similar inputs are the main reason for
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Figure 5: Modeling assumptions for DOE reference buildings (grey: occupancy, blue: equipment, and yellow:
light schedule).

generating only two benchmarking groups in Fig. 2.
In fact, researchers tried to simulate building perfor-
mance with more accurate input assumptions (Yan
et al. (2017)). As a future work, we can integrate the
DOE reference building models with some occupant
behavior models from previous literature (Chen et al.
(2018)) in order to have more realistic result.

As shown in Fig. 3 (right), three dominant profiles
from simulation dataset are highly related to input
assumptions in Fig. 5. Thus, we can reversely in-
fer occupancy profiles and building system operation
schedules from the hourly energy consumption data.
Since the actual metering dataset, which we used in
this paper, is one of the largest datasets (hour reso-
lution energy consumption from 3,829 buildings), we
can potentially calculate very realistic temporal input
assumptions for future reference building models.

Although our proposed method was successfully im-
plemented for both actual metering and simulation
dataset, it should be noted that the results are still
carefully examined in terms of its ability to general-
ize to all locations and all building types. This type
of limitation is common in any data-driven approach.
Especially, the actual metering dataset mainly con-
tains educational buildings from North America and
residential buildings from Europe (Cork/Ireland),
which might result in similar predefined building op-
eration schedule and occupant behavior. In addition,
as we stated above, DOE reference building mod-
els are not exhaustive to capture various occupant

behaviors and building schedules in real buildings.
Lastly, we can further improve the simulation result
by changing weather files.

Conclusion

In this paper, we investigated an interesting temporal
aspects, i.e., dominant load shape pattern, of build-
ing performance using unsupervised machine learning
methods, and applied them to a data-driven bench-
marking study. We applied this method to the sim-
ulation dataset (256 DOE reference buildings) and
compared it to the result from an actual metering
dataset (3,829 buildings). With k-means clustering
method, k = 3 was selected as the optimal num-
ber of groups for both dataset. As a result, we dis-
covered three fundamental profiles from the actual
metering dataset, and two of them, i.e., noon and
evening peak profile, are very similar to the domi-
nant profiles from DOE reference buildings. We then
regrouped the buildings according to their dominant
load shape pattern. For the actual metering dataset,
we found that 94% of the buildings are assigned to
one of the three fundamental profile shapes, while
there were only two groups assigned for the DOE
reference buildings. Finally, we visualized the load
shape profile based benchmarking result with a con-
ventional way of building classification, i.e., PSU and
EUI based. This novel benchmarking approach has
evidenced its potential applications for more robust
building data analytics.
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Abstract 
Comparisons of measurements at a 1:1 scale mock-up 
with detailed thermal simulation offer a great opportunity 
for model evaluation.  
Due to the composition of the investigated glazing system 
(8 mm + 8 mm PVB laminated glass, solar protection 
coating, 5 mm glass and 8 mm glass) the authors extended 
the existing complex fenestration model (CFS) of the 
multizone building model of TRNSYS by adding heat 
capacity for glass layers. 
Simulation results with and without glass capacity 
consideration are compared to measurements at a 1:1 
scale facade mock-up.  
The results show that the consideration of heat capacity of 
the glass layers improves the match to measured data 
significantly. The extended model resolves issues of high 
peak temperatures and a shift in time of occurrence. The 
simulation results of the improved CFS model match 
closely to the measurements of the mock-up. 
 
Introduction 
Thermal building performance simulations are used more 
frequently than ever by engineers and architects to 
evaluate highly glazed buildings. Comparisons of 
measurements at a 1:1 scale mock-up with detailed 
thermal simulation offer a great opportunity for model 
evaluation. 
For a current ongoing high-rise project, different façade 
concepts of solar protection glazing with internal screens 
combined with displacement ventilation have been 
investigated. Detailed measurements were performed at 
1:1 scale test mock-up of a typical office at a test building 
facility under real weather conditions.  
Measurements of the highly glazed façade under 
investigation were compared to detailed thermal 
simulation with TRNSYS (Klein, 2018) utilizing a 
complex fenestration model (CFS) (Hiller, 2013).  
First results indicated that a temporal misalignment may 
be caused by a lack of thermal mass in the modelled 
glazing system. The CFS model of TRNSYS is based on 
ISO 15099 (ISO, 2003). The ISO 15099 (ISO, 2003) 
describes a detailed thermal model, but doesn’t take into 
account the heat capacity of the glass panes. For many 
applications this is a valid assumption, but for multi-pane 
glazing systems with a large total glass thickness and solar 

protection coating the capacity may have considerable 
impact on the resulting surface temperatures since glass 
has a thermal density in the range of concrete (ρglass = 2500 
kg/m³) and a heat capacity of approx. 0.8 kJ/(kg K).  
Due to the composition of the investigated glazing system 
(8 mm + 8 mm PVB laminated glass, solar protection 
coating, 5 mm glass and 8 mm glass) the authors decided 
to further investigate the impact of the heat capacity. 
Therefore, the existing complex fenestration model was 
extended to account for the heat capacity of glass layers. 
For better understanding a step response test was 
performed first. In a second step the simulation results 
with and without heat capacity consideration were 
compared to measurements of the mock-up. The 
measurements include a base case with sun protection 
glazing only as well as a test sequence including internal 
screen.  
 
Façade Mock-Up 
The Modular Test Facility for Energy and Indoor 
Environments (VERU) is located on the Holzkirchen test 
site of Fraunhofer Institute for Building Physics IBP, 
Germany enables practice-oriented tests on a 1:1 scale 
under natural weather conditions. The geographical 
coordinates of the site are 47.88° northern latitude and 
11.73° eastern longitude, and it is 690 m above sea level.  

 
Figure 1: Picture of test facility with the investigated 

façade. 
The test facility is a multi-storey building. The test cell is 
box shaped with a width of 3.75 m, a depth of 6.14 m and 
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a clear height = 3 m near the façade and up to 3.25 m in 
the rear. 
The investigated façade was mounted at the south side of 
the left test cell, 2nd level of the as shown in Figure 1. The 
façade is divided into two modules (2.56 m x 2.96 m and 
0.79 m x 2.96 m).  
The glazing system consists of a triple pane, sun 
protection glazing (Tv = 0.53, Te = 0.22, Ug = 0.5 W/m²K, 
g = 0.25) and an optional internal white screen  
(4% opening factor, Tv = 0.48, Te = 0.46, ae = 0.40). The 
composition of the glazing without screen is presented in 
Table 1. The distance between the screen and the inner 
glazing layer is 21 cm. There are no air gaps at the screen 
side and bottom edges. 

Table 1: Glazing system (from outside to inside). 
number BE  name thickness 

[mm] 
1  Planibel Clear 8.00 
2  PVB-Folie 0.76 
3  Planibel Clearlite 8.00 
4 2 ipasol ultraselect 62/29 (εn = 1 %)  
5  90% Argon 16.00 
6  Optifloat 5.00 
7  90 % Argon 16.00 
8 5 iplus Top 1.1 T (εn = 3 %)  
9   Planibel Clearlite 8.00 
   61.76 

Table 2 provides an overview of the opaque surface 
constructions. The test cell has installed three cooling 
sails (each 2,00 m x 1,15 m) near the façade and thermally 
activated slab systems in the rear (1 element with 3,75 m 
x 1,90 m and 2 elements with 3,75 m x 0,70 m). Neither 
system was activated during the test periods.  
The air temperature of the test cell was kept at a constant 
minimum temperature by an electric heater.  
Fresh Air with a constant air flow rate of approx. 105 m³/h 
at 20 °C was provided by underfloor convectors near the 
façade. For these test sequences the exhaust air is 
extracted at ceiling level close to façade (not from the 
cavity between glazing and screen). 
The following measurements are used as boundary 
conditions for the simulation at a three-minute time steps: 
• Horizontal global radiation 
• Global radiation on the south facade 
• Downward heat radiation on a horizontal plane 
• External air temperature 
• Wind velocity 
• Wind direction 
• Relative humidity 
• Surface temperatures of test cell surfaces of the walls 

and ceiling (3 position for the cooling sails and 3 
position for the thermally activated slab) 

• Air temperature of the raised floor 
• Air temperature in test cell measured at a distance of 

2 m from the façade at different heights (0.6 m,  
1.1 m and 1.7 m) 

 

Table 2: opaque surface constructions. 

 
For comparison to simulation results the following 
measurements are used:  

• Outside surface temperature of the main glazing  
(at a height 1.6 m) 

• Inside surface temperature of the main glazing  
(at a height 16 m) 

• Cavity air temperature of the main glazing  
(at a height of 0.95 m, 1.6 m, 2.25 m) 

• Screen temperature of the main glazing 
Additional measurements of glazing and screen surfaces 
have been taken at different heights. The sensors for the 
glazing temperature measurements were mounted 
unshielded with thermally conductive paste.  
The following test cases were measured. 
• Case 1: glazing without screen 
• Case 2 :glazing with internal screen 
Each test sequence includes cloudy conditions with 
mainly diffuse radiation and clear sky conditions with 
high solar radiation. 
 
Modelling 
For the thermal simulation the focus was on the detailed 
modelling of the glazing system.  
 
Glazing system 
Thermal models based on ISO 15099 (ISO, 2003) are 
commonly used for detailed glazing modelling. Such 
models are available in building performance simulation 

component construction thickness 
[mm] 

west façade 

glazing plastered externally with 
opaque, pale foil   
airspace 225 
insulation (mineral wool) 60 
plasterboard 12.5 
air gap 80 
plasterboard 12.5 

adjacent 
wall east 

plasterboard 25 
insulation (mineral wool) 160 
plasterboard 25 

adjacent 
wall north 

plasterboard 25 
insulation (mineral wool) 160 
plasterboard 25 

access door timber (glue-laminated) with 
viewing window 50 

floor 

carpet (floor tiles) 6 
raised floor 38 
air space 260 
concrete  250 

ceilling 

floor screed 55 
insulation (EPS) 30 
concrete with component activation  250 
or prefabricated concrete element 
with component activation  125 
area with cooling sails and 
additional insulation 50 
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software like TRNSYS (Hiller, 2014) and EnergyPlus 
(US DOE, 2018) as well as in computer programs for 
calculating total window thermal performance indices 
like Window (LBNL, 2018).  
The ISO 15099 model is based on the heat flow balances 
of each layer. The layers are merely differentiated by air-
impermeable (e.g. glazing) and permeable (e.g. shading 
elements) layers. Adjacent gaps or a gap and the external/ 
internal air are aerodynamically connected due to the 
opening areas of shading elements (see Figure 2) 

 
Figure 2: Opening areas of a shading element  

(ISO, 2003) 
 
Figure 3 shows the heat flow for each layer of the glazing 
system. If the direction of the heat flow is a priori 
unknown, it is depicted from right to left. 

 
Red short and long wave radiation  
Blue convection and conduction 

Figure 3: Thermal exchanges in the glazing 
system(Schöttl, 2013) 

The used variables are described in the following 
paragraph: 
The radiation flow Si is caused by the solar radiation 
absorption of each particular layer. It is assumed that the 
radiation flow is absorbed evenly over the pane thickness 
ti. 
The radiosities Jf,i and Jb,i include the fraction emitted by 
the boundary surface as well as those transmitted and 
reflected.   

 
 

𝐽𝐽𝑓𝑓,𝑖𝑖 = 𝜖𝜖𝑓𝑓,𝑖𝑖𝜎𝜎𝑇𝑇𝑓𝑓,𝑖𝑖
4 + 𝜏𝜏𝐼𝐼 𝑅𝑅,𝑏𝑏,𝑖𝑖  𝐽𝐽𝑓𝑓,𝑖𝑖+1 + 𝑟𝑟𝐼𝐼 𝑅𝑅,𝑓𝑓,𝑖𝑖 𝐽𝐽𝑏𝑏,𝑖𝑖−1  (1) 

𝐽𝐽𝑏𝑏,𝑖𝑖 = 𝜖𝜖𝑏𝑏,𝑖𝑖𝜎𝜎𝑇𝑇𝑏𝑏,𝑖𝑖
4 + 𝜏𝜏𝐼𝐼 𝑅𝑅,𝑓𝑓,𝑖𝑖  𝐽𝐽𝑏𝑏,𝑖𝑖−1 + 𝑟𝑟𝐼𝐼 𝑅𝑅,𝑏𝑏,𝑖𝑖  𝐽𝐽𝑓𝑓,𝑖𝑖−1 (2)  

 

By means of heat conduction a heat flow emerges and 
flows through the solid layer with the thickness ti and 
thermal conductivity λi. 
The convective heat transfer hcv causes the flows �̇�𝑞𝑐𝑐𝑓𝑓,𝑖𝑖 
und  �̇�𝑞𝑐𝑐𝑏𝑏,𝑖𝑖 . They flow from the solid layer to gas and vice 
versa.  
When the gas gap is ventilated, a heat flow �̇�𝑞𝑣𝑣𝑣𝑣𝑣𝑣 , which 
influences the gas temperature, exists. The ventilation 
may be thermally or mechanically induced. The algorithm 
for thermally-driven ventilation is given by ISO 15099.  
The following system of equations results: 
 

Front i:  
0 = − 𝜆𝜆𝑖𝑖

𝑑𝑑𝑖𝑖
�𝑇𝑇𝑓𝑓,𝑖𝑖 − 𝑇𝑇𝑏𝑏,𝑖𝑖� + 𝑆𝑆𝑖𝑖

2
− ℎ𝑐𝑐𝑣𝑣,𝑓𝑓,𝑖𝑖�𝑇𝑇𝑓𝑓,𝑖𝑖 − 𝑇𝑇𝑔𝑔,𝑖𝑖−1� + 𝐽𝐽𝑏𝑏,𝑖𝑖−1 − 𝐽𝐽𝑓𝑓,𝑖𝑖 (3) 

 

Back i: 
0 = − 𝜆𝜆𝑖𝑖

𝑑𝑑𝑖𝑖
�𝑇𝑇𝑏𝑏,𝑖𝑖 − 𝑇𝑇𝑓𝑓,𝑖𝑖� + 𝑆𝑆𝑖𝑖

2
− ℎ𝑐𝑐𝑣𝑣,𝑏𝑏,𝑖𝑖�𝑇𝑇𝑏𝑏,𝑖𝑖 − 𝑇𝑇𝑔𝑔,𝑖𝑖� + 𝐽𝐽𝑓𝑓,𝑖𝑖+1 − 𝐽𝐽𝑏𝑏,𝑖𝑖 (4) 

 

Gas layer i: 
0 = ℎ𝑐𝑐𝑣𝑣,𝑓𝑓,𝑖𝑖�𝑇𝑇𝑓𝑓,𝑖𝑖+1 − 𝑇𝑇𝑔𝑔,𝑖𝑖� − ℎ𝑐𝑐𝑣𝑣,𝑏𝑏,𝑖𝑖�𝑇𝑇𝑔𝑔,𝑖𝑖 − 𝑇𝑇𝑏𝑏,𝑖𝑖� + ℎ𝑣𝑣𝑣𝑣𝑣𝑣(𝑇𝑇𝑔𝑔,𝑖𝑖𝑣𝑣,𝑖𝑖 − 𝑇𝑇𝑔𝑔,𝑖𝑖) (5) 

 

As shown by the above equations, the original ISO 15099 
model neglects the heat capacity of the glazing system. 
This assumption is valid for most applications.  
For investigating the effect of the thermal mass on the 
resulting temperatures of the installed glazing system the 
existing complex fenestration model of TRNSYS (Hiller, 
2014) was extended. 
Equation (3) and (4) were modified by adding a capacity 
term to the front and back surface node of a layer:  
Front i:  

0 = −
𝜆𝜆𝑖𝑖
𝑑𝑑𝑖𝑖
�𝑇𝑇𝑓𝑓,𝑖𝑖 − 𝑇𝑇𝑏𝑏,𝑖𝑖� +

𝑆𝑆𝑖𝑖
2
− ℎ𝑐𝑐𝑣𝑣,𝑓𝑓,𝑖𝑖�𝑇𝑇𝑓𝑓,𝑖𝑖 − 𝑇𝑇𝑔𝑔,𝑖𝑖−1� + 𝐽𝐽𝑏𝑏,𝑖𝑖−1 − 𝐽𝐽𝑓𝑓,𝑖𝑖  

                       − 𝜅𝜅𝑖𝑖
2 𝛥𝛥𝛥𝛥

�𝑇𝑇𝑓𝑓,𝑖𝑖 − 𝑇𝑇𝑓𝑓,𝑖𝑖,𝛥𝛥−1� (6) 
 

Back i: 
0 = −

𝜆𝜆𝑖𝑖
𝑑𝑑𝑖𝑖
�𝑇𝑇𝑏𝑏,𝑖𝑖 − 𝑇𝑇𝑓𝑓,𝑖𝑖� +

𝑆𝑆𝑖𝑖
2
− ℎ𝑐𝑐𝑣𝑣,𝑏𝑏,𝑖𝑖�𝑇𝑇𝑏𝑏,𝑖𝑖 − 𝑇𝑇𝑔𝑔,𝑖𝑖� + 𝐽𝐽𝑓𝑓,𝑖𝑖+1 − 𝐽𝐽𝑏𝑏,𝑖𝑖   

                         − 𝜅𝜅𝑖𝑖
2 𝛥𝛥𝛥𝛥

�𝑇𝑇𝑏𝑏,𝑖𝑖 − 𝑇𝑇𝑏𝑏,𝑖𝑖,𝛥𝛥−1� (7) 

where κi  is the area related heat capacity of layer i, Δt is 
the simulation time step, Tf,i,t-1 and Tb,i,t-1 are the node 
temperatures of layer i from the previous time step.  
 
Step response test 
For better understanding of the heat capacity effect on the 
resulting temperature a step response test was performed.  

Table 3: Boundary conditions of step response test  
  Winter Summer 
Air temperature, exterior -18 °C 32 °C 
Radiation temp., exterior -18 °C 32 °C 
Emissivity, exterior  1 1 
Wind velocity, exterior 5.5 m/s 2.8 m/s 
Air temperature, interior 21 °C 24 °C 
Radiation temp., interior 21 °C 24 °C 
Emissivity, interior 1 1 
Solar direct radiation 0 W/m² 783 W/m² 

EM 
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Therefore, a 3D zone with one airnode including the 
mock-up façade was defined in the multizone building 
model of TRNSYS. The boundary conditions inside and 
outside were switched from winter conditions to summer 
conditions (see Table 3). The simulation time step was 0.1 
hours. 
 
Mock-up 
The test cell was modelled by the multizone building 
model of TRNSYS as a 3D zone with one airnode with 
the south façade as the only external surface.  
The glazing system was modelled by the previously 
described model. Information regarding the composition 
and properties of layers and gaps of the glazing system 
were generated from WINDOW 7- outputs and provided 
by an external file to the model. 
The measured interior surface temperatures of the walls 
and ceiling were imposed on the model surfaces. For the 
cooling sails as well as for the thermally activated slab 
mean values of the measured temperatures were applied. 
Since the interior floor surface temperature wasn’t 
measured, the raised floor was modelled as constructed 
with the measured air temperature as boundary condition.  
For calculation of the exterior surface convective heat 
transfer a modified MoWiTT algorithm is used. The 
algorithm is based on measured data for glass surfaces 
from Lawrence Berkeley National Laboratory’s Mobile 
Window Thermal Test facility (Yazdanian and Klems, 
1994). The modified algorithm accounts for local-height 
wind speed, surface orientation and surface roughness 
(ANSI/ASHRAE, 2017). The exterior longwave 
exchange with the sky and the ground surface is 
calculated explicitly. 
The interior surface convective heat transfer coefficient 
was calculated by the internal model of the multi-zone 
building model depending on surface orientation and 
difference between the interior surface and air 
temperature. For modelling the interior surface longwave 
radiation exchange the detailed mode based on 3D 
geometry and surface emissivity was applied. 
The airnode temperature of the zone was set to the mean 
value of the measured air temperatures of the test cell. 
The measured weather data of the mock-up was directly 
used as input for the building model. Since only the global 
radiation on the south façade was measured, the 
distribution between direct and diffuse was calculated by 
a radiation processor according to the Perez-Model (Perez 
et al., 1990). The ground surface temperature wasn’t 
measured and was assumed to be equal to the exterior air 
temperature. The sky temperature was derived from the 
measured downward heat radiation on the horizontal. 
 
Results and discussion 
Step response test 
Figure 4 - Figure 5 show the resulting mean temperatures 
of the glazing layers modelled with and without capacity. 

The layers are numbered from outside to inside. The 
screen has no capacity associated. 

 
Figure 4: Step response test, glazing system (no screen) 

without and with glass capacity. 

 
Figure 5: Step response test, glazing system including 

screen with and without glass capacity. 
Until hour 3 steady state winter conditions are applied 
resulting in constant layer temperatures for both models. 
When switching from winter to summer conditions the 
layer temperatures modelled without glass layer capacity 
rise instantaneously in the next time step to steady state 
summer conditions. Steady state layer temperatures of the 
glazing systems have been compared to WINDOW 7.4 
result. The deviations are negligibly small. 
 

Table 4:Response characteristic of glazing system 
without screen considering glass capacity 

  63% ΔT 86% ΔT 95% ΔT 

Tglzlay1_cap 0.5 h 1.05 h 1.65 h 

Tglzlay2_cap 1.65 h 2.85 h 4.1 h 

Tglzlay3_cap 1.5 h   2.85 h   4.15h  
 

Table 5:Response characteristic of glazing system with 
screen considering glass capacity 

  63% ΔT 86% ΔT 95% ΔT 

Tglzlay1_cap 0.5 h 1.05 h 1.7 h 

Tglzlay2_cap 1.75 h 3.05 h 4.4 h 

Tglzlay3_cap 1.5 h 2.6 h 3.9 h 

Tglzlay4_cap 0.65 h 1.8 h 2.95 h 
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Table 4 and Table 5 present the response characteristic of 
the glazing systems considering glass capacity with and 
without the screen, respectively. The exterior glass layer 
(Tglzlay1_cap) shows the largest temperature step due to 
solar absorption and the step increase of exterior 
temperature. The largest delay is encountered for the 2nd 
layer (Tglzlay2_cap) which has the lowest heat capacity 
but is influenced by the adjacent layers. 
 
Mock-up Case 1: glazing without screen  
In the following section, the results of the test period 
without screen for 3 days from January 15 – 17, 2019 for 
the mock-up are presented.  
As shown in Figure 6, the first day was cloudy with low 
diffuse incident radiation on the south façade. The next 
two days show clear sky conditions with high incident 
solar radiation of up to 950 W/m² on the facade. The wind 
speed in this period varies from velocities around 6 m/s to 
very low velocities below 1 m/s on January 16. The 
measured ambient air (Tairamb_m) and sky temperature 
(Tsky_m) is included in Figure 7 and Figure 9. 

 
Figure 6: Incident Solar Radiation on the south façade 

and wind speed at 10 m 
The measured and simulated surfaces temperature of the 
glazing system without glass capacity are presented in 
Figure 7 and Figure 8. Figure 9 and Figure 10 show the 
results considering the heat capacity of the glass layers. 

 
Figure 7: Comparison of exterior surface temperature of 

the glazing without glass capacity 
During day time with high solar radiation the resulting 
surface temperature modelled without glass layer capacity 
shows a significant time shift compared to the measured 
results. The time shift for the exterior surface 
(Tglzlay1_s) is moderate with approx. 0.6 h, whereas a 

larger shift of approx. 1.6 h is seen for the interior surface 
(Tglzlay3_s). In addition, the simulated temperatures 
show much higher peaks on January 17 where solar 
radiation conditions change rapidly. 

 
Figure 8: Comparison of interior surface temperature of 

the glazing without glass capacity 
As presented in Figure 9 and Figure 10, the consideration 
of the heat capacity of the glass layers in the simulation 
model improve the match to the measured data during day 
time significantly. The simulated curves show the same 
trend as the measured ones without time delay. In 
addition, the high temperature peaks caused by 
fluctuating radiation are resolved.  

 
Figure 9: Comparison of the exterior surface 

temperature of the glazing considering glassing capacity 

 
Figure 10: Comparison of interior surface temperature 

of the glazing considering glass capacity 
The exterior surface temperature closely matches with the 
measurements during cloudy conditions. For clear sky 
conditions a deviation of max. - 3 K is observed. By 
considering the root-mean-square error (RMSE) of the 
exterior surface temperature is reduced from 2.61 to 1.41 
during times without incident direct solar radiation. 
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During day time with high incident solar radiation large 
temperature difference between the exterior surface and 
the exterior boundary temperatures (36.8 K related to 
ambient air temperature and 59.8 K to the sky temperature 
on January 16) occur. During this time the resulting 
exterior surface temperature highly depends on the 
exterior heat transfer coefficients. Small differences of the 
modelled heat transfer coefficients have a larger impact 
on the resulting exterior surface temperature. With respect 
to this, it can be concluded that the modelled exterior heat 
transfer coefficients are representative of the real 
conditions. For sunny conditions RMSE of the exterior 
surface temperature is reduced from 8.05 to 2.91. 
The interior surface temperature shows good agreement 
with measurements. For temperature peaks deviation of 
approx. -0.5 K is encountered. The RMSE is reduced from 
2.74 to 0.51. 
 
For cloudy conditions when the test cell was heated to 
minimum air temperature the measured and simulated 
interior surface temperature show the same trend but with 
an offset of approx. 0.7 (moderate sky temperatures) to 
1.3 K (low sky temperatures) The offset can be explained 
by the radiative part of the heater elements which couldn’t 
be considered in the simulation due to a lack of measured 
electrical heating consumption. This explanation is 
supported by additional measurements under cloudy 
conditions from December 23 – 25, 2018 where the heater 
elements were switched off temporarily for several hours 
due to a power failure. Without heating the deviation 
between measured and simulated interior surface 
temperature decreases to a neglectable range of max. 0.2 
K. (see Figure 11)  

 
Figure 11: Comparison of interior surface temperature 
of the glazing considering glass capacities with heating 

failure 
 
Case 2: Mock-up – glazing with internal screen, 
exhaust air from room side 
In contrast to the previous test sequence, the interior 
screen is now mounted and closed permanently. The 
ventilation of the cavity between glass and screen is 
thermally-driven. The 3-day test period took place from 
February 12 – 14, 2019.  
As shown in Figure 12 the weather conditions are 
comparable to the previous test period. The first day was 

cloudy with low incident diffuse radiation on the south 
façade. The next two days show clear sky conditions with 
high incident solar radiation of up to 960 W/m² on the 
facade. The wind speed in this period varies from 
velocities around 5 m/s for the first day to lower velocities 
of 1 - 2 m/s for the other days. The measured ambient air 
and sky temperatures are included in Figure 13 and  
Figure 17. 
The measured and simulated temperature of the glazing 
system without glass layer capacity are presented in 
Figure 13 - Figure 16. Figure 17 - Figure 20 show the 
results considering the heat capacity of glass layers. 
 

 
Figure 12: Solar Radiation data on the south façade and 

wind speed at 10 m height 
As expected from the previous results the simulated 
temperatures without capacity show a significant time 
shift compared to the measurements and more fluctuation. 
The extended model considering the heat capacity of the 
glass layers improves the match to the measured data 
significantly.  
Similar to the presented result of Case 1, an offset of the 
simulated inner surface temperature (here the screen) 
during heating conditions is encountered (see Figure 20). 
As mentioned before, the offset is caused by the radiative 
part of the heater elements which wasn’t considered in the 
simulation model. The peak screen temperature deviation 
is reduced by considering glass layer capacity from 2K to 
1.2 K. 
The interior glazing surface temperature is no longer 
affected by longwave radiation exchange with the heater 
elements resulting in a very good agreement for the whole 
test sequence (see Figure 18). 
Figure 19 shows the simulated cavity outlet temperature 
as well as measured cavity air temperatures at 0.95 and 
2.25 m, respectively. During sunny conditions the cavity 
air temperature is higher than the air temperature of the 
test cell resulting in air flow from bottom to top. The 
simulated outlet temperature is in good agreement with 
the air temperature measured at 2.25 m height. During 
heating conditions, a reversed flow from top to bottom 
occurs because the cavity temperature is lower than the 
air temperature of the test cell. For this case, the simulated 
outlet temperature is in good agreement with the air 
temperature measured at 0.95 m height.  
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Figure 13: Comparison of the exterior surface 

temperature of the glazing without glass capacities 

 
Figure 14: Comparison of interior temperature of the 

glazing without glass capacities 

 
Figure 15: Comparison of simulated cavity outlet 

temperature without glass capacities and measured 
cavity temperatures at different height 

 
Figure 16: Comparison of the screen temperature 

without glass capacities 

 
Figure 17: Comparison of the exterior surface 

temperature of the glazing considering glass capacities 

 
Figure 18: Comparison of interior temperature of the 

glazing considering glass capacities 

 
Figure 19: Comparison of simulated cavity outlet 

temperature considering glass capacities and measured 
cavity temperatures at different height 

 
Figure 20: Comparison of the screen temperature 

considering glass capacities 
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In addition, the benefit of considering the heat capacity of 
the glass layers is shown by looking at the resulting 
RSME during periods without and with incident solar 
radiation, respectively (see Table 6 and Table 7). 
 
Table 6: RSME of surface temperatures during periods 

without incident direct solar radiation 

  
without 
capacity 

with 
capacity 

Tglzlay1 5.13 2.09 

Tglzlay3 3.14 0.29 

Tglzgap3 1.48 0.35 

Tglzlay4 1.22 0.70 
 
Table 7: RSME of surface temperatures during periods 

with incident direct solar radiation 

  
without 
capacity 

with 
capacity 

Tglzlay1 7.89 2.39 

Tglzlay3 4.52 0.54 

Tglzgap3 2.02 0.73 

Tglzlay4 1.58 0.75 
 

Conclusion 
This paper has presented a comparison of detailed glazing 
system modelling to measured data from a 1:1 scale test 
mock-up. 
Due to the composition of the investigated glazing system 
(8 mm + 8 mm PVB laminated glass, solar protection 
coating, 5 mm glass and 8 mm glass) the authors extended 
the existing complex fenestration model (CFS) of the 
multizone building model of TRNSYS by adding heat 
capacity for glass layers. 
The results show that the consideration of heat capacity of 
the glass layers improves consistency with the measured 
data significantly. The previously noted discrepancies 
regarding high peak temperatures and time of occurrence, 
especially during periods with rapidly changing solar 
radiation, are resolved.  
For the two test cases, sun protection glazing with and 
without internal screen, the simulation results of the 

improved CFS model are in good agreement to 
measurements. In addition, it can be concluded that the 
modelled exterior heat transfer coefficients are 
representative of the real conditions. 
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Abstract 

In an energy performance verification protocol, 

comparing predicted and measured data is a difficult 

task, especially due to uncertainties surrounding the 

building and its environment. This work presents the 

development of a global approach aiming to qualify 

“real” performance versus expected one, by exploiting 

measured data (including weather and occupant’s 

behaviour measurements). Illustrated in its first iterative 

phase, this approach associates joint sensitivity and 

uncertainty analyses with a dynamic thermal simulation 

model in order to gradually identify and then reduce the 

main sources of uncertainty on the studied performance 

indicator. Lastly, temporal and correlation analyses are 

used to identify most suitable measurement periods for 

the estimation of the main influential building model 

parameters. 

Introduction 

As a top-priority to tackle climate change, the building 

sector aims a new standard for new constructions in 

Europe by 2020: the near-zero energy building. If an 

official definition is still expected in France, experiments 

are in process in order to have a better grasp of 

performance thresholds that could be reached by those 

buildings. As suggested by the European Directive of 19 

May 2010 (EPBD 2010) on the energy performance of 

buildings, these thresholds shall be a compromise 

between investment cost and energy savings. In this 

context, the COMEPOS French national project 

(www.comepos.fr) aims to produce a large feedback on 

about twenty instrumented and inhabited detached 

houses considered as “energy-plus” balance for all uses 

(Goffart et al. 2019). Their design results from a 

collaboration between academics, industrials and 

builders where optimisation studies (Recht 2016), 

technological innovations and know-how were 

associated. Measurements generated by a wide range of 

sensors give the opportunity to compare “real” 

performance with the predicted one (during the design 

phase), and to identify potential sources of divergence. 

However, several barriers must be overcome in order to 

rigorously compare simulated and measured data. 

Among these obstacles are: 

 the management of the uncertainties (on predictions 

and on measurements), 

 the coherence and the availability of measured data, 

 and, finally, the capacity to calibrate the most 

influential parameters of the building model. 

In this context, this work presents a global approach 

aiming to respond to that needs. 

Methodology 

Objectives 

The pursued goal is the joint exploitation of measured 

data and results from a physical building model in order 

to produce a feedback on the design phase and 

information to the users. Using the measured data, the 

building model would be adjusted to “real” conditions, 

especially about weather and occupancy conditions. 

Assuming that the adjustment of the building model 

could reach a level of prediction judged “satisfactory”, 

as well as measurements could be considered accurate, 

indicators intended for users could be computed. These 

indicators, that could evaluate a relative difference 

between predicted performance in adjusted conditions 

and “real” performance, would reflect the observed 

discrepancies. This would allow estimating the 

elementary effects between weather, occupancy, and 

building behaviour. The Figure 1 illustrates this type of 

indicators where the user can observe, on the proposed 

example, that “real” weather conditions explain a 

deterioration of about 40 % on the “real” performance 

regarding the expected one (called “Ref.”), while its 

quite virtuous behaviour enables an improvement by an 

order of 10 %. In the same vein, the “real” intrinsic 

performance of the building could be qualified regarding 

the simulated one in adjusted conditions (here a drop of 

about 20 % is observed). These indicators could be 

computed at different time scales (e.g. daily, weekly, 

monthly). 

 

Figure 1: Illustration of the foreseen type of indicators 

Given the uncertainties (building characteristics, 

modelling hypotheses, errors from models, bias in 

measurements …) the level of precision that could be 

obtained in the estimation process should be regarded 

cautiously. Thus, the goal is to extract orders of 
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magnitude and tendencies. In that context, a top-down 

approach is foreseen for the potential identification of 

divergence’s sources between “real” and predicted 

performances. Indeed, as illustrated in the Figure 2, these 

indicators can firstly be computed at the energy balance 

scale, then at the lower level (the one that distinguishes 

consumption and production), and, finally, at an even 

lower level, like the one that distinguishes envelop and 

equipment performances. Defaults detailed identification 

is therefore not the ambition of this work. 

 

Figure 2: Illustration of the selected top-down approach 

with three levels of analysis 

Global approach 

To respond to these goals, a two-steps approach is 

proposed (see Figure 3). The first step is to update and 

then upgrade the building model used during the design 

phase. To update the building model, an information 

collection about the operating phase is proposed, making 

possible an initial assessment of the current knowledge 

level about the building. Measured data generated by 

sensors are, then, processed and inputted into the 

simulations in order to take into account “real” 

conditions, especially for the weather and the occupancy. 

After this initial update of the building model (sub-

step 1.1), a second sub-step consists applying a joint 

uncertainty and sensitivity analysis in order to gradually 

identify and then reduce (as far as possible) the main 

uncertainty sources on model input parameters of the 

project. This sub-step (1.2) is resolutely iterative, and at 

each update, the uncertainty on the output decreases and 

the sensitivity results highlights the potential new prior 

sources of uncertainty (on inputs) on which the efforts 

can be enhanced to improve the knowledge about the 

project. This step is illustrated on this paper. The second 

step (not fully illustrated here) of the global approach is 

to use a model calibration method (Robillart 2015) for 

estimating, based on measured data, adjusted values on 

the main parameters of the building. This finally 

provides a “satisfactory” predictive model for the above-

mentioned goals. The key-challenge is to identify and 

exploit “well-chosen” measuring sequences for the 

estimation of studied parameters. For example, 

estimating a solar factor of a window on a cloudy (or 

without solar radiation) measurement period would 

undoubtedly fail. In this study, we illustrated the interest 

of exploiting a temporal analysis of sensitivity indices 

(combined with a correlation investigation) to find the 

better association between available measuring 

sequences and parameter (or group of parameters) to 

estimate. 

 

Figure 3: Illustration of the main steps of the proposed 

methodology 

Dynamic thermal simulation tool: COMFIE 

Regarding other existing approaches aiming to exploit 

measured data by means of purely statistical models 

(known as “black boxes”), the chosen approach in this 

work is to associate measured data with a physical 

model, which is here a dynamic thermal simulation 

model called COMFIE (Peuportier and Blanc-

Sommereux 1990). Developed for a compromise 

between precision and calculation speed, this tool 

successfully passed several validation campaigns 

(Peuportier 2005), particularly for high energy 

performance buildings context (Brun et al. 2009; Recht 

et al. 2014; Munaretto et al. 2017). In addition, the 

analysis of the calibration stage results could also 

constitutes an interesting a posteriori verification of the 

model validity. 

Meteorological variability and inhabitant’s 

behaviour diversity 

To compare “real” and expected performances, it is 

necessary to remove, in the simulation, the major 

uncertainty coming from weather conditions and 

diversity in occupant’s behaviour. Otherwise the 

calibration of building model parameters would be 

impracticable. The importance of these two aspects on 

buildings energy performance is widely recognised, and 

recent models developed for considering the full extent 

of these variabilities through probabilistic approaches 

can illustrate it: Vorger et al. (2014) about occupancy, 

and Goffart (2013); Ligier et al. (2017) about weather. 

Based on the assessment, the goal is to maximise the 

information inputs related with measured data while 

looking for a compromise between instrumentation costs 

and level of intrusion into inhabitants’ privacy. 
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Sensitivity and uncertainty analyses: RBD-FAST 

method 

An uncertainty analysis is used to evaluate the degree of 

variability of the simulation results caused by 

uncertainties on the model’s inputs. In addition, the 

sensitivity analysis gives information about relative 

contributions of each uncertain input with regard to the 

observed global uncertainty on the output (here the 

heating consumption). Setting uncertainty ranges is, by 

definition, the critical step of this kind of methods. That 

is why an iterative approach is interesting to review and 

modify previous hypotheses based on new knowledge 

(coming from uncertainty and sensitivity results or new 

information about the project). 

The RBD-FAST global sensitivity analysis (Tarantola, 

Gatelli, and Mara 2006) associates both analyses within 

a single sample of several hundreds of simulations 

regardless the number of studied parameters. To this 

end, this method exploits a decomposition of the 

frequency variance and a technique to reorganise outputs 

depending on each input using a permutation method. 

The estimated sensitivity indices are the Sobol’s first 

order ones. Ranging between 0 to 1, they represent the 

elementary effect of each parameter on the output 

uncertainty. If the sum of all indices values is 

significantly lower than 1, then the interactions between 

parameters can be considered as high. For more 

information on the use of RBD-FAST in building energy 

simulation (BES), see Goffart et al. (2017). The method 

is also available in a Python code within the library 

SALib: https://github.com/SALib/SALib. For more 

information about uncertainty and sensitivity analyses, 

refer to Saltelli et al. (2008). 

Case study 

General presentation 

The methodology previously described was applied, in 

its first phase, on one “plus-energy” house within the 

COMEPOS project (Figure 4). Located near Bordeaux 

(France), this single-storey house of about 90 m² was 

delivered in September 2017, and has been inhabited by 

a household of three persons (one adult and two 

children) in the very following weeks. 

 

Figure 4: South view of the studied COMEPOS house 

Uncertain factors 

With the final aim of calibrating the building model, the 

mostly poorly known parameters of the project were 

listed in order to run joint uncertainty and sensitivity 

analyses. Different probability distribution functions 

(uniform, normal, log-normal, triangular, etc.) are used 

for representing the profile of uncertainty on parameters 

(Macdonald 2002). For a first illustration of the 

methodology, a uniform distribution over an interval 
[𝑎, 𝑏] was considered (Table 1). Uncertainty ranges were 

established according to the available level of knowledge 

of each input, and using expert judgment and literature 

(Macdonald and Strachan 2001; Spitz et al. 2012). 

Table 1: Studied uncertain factors and corresponding 

uncertainty ranges 

Parameter Unit 
Nominal 

value x 
a b 

𝜆𝑃𝐸_𝑓𝑙𝑜𝑜𝑟 W/m/K 0,048 𝑥 − 5% 𝑥 + 5% 

𝜆𝐺𝑊_𝑤𝑎𝑙𝑙𝑠 W/m/K 0,030 𝑥 − 5% 𝑥 + 5% 

𝜆𝐺𝑊_𝑟𝑜𝑜𝑓 W/m/K 0,040 𝑥 − 5% 𝑥 + 5% 

𝑈𝑤 W/m²/K 1,85 𝑥 − 20% 𝑥 + 20% 

𝑆𝑤 [-] 0,50 𝑥 − 20% 𝑥 + 20% 

𝜓𝑇𝐵_𝑙𝑖𝑛𝑒𝑎𝑟 W/m/K 𝑥 𝑥 − 50% 𝑥 + 50% 

𝜓𝑇𝐵_𝑤 W/m²/K 𝑥 𝑥 − 50% 𝑥 + 50% 

�̇�𝑣_𝐼𝑀𝑉 ach 0,5 𝑥 − 50% 𝑥 + 50% 

𝐴𝑙𝑏𝑒𝑑𝑜 [-] 0,2 𝑥 − 20% 𝑥 + 20% 

�̇�𝑣_ 𝑖𝑛𝑓 ach 0,0 0,0 0,10 

𝐶𝑂𝑃𝐻𝑃 [-] 2,6 𝑥 − 40% 𝑥 + 40% 

For example, the airflow rate for the insufflating 

mechanical ventilation (IMV) is not yet known, so an 

important uncertainty was considered around an usual 

value for airflow rate. The fact that the building is in 

high pressure via the IMV explains that infiltrations 

were neglected in an initial approach, even if this 

hypothesis is questioned by the implementation of a 

bound 𝑏 at 0.1 air changes per hour (ach). Indeed, the 

builder having adopted a quality process, the 

permeability measurement of the house is no longer 

mandatory by French regulations, and so the envelop 

airtightness is not precisely known. Concerning the 

air/air heat pump for heating, an annual COP in real 

conditions was considered, explaining the relative low 

value (2,6) regarding the COP value in standard 

conditions (3,6). The high uncertainty range is due to the 

actual lack of precision with an annual COP value 

modelling. Last example: standards values were 

considered for thermal bridges (using regulation 

catalogue), and thus, can be judged as inaccurate (all the 

more so as the construction uncertainty is added). 

Exploitation of Measuring Data 

According to the previous “Meteorological variability 

and inhabitants behaviour diversity” section, we propose 

here to illustrate the use of measured data linked to 

weather and occupancy. About exterior conditions, a 

temperature sensor is installed in the North façade, and 

the obtained data are very similar to those coming from a 

professional weather station located in an experimental 

site less than 10 km away. Conversely, the solar 

radiation sensor is inadequate because giving only a 

global radiation on a roof tilted surface. For that reason, 

weather data from the professional station (measuring 

the direct normal and global horizontal parts) were 

exploited. About interior conditions, all measured air 

temperatures were injected (room by room) into the 

simulation even if several aspects still need to be taken 

into account, like the heat emitted by electrical 

appliances (data are available) or should be integrated 
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like the airflow rate of the IVM and the opening/closing 

of windows/shutters (date are not yet available). 

Results 

Sensitivity and uncertainty analyses 

After the integration of measured data for a part of 

solicitations (weather conditions and interior 

temperatures), a joint uncertainty and sensitivity analysis 

is applied on the electrical heating consumption (because 

the heating system is a heat pump) with 400 simulations 

(corresponding to about 10 minutes of calculations). The 

study examines a measurement period of one month in 

winter (from 2017/11/20 to 2017/12/17). This sequence 

was chosen because the measured data were completely 

available (indeed, at that time, the house was recently 

delivered, and so, some sensors were still not working 

properly causing several blanks (or holes) in the data. 

Figure 5 shows, with a cumulated distribution, the 

discrepancy of heating consumption results on the 

studied period after running uncertainty propagation. 

Several remarks can be made on the analysis of these 

results. First, the discrepancy is high since 95 % of the 

results are included between 160 and 450 kWh. 

Secondly, the observed asymmetry on the probability 

law (similar to an exponential law) traduces a higher 

discrepancy for consumptions superior to the median 

than those are inferior to the median. Indeed, the first 

half of consumptions (in ascending order) is included 

between 150 and 250 kWh while the second half is 

included between 250 and 500 kWh. The red line 

represents the measured value (387 kWh), and can be 

compared to the simulated median value (250 kWh), or 

to the observation that 90 % of simulated consumptions 

are lower than the measured value. However, several 

aspects were not yet integrated into the updated building 

model, and can explain the divergences. We refer 

especially to the “real” heat emitted by the electrical 

appliances (which could currently be overestimated in 

the a priori schedules entered during the design phase), 

the schedules for the opening/closing of 

windows/shutters, or the metabolic heat conditioned to 

the “real” inhabitants’ presence. Indeed, all these aspects 

have major influences on the heat losses and gains. 

Sensitivity analysis results (Figure 6) allow to assess the 

own influence of each considered parameter on the 

heating consumption. The precision of the estimation 

method is 2 %, making several indices insignificant even 

negative (those on the left of the black vertical dotted 

line). The higher influences correspond to the coefficient 

of performance (COP) uncertainty (70 %) and the 

airflow rate related to the IMV (20 %). In addition, the 

indices sum being close to 1, the interactions magnitude 

between the model parameter is low. Indeed, first order 

effects can explain nearly all the observed discrepancy. 

To reduce the uncertainty on the consumptions 

distribution, several actions could be intended. For 

instance, a detailed modelling of the heat pump 

functioning is necessary (with a variable COP value over 

the year). Concerning the IMV air flowrate, ongoing 

measurements could be soon exploited. For the 

airtightness of the building, a blower door test could be 

performed to better estimate the air leakage rate. 

 

 

 

Figure 5: Representation in cumulated distribution of uncertainty on the heating consumption (kWh) for the studied 

period 
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Figure 6: Sensitivity indices regarding the heating consumption for the study period 

Towards building model parameter estimation: 

interest of temporal sensitivity analysis 

Depending on intern and extern solicitations on which 

the building is subject to, its behaviour is changing as 

well as the influence of the model parameters. Figure 7 

shows this temporal evaluation of sensitivity indices 

over the studied period. It means that a sensitivity 

analysis is performed at each hour of the simulation, 

with new sensitivity indices. Thus the sensitivity index 

linked to the airflow rate of the IMV can reach about 

70 %, the COP one about 90 %, and, although not 

clearly visible, the windows solar factor one explains 

about 60 % of the total variance at one time over the 

studied period. Nevertheless, these indices can be shown 

as “relative” in the sense that they are normalised by the 

total variance at each time step but the variance 

magnitude changes also according to the time, so the 

analysis must be completed by the study of the partial 

variances study. Partial variance corresponds to 

unnormalised sensitivity indices, giving information on 

the “absolute” influence of each parameter, and enabling 

to better evaluate if the measurement sequence is proper 

or not for parameter estimation. 

For this purpose, the Figure 8 is plotted, and shows the 

partial variance of each parameter (the sum corresponds 

to the total variance of the consumption dispersion at 

each hourly time step). Thus, results show that the 

uncertainty on the COP explains most of the 

discrepancy, and, the relative contributions (i.e. the 

normalised sensitivity indices) of the airflow rate and 

more over of the windows solar factors are important 

only when the total variance is low (for example during 

the 23
th

 and 24
 th

 November), that is less pertinent for the 

calibration stage. On the contrary, the COP partial 

variance is dominant and particularly high the first week 

of December. This is therefore a judicious measuring 

sequence for the estimation of this parameter. 

Beforehand, a finer modelling of the system would 

reduce the uncertainty on the COP value. Since the 

calibration of this value achieved, the update of the 

sensitivity analysis could enable to identify new 

parameters to be calibrated. 

 

Figure 7: Temporal sensitivity indices 
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Figure 8: Partial variances 

 

Correlation investigation 

The heat electric consumption depends on the weather 

and especially on outdoor temperature and solar 

radiation. To determine the optimal sequence to identify 

the COP it is also interesting to quantify the relationship 

between daily influence of the COP on the electrical 

consumption and daily weather data. In the Figure 9, the 

daily partial variance of the most influential input, i.e. 

the COP during the investigation period, is plotted as a 

function of the average daily outdoor temperature. A 

third dimension is added by colour and corresponds to 

the daily horizontal global solar radiation. 

 

Figure 9: Daily partial variance of the COP according 

to the average daily outdoor temperature and the daily 

global radiation 

We observe a strong correlation between average daily 

outdoor temperature and the daily partial variance of the 

COP. As the heat electric consumption depends on the 

outdoor temperature, this correlation between the most 

influential input on the dispersion of the heat 

consumption is coherent. There is no particular pattern 

between the daily partial variance of the COP and the 

daily solar global radiation. Nevertheless, for high value 

of partial variance of the COP, i.e. high impact of the 

COP value on the output dispersion or variance, we 

observe a combination of low solar radiation and low 

average daily outdoor temperature. 

Conclusion 

This communication paper presented the development of 

an approach aiming to qualify, based on measured data, 

the “real” performance versus the predicted one. The 

goal is to provide a feedback on the design phase of 

“plus-energy” detached houses but also to give 

information to inhabitants, in the form of comfort and/or 

performance indicators. To this end, a global 

methodology was proposed, and divided in two main 

steps. It associates first a joint sensitivity and uncertainty 

analyses (RBD-FAST) with a dynamic energy model 

(COMFIE) in order to identify, and then, reduce (as far 

as possible) the main sources of uncertainty on the 

project. This step, illustrated on a real case in France, is 

resolutely iterative: the updated sensitivity analysis 

effectively enabling to highlight potential new prior 

uncertainty sources on which to focus the efforts. The 

future stake for the second step is to obtain, by Bayesian 

inference, an a posteriori (or calibrated) building model 

that would be judged “satisfactory” to address the 

targeted purposes. In order to succeed in this calibration 

stage, it is necessary to identify and exploit “well-suited” 

measurement sequences i.e. when the influence of the 

parameters to estimate is the most significant. The 

temporal analysis of sensitivity indices, illustrated in this 

paper, can favourably be used to this end, that is the next 

step of these works. 
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Abstract

In university classrooms a suitable acoustic condi-
tion is necessary to enhance the productivity of stu-
dents and the vocal comfort of lecturers. With this
purpose international standards recently introduced
new requirements on the quality of verbal communi-
cation. The goal of this work is to propose a proce-
dure for predicting speech intelligibility in large learn-
ing spaces through geometrical acoustic simulations.
The performance of the present approach is investi-
gated using analytical prediction models as well as
the measurements results in six university classrooms
surveyed.

Introduction

The acoustic design of a classroom should aim at
providing suitable conditions for a good verbal com-
munication between lecturers and students (Riccia-
rdi and Buratti (2018), Leccese et al. (2018)). A
proper environmental comfort is necessary to min-
imise the vocal effort for speakers and to facilitate the
speech reception for listeners (Visentin et al. (2018),
Astolfi et al. (2015), Pelegŕın-Garćıa et al. (2011),
Puglisi et al. (2018)). Several European regulations
on classroom acoustics have been recently updated
including intelligibility criteria requirements, as sum-
marised by Pelegŕın-Garćıa et al. (2014). The re-
cent version of the Italian standard UNI 11532 (UNI
(2018)), taking target ranges from BB93 (Building
Bulletin (1993)) and DIN 18041 (Deutsche Institut
für Normung (2016)), is an example of international
trends. A proper acoustic condition should give sup-
port to the speaker voice without compromising the
intelligibility at the listener positions. The objective
and measurable criteria usually considered as descrip-
tors of the verbal communication quality are the re-
verberation time (T20), the early-to-late index (C50)
and the Speech Transmission Index (STI). Due to
the significant role of the early reflected energy for
the intelligibility of spoken words, it is a common
practice to assess T20, i.e. the reverberation time
taken from -5 dB to -25 dB below the initial level
of the decay curve and then extrapolated to a decay

time of 60 dB. Among the several theories and regu-
lations stating the suitable range for the intelligibil-
ity parameters in a classroom, the methods provided
by UNI 11532 (UNI (2018)) were taken as reference
point in the present work. The suitable range of T20

values depends on the volume of the hall and it is
considered in occupied conditions (80% of total occu-
pancy). Generally in large classrooms (V > 500 m3)
T20 target range turns out to be between 0.70 and
0.90 seconds, according to the method proposed by
DIN 18041 (Deutsche Institut für Normung (2016))
and then adopted by UNI 11532 (UNI (2018)). The
early-to-late index is defined as (EN ISO (2008)):

C50 = 10 log

∫ 50

0

p(t)2dt∫ ∞
50

p(t)2dt

(dB) (1)

where 50 is assumed as the threshold between early
and late sound energy arriving and p(t) is the instan-
taneous sound pressure of the impulse response. In
large lecture halls C50 should assume a value greater
than 0 dB to ensure a proper speech clarity (UNI
(2018)). The Speech Transmission Index is a param-
eter describing how much the speech is deteriorated
by the reverberation time and the background noise of
the room considered (BS EN (2011)). It is the result
of the weighted contributions of individual frequency
bands and its range spans from 0 (worst condition) to
1 (best condition), both the limit values representing
ideal and theoretical cases. The minimum value rec-
ommended for STI values is 0.60, that is the threshold
of “good” intelligibility according to to the ranking
provided by IEC 60268-16 (BS EN (2011)).

In order to predict the intelligibility parameters in
the acoustic design phase of a classroom, analytical
prediction models are provided (UNI (2018)). Never-
theless predicted STI values remain hard to be found
out in advance because quite complex evaluations are
required. Annex L in IEC 60268-16 (BS EN (2011))
provides an indirect method for analytically calculat-
ing STI values based on the use of measured impulse
responses and on the assumption of an ideal diffuse
reverberant field. The modulation transfer function
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mk(fm), the basis of STI calculation, is defined as:

mk(fm) =

∣∣∣∣∫ ∞
0

hk(t)2e−j2πfmtdt

∣∣∣∣∫ ∞
0

hk(t)2dt

[
1+10−SNRk/10

]−1
(2)

where hk(t) is the impulse response of k-octave band,
t is the integration variable for time, fm is the modu-
lation frequency and SNRk is the signal-to-noise ratio
in dB. Equation 2 shows how the modulation transfer
function mk(fm) is affected by two terms: the room
acoustics (impulse response) and the signal-to-noise
ratio (SNR), i.e. the difference between the sound
pressure level at the receiver and the background
noise. Consequently given a certain room acoustics
the quality of the speech communication depends
mainly on SNR, as may be confirmed also by mea-
surements carried out by D’Orazio et al. (2018) and
Choi (2017). According to Annex L of IEC 60268-16
(BS EN (2011)), under the assumption of a diffuse re-
verberant field the impulse response for each octave
band may be written as:

h(t) =
Q

r2
δ(t) +

13.8Q

r2cT
e−13.8t/T (3)

where Q is the directivity factor of the sound source
(Q = 1 for omnidirectional sound source), r is the
source–receiver distance in meters, δ(t) is the delta
function, rc is the critical radius of the room in me-
ters, T is the predicted reverberation time of the room
in seconds. Therefore the modulation transfer func-
tion m(fm) for each octave band may be simplified
as:

m(fm) =

√
A2 +B2

C
(4)

with the components A, B and C expressed as:

A =
Q

r2
+

1

r2c

[
1 +

(2πfmT

13.8

)2]−1
(5)

B =
(2πfmT

13.8r2c

)[
1 +

(2πfmT

13.8

)2]−1
(6)

C =
Q

r2
+

1

r2c
+Q · 10−SNR/10. (7)

Since the diffuse sound field may be an assumption
too distant from the actual behaviour of the sound
field in a classroom, several studies attempted to lead
back the prediction of STI to the prediction of simpler
parameters, such as reverberation time (Leccese et al.
(2018), Escobar and Morillas (2015), Nowoświat and
Olechowska (2016)). Nevertheless the reverberation
time is a quite constant parameter in a room while the
speech intelligibility significantly varies moving away
from the sound source. This effect is even greater
if the acoustics of the room is poor, as frequently is
in existing ancient buildings unsuitable for teaching
purpose. A parameter that varies roughly in the same

way throughout the space is the sound pressure level
that - in a normalised form - is the sound strength G
defined by ISO 3382-1 (EN ISO (2009)). Therefore
it could be helpful to assess the sound pressure level
propagation in order to understand the speech intel-
ligibility trend throughout the space. Several studies
investigated the spatial distribution of the sound pres-
sure level and how its behaviour varies depending on
different kind of spaces. From a global point of view
the sound pressure level in a certain position is the
sum of a direct component and a reflected one. While
the direct sound field is equally decreasing for all the
expressions of G as a function of source-to-receiver
distance, the reflected energy trend varies depending
on the theory assumed. According to the classical
semi-reverberant theory the sound strength may be
expressed as:

G(r) = 10 log
(
d+ 31200

T

V

)
(dB) (8)

where r is the source-receiver distance in meters, d is
the energy of direct sound component (d = 100/r2),
T is the reverberation time in seconds, and V is the
volume of the hall in m3. In this case the reverberant
term is constant throughout the space because it de-
pends only on constant factors, i.e. the reverberation
time and the volume. The concept of a diffuse sound
field represents a fundamental reference concept in
room acoustics but its requirements are rarely achiev-
able. Barron and Lee (1988) introduced the revised
theory as a result of several studies conducted on con-
cert halls. The total refleceted sound level decreases
with the increasing of source-to-receiver distance, as
shown in the expression:

G(r) = 10 log
(
d+ 31200

T

V
e−0.04r/T

)
(dB) (9)

where e−0.04r/T is the exponential decay of the re-
flected component. After Barron and Lee (1988) sev-
eral studies reported different coefficient values for
the exponential decay in order to adapt the model to
other typologies of enclosed spaces. In a certain sense
the distribution of sound strength may be considered
as a trait of each kind of hall. For what concerns the
university classrooms Sato and Bradley (2008) found
out that the sound strength expression was:

G(r) = 10 log
(
d+ 31200

T

V
e−(2·0.04)r/T

)
(dB)

(10)
meaning that reflected energy decreases twice as
rapidly with the distance as in the revised theory. The
slope of the decay becomes steeper with the presence
of highly diffusing items such as desks and chairs, i.e.
scattering elements that contribute to decrease more
rapidly the sound propagation throughout the space.
In the following sections a method for predicting G
trend through numerical simulations is described and
assessed.
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(a) (b) (c)

(d) (e) (f)

Figure 1: Inside views of the lecture halls surveyed (July 2017 - October 2018).

Table 1: Main data of the lecture halls surveyed (V = volume, SA = students area, N = occupancy). Measured
T20 values are averaged in the range 500–1000 Hz while measured C50 in the range 125–4000 Hz. The occupied
conditions (“occ”) are calculated with the method provided by UNI 11532 (UNI (2018)).

Hall V (m3) Shape Seats SA (m2) N T20,occ (s) C50 (dB) STI
a 1000 Amphiteatre Wood 110 250 0.90 -2.5 0.48
b 900 Amphiteatre Wood 95 200 0.99 -1.9 0.49
c 850 Shoe-box Plastic 80 170 1.22 -4.1 0.43
d 910 Shoe-box Wood 35 90 1.70 -3.3 0.44
e 780 Shoe-box Wood 40 90 1.83 -4.4 0.41
f 800 Shoe-box Wood 55 105 1.30 -2.1 0.50

Method

The aim of the present study is to analyse the ac-
curacy of speech intelligibility criteria predictions
obtained with geometrical acoustic simulation tech-
niques. A measurements campaign was performed in
six university lecture halls to get a series of reference
data during the work (see Figures 1 - 2). The calibra-
tion of 3D virtual models was carried out achieving
the match between measured and simulated rever-
beration time (see Figures 3 - 4). The mutual match
between measured, simulated and predicted G val-
ues confirms that geometrical acoustic simulations
could be able to give accurate information on normal-
ized sound pressure level spatial distribution (see Fig-
ure 5). Measured STI and G values displayed as func-
tions of source-to-receiver distance show a significant
relation between speech intelligiblity and sound pres-
sure level decays (see Figure 6). Therefore it could
be suggested that the knowledge of G spatial trend
may allow to get reliable information on STI trend,
overcoming the difficulties of STI prediction models’
calculations.

Case studies

The present study is conducted in a sample of six
lecture halls of the University of Bologna located in
historical buildings of the city centre. They are chara-
terised by large volumes (greater than 500 m3) in-
cluding up to 250 occupants. Of the six classrooms,
two (a and b) have an amphiteatre shape while the
other four (c, d, e, f ) have a quite regular shoe-box
geometry except for the presence of small coupled vol-
umes in the ceiling or in the side walls (see Figure 1).
All the classrooms have similar surface finishes with
sound reflecting materials such as smooth plastered
walls, large windows placed on only one side of the
halls and wooden (or plastic) seats, not counting a
small part of the audience of hall e with slightly up-
holstered seats. Table 1 shows the main data of the
six lecture halls including the volume, the shape, the
materials and the occupancy.

Measurements

Between 2017 and 2018, more acoustic measurements
campaigns were performed in the lecture halls sur-
veyed to collect objective speech intelligibility crite-
ria. Measurements were conducted in full furnished
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(a) (b) (c) (d) (e) (f)

Figure 2: Plans of the lecture halls under study: positions of sound sources (SS1, SS2) and receivers grids
selected for the acoustic measurements setup.

(a) (b) (c)

(d) (e) (f)

Figure 3: View of numerical 3D models during the geometrical acoustic simulations.

condition and in unoccupied states complying with
ISO 3382-2 (EN ISO (2008)). Monaural impulse re-
sponses were acquired using the Exponential Sine
Sweep technique, with a signal 512 K in length and
sampled at 48 kHz (Guidorzi et al. (2015)). A high-
SPL dodecahedron was used as omnidirectional sound
source (D’Orazio et al. (2016)), rotated three times
for each impulse response acquisition (Martellotta
(2013)) in order to remove directivity factors of single
loudspeakers as much as possible. The sound source
was previously calibrated in a certified reverberation
room according to ISO 3741 (UNI EN ISO (2010)).
Two sound sources positions and a regular grid of
receivers points were chosen for the measurements
setup (see Figure 2). The extrapolation of data was
conducted with B & K’s Dirac 6 software (Brüel and
Kjær (2014)) and an accurate analysis was carried
out on T20, C50, G and STI, using for the latter the
indirect method according to IEC 60268-16 (BS EN
(2011)). In each receiver position and in each octave
band the difference between the sound pressure level
received and the background noise was greater than

20 dB, allowing to ignore the background noise level
for focusing just on the signal received in each posi-
tion (Hodgson and Wong (2009)).

Numerical simulation

The lecture halls surveyed represent a typology of
rooms particularly suitable for numerical simulations
due to their large volumes and quite regular shapes.
The modelling process of approximation required in
Geometrical Acoustic (GA) techniques is thus facili-
tated enhancing the reliability of all the simulations.
The 3D models of the university classrooms were
created using 3D SketchUp and then imported into
ODEON Room Acoustics software (see Figure 3).
The modelling process was carried out according
to the state-of-the-art recommendations (Vorländer
(2007)). Concerning the level of detail needed for the
simulations, modelled surfaces were kept greater than
0.35 m following guidelines by Christensen (2011).
Sound absorption coefficients were provided by mate-
rials databases present in previous scientific literature
(Vorländer (2007), Cox and d’Antonio (2016)) and
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Table 2: Absorption (α) and scattering (s) coefficients for the main materials involved in simulation process
(Cox and d’Antonio (2016), Vorländer (2007)).

Materials 125 Hz 250 Hz 500 Hz 1000 Hz 2000 Hz 4000 Hz

Plaster-Floor
α 0.02 0.02 0.03 0.03 0.04 0.06
s 0.01 0.01 0.02 0.10 0.20 0.25

Seats
α 0.22 0.10 0.07 0.12 0.13 0.17
s 0.01 0.10 0.45 0.65 0.78 0.82
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Figure 4: Calibration of geometrical acoustic models: measured and simulated mean T20 values in unoccupied
conditions as a function of the frequency. T20 values are averaged over all the source-receivers couples. The
error bars are referred to the Just Noticeable Difference (JND) defined by ISO 3382-1 EN ISO (2009).
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Figure 5: Calibration of geometrical acoustic models: measured and simulated GM values as functions of source–
to–receiver distance. “M” subscript indicates the values averaged over the central octave-bands 500 – 1000 Hz.
Dashed and solid curves are respectively the Barron and Lee (1988) curve (see Equation 9) and the adjustment
for university classrooms by Sato and Bradley (2008) (see Equation 10).
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then adjusted through the calibration iterative pro-
cess, according to a consolidated procedure (Astolfi
et al. (2008)). Given that GA softwares describe the
sound propagation along sound rays, the wave nature
of sound had to be introduced by assigning scattering
properties to each surface (Rindel (2000)). In partic-
ular, scattering coefficients took into account both
the surface roughness and the occurence of edges,
compensating in this way the lack of details due to
the simplification of the models. In order to simplify
the whole procedure and reduce the uncertainty of
input data for materials properties an attempt was
made to reduce as much as possible the number of
the layers used. During the workflow the layers were
mainly divided in those ones characterised by higher
absorption and scattering coefficients (seats) and all
the other ones characterised by sound reflective and
smooth surfaces (walls, floors, ceilings), as shown in
Table 2. The numerical models were calibrated ensur-
ing the match between measured and simulated val-
ues (see Figures 4 - 5). The calibration was considered
to be achieved when the difference between measured
and simulated values was within one Just Noticeable
Difference (JND) according with ISO 3382-1 (EN ISO
(2009)).

Results

The last three columns of Table 1 show the overview
on main measurements results where mean values are
averaged over all source-receiver positions. Measured
reverberation time (T20), sound clarity (C50) and
speech intelligibility (STI) values indicate that each
of the halls investigated present quite poor acoustic
conditions for a suitable speech intelligibility. Never-
theless the aim of this work is to analyse the acoustics
of typical university classrooms, often located in his-
torical buildings that turn out to be unsuitable for
the purpose. In order to assess the actual sound field
behaviour of the lecture halls under study the 3D vir-
tual models were calibrated basing on reverberation
time in octave bands and the normalised sound pres-
sure level as a function of source-to-receiver distance.
Figures 4 and 5 provide the comparison between mea-
sured T20 and GM values and simulated ones. The
error bars displayed in T20 graphs are referred to the
JND defined by ISO 3382-1 (EN ISO (2009)). The
dashed and solid curves displayed in GM graphs are
referred to analytical prediction models, respectively
the Barron and Lee (1988)’s curve (see Equation 9)
and the adjustment for university classrooms by Sato
and Bradley (2008) (see Equation 10). Results show
a good agreement between measurements and simu-
lated values allowing to consider reliable the calibra-
tion procedure used. Concerning the spatial distribu-
tion of sound pressure level the match with the spe-
cific prediction model developed for university class-
rooms confirms that the halls surveyed present the
typical sound field behaviour of large learning spaces.

Discussions

As mentioned in the introduction the modulation
transfer function, which is the basis of STI defini-
tion, mainly depends on two factors, the first concern-
ing the room acoustics characteristics (impulse re-
sponses), and the second concerning the difference be-
tween the sound pressurel level received and the back-
ground noise (SNR). Given a certain room acoustics,
namely a certain impulse response, the deterioration
of the modulation transfer functions is affected only
by the sound pressure level at the receiver position
considered. This is confirmed by the similar trend
of linear regressions of measured STI and GM plot-
ted as functions of source–to–receiver distance (see
Figure 6). Nevertheless a good match between the
regression lines is obtained neglecting receivers that
are closer than 4 meters from the sound source, to as-
sure that the reflected energy is prevalent rather than
the direct one (see gray rectangles in Figure 6). It is
possible to deduce that the critical radius of an actual
room – defined as the distance at which the sound
pressure level of the direct sound and the reverber-
ant sound are equal – is greater than the traditional
formula rc = 0.057

√
V/T (m) (with V as the volume

of the room in m3 and T as the reverberation time
in seconds) derived by classical semi-reverberant the-
ory. It also means that the halls must be large enough
for this kind of decay analysis. A reliable geometri-
cal acoustical model, obtained with a simplified but
rigorous procedure, may be considered an useful tool
for validating the prediction of speech intelligibility
by the analysis of sound pressure level spatial distri-
bution. For this reason the calibration of geometri-
cal acoustic models has been conducted taking into
account the decay of sound pressure level with the
increasing of source-to-receiver distance, as shown in
Figure 5. A further analysis could also involve the
comparison between STI and the early component of
the total sound energy (Gearly) considering the inte-
gration time at 50 ms (De Cesaris et al. (2015)), due
to the relevance of this time interval for speech crite-
ria.

Conclusions

The acoustic design of a classroom is an important is-
sue because the reduction of the vocal effort for teach-
ers and the increasing of the attention for students are
quite significant aspects of the learning process. In
order to predict the quality of verbal communication
a preliminary approach based on geometrical acous-
tic simulations is here proposed. The data obtained
by a measurements campaign conducted in six uni-
versity lecture halls has been taken as reference point
for the assessment of sound field behaviours and for
the calibration process. The sample of university lec-
ture halls considered in the present work represent a
typology suitable for analysing the decay of the sound
pressure level and consequently for connecting the
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Figure 6: Measured STI and GM values plotted as function of the source–to–receiver distance. “M” subscript
indicates the values averaged over the central octave-bands 500 – 1000 Hz. Linear regressions of data are plotted
excluding the values within 4 meters from the sound source (in rectangles).

sound propagation losses to the variations of speech
intelligiblity throughout the space. The accuracy of
simulated G spatial distributions and the similarity
between G and STI trends suggest the possibility to
get important information on speech intelligibility de-
cays even in a preliminary acoustic design phase. A
larger sample of lecture halls surveyed could allow to
enhance the statistical significance of the model pro-
posed.

References
Astolfi, A., A. Carullo, L. Pavese, and G. E. Puglisi

(2015). Duration of voicing and silence periods
of continuous speech in different acoustic environ-
ments. The Journal of the Acoustical Society of
America 137 (2), 565–579.

Astolfi, A., V. Corrado, and A. Griginis (2008). Com-
parison between measured and calculated param-
eters for the acoustical characterization of small
classrooms. Applied Acoustics 69 (11), 966–976.

Barron, M. and L.-J. Lee (1988). Energy relations in
concert auditoriums. i. The Journal of the Acous-
tical Society of America 84 (2), 618–628.
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Abstract 
Weather data and a building model play a key role in 
predicting the environmental performance of buildings. 
While methods and parameters are broadly discussed, 
weather files, and specifically future scenarios, are not 
studied and compared in such an exhaustive manner. 
This paper explores the sensitivity of a thermodynamic 
digital model to various weather data, presenting a 
comparison of the simulation results for a case study 
under four climatic datasets. The first scenario represents 
the building as it was projected in the early 2000s; the 
second one describes the building performance during 
the year 2015. Finally, two scenarios of future 
performance (years 2050 and 2080).  Fieldwork was 
carried out during the summer of 2015 to understand the 
real performance of the building and the user 
satisfaction. Results show a positive performance of the 
building through the different scenarios, as a 
consequence of the intrinsic application of passive 
strategies in architectural design. Overheating was also 
assessed using a novel method for humid subtropical 
climates,  the method is based on a 4 point criteria  using 
the EN-15251 comfort equation, it’s objective is to 
quantify and characterize the overheating hours.   

Introduction 
Thermodynamic Building Simulation is one of the tools 
most frequently used to predict and assess the 
environmental performance of buildings. While 
simulation software and parameters have been broadly 
discussed so far, future weather data is not studied and 
compared in such an exhaustive manner (Coley et al., 
2017).   
The data contained on weather files have a direct impact 
on decision making during the design process of a 
building, nonetheless, due to climate change phenomena, 
they are proving to be increasingly inaccurate tools for 
estimating the future performance of buildings, 
especially for those with a life expectancy exceeding 30 
years, bearing this in mind, the use of weather files with 
future predictions as common practice in future projects 
can ensure resilience, thus, resource utilization, comfort, 
and safety. (Dickinson and Brannon, 2016)  
In line with this statement, the most recent report by the 
Intergovernmental Panel on Climate Change (IPCC) 
stressed the urgent need to limit global warming below 
1.5°C, and by November 2018, 195 countries committed 

on a set of actions to confront the situation, requiring 
numerous changes in different fields. Ever since, and 
regardless of local legislation, architectural designers 
and consultants in these countries have spent many 
resources to improve building design aiming to target 
new energy and human requirements (Masson-Delmotte 
et al., 2018). 
However, projected future scenarios are still rather 
compromising than relieving. Most published literature 
focuses on estimating energy demand and energy 
savings through different means (Sillmann et al., 2017; 
Kachkouch et al., 2018), leaving aside predictions of  the 
environmental performance of building under the future 
climate conditions we may face  (Taylor et al., 2014; 
Dickinson and Brannon, 2016; Coley et al., 2017)  Very 
few studies have taken into consideration and 
simultaneously these two equally important aspects 
(Rodríguez Álvarez and Pintos Pena, 2016; Coley et al., 
2017; Erba, Causone and Armani, 2017). Most related 
studies are focused on the validation of very specific 
methodologies for design projects with very specific 
characteristics, ignoring the possibility to estimate the 
extent of the potential effect of passive strategies.  
(Oropeza-Perez, Petzold-Rodriguez and Bonilla-Lopez, 
2017; Preciado-Pérez and Fotios, 2017) 
The relation of the Mexican climatic context with 
building performance has been explored in various ways 
before. Theoretical and experimental research projects 
have been focused on passive and low-energy 
architecture. (Gómez-Azpeitia et al., 2009; Marincic et 
al., 2009; Hernández-Pérez et al., 2014). More 
specifically, several studies address the estimation of 
thermal comfort together with the efficiency of passive 
means to achieve it. (Oropeza-Perez and Østergaard, 
2014; Preciado-Pérez and Fotios, 2017). A common 
conclusion from these studies highlights that the 
mildness of the Mexican tropical and subtropical climate 
provides a great potential for achieving thermal comfort 
on free-running buildings.  
The analysis presented in this paper focuses on the 
effectiveness of passive strategies as means to provide 
thermal comfort under current and future climate 
conditions. The aim of this work is to investigate the 
resilience of passive design in the Mexican context. 
Specifics of local climate play a key role in this type of 
evaluation, and therefore vulnerability to overheating is 
assessed. 
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Methodology 
This study represents a computational and empirical 
evaluation of the environmental performance of a free-
running building completed in 2006. The building is 
currently fully occupied and is located on a humid 
subtropical climate, in the city of Guadalajara, Mexico. 
The building (Figure 1), designed by the Spanish 
architectural firm Estudio Carmen Pinos, was intended 
as a landmark of sustainable design, since it only relies 
on passive strategies to create and maintain thermal 
comfort.  

 
Figure 1: Photograph of the façade of the building. 

While the aesthetics of the building may be contrasting 
with the local context, materials and construction 
methods were used following those in local edifications. 
Correspondingly, passive strategies were also selected 
based on learnings from contemporary and vernacular 
architecture, namely, shading devices for solar 
protection, solid thick walls for thermal mass, and 
natural cross ventilation and night cooling to enhance the 
thermal balance. 
Weather Data 
Different weather information from the same location 
was collected and compared with the intention of 
creating a hypothetical chronological path in order to 
evaluate the building’s response to a changing climate 
(i.e. its resiliency): 
1. The first simulation used normalized weather data, 

stored as an EPW file sourced from Meteonorm 7.2.  
Data were obtained from a 30 year radiation period 
(1991-2010) and a 10 year temperature period 
(2000-2009). This weather data intended to replicate 
the kind of data used at the time the building was 
designed.  

2. The second weather dataset was extracted from a 
global weather database,  containing the specifict 

data collected during the year 2015 at the same 
station previously used.  

3. The third and fourth weather files were generated 
with the tool ‘The climate change world weather 
generator” (CCWorldWeatherGen) using the first 
EPW file as a base file (Jentsch et al., 2013). The 
tool uses the IPCC’s Third Assessment report model 
summary data of the HadCM3 A2 experiment to 
apply a “Morphing” methodology for climate 
change transformation of weather data (Belcher, 
Office and Hacker, 2005). These files are 
predictions of future scenarios for the years 2050 
and 2080. The scenario used was the A2, which 
assumes a regionally oriented economic 
development and a global warming range from 2.0 
to 5.4°C for the year 2100, being the second worse 
scenario after the A1F1 (Masson-Delmotte et al., 
2018).  The CCWorldWeatherGen tool was chosen 
as a future scenario generator, considering that 
unlike others tools of its kind, it modifies with 
statistically significant changes all the values 
comprised on the morphed file, values such as the 
different types of radiation that take a significant 
role on building thermal simulations (Moazami, 
Carlucci and Geving, 2017).  

A graphical comparison of the four different datasets is 
presented in Figure 2. The chronological progressive 
effect of global warming can be noticed, as well as the 
effect of the morphing methodology on future files. 

 
Figure 2: Comparison of mean the monthly values of 

temperature of each file  
Weather data and climatic analyses were carried out in 
order to understand climate’s challenges and 
opportunities. As a result, it was confirmed that due to 
the mildness of the weather, comfort could be achieved 
for all through the year using only passive strategies 
(Figure 3). The most effective strategies for this location 
were passive solar heating in the cold seasons such as 
December and January, and thermal mass, solar 
protection, night cooling and natural ventilation for the 
rest of the year, when overheating is the main problem. 
Moreover, it was identified that the most valuable 
climatic quality of the location was the diurnal 
temperature variation. However, this variation is 
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presented differently throughout the year. During spring 
months (i.e. March and April), the average diurnal 
temperature variation is 18.06 and 17.84°K, while during 
summer months (i.e. July and August) is only 8.35 and 
8.62°K, as a result of unobstructed solar radiation and 
cloud cover. These swings are represented in Figure 4.  
Building Elements 
During August 2015, fieldwork was carried out in one of 
the offices of the building. The main objective of the 
fieldwork was to monitor the actual performance of the 
building and to get feedback about general user 
satisfaction, thus, data loggers were used to measure 
indoor temperature, and  surveys and questionnaires for 
the user satisfaction.  
One of the major findings from the fieldwork was to spot 
the differences between the actual internal conditions 
and the conditions suggested in the literature (DOE, 
2004; American Society of Heating, 2010). The internal 
gains found in the building were around 45w/m², while 
the ones recommended were between 25 and 30 w/m². 
The occupancy loads as a consequence of equipment and 
people were higher in the building than in literature, 
although the schedules of use presented fewer active 
hours. Another spotted difference was the heat gains 
produced by lighting loads. The ones found in the 
building were lower, both in terms of heat loads and 
hourly use, mainly as a consequence of the tropical sky 
luminance and the design of the building. Figure 5 
shows the hourly internal gains during a 24-hour period. 
One more finding from the fieldwork was the user’s 
thermal satisfaction of the building. The general 
outcome for the specific period of the evaluation ranged 
from slightly warm to slightly cool. The fieldwork was 
also used to identify specific details of occupant 
behaviour, such as the actual schedules of personnel and 
operation of lighting and windows, although these will 
not be discussed in the paper. 
A thermodynamic digital model of the building was 
elaborated using Honeybee for Rhino Grasshopper and 
Energy plus as a simulation engine. The building 
specifications were provided by the facility manager and 
the thermal model was calibrated using the same exact 
time period found on the EPW from 2015, together with 
the previously mentioned information gathered during 
the fieldwork. As a result, the simulation output was 
calibrated to match the data from the data loggers during 
that specific time. Figure 6 shows the temperature and 
radiation from the weather file, as well as data from the 
internal data logger and the modelled air temperature.  
Table 1 and 2 present general specifications of building 
materials. The construction materials of the building are 
mostly simple and exposed. The exterior walls are made 
and finished with exposed concrete on the interior and 
exterior faces, as well as in the underside of the floor 
slab, providing direct access to thermal mass to most of 
the interior surfaces.  

The exterior windows are made of single glazing with 
aluminium framing, and the shading, the furniture on the 
interior of the office suite are mainly made of solid wood 
or plywood, and the internal walls are made of regular 
gypsum. 

 
Figure 3: Psychrometric chart with passive strategies 

(regular EPW)  

 
Figure 4: Diurnal average variation during August 

(regular EPW) 

 
Figure 5: Hourly internal gains during a 24hr period. 

Table  1 & 2: Building materials and general 
specifications  
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Exterior Windows Single Glazing 5.3 W/m²K 
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WFR 0.69 
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Infiltration 1 ACH 
Interior Height 3.00 m 

________________________________________________________________________________________________ 

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

 
4315

 

 
  



 
Figure 6: Calibration graph with temperatures of data 

logger, weather station and simulation model  
After building and calibrating the 3D model, the 
simulation process was repeated four different times 
using the aforementioned weather scenarios (i.e. early 
2000s, 2015, 2050 and 2080). Building model, material 
specifications or internal conditions were not modified at 
any moment. The only parameters that changed between 
simulations were the window ventilation parameters.   
The occupants’ behaviour regarding windows operation 
was observed during the fieldwork. In general, the 
windows were only open during occupancy time. The 
first occupants to arrive in the morning (9:00 a.m.) 
would open some of them slightly; then later around 
noon, as temperatures rise during the day, occupants 
would open all or most of them, depending on the 
general internal thermal sensation. This pattern was used 
initially to calibrate the model. Nevertheless, after a first 
sensitivity analysis, it was noticed that comfort hours 
could be improved by increasing the window opening 
area and decreasing the maximum indoor temperature 
for natural ventilation, from the original 29°C found on 
the fieldwork to 24°C. This setting was used for the first 
two simulated scenarios. For the future 2050 and 2080 
scenarios, a window opening of a 5% was configured 
during non-occupancy hours as night cooling, for the 
purpose of preparing the building for the next day. This 
setting was tested on the first two scenarios, but it was 
discarded since the temperature of the building would 
fall below the lower comfort limit at the beginning of the 
day.  
Thermal comfort was evaluated using the European 
standard BS EN-15251 for naturally ventilated buildings 
(BSI, 2008). The main difference between the EN-15251 
and the ASHRAE standard 55 resides in the inconstant 
variables on the equation, where the ASHRAE 55 uses 
To m calculated as the monthly mean temperature, the 
EN-15251 uses Tr m or exponentially weighted running 
mean of the daily mean outdoor air temperature (CIBSE, 
2013). While the measurement of outdoor temperature 
for this purpose has commonly been the monthly mean, 

the use of an exponentially weighted running mean of 
the recently endured temperatures, provides a more 
certain relation with the thermal history of the subject 
giving more influence to the recent experiences (i.e. the 
constant high temperatures during a heatwave). It is 
possible to say that the EN-15251 is better suited to 
predict thermal stress induced by overheating since it 
takes into account the ability to adapt and acclimatize 
(Nicol, Humphreys and Roaf, 2012). Moreover, previous 
studies on Mexican territory have proved better results 
using this comfort equation. (Marincic et al., 2009; 
Gómez-Azpeitia et al., 2012).   
After the digital models were completed and tested with 
the four different weather files, the plausibility of 
overheating was measured as the main source of thermal 
discomfort. Overheating in a building occurs either as a 
consequence of poor design, poor management or 
inadequate services (CIBSE, 2013). On this specific 
case, the last two possibilities will be discarded since the 
subject is a free-running building where the occupants 
have direct access to the window operation. Thus, the 
resilience and adeptness of the whole building will be 
measured, including its design qualities and materials.   
Overheating Assessment 
It is considered that a building is overheated when a 
given significative proportion of people in a building are 
under thermal stress as a consequence of higher 
temperatures than the ones expected. While thermal 
comfort on mechanically cooled buildings is predicted 
using a direct application of a PMV PPD index (Nicol, 
Humphreys and Roaf, 2012), in non-mechanically 
controlled buildings such as free-running buildings, it is 
measured as the outer temperature above a determined 
range around a neutral temperature (CIBSE, 2013). Even 
though this neutral temperature is directly associated 
with an external environmental condition, it is not clear 
what is the actual extent of this range since it is often 
very difficult to determine due to the many variables 
involved (Humphreys, Rijal and Nicol, 2013). For this 
specific case, a comfort band of ±4K around the thermal 
neutrality will be considered, assuming 80% of 
acceptability limits in consideration of the availability of 
adaptive opportunities. 
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Even when most of the literature on thermal comfort 
clearly establishes the general limits of what can be 
considered as thermal comfort, the exact limits of 
overheating in this context are not clearly drawn. The 
question of how much overheating is too much in a free-
running workspace located in a tropical or subtropical 
Latin-American context remains still unclear.  
Concerning the measurement of overheating, there are 
many approaches to measure it according to different 
purposes. Most of the previously mentioned works take 
into account overheating only as the percentage of the 
time above the upper comfort limit. Consequently, the 
results do not show the extent and intensity of the 
exceedance. The document CIBSE TM52 suggests, 
instead, a methodology based on three criteria (i. e. 
hours of exceedance ≥1K, daily weighted exceedance 
and upper limit temperature above 4K) to assess the risk 
of overheating in new naturally ventilated buildings in 
the UK and Europe. This is one of the most accepted and 
broadly used methods to assess overheating, although it 
has been found that it fails to reveal stretches of time 
where heat stress persists continuously (Lee and 
Steemers, 2017). However, the application of this 
method in a tropical context could be questioned relying 
on the fact that is based on previous work developed in a 
European context (Nicol, Humphreys and Roaf, 2012).  
This paper proposes a simpler method (Zepeda-Rivas, 
Daniel and Rodríguez-Álvarez, 2019) to measure the 
intensity of overheating under a humid subtropical 
climate in a sensitive manner. It also utilizes on the EN-
15251 comfort equation and comfort band extent. 
According to the distance to the upper comfort limit, it 
classifies and enumerates the hours in four different 
categories: 
• The number of hours >0.1K. The total amount of 

hours where the temperature is above comfort 
regardless of how far from comfort they are, 
although this number may not be meaning full at 
first, it importance arises when compared to the other 
3 categories. The number of hours may represent in a 
strict way, the total of time outside of the comfort 
limit, but not necessarily, indicate an overheating 
problem since a temperature change of less than 1°K 
is almost imperceptible to the body (Nicol, 
Humphreys and Roaf, 2012).  

• The number of hours >1K. The total amount of hours 
where the temperature is one whole degree or more 
above comfort. This is where thermal stress begins to 
be present on very sensitive subjects, the resultant 
hours after subtracting the hours >2K and >3K, is the 
actual number of hours where one or many adaptive 
opportunities can be highly effective against thermal 
stress. This can be summarized as the possibility of 
changing the surrounding environment as for 
example, access to cold drinks, air flow 
improvement, and clothing adjusments.  

• The number of hours >2K. The total amount of hours 
where the temperature is two degrees or more above 
comfort. This is where thermal stress is already 

present and something should be done in order to 
regain comfort. This would require access to more 
than one passive opportunity since the effect of 
multiple passive opportunities can be accumulative 
and  psycologically relieving. 

• The number of hours >3K. The total amount of hours 
where the temperature is three degrees or more above 
comfort. In practical terms, this would mean 
temperatures above 33°C, at this temperature thermal 
stress is a problem for occupants and cannot be 
endured for long periods without without 
experiencing discomfort despite adaptive 
opportunities. A high number of these hours during 
occupancy time means that a building is prone to 
overheat, and thermal comfort is frequently 
compromised. 

The extent and persistence of the overheating 
phenomena can be inferred through these numbers, but 
only when applying this method accounting for the total 
of both occupancy and non-occupancy hours. The 
number of hours >3K stand for the total of hours outside 
comfort. In a graphical way, this means that the parabola 
followed by the temperatures at some point crossed two 
times the +2K and +1K, once when increasing, and again 
when decreasing. Thus, it is possible to find out when 
the +2K and +1K temperatures occur as an isolated 
event, or as part of further heat accumulation.  This can 
be found by multiplying the number of hours >3K by 
two and then, subtracting separately the result to the 
number of hours >2K and >1K. The resulting number on 
each of the categories is the number of hours when 
overheating occurred and did not escalate further due to 
the presence of passive strategies. The difference is the 
number of hours when overheating occurred as part of a 
constant heat accumulation, still manageable with 
adaptive opportunities but at some point their 
effectiveness will declined depending on the total 
intensity. 
Results and Discussion 

 
Figure 7: Overheated occupancy hours 

Following the above-mentioned methodology, results 
from the four different climate scenarios were computed 
and plotted into two different graphs. Figure 8 shows the 
accumulative count of overheating hours, while Figure 7 
shows the percentage of overheating time during 
occupancy hours.  
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Figure 8: Overheated percentage of time 
On first sight, it is possible to appreciate a chronological 
progressive increase of overheating in the same way as it 
was presented on the weather files (Figure 3). The slight 
increase between scenario 1 (regular EPW) and scenario 
2 (EPW from 2015) can be explained due to the 
chronological proximity of both scenarios, and therefore, 
the increase in the future scenarios 3 and 4 (2050 and 
2080 respectively) is more noticeable.  
The high number of hours corresponding to the 
occupancy hours and percentage of time above >0.1K 
across the four different cases can be referred as a 
sensible count to measure the chronological propensity 
to overheat due to the weather conditions. Yet, not all 
that time can be accounted as effective time overheated 
as it was previously explained. However, on the first two 
scenarios, the chronological increase of overheating 
during occupancy hours and percentage of time above 
1K and 2K can be interpreted as an eventual increase of 
thermal discomfort that could be tackled with adaptive 
opportunities, since they happen as isolated events and 
no further overheat is recorded on the >3K. For the case 
of the 21 hours above comfort on the future scenario 
corresponding to 2050, they only represent 0.6% of 
occupied time during the springtime spread acorss the 
months of March, April and May, and therefore not 
representing an overheating problem. 
In the case of the second future scenario (2080), the 122 
hours above 3K correspond to a 3.5% occupancy time 
predicted as overheating. In figure 9 it is possible to 
appreciate a typical 24-hour lapse where this occurs. The 
BS EN 15251 suggests a maximum of 3% of occupied 
hours as the limit of overheating in naturally ventilated 
new edifications. Although the EN 15251 refers to the 
time exceeding temperatures above 1K, for the purpose 
of this research it has been moved to 3K. Thus, in this 
specific case it can be inferred that the building is prone 
to overheat during spring, but yet, manageable, and it is 
not necessarily a recurring problem during the other 
seasons of the year. 
The original 3% maximum of occupied hours above 1K-
exceedance limit is established in the EN-15251 and 

supported by the insights of thermal studies elaborated 
on a European context. During those same studies, it was 
determined that the limit of thermal comfort for 
European naturally ventilated buildings is 30°C, since 
the thermal sensation of the subjects reported above that 
temperature was mostly “+3 Hot” and “+2 Warm” on a 
PPD PMV scale (Humphreys and Nicol, 2002; 
Humphreys, Rijal and Nicol, 2013). Nevertheless, 
comfort studies elaborated on a Mexican context have 
concluded that due to the adaptation and acclimatization 
of the people living in this context, the same limit could 
be drawn at 33°C (Marincic et al., 2009; Gómez-
Azpeitia et al., 2012).  

 
4. Figure 9: 24hr lapse during a typical day with 

overheating (EPW F2080) 

 
Figure 10: Energy Balance of the simulated year (EPW 

F2080) 
After the results of the overheating analysis, the 
following matter is the performance of the building. As 
it was stated before, the environmental criteria on which 
the building is based can be summarized as solar 
protection against the solar radiation, thermal mass to 
induce heat lag and natural ventilation with the 
possibility of natural crossed ventilation and night 
cooling. The application of these strategies along with 
the design of the building is responsible for the actual 
performance of the building.  
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Figure 10 describes the energy balance of heat gains and 
losses of the simulated zone of the building. It is possible 
to appreciate the extent and scale of the heat gains and 
losses, where the main source of heat gains are the solar 
gains and the main outflow of heat losses are infiltration 
and natural ventilation. Even though the actual internal 
gains of the building were higher than those suggested 
by literature, the equipment, people and lighting gains do 
not have as much as individual impact as the external 
conditions. On the other side, natural ventilation and 
infiltration are those with the greatest cooling effect, 
followed by the heat losses through the glazing materials 
and walls. Lastly, the effect of the thermal mass, even 
though its influence seems to be minimal compared to 
the others, it is important to remark its influence on the 
resultant temperature, since it directly affects the mean 
radiant temperature of the interior surfaces of the 
building.  

Figure 11: Share of solar gains hitting the building 
versus the actual solar gains at the interior of the 

building. 
The greatest responsible for the inflow and outflow of 
energy is the glazing. Nowadays it is unlikely to find a 
large whole façade or glazing surface with a high U-
value of 5.3 W/m²K as the one found in this particular 
building. However, the solar protection compensate this 
effect during the daytime, and as for the night time, it 
proves to be an efficient way to help discharge the 
gained heat during the day.  On Figure 11 it is possible 
to appreciate the share of solar gains that were not 
blocked either by the shading device nor the glazing, 
even when this share of solar gains could be reduced 
with glazing with a higher resistance, it would be 
counterproductive for the night time energy outflow.  
Conclusions 
This study is set out to investigate whether a building 
designed with environmental criteria supported by 
passive strategies is prepared to face future weather 
conditions and the possible effects of climate change in 
the shape of overheating. This study was also designed 
to investigate the current effectiveness of these passive 
strategies under current climatic conditions. The building 
performance under the four different scenarios was 
surprisingly better than expected, remaining in comfort 
for most of the occupancy time through the year. The 
main contributing factor for this result was the diurnal 
temperature range that prevailed during the different 
simulated scenarios, as well as the limited differential of 

sun hours through the year. Considering this, it was 
possible to take advantage of overnight nigh cooling and 
almost eliminate the accumulated heat during the day. 
The design of the building is also a major key role since 
it joins on a very efficient way the different passive 
strategies. Moreover, the double façade that includes a 
shading device and glazing with low resistance, together 
with thermal mass, are the key factors for the 
performance of the building. With all these findings, the 
resiliency of the building was proved through the 
simulation process. Further analysis must be pursued in 
order to establish how the building envelope could be 
altered to improve its performance and make it more 
resilient. While the specific environmental conditions 
that we may face in the future are still developing, with 
the data presented on this work it is possible to say that 
we may still be able to face them with the sole use of 
passive strategies. The uncertainty of this last statement 
resides in the fact that the climate shift that we may 
experience during the future years could probably 
exceed our human capacity to adapt and acclimate, since 
the predicted temperature on this specific location is in a 
really close range to the human core temperature. 
However, the main limitation of this evaluation is the 
incapacity to demonstrate the exact time extend where 
overheat persist continuously.   
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Abstract 
The computer simulation of buildings is becoming more 
common, but the background knowledge required has 
always been considerable. With building simulation 
programs becoming more mainstream with built 
environment professionals, and UK building regulations 
now requiring simulation for some types of building, the 
uptake of simulation seems likely to increase. However, 
there is some controversy over the accuracy of simulation 
programs, regarding both the model creation and output. 
This paper looks at simulation from the point of view of 
an architect and examines three of the most likely 
programs an architect would use in adoption of simulation 
- EDSL TAS V. 9.4.1, IES VE 2018 and ArchiCAD 22 
EcoDesigner STAR. These programs have been used to 
model a Dwelling in Scotland, which has previously had 
extensive physical building performance evaluation 
(BPE) conducted. The analysis compares simulations 
results with each other and with the BPE data.  
The comparison found all programs to have strengths and 
weaknesses. U-value calculators in all of them seemed 
inconsistent, although all of the overall energy use 
estimates were more accurate than the standard 
assessment procedure (SAP). SAP is the method used in 
the UK for compliance with building regulations. The 
findings show that all the programs have positive 
attributes for architects, but despite having the poorest 
energy use predictions, the comparison found that 
ArchiCAD 22 EcoDesigner STAR is likely to have the 
greatest positive impact for an architect due to the familiar 
environment and minimal additional inputs. It also found 
IES VE 2018 to be of use due to the flexibility, support 
and Sketchup plugin, which can afford a familiar 
environment in which to learn. It found EDSL TAS to be 
the least suitable for practicing architects. 
Introduction 
Over 200 countries have signed up to the Accord de Paris, 
an agreement that action must be taken to lower 
greenhouse gas emissions (Davenport, 2015). It is widely 
agreed that buildings create around 40% of these 
emissions, making reductions in energy used by buildings 
a vital part of any energy reduction strategy (Scottish 
Government, 2017, 23). One way of quantifying and 
understanding the energy requirements of new or altered 
buildings is through building performance simulation 
(BPS). Computerised building performance simulation 
has its origins in the 1960s when the US government 

required analysis of human habitation of fallout shelters. 
Although some of this analysis is based around first 
principles, most of the algorithms for simulation were 
painstakingly theorised by engineers before being proven 
in largescale controlled test environments (Crawley et al., 
1998). The science and theory were continually 
developed, but it was not until the 1980s that the first BPS 
tools were applied to help architects. This would have 
been a highly specialised undertaking involving specialist 
scientists and a supercomputer. In the 1990s, this software 
was translated into coding that could be read by desktop 
computers, encouraging industry into the field. Since then 
dozens of BPS tools have been created with different 
algorithms, approaches and priorities (Crawley et al., 
2008, 2). These programs are becoming more user 
friendly and are gradually requiring less background 
knowledge to use. As these tools become easier to use and 
yield greater reward, it would seem the uptake of BPS is 
likely to increase. Currently BPS is rarely used for 
compliance in the UK, although there are occasions where 
it is required – complex geometry buildings, for example. 
SAP (Standard Assessment Procedure) is the most 
common method of compliance for domestic buildings in 
the UK, using standard values for building types and 
sizes. It does this to try to make dwellings more 
comparable; however, this assessment is based on the 
building fabric and systems and not on how they would 
be used. Low energy buildings often underperform in 
SAP assessments (Murphy et al., 2011). 
Simulation models must have precise data in three 
principal areas to be accurate. Firstly, information 
inputted by the user about the building geometry and 
fabric. Secondly, climate and location data, which is 
loaded into the software from external sources and can be 
applied to the simulation. Finally, the algorithms of the 
software - which are beyond the users’ control (Coakley, 
Raftery, and Keane, 2014). Some BPS programs have 
been validated (including the ones used in this study) to 
give accurate data in control tests and two within this test 
can be used for compliance with building regulations. 
However, these controlled tests require results to be 
within a range rather than be specific values, which calls 
into question the certainty of any energy use figures 
generated (Judkoff and Neymark, 2006).  
Additionally, as a fundamental understanding of building 
physics is still usually required, architects often struggle 
to use even basic BPS tools. Literature has highlighted a 
knowledge gap between architects and BPS tool users. 
This points toward BPS being largely incompatible with 
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Architects methods and education, meaning loss of a 
potentially useful method of environmental design 
(Mahdavi et al., 2003). However, increasingly architects 
are creating drawings using a Building Information Model 
(BIM). This, combined with the increasing usability and 
accessibility of BPS means that it may now be a realistic 
possibility for more widespread adoption by architects 
(Kim et al. 2015). This could allow simulation to become 
part of the normal iterative process that architects use to 
design and refine buildings. 
This paper shows results of a comparison of three BPS 
tools and gives comment on the potential use by 
architects. EDSL TAS V. 9.4.1 (TAS), IES VE 2018 
(IES) and ArchiCAD 22 EcoDesigner STAR (ArchiCAD) 
are used. These programs create an interesting 
comparison, as both TAS and IES are specialist BPS 
software platforms with the potential to bring in building 
geometry from BIM platforms. Both are accredited for 
compliance for UK building regulations and for gaining 
LEED (Leadership in Energy and Environmental Design) 
and BREEAM (Building Research Establishment 
Environmental Assessment Method) credits (‘Validation: 
EDSL TAS’, 2018) (‘Software Validation | Integrated 
Environmental Solutions’, 2018). ArchiCAD is primarily 
a BIM platform for creating 3D models and 2D drawings. 
The energy simulation capabilities were only added from 
version 16 (2011). ArchiCAD’s capabilities are not 
compliant for UK building regulations but do conform to 
the standard required for LEED certification - ASHRAE 
standard 140 (‘VIP-Core Dynamic Simulation Engine 
(Energy Evaluation) | ArchiCAD, GRAPHISOFT’, 
2018). 
The key comparisons are as follows: 
• Floor area created in each program using 

recommended best practice 
• Predicted U-values created within the U-value 

calculator and measured U-values 
• Predicted yearly total space heating 
• Predicted yearly space heating per m² 
• The predicted effect of ventilation on yearly space 

heating per m² 
• Predicted yearly energy demand from lighting and 

equipment 
• Predicted yearly energy demand for hot water 
• Predicted yearly electrical energy usage 
• Comparisons of the BPS tools predicted energy use 

with measured energy use from the dwelling as built 
Method 
To create a valid comparison the authors chose a small 
dwelling. The dwelling is simple enough to be 
comparably modelled in each BPS tool, while being 
complex enough to draw appropriate comparisons. The 
dwelling has mostly clear surroundings, with the 
exception of a raised area to the north-west and a tree line 
around 20m to the west. The dwelling was built to the 
PassivHaus (PH) construction standard, and therefore 
construction had been documented and tested on site. 
There is also significant building performance evaluation 

(BPE) with occupant diaries, energy meter monitoring, 
building fabric testing as well as external and internal 
humidity and temperature for a full calendar year 
(Innovate-UK, 2015). The dwelling is located near 
Dunoon, Scotland, with the development named Tigh-Na-
Cladach, (see Figure 1). The one negative about this 
choice was that it is an end terrace dwelling rather than 
being a detached property, although the party wall is north 
facing minimising this negative. The lower right of Figure 
2 shows the dwelling evaluated. Figure 3 shows its floor 
plan. 

 
Figure 1: Tigh-Na-Cladach aerial view. 

 
Figure 2: Dwelling that is simulated is at the lower 

right. 
The process involved the creation of geometry for the 
simulation model in each BPS tool using best practice 
(using the tools the way they were designed to be used), 
learned from official online tutorials, in person training 
and webinars. Each model was then zoned. This involves 
separation of each room to different internal conditions 
within the simulations, allowing different attributes to be 
applied. The ventilation and infiltration rates were set so 
as to remove them as a variable (sealed compartments), as 
initial simulations were run to create a baseline ‘free 
running’ building that was established to be as similar as 
possible in all three programs and this value was the 
easiest number for comparison. To complete the data for 
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a ‘free running’ comparison, weather data was inputted. 
The weather data used in each BPS tool was the exact 
same file and format. The closest weather file that could 
be found was for Oban, a coastal town located 38 miles 
from Dunoon, which should give very similar conditions 
given its similar altitude, coastal proximity and 
geographical location. Sample weeks (or days in the case 
of ArchiCAD) were run in each BPS tool before 
occupants or plant were added to ensure parity between 
the ‘free running’ simulation models. This revealed 
several input errors, which were corrected. 

 
Figure 3: Tigh-Na-Cladach dwelling ground floor plan. 

Each simulation model included Plant and occupant 
profiles along with schedules for internal gains based on 
occupant diaries completed by householders during the 
BPE. The diaries detail occupancy, equipment usage and 
behaviour, making the simulations as accurate as possible. 

The weather file was obtained from the EnergyPlus 
Weather (epw) database online, which is likely to be the 
source an architect would use if creating a simulation. The 
.epw file type was chosen as it works with all three 
programs compared. Table 1A shows a summary of 
inputs, and Table 2 shows an example input schedule for 
Lighting. 

Table 1: Tigh-Na-Cladach simulation model summary 
(Innovate UK-Tigh-Na-Cladach BPE report, 2015). 

Tigh-Na-Cladach Simulation Inputs 
Occupancy 2 
Air Tightness 0.56ACH 
U-values (W/m²K) Roof 

0.13 
Floor 
0.16 

Exterior 
walls 0.10 

Hot water demand 
(litre/day/person) 

120 

Internal temp’ range 16°C-25°C 
Ventilation rates 85m3/hour 
Heat pump output + COP 4kW + 3.5 
Orientation  ‘North’ wall bearing = 15° 
Solar hot water area, 
azimuth, angle to south 

4.5m², 45°, 15° 

MVHR efficiency  85% 
Weather file Oban.epw 
Occupancy gain 200W (2 occupants when 

occupied) 
Table 2:  Example Input Schedule for Lighting. 

Tigh-Na-Cladach lighting profile 

Lighting 
(weekday 
AM) 

Lighting 
(weekday 
PM) 

Lighting 
(weekend 
AM) 

Lighting 
(weekday 
PM) 

6am – 8am 7pm–11pm 8am – 9am 7pm–12am 

Inter-room air movement inputs in IES and TAS allowed 
air to move freely between rooms. The MVHR has outlets 
and inlets in different rooms and air must be allowed to 
flow between them even with internal doors closed. 
ArchiCAD does not have an option for inter-room air 
movement. Therefore, to create a comparable simulation, 
a MVHR that gave the same attributes was specified in 
IES and TAS for each room, with the same overall 
ventilation rates across the dwelling in all programs but is 
a potential source of error. Different systems were then 
removed or ‘turned off’ within the simulations to allow a 
breakdown of loading to compare loading from different 
aspects of energy consumption. With the comparison of 
estimated data generated by programs completed, this 
data was then compared with the data collected during 
BPE. The estimated yearly energy use generated by the 
simulation programs was then compared to the SAP 
figures, which were created for the building for 
compliance reasons. 

Results and Discussion 
Measured Floor Area Comparison 
For comparison of how each program calculates area, 
models were created in a way that made the foot print of 
each simulation model the same. This made the linear 
measure of exterior walls as close and comparable as 
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possible. This measurement was taken at 12800mm x 
3950mm for the internal foot print – 50.56m². Over two 
floors including the internal porch area, this gives a 
footprint area of 104.8m². The porch area is not included 
in the thermal analysis as it is not heated, and therefore 
generates no loading on the building systems. Table 3 
shows the results for each room from each simulation and 
total area from each simulation model. 

Table 3: Tigh-Na-Cladach Simulation Measured Area 
Comparison. 

Area (m²) IES TAS ARCHI
CAD 

SAP 

Porch 3.713 3.783 3.615 N/A 
Kitchen 13.035 13.035 13.114 N/A 
Downstair
s hall 

5.2 5.541 4.907 N/A 

WC 4.77 4.57 4.539 N/A 
Living 
room 

20.540 19.908 20.540 N/A 

Lower 
stairs 

5.83 6.464 5.813 N/A 

Upper 
stairs 

5.83 6.464 5.813 N/A 

Bedroom 1 13.035 13.035 13.114 N/A 
Bedroom 2 16.605 16.283 16.357 N/A 
Bathroom 5.56 5.484 5.451 N/A 
Upper hall 8.34 7.886 7.832 N/A 
Total area 102.458 102.353 101.095 104 
Total 
heated area 
(excludes 
porch) 

98.745 98.670 97.48 N/A 

The floor areas, room by room across the programs, show 
no clear pattern of which programs will be similar. One 
may expect consistency between programs in this area, 
but due to restrictions on precision within TAS and IES, 
this is not realistically possible. With the kitchen, 
ArchiCAD is the largest. With the downstairs hall, TAS 
is the largest and with Bedroom 2, IES is the largest. 
However, a look at the totals indicates the software type. 
TAS and IES are within 0.1% of each other, with 
ArchiCAD having more than a 1.3% difference from the 
average of the others. When the input of the 3D model is 
examined more closely, the reasons for differences in area 
can be hypothesised.  
IES instructors considered the input method used for IES 
as the best practice. Rooms are represented with single 
lines, giving no allowance for internal wall thickness. IES 
essentially draws only the measured climactic zone of a 
room, rather than the building. Internal walls would 
obviously have a footprint within the real building 
(160mm width from architect’s drawings). As each model 
was created with the same footprint, the area taken up by 
the internal walls would be absorbed into the rooms in 
IES. Figure 4 shows the ground floor plan with the 
adjoining dwelling shown in purple, with all walls and 
openings represented with single lines. TAS uses a 
method of measuring that seems similar to IES, despite 
looking substantially different. Although drawing in TAS 

shows wall thicknesses as shown in Figure 5, the 
measurements given indicate that the space within the 
internal walls is included in the measured floor area. This 
indicates that the measured climactic zones for each room 
have no space between them in either IES or TAS. The 
method of input in ArchiCAD is noticeably different as 
the information added to turn the BIM model into a DSM 
is added after the BIM model is complete. This means 
internal wall thickness is not included. This is the same 
method used for calculation for SAP, despite Table 3 
showing the SAP figure is noticeably different. Figure 6 
shows the zones as created in ArchiCAD, with only the 
areas highlighted in grey accounted for. This is due to how 
the ‘tool’ that creates these zones in ArchiCAD operates. 
While it would be possible to alter the zones in ArchiCAD 
to mimic the method used in IES and TAS, this is not how 
users are instructed within the user guides or videos made 
by ArchiCAD. 
While the measured floor areas of all three programs are 
very similar and the overall differences may seem 
negligible, it is worth noting that great care was taken in 
the input of the simulation models to make them similar 
and if another user used a different method of input, the 
differences could be greater. The difference between 
measurements for the downstairs hall between ArchiCAD 
and TAS are around 10%. It is possible this kind of 
difference could be observed in the simulation of a 
different building. 

 

 
Figure 4: IES ground floor plan. 
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Figure 5: TAS ground floor plan. 

 
Figure 6: ArchiCAD ground floor plan. 

U-Value Comparison 
The first attribute given to the drawn models were U-
values. This gave an ideal opportunity to compare the 
built-in U-value calculators in the programs. The build-up 
for the details used were provided in the architect’s 
drawings that were obtained. These layers were then 

inputted as closely as possible using each program’s 
material library. Figures 7, 8 and 9 show the build-up for 
the external wall within each program. As can be seen 
from the build-ups, the material libraries are substantially 
different with the built-in library of ArchiCAD being 
especially limited with a ‘best fit’ option having to be used 
for several materials. While custom materials can be made 
in all programs, it adds another layer of complication and 
the method for this study was to test the programs ‘out of 
the box’. Table 4 shows the outputs that each program’s 
U-value calculator made.  
As the U-values calculated before construction are the 
values used for building regulation compliance, they were 
used – with the exception of measured values, which will 
be the most accurate. The results shown in Table 4 point 
to a case to call into serious question the accuracy of the 
in-built U-value calculators, but each of the comparisons 
tells a different story. The comparison for the external 
walls is largely similar, and they agree with the calculated 
pre-construction values; which are presumed to have been 
made with a U-value calculator for compliance (not 
specified in BPE). 

Table 4: Tigh-Na-Cladach U-value Comparison. 
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Calcula
ted pre-
constru
ction 

0.095 0.094 0.15 0.78 1.16 0.96 

ArchiC
AD 

0.1 0.08 0.16 N/A N/A N/A 

IES 0.096 0.077 0.117 N/A N/A N/A 
TAS 0.099 0.078 0.14 N/A N/A N/A 
Measur
ed in-
situ 

0.12 0.16 N/A N/A N/A N/A 

Simulat
ion 
values 

0.12 0.16 0.15 0.78 1.16 0.96 

 
Figure 7: IES external wall construction layers. 
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Figure 8: TAS external wall construction layers. 

 
Figure 9: ArchiCAD external wall construction layers. 

With the agreement across the board for the predicted 
value, the most interesting measurement is the U-value 
measured from the building as built, which has a 
noticeable poorer performance than predicted. The roof 
construction creates broad agreement between the 
simulation programs, although the U-value calculator that 
was used for compliance predicts poorer performance. 
However, the measured value is considerably worse than 
any of the predictions. This will be in part due to the angle 

of the roof and possibly weather conditions during 
measuring. In practice, more heat energy is lost the closer 
a building element is to horizontal, due to the warmer air 
from the room rising and heating these elements. They are 
therefore more able to lose heat to the external 
environment. The ground floor construction splits the 
simulation programs by a considerable margin in 
comparison to the other tests. Unfortunately, 
measurement of the ground floor U-value was not 
possible and the as-built value is not available. It is 
possible that the performance gap in the measured U-
values comes from poor workmanship; however, the BPE 
report for the dwelling mentions that the building was 
constructed to a particularly high quality. The exposed 
windy seaside location is also a possible contributor to the 
performance gap. The spread of the U-values here 
highlights that even if the algorithms of the simulation 
engines are reliable, repeatable and reliable data input 
remains elusive. The U-values for each simulation were 
adjusted to be the same, in order to create simulations that 
are more comparable. Measured results were used where 
possible, with the U-value used for compliance used for 
floors and the manufacturer values used for doors and 
windows (obtained from the BPE). A decision was made, 
that slightly different insulation values between 
simulations was the best way of creating identical 
simulation models, meaning each simulation used the 
same U-values for energy predictions. 
Predicted Energy Use Comparison 
With the simulations completed to a ‘free running’ 
condition, they were then completed and several 
simulations were undertaken to give a breakdown of how 
the predicted energy use compared to the measured 
energy use. Table 5 shows the comparison of the results. 
Predicted electricity for heat shows that all simulations 
underestimated the heating demand for the dwelling, with 
ArchiCAD being the furthest from the measured value 
and IES and TAS being similar. The BPE monitoring 
mentions that residents were using electric towel rails 
constantly for space heating for a significant period 
during monitoring, which contributed to raising the 
measured value, and which may explain some of the 
performance gap. The results for space heating in both the 
measured and predicted values is extremely low, which is 
likely a combination of the high thermal performance of 
PH, the air source heat pump and the occupants being 
particularly energy conscious, which is mentioned in the 
BPE. The energy loading of the towel rails (which would 
be aiding space heating) was also not included in the space 
heating loads. A more noticeable gap is in the reduction 
in space heating demand when ventilation requirement is 
removed. This points towards potentially different 
methods of calculation.  
The energy used for lights and equipment possibly 
highlight differences between the detailed input possible 
in dedicated BPS programs and ArchiCAD’s ‘add on’ 
package. Again, IES and TAS have similar values with 
the ArchiCAD prediction differing significantly. 
Predictions for ‘energy and equipment’ seems to be an 
area which has made a significant difference in the overall 
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energy predictions. ArchiCAD predicted that almost 53% 
of energy use would be from lighting and equipment, this 
output also had the greatest spread of results; possibly, 
due to the different ways occupant behaviour is inputted.  

Table 5: Tigh-Na-Cladach PH dwelling Energy 
Simulation Results. 

 SAP IES TAS Arch
iCA
D 

Meas
ured 

Total 
electricity for 
heat 
(kWh/m²A)* 

1133 540 529 444 579 

Total heated 
floor area 
(m²) 

104 98.7 98.7 97.5 104 

Space heating 
per m² 
(kWh/m²A) 

10.9 5.5 5.4 4.6 5.6 

Reduction in 
space heating 
when 
ventilation 
requirement 
is removed 
(kWh/m²A) 

N/A 0.8 1.05 1.3 N/A 

Lights and 
equipment 
(kWhA) 

N/A 1914 1709 3005 N/A 

Hot water 
energy 
demand** 

N/A 1942 1809 2178 1685 

Total 
electrical 
demand*** 

N/A 4396 4047 5689 4513 

*Total electricity for heat considers use of the air source heat 
pump 

**Hot water energy demand considers the solar hot water 
system 

*** Total energy demand considers the air source heat pump and 
solar hot water system 

The overall predicted energy use for the dwelling over the 
year shows an average value within 5% of the measured 
energy used. However, not all simulations are equally 
adept at energy predictions. Both IES and TAS make 
predictions that are below the measured energy. In this 
context, both IES and TAS look to have made accurate 
predictions about the total energy used. The predictions 
made by ArchiCAD look less accurate in comparison, 
with energy demand for lights and equipment differing 
from IES and TAS significantly.  
The breakdown of the results shows that ArchiCAD 
energy use predictions had significant deviation from the 
other programs and the measured amount. The 
performance of IES and TAS was similar in broad terms 
giving similar results. The differences in predicted energy 
use between different categories seemed to balance out 
across the simulations as a whole in this scenario. 
However, other simulations could yield different results. 

When compared to IES and TAS, ArchiCAD’s 
predictions seem inaccurate. However, when compared to 
space heating predictions from SAP they seem excellent. 
This agrees with previous studies showing that SAP is not 
a good method for predicting the energy use of low energy 
buildings. The simulation models support this, with even 
ArchiCAD being roughly twice as accurate as SAP. This 
adds to the body of work showing the results of static 
(SAP) and dynamic simulation are not comparable and 
indicates that switching to even a simple dynamic analysis 
would give much greater accuracy for predicted building 
energy loads towards compliance of UK regulations. 
Figure 10 gives an overview of the comparison of the 
predicted energy use from all three programs and the 
measured value from the dwelling as built. IES and TAS 
give consistent predictions across all results with 
ArchiCAD giving an outlying result for predicted use of 
lighting and equipment. This seems to skew ArchiCAD’s 
prediction for total energy use. As ArchiCAD’s user 
interface lacks the precision of the other programs, user 
error cannot be ruled out as part of the discrepancy. 
However, great care was taken for this input and if there 
were input errors, improvements to the interface would 
likely improve them. The difference for U-values between 
predictions is large and merits further investigation. 
Possible reasons for gaps in results include poor 
workmanship, the inbuilt limitations of the U-value 
calculators or calculation algorithms used. However, as 
space heating is a relatively small component of the 
overall energy consumption, it does not seem to have 
created a large impact on the final figures.  

 
Figure 10: Comparison of predicted and measured 

energy use. 
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Conclusion 
The comparison of the simulations shows an overall 
consistency in the predicted energy results. The predicted 
total energy use for all three programs varies for different 
reasons and all three have different strengths and 
weaknesses. No program performed consistently better 
across all methods of testing. ArchiCAD had the least 
accurate energy predictions, although the results were still 
respectable. It is also worth noting ArchiCAD performed 
better than SAP despite primarily being a drawing 
program. The accuracy of the U-value calculator used or 
the accuracy of in-situ U-value measurement are both of 
concern as the results highlight a performance gap when 
calculated values are compared to those measured in-situ. 
Evaluation of the programs as design tools moves their 
requirements from just accuracy. Capacity to test the 
effects of design changes quickly and efficiently within a 
program could become a valuable tool to architects and 
designers in guiding designs to lower energy use from an 
early stage. ArchiCAD has a clear advantage here, as it is 
a BIM program, so its 3D modelling capabilities are far 
superior to IES or TAS. Although both IES and TAS can 
import model data from ArchiCAD, having a simulation 
tool built in to a program that architects are already using 
and are familiar with raises questions over the advantage 
of the purchase of a standalone simulation program for 
architects. TAS in particular still feels like a research tool, 
mainly for academics due to its clunky, unintuitive and 
dated user interface. 
The increasing 3D modelling of more buildings in BIM 
will open the possibility of links with simulation software 
programs or simulation features being added to BIM 
programs. These kinds of links will make simulation more 
accessible to architects. Bringing together accurate 
dedicated simulation tools with familiar software 
platforms is likely the best way for architects to create 
reliable simulation models. As building regulations 
tighten towards zero carbon targets, the ease of use and 
accuracy for these programs will likely improve. This 
should require less knowledge of building physics and 
allow architects to create simulation models with relative 
ease. There is also significant potential for BIM 
components to automatically include the necessary 
information required for them to be included in an energy 
simulation. As adoption of BIM becomes widespread, the 
opportunity for simulation also increases. Current 
standalone building simulation programs would require a 
significant investment of time and resources for 
architects. Integration with existing programs opens the 
door to use energy simulation as a design tool.  
The three simulation programs tested show that the 
complexity and required background knowledge still put 
simulation out of reach for some architects. However, 
given the recent advances made in BIM and the need to 
design buildings that use less energy, it is likely that 
building simulation will become a tool for architects in 
the future if architectural education can be made to be 
more compatible with simulation and architects are taught 
the proper background knowledge. 
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Abstract 
Comparisons of predictions from EnergyPlus, DOE-2.1e, 
and DOE-2.2 with measurements from Lawrence 
Berkeley National Laboratory’s FLEXLAB® test facility 
have been conducted with the aim of better understanding 
the accuracy of these engines. Differences between 
predicted performance versus actual performance as 
measured in FLEXLAB, at least for simple buildings, 
have been identified, starting with key test cases in 
ASHRAE Standard 140. The averages over the different 
tests of the magnitudes of the hour-by-hour differences 
are ~2.5% of the range and the daytime averages, which 
may be more important for both energy performance and 
occupant comfort, are ~5%. These results do not support 
the hypothesis that there is any significant difference in 
the ability of the three engines to predict thermal loads in 
spaces with conventional overhead air supply for mixing 
ventilation. 
Introduction 
Whole building energy simulation (BES) engines are used 
to inform the design of utility programs and building 
energy codes and are increasingly used in the design of 
commercial buildings. Many analysts and designers and 
utility program evaluators in the United States use tools 
based on variants of the DOE-2 engine (Lawrence 
Berkeley National Laboratory), which was first developed 
for the US Department of Energy in the 1970s. 
EnergyPlus™ (U. S. Department of Energy) is the 
Department of Energy’s free, flagship building energy 
simulation engine and is intended to replace DOE-2. 
Comparisons of thermal load predictions made by 
EnergyPlus and DOE-2.2 (James J. Hirsch et al. a), the 
simulation engine in eQUEST (James J. Hirsch et al. b), 
and DOE-2.1e (Lawrence Berkeley National Laboratory), 
the simulation engine in EnergyPro (EnergySoft), have 
shown significant differences. Resolution of these 
differences has an important role to play in informing 
practitioners, program designers, and other stakeholders 
regarding the accuracy and robustness of these engines. 
Comparisons of predictions from EnergyPlus, DOE-2.1e, 
and DOE-2.2 with measurements from Lawrence 
Berkeley National Laboratory’s (LBNL) FLEXLAB® test 
facility (FLEXLAB) have been conducted with the aim of 
better understanding the accuracy of these engines. Seven 
scenarios (or test cases), covering traditional overhead 
mixed ventilation designs were tested and each engine 

predictions showed a consistent level of agreement with 
the measurements of space level sensible thermal load. 
These results provide a basis for better understanding the 
accuracy of these engines in predicting the thermal load 
elements of whole building energy performance. Detailed 
measurements of FLEXLAB performance, including 
indoor temperatures, heat fluxes, and airflow rates in the 
Heating, Ventilating, and Air Conditioning (HVAC) 
system, together with hourly weather data and building 
characteristics, were recorded and used in analyzing the 
simulation results from the simulation engines. 
The results presented here are intended to give both users 
and practitioners an indication of the accuracy of the 
thermal load predictions by these BES engines and a way 
of better understanding and limiting the “risk” associated 
with these predictions. If the uncertainties in the HVAC 
system model predictions are relatively small, the load 
prediction uncertainties will provide a good indication of 
the overall model algorithm uncertainty in the whole 
building energy predictions. This paper presents the 
results of the comparison between the BES models and 
empirical validation testing, but it also establishes a 
framework that can be leveraged for validation of other 
BES by using the same measured data and experimental 
characteristics. 
The paper does not address other sources of uncertainty 
such as input data errors and user model building errors. 
Methods  
Laboratory Facility 
The experiments were carried out in LBNL’s FLEXLAB 
test facility in test cells which effectively represent a 
single perimeter zone in a multistory, relatively deep plan 
building. Each cell includes its own air handling unit 
(AHU) with an economizer, hot water, and chilled water 
coils and supply fan. Each pair of cells has its own chilled 
water and hot water plant.  The thermal isolation resulting 
from the near adiabatic walls between adjacent cells 
allows their performance to be analyzed independently.  
Experiment Design, Analysis and Instrumentation  
For the high priority ASHRAE Standard 140 test cases 
identified, the simulated building form was modified to 
one that can be re-created using FLEXLAB and the 
comparisons repeated to verify that the differences are 
still observed, even in the more moderate Berkeley 
climate.  
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The window and wall sizes and thermal characteristics 
were modified in simulation to match FLEXLAB. The 
low-mass cases were reproduced by adding insulation to 
the top side of the slab-on-grade floor and the high-mass 
cases were reproduced by exposing the slab. (Each floor 
slab in FLEXLAB has a continuous layer of rigid 
insulation separating it from the ground below and hence 
FLEXLAB is unable to treat slab-on-grade constructions.) 
The results reported here were obtained using a modified 
cell configuration with a temporary north wall (partition) 
that served to isolate the experimental space from the 
electrical and mechanical equipment located on the north 
side of the cell. This provided a simpler configuration for 
modeling using different simulation engines. The 
modified cell included a well-insulated suspended ceiling 
and ducted HVAC supply and return. Further details are 
included in (Haves et al., 2019). 
FLEXLAB Modeling 
Testbed 3, consisting of Cells 3A and 3B, was modeled 
using three simulation engines: EnergyPlus, DOE-2.1E, 
and DOE-2.2. The EnergyPlus model was created using 
EnergyPlus V8.5 and the OpenStudio® SketchUp plug-in  
and subsequently upgraded to V8.8. The DOE-2.1e and 
DOE-2.2 models were created using DrawBDL and 
eQUEST. DOE-2 uses a one-hour time-step and 
EnergyPlus was run with a ten-minute timestep. 
The simulation input data included: 
• Environmental data, including ground temperature, 

and weather data 
• Building geometry 
• Building materials and constructions 
• Building shading  
• Internal gains 
• HVAC system and temperature set-points 
Environmental Data 
Under-floor temperatures were measured using four 
vertical arrays of sensors, with thermistors spaced at 50 
mm (2 in) intervals between the top of the 150 mm (6”) 
‘topping slab’ and the bottom of the 150 mm (6”) 
structural slab, which are separated by a 5” (125 mm) 
layer of structural polystyrene. The temperatures recorded 
by the sensors at the bottom of the structural slab were 
averaged and used as the ground temperature input. The 
weather data were imported via a weather file created 
based on measured weather data from the FLEXLAB 
weather station.  
Modeling 
The building geometry, materials and construction 
information used to build the simulation models were 
obtained from the FLEXLAB as-built drawings. 
Floor Modeling 
Separate models were produced for the low-mass and 
high-mass configurations. The only difference between 
these two configurations was the construction of the floor. 
In the high-mass configuration, the topping slab was the 
top layer, with its top surface exposed to the space. In the 
low-mass configuration, the topping slab was covered 

with 100 mm (4”) of polyisocyanurate rigid board 
insulation covered with 13 mm (½”) plywood.  
Wall Modeling 
Whole building simulation engines can only model 
building components with continuous layers and one-
dimensional heat transfer paths. In FLEXLAB, most of 
the walls, by area, are constructed from structural 
insulated panels (SIPS) in order to limit 2-D and 3-D heat 
flow paths to the corners, which also include boxed-in 
columns. The THERM finite element program was used 
to identify one-dimensional wall constructions that 
approximate the thermal performance of two and three-
dimensional heat flows in construction elements such as 
boxed-in columns (Curcija, 2012).  
Window Modeling 
For some runs, the windows were covered with insulation. 
Both EnergyPlus and DOE-2 can model moveable 
insulation on the window that can be controlled with a 
schedule, allowing one model input file to be used for 
both insulated and uninsulated periods.  
Four construction descriptions were created for the 
WINDOW 7.4 library: uninsulated single glazing, 
insulated single glazing, uninsulated window framing and 
insulated window framing. The appropriate construction 
description reports for each case were then included in the 
input files for DOE-2.1e, DOE-2.2 and EnergyPlus. 
Internal Gains 
The internal heat gains varied diurnally during a number 
of the experiments, as indicated in Table 1. Annual 
schedules for internal gains were created, based on the 
measured electric power consumption. 
HVAC System and the Temperature Setpoints 
The EnergyPlus model included an Ideal Load System 
object with a single temperature set-point thermostat 
assigned to each cell. The DOE-2 model used 
System=SUM with the proportional thermostat type and 
a throttling range of 0.1 K. A schedule of zone 
temperature set-points for the full period of the 
experiments was created from the average of the 28 air 
temperature measurements in the cell – four vertical 
arrays of seven shielded thermistors. This avoids the need 
for separate runs, each with their own warm-up period, for 
each of the 12 experiments. 
For each experiment, the simulated zone temperature was 
compared to the measured average dry bulb temperature, 
which had been used as the zone temperature set-point, 
and good agreement was found consistently. The 
FLEXLAB and EnergyPlus ‘zone’ temperatures are dry 
bulb (air) temperatures. The zone temperature in DOE-
2.1e and DOE-2.2 is actually a weighted average of the 
air and surface temperatures. In practice, the DOE-2 zone 
temperature is treated as a proxy for the dry bulb 
temperature, one rationale being that, in multi-zone 
buildings with lightweight construction, the surface 
temperatures of the internal partitions and suspended 
ceilings, at least, tend to follow the zone dry bulb 
temperature closely enough for most energy calculations 
and thermal comfort predictions. 
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Experimental Tests    
FLEXLAB tests were performed for the high-mass and 
low-mass cases. The interior air temperature set-points, 
internal gain, and window insulation schedules were 
selected to excite different modes of operation. Sixteen 
scenarios were defined, consisting of all possible 
combinations of high-mass vs. low-mass, covered vs. 
exposed windows, constant or variable internal gains and 
constant or variable zone set-point temperatures. The 
cases were structured in order of increasing complexity, 
starting with gentle transients (solar) to step changes in 
internal loads and/or zone temperature set-points. In 
several variable set-point cases, there was a substantial 
step change (5-10 K) in the zone air temperature set-point 
twice per day. The intention was to test the transient 
response of the simulation engines. However, in some 
cases, there was overshoot in the FLEXLAB zone air 
temperature control loop, which increased the higher 
frequency components of the response. 
Tests were performed for six of these scenarios, selected 
to address different combinations of variable envelope 
conduction, window solar heat gain and  
charging/discharging of thermal mass, as shown in  
Table 1. The rightmost column indicates the closest 
corresponding BESTEST; the BESTEST numbering 
scheme has been extended to indicate new variants in 
which the internal gains were varied diurnally. 
The tests involved defining schedules of zone air 
temperature set-points and lighting and miscellaneous 
equipment switching in the control system. Test periods 

were typically three to five days, though, in some cases, 
operational problems resulted in the measurements for 
some part of the period being rejected. 
The primary output for each test was a set of one-minute 
measurements for estimating the load: supply and return 
air temperatures, measured at the supply diffusers and 
return grill, together with measurements of the supply air 
flow rate. Each of the temperature sensors in each cell – 
one in each of the four supply diffusers and three in the 
single return grill – was carefully calibrated and in-situ 
cross-calibration was then performed to minimize the 
uncertainty in the supply-return temperature difference, 
which is estimated to be ~0.15 K (0.27 F). The airflow 
station in the supply duct was calibrated against two 
different reference airflow measurement systems and the 
resulting uncertainty is estimated to be ≤3% across the 
range of flow rates used in the tests. When the supply-
return temperature difference is ~5 K, the uncertainty in 
the measurement of thermal load is then ~5%. 
Zone air temperature, surface temperature, and surface 
heat flux measurements were also collected. Each sensor 
was sampled once per second and one-minute averages 
were archived for use in visualization and analysis. The 
initial intention was to use water-side measurements of 
the duties of the heating and cooling coils, together with 
the measured fan power, to determine the rate at which 
heat was added to, or removed from, the main test zone.  
However, the following sources of uncertainty resulted in 
the decision to use a direct air-side measurement: 
 

 
Table 1: Experimental Configurations  

Scenario
: Test 

Therm 
Mass 

Window 
Insul 

Internal 
Gain (W) 

Zone 
Temperature  Fan Speed (%) Test Dates 

Bes- 
Test 

3:01 Low No 0 22 C / 22 C 25 Jul22-Jul26, 2017 600 
3:02 Low No 0 22 C / 22 C 40 Feb3-Feb5, 2018 600 
3:03 Low No 0 22 C / 22 C Varies 10-50 Feb7-Feb9, 2018 600 
3:04 Low No 0 22 C / 22 C 50:8-18, 25:18-8 Feb12-Feb18, 2018 600 
3:05 Low No 0 22 C / 22 C 25 Feb20-Feb23, 2018 600 
6:01 High Yes 0/1440 W 25 C / 25 C 50→40→50 Jul1-Jul3, 2017 800VIG 
11:01 Low No 0 30 C / 20 C 50 Nov12-Nov16, 2016 640 
11:02 Low No 0 30 C / 20 C 50 Nov24-Nov28, 2016 640 
11:03 Low No 0 30 C / 20 C 50 Nov30-Dec03, 2016 640 
12:01 High No 0 26 C / 22 C 25 Jul10-Jul14, 2017  940 
14:01 High Yes 0/1440 W 22 C / 26 C 25 Jul6-Jul10, 2017 840VIG 
15:01 Low No 0/435 W 30 C / 20 C 25 Dec15-Dec17, 2016 640VIG 
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• Fan power: Direct measurement of the power 
supplied to the fan motor by the variable frequency 
drive (VFD) is uncertain/expensive because the 
harmonic content of the current. The VFD can be 
bypassed, but only at one fan speed; different fan 
speeds were used in the tests to minimize the 
uncertainty in the measurement of heating/cooling 
rate while maintaining adequate heating/cooling 
capacity. 

• Heat gains/losses: Heat gains/losses through the 
(insulated) walls of the supply and return ducts that 
are significant enough to be very difficult to correct 
sufficiently, given the spatial and temporal variations 
in the temperature adjacent to the exterior surfaces of 
the ducts. 

Results 
Detailed comparisons of the measurements with the 
outputs from EnergyPlus, DOE-2.2, and DOE-2.1e have 
been performed, and results are shown in this next section. 
The primary comparison is in terms of the thermal load, 
measured in FLEXLAB by performing an air-side heat 
balance on the test cell, as discussed above.  
Comparisons Between EnergyPlus, DOE-2.2,  
DOE-2.1E and FLEXLAB 
Figure 1 shows an example of the standard set of plots and 
a summary table used to facilitate the analysis used to 
generate the results presented here. A comparison 
between the simulation outputs (heat removal rate) from 
each of the three engines is presented; first as a time-series 
and then in cumulative/integrated form. The band around 
the measured heat removal rate line represents an estimate 
of the effect of the uncertainties in the supply-return air 
temperature difference and the air flow rate. The 
numerical values at the right-hand end of the cumulative 
plot can be used to obtain the cumulative bias error (MBE) 
by subtracting the simulation engine value from the 
FLEXLAB value.  
Table 2 presents two different but complementary metrics 
that characterize the case-by-case differences between the 
FLEXLAB measurements of heat removal rate and the 
predictions of DOE-2.1e, DOE-2.2 and EnergyPlus. The 
first metric is the Range-Normalized Mean Bias Error 
(RNMBE). The differences between hourly samples (i), 
of the simulation prediction (s), and the FLEXLAB 
measured value (f), are averaged for each test and 
normalized to the range of the FLEXLAB measurements 
for that test, as defined in Equation 1. 

𝑅𝑁𝑀𝐵𝐸 = '
()*(,).(/0	(,)

∗ ∑ 4(5).,(5)
6

                      (1) 

This is in contrast to the mean percentage error (MPE), 
where the normalization is performed on every sample. In 
this case, the normalizing value in the denominator varies 
from sample to sample, thereby giving a different weight 
to each sample. Another consideration is the quantity to 
be used in the denominator; common choices are the mean 
value of f, the mean absolute value of f and the range of f. 
Since f can be either positive (cooling load) or negative 
(heating load), its mean value may be inappropriately 

small. The range was selected in preference to the mean 
absolute value since it better characterizes the simulation 
application. Since the mean of the actual differences, 
rather than the absolute differences, is calculated, 
fluctuations cancel out, yielding the underlying trend, or 
bias, for that test.   
The second metric is the Range-Normalized Root Mean 
Square Error (RNRMSE). The square root of the average 
of the square of the difference between hourly samples of 
the simulation prediction and the FLEXLAB measured 
value is normalized to the range of the FLEXLAB 
measurements for that test, as defined in Equation 2. 
Range normalization was selected for the reason 
described above for RNMBE.  

𝑅𝑁𝑅𝑀𝑆𝐸 = '
()*(,).(/0	(,)

∗ 8∑94(5).,(5):
;

6
              (2) 

Fluctuations are accentuated; there is no cancellation of 
positive and negative errors and squaring the error gives 
more weight to outliers, which tend to occur more 
frequently during transients. 
Normalized Mean Bias Error (strictly, Mean Bias) and the 
Coefficient of Variation of the Root Mean Square Error, 
both of which are normalized to the mean value rather 
than the range, are statistical metrics that have been 
adopted for use in the International Performance 
Measurement and Verification Protocol – IPMVP – 
(Efficiency Valuation Organization) and by ASHRAE 
Guideline 14P Measurement of Energy, Demand, and 
Water Savings (ASHRAE, 2014) to characterize how well 
a simulation model has been calibrated to measured data 
prior to use in a Measurement and Verification (M&V) 
exercise. This is a different situation to that of the work 
presented here, which does not involve calibrated 
simulation and is concerned with thermal load, which may 
be positive or negative, rather than with energy 
consumption. In most situations, a simulation model 
constructed from as-built drawings and other design 
information is not expected to be as accurate as a model 
that is also calibrated with real measurements.  
In effect, the purpose of the work reported here is to 
determine how accurate a carefully constructed 
simulation model is likely to be before any calibration, 
such as in the context of design for new construction. In 
particular, it is not appropriate to apply the acceptance 
criteria used in IPMVP and Guideline 14 for the adequacy 
of simulation model calibration to determine the adequacy 
of simulation engines in the context of the work presented 
here, since no calibration is involved. Three other 
confounding factors are: 
• The operating conditions in the tests reported here 

were deliberately designed to stress the engines. (For 
example, there was no dead-band between the 
heating and cooling set-points for the zone 
temperature.) 

• The tests reported only address the thermal load in an 
occupied space and do not consider the performance 
of the HVAC system(s). 
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Scenario 3:01: 3:01: Low-mass, Exposed Windows, No Internal Gains, Constant Set-point (22oC) 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 1: Graphical representation of an example test 
 
 

Table 2: Tabular summary of the  example test illustrated in Figure 1 

 Day Night 

 EPLUSTOMEAS DOE21TOMEAS DOE22TOMEAS EPLUSTOMEAS DOE21TOMEAS DOE22TOMEAS 
RNMBE -5.52% -16.40% -18.50% 0.74% -3.24% -2.07% 

RNRMSE 8.18% 19.20% 21.20% 3.18% 5.53% 5.01% 

 
 

 
The decision to normalize the calculated values of the 
Mean Bias Error (MBE) and the Root Mean Square Error 
(RMSE) to the difference between the maximum and the 
minimum value of the load - cooling and heating, was 
made to compare the uncertainty to the full range of 
thermal loads that the building is predicted to encounter 
in a particular run. The corresponding metrics used in 
IPMVP and Guideline 14 are normalized to the mean 

absolute value and so are not directly comparable to the 
RNMBE and RNRMSE metrics used here. 
These patterns may be consistent between day and night 
or may be different between day and night. Better 
agreement is often observed at night, presumably because 
of the absence of solar radiation as a complicating factor. 
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Data Analysis 
Table 3 show the values of the range-normalized mean 
bias error (RNMBE) and the range-normalized root mean 
square error (RNRMSE) between the predictions of each 
engine and the FLEXLAB measurements, aggregated 
over daytime and night-time, for each of the 12 cases. The 
average of the RNMBE values for all the cases provides 
an indication of the overall bias, with cancellation 
between over-prediction and under-prediction of different 
cases. The Absolute Average values are averages of the 
absolute values of the RNMBE for each case and so there 
is no cancellation of over-prediction and under-prediction 
between the different cases, making these values a better 
indication of the uncertainty in any particular run and, by 
extension, in a set of runs of the same model as part of a 
design project. The uncertainties in the tables are standard 
deviations of the populations. 
The average of the RNRMSE values for all the cases 
provides an indication of the variability of the error for all 
the cases. Because the value of RNRMSE is always 
positive for each run, there is no cancellation when the 
values for the different cases are averaged. The relatively 
large values of RNRMSE – averaging ~10% - indicates 
that there can be significant variation at the hourly level. 
Some of the larger values may not be representative of 
real operation, in that large simultaneous step changes in 
the internal gain and the zone temperature set-point were 
made in some runs to create ‘stress cases’. 
Some significant differences were observed between the 
FLEXLAB measurements and the predictions of each 

simulation engine; the test runs can be categorized as 
follows: 
• Good agreement (RNMBE < 5%, RNRMSE < 10%) 

between all the engines and FLEXLAB (Cases 3:02, 
3:04, 11:02, 11:03, 15:01 

• Good agreement (RNMBE < 5%, RNRMSE < 10%) 
between all the engines and FLEXLAB (Cases 3:02, 
3:04, 11:02, 11:03, 15:01) 

• Good agreement between EnergyPlus and 
FLEXLAB but poorer agreement between the DOE-
2 engines and FLEXLAB (Cases 3:01, 3:03) 

• Better agreement between FLEXLAB and one of the 
two DOE-2 engines than with the other DOE-2 
engine and with EnergyPlus (Cases 6:01, 14:01) 

• Poorer agreement between FLEXLAB, EnergyPlus 
and the DOE-2 engines (Cases 3:05, 12:01)  

Discussion 
Both the steady state/low frequency deviations between 
the engine predictions and FLEXLAB measurement, as 
indicated by RNMBE, and the high frequency deviations, 
as indicated by RNRMSE, vary significantly from test to 
test. In general, experimental results suggest that any 
systematic bias in the engines is quite small; EnergyPlus 
exhibits a barely significant bias of 2.3±2.1% towards 
overprediction of cooling load, possibly with an element 
of underprediction of heating load. The corresponding 
values for the DOE-2 engines are not significant. The 
quasi-steady-state variability from run-to-run for 
EnergyPlus, as indicated by the average of the absolute 
values  of  the  bias  errors  (RNMABE)  is  only  slightly 

Table 3:Differencesbetween predicted and measured for each engine and each experiment 

SCENARIO: RNMBE RNRMSE 

RUN EPLUSTOMEAS DOE21TOMEAS DOE22TOMEAS EPLUSTOMEAS DOE21TOMEAS DOE22TOMEAS 

3:01 -1.87% -8.72% -8.92% 5.26% 11.23% 11.76% 

3:02 4.01% 3.31% 3.40% 5.94% 8.22% 9.41% 

3:03 4.45% 3.93% 3.77% 7.93% 14.07% 15.80% 

3:04 4.23% 2.53% 2.66% 5.99% 7.24% 8.08% 

3:05 6.69% 4.20% 4.78% 10.07% 10.47% 11.18% 

6:01 1.61% -1.28% -0.38% 13.66% 14.56% 9.83% 

11:01 2.59% 0.49% 1.22% 7.87% 9.95% 11.00% 

11:02 1.18% -1.17% -0.21% 4.95% 7.39% 8.34% 

11:03 1.46% -0.65% -0.31% 5.20% 7.81% 9.77% 

12:01 1.86% -0.44% -0.41% 16.37% 12.50% 12.25% 

14:01 0.81% -0.64% 0.15% 10.26% 10.83% 8.08% 

15:01 1.04% -1.79% -0.53% 5.94% 7.76% 9.00% 

Average 2.3±2.1% 0.0±3.3% 0.4±3.4% 8.3±3.5% 10.2±2.6% 10.4±2.2% 

Absolute  
Average 2.6±1.7% 2.4±2.3% 2.2±2.5%    
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significant (2.6±1.7%), while corresponding values for 
the DOE-2 engines are barely significant. 
The response to transients, as indicated by the root-mean-
square error (RNRMSE), is also quite similar for all three 
engines, i.e. 8-10%. This is despite the use of a relatively 
short time-step (10 min) in EnergyPlus and a one-hour 
time-step in DOE-2.1e and DOE-2.2. In contrast to the 
mean bias errors, these values are all greater than three 
standard deviations, suggesting that the errors in the 
transient responses of the engines are more significant 
than the quasi-static errors. 
The experimental results indicate that the average value 
of RNMBE for all engines and all tests is -4.4% during 
the day and 2.7% during the night and the corresponding 
values of RNRMSE are 13.7% and 8.5%; these 
differences indicate that there are greater bias errors, and 
greater transient deviations, during the day. It seems 
probable that these are caused by solar gain, though the 
number of insulated window tests is not great enough to 
allow solar effects to be separated from, for example, the 
effect of other transients occupying a larger fraction of the 
shorter time interval (10 hours vs. 14 hours).  
The EnergyPlus daytime average bias error of 0.3% is 
substantially smaller than the daytime average absolute 
bias error of 4.7%, indicating substantial cancelation 
between positive and negative bias errors for different 
cases during the daytime. By contrast, the daytime 
average bias error for the DOE-2 engines is -3.7%, which 
is not much smaller than the daytime average absolute 
bias error of 5.4%, indicating only modest cancelation 
between positive and negative bias errors for different 
cases during the daytime. Conversely, the night-time 
average bias errors fall in the range 2.6% - 3.8%, only 
slightly smaller than the night-time average absolute bias 
errors of 3.5% - 4.1%, indicating modest cancelation 
between positive and negative bias errors for different 
cases during the night-time.  
The practical significance of the difference between the 
daytime and night-time results is that both energy 
consumption and the importance of thermal comfort are 
generally greater during the daytime, giving greater 
significance to the daytime results and diminishing the 
importance of the 24-hour average results.  
Suggestions of possible causes of the differences between 
the predictions of the simulation engines and the 
measurements were made by members of the project 
Technical Advisory Group; these included limitations of 
the models of long wave infra-red radiation from the sky. 
EnergyPlus uses a model developed by Clark and Allen 
(1976), which is based on observations of a narrower 
range of climates than the Berdahl and Martin (1984) 
model used in DOE-2. A sensitivity test was performed 
using EnergyPlus in which the emissivity of the roof was 
changed from the default value of 0.9 to zero and no 
perceptible difference in the nocturnal heating load was 
observed, confirming that the ~350 mm (14 in.) of 
polyurethane and polystyrene insulation in the roof of 
FLEXLAB provides effective isolation of the ceiling void 
from the ambient conditions. That said, the different sky 

models will predict different values of long wave 
irradiance incident on the window, and this may account 
for some part of the modest differences between the 
engines in their predictions of night-time thermal load 
observed in some of the cases with uncovered windows. 
The default window algorithm in DOE-2 has some 
differences to the EnergyPlus window algorithm selected 
for the analysis reported here; further analysis is required.  
In the initial stages of the analysis of the measurements 
reported here, it was observed that, in terms of thermal 
load, the response of EnergyPlus to substantial step 
changes in the internal heat gain or the zone temperature 
set-point appeared underdamped compared to the 
transient responses of FLEXLAB and the DOE-2 engines. 
Investigation determined that this effect was driven by the 
use of the “CeilingDiffuser” interior convection algorithm 
in EnergyPlus, rather than the default “TARP” interior 
convection model. Under the range of conditions 
prevailing in most of the tests, the CeilingDiffuser model 
predicts significantly greater values of the interior surface 
convection coefficient than does the TARP model or the 
default fixed values used in DOE-2, resulting in better 
agreement with the measurements, except in 12:01. The 
effect of the choice of interior convection algorithm in 
EnergyPlus is explored in more detail in a companion 
paper (Li et al. 2019). 
The TARP model was used to generate the EnergyPlus 
results presented in this report and response can be seen 
to be overdamped relative to FLEXLAB in some cases 
(For example, 12:01, though not in others). Trials were 
made using the Beausoleil-Morrision hybrid model 
(Beausoleil-Morrision, 2000) included as an option in 
EnergyPlus, which combines the momentum-driven 
CeilingDiffuser model with the buoyancy-driven TARP 
model, but no reduction in the differences between the 
EnergyPlus and the FLEXLAB transient responses was 
observed. At the time of writing, possible refinements to 
the CeilingDiffuser model that may help to resolve the 
differences with the FLEXLAB results were being 
investigated by the EnergyPlus development team 
Not enough data were obtained for the high-mass cases to 
be able to separate the effect of high-mass and low-mass. 
In particular, it is not possible to assert that the high-mass 
cases have higher values of RNMBE, though the data are 
not inconsistent with the high-mass cases having higher 
values of RNRMSE. Additional high-mass runs are 
required for more definitive statements to be made. 
A simplification adopted in the work reported here was 
the use of a single variable, heat extraction rate, which is 
positive when cooling and negative when heating. The 
main limitation of this simplification is that there can be 
cancellation of differences in the magnitude of the heat 
rate between simulation and measurement when there is 
significant heating and significant cooling during a single 
experiment. However, substantial heating (>20% of the 
cooling load) occurred in only three of the twelve 
experiments used in the analysis (12:01, 14:01 and 15:01) 
and examination of the data does not indicate that 
heating/cooling cancelation has a significant effect on the 
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results of the analysis – this question is explored in the 
companion paper by Li et al. (2019). 
Conclusion 
The differences between the thermal load predictions of 
EnergyPlus and the DOE-2 engines and the FLEXLAB 
measurements are generally relatively small for the 
conditions in the tests described in this report. The 
averages over the different tests of the magnitudes of the 
hour-by-hour differences are ~2.5% of the range. The 
daytime averages, which may be more important for both 
energy performance and occupant comfort, are ~5%, 
presumably because of the greater complexity involved in 
simulating in the presence of solar radiation.  
The 24-hour and daytime systematic bias errors are in the 
range -4.2% – 2.3%; in each case, the corresponding 
standard deviation exceeds the average mean bias error, 
so it is not possible to make statements about the 
magnitudes, or even the signs, of the average mean bias 
errors, particularly since the individual values do not 
appear to be normally distributed. 
EnergyPlus typically over predicts the cooling load and/or 
underpredicts the heating load by ~1.5% and the DOE-2 
engines typically under predict the cooling load by 
approximately the same amount. The Root Mean Square 
Error is relatively more sensitive to shorter term 
variations in the difference between predicted and 
measured loads; the three engines have fairly similar 
values, ~10%,  
The implication of these results is that users, both 
designers and efficiency incentive program analysts, can 
use either EnergyPlus or DOE-2 to model the heating and 
sensible cooling loads in conventional commercial 
buildings equipped with overhead mixing ventilation with 
a similar level of confidence while limiting the “risk” 
associated with these predictions. 
Given the limited nature of the cases studied, these results 
do not support the hypothesis that there is any significant 
difference in the ability of the three engines to predict 
thermal loads in spaces with conventional overhead air 
supply for mixing ventilation. The results of this study, 
and the conclusions stated above, may not be fully 
applicable to spaces with furniture or sources of internal 
heat gain that have different characteristics to those used 
in the study. The results, and conclusions, do not apply to 
other methods of space conditioning, such as radiant 
heating and cooling, UFAD, displacement ventilation, 
and natural ventilation. 
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Abstract 

The objective of this study is to develop a relatively 

simple accurate method to represent the current energy 

state of an existing building to ensure its optimal 

rehabilitation. Firstly, infrared thermography was used to 

estimate the envelope thermal transmission coefficient 

(U). Secondly, the dynamic building simulations were 

realized through TRNSYS 17 to determine the studied 

building's energy performances. Each element of the 

envelope receives a measured U to represent the as is 

building condition. Finally, in this study, we have coupled 

CONTAM software with TRNSYS to evaluate the 

thermo-aeraulic behaviour of an existing building located 

in the north of Morocco. 

Introduction 

The building sector accounts for 34.96% of the primary 

energy use in Morocco which is greater than the industrial 

sector (Energy Efficiency 2O18). 26.37% and 8.32% of 

this energy use is consumed by residential and tertiary 

buildings respectively, where a vast majority is still 

produced using non-renewable resources. Following 

dynamics development of Morocco in this sector (Lahlou 

2011), this energy demand will increase in the future, 

hence it is essential to reduce buildings energy loads in 

particularly by improving energy efficiency of existing 

buildings. A key challenge of reducing the energy use in 

existing building is to characterize and provide accurate 

representation of the as-is energy building conditions 

(Larsen et al. 2011). As without accurate representation 

of the as-is building conditions, it is difficult to choose 

from a range of high cost solutions and services and then 

achieve an optimal renovation of the studied buildings.  

Over the past 30 years, literally many of building energy 

programs (TRNSYS, EnergyPlus, EQUEST, DOE-2, 

ESP-r, ECOTECT, DeST, Energy-10, PowerDomus, 

HEED, Ener-Win, SUNREL and Energy Express) have 

been developed to predict the existing building's energy 

performance. In this context, several studies have been 

carried out on the prediction of the existing building’s 

energy performance using some of this building energy 

software (Ferrante, Mihalakakou, and Odolini 1997; 

Florides et al. 2002; Babbah et al. 2005; Al-ajmi and 

Hanby 2008; Saelens, Parys, and Baetens 2011; 

Gasparella et al. 2011; Domínguez et al. 2012; Friess et 

al. 2012; Beccali et al. 2013; Gagliano et al. 2013; Romani 

et al. 2015; Cascio et al. 2017; Lebied et al. 2018).  

Despite the effectiveness of these energy modelling, they 

present some limits: 

 Non-determination of the performance deviations 

caused by construction defects or degradations; 

 Non-representation of the actual energy 

performances, since the as-is building envelope 

during the modelling process is not taken into 

account. 

To address this situation, in this paper, we propose to use 

infrared thermography (IRT) to integrate real building 

characteristic, through a case study involving a host 

building located in Tangier (north of Morocco). Today, 

the IRT is widely used to detect, to analyse thermal 

defects and to evaluate the buildings thermal 

performances. In this respect, several studies have been 

demonstrating the IRT potential in the estimation of the 

existing buildings actual thermal performance (Balaras 

and Argiriou 2002; Kato, Kuroki, and Hagihara 2007; 

Kalamees 2007; Albatici and Tonelli 2010; Fokaides and 

Kalogirou 2011; Asdrubali, Baldinelli, and Bianchi 2012; 

Dall’O’, Sarto, and Panza 2013; Kylili et al. 2014; 

Ohlsson and Olofsson 2014; Danielski and FrOling 2015; 

Tejedor et al. 2017; Rocha and Santos, C F Póvoasb 

2018b; 2018a).  

In order to identify the building Envelope’s heat lose, an 

experimental protocol was carried out. Thereafter, the 

different outside surface temperatures of the building 

envelope are used to estimate the in-situ thermal 

transmission coefficient (U-value). The obtained U-

values were then used for the energy modelling of the 

studied building using TRNSYS 17 software, where each 

envelope element receives a U-value measured during the 

diagnosis. Finally, this building real energy needs were 

estimated through coupling of the TRNSYS energy 

simulation program with the CONTAM multizone 

airflow to choose the appropriate solutions for an 

optimum renovation of the studied building (Figure 1). 
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Figure 1: Schematic description of the studied approach 

to estimate the buildings real energy performances. 

Methodology 

Building description 

The assessed building is one of the two host buildings 

located in north of Morocco. It consists of a ground floor 

and a first floor (Figure 2), giving a space living area of 

44.39 m² with a ceiling height of 2.8 m. This building is 

equipped with single glazed wooden windows which are 

distributed on the South and North outside walls. The 

overall window rate is 5.87%. 

 
Figure 2 : Plan of the studied building ground floor (a) 

and first floor (b). 

 

In order to have the composition of the building's walls 

we have drilled a small hole (Figure 3) in the wall as 

shown in the figure below. 

 

Figure 3 : The small hole on the outside wall. 

The thermal conductivity of some building materials such 

as brick is measured using the hot box method of the 

Thermal, Solar Energy and Environment team from the 

Faculty of Sciences in Tetouan. The air gap thermal 

conductivity is obtained according to the thickness of this 

layer(“The Thermal Resistance of the Air Layers” n.d.). 

Table 1 summarizes the composition of building outside 

wall, ceiling and roof. 

Table 1 : The outside walls and the floors structure. 

Walls  

and 

floors 

Materials 

(layers) 

Thickness 

[cm] 

Conductivity 

[W/(m.K)] 

U-

total 

value 

[W/m

2 K] 

Outside 

wall 

Cement 

coating  
1.5 1.15 

1.88 

Hollow 

brick red 
7 0.5 

Air gap 10 - 

Hollow 

brickred 
7 0.5 

Cement 

coating 
1.5 1.15 

Tiles 

(kitchen 

wall) 

0.7 1.4 1.86 

Roof 

Cement 

coating 
0.4 0.42 

2.77 

Waterpro

ofing 

membran

e 

0.7 0.23 

Cement 

mortar 
1 0.42 

Concrete 4 2.3 

hollow 

block 
16 0.6 

Cement 

coating 
1.5 1.15 

Ceiling 

Tiles 0.7 1.4 

3.06 

Cement 

mortar 
1 0.42 

Concrete 4 2.3 

hollow 

block 
16 0.6 

Cement 

coating 
1.5 1.15 
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Building thermal diagnostics 

As already mentioned above, the infrared thermography 

was used to carry out a thermal diagnosis in order to 

represent with accuracy the actual thermal state of the 

studied building. In this thermal diagnosis, the used 

infrared thermal camera (Figure 4) was a model type Flir 

E50bx (2012) with an operating temperature range 

between -20 °C and + 120 °C and a precision of ±2 °C or 

±2% of the displayed value. Furthermore, temperature 

loggers type Tinytag ULTRA2 (Figure 4) have been used 

to measure temperature with an accuracy of ±0.4°C and 

relative humidity between 0 and 95% with an accuracy of 

±3.0% RH (Ultra, 2014).  

 

Figure 4 : Schematic drawing of the experimental 

protocol. 

Before making the measurements, the thermal camera 

should be calibrated for the studied element to avoid 

readings errors on the obtained thermal imagery. In other 

words, the reflected ambient temperature (Treflected) and the 

emissivity (ε) of the studied building envelope are 

required to be measured. In this study, the reflective 

temperature was measured by means of a crumpled 

aluminium foil fixed on the surface (Figure 5) where the 

emissivity of the thermal camera at this measuring point 

was set at 1. This process is performed at each thermal 

image capture. 

The determination of the emissivity value (ε) can be 

achieved by two methods, the first one is based on the 

reference emissivity values according to the type of 

material and the second one is through the direct 

measurement of the radiation reflected by the material by 

means of a heat source. In this study, the measurement of 

the wall's emissivity is performed according to the in situ 

method because it depends not only on the surface 

materials, but on the real surface conditions suffering 

from pollution, humidity, roughness and so on. We first 

moving a hot elements close to the wall surface as a 

soldering iron (Figure 6) and through applying the Energy 

Conservation Law (between an energy source and an 

opaque element) and Kirchhoff's Law, the thermal 

emissivity can be expressed as follows: 

 𝜀 = 1 − [
𝑇𝑟
4−𝑇𝑜𝑢𝑡

4

𝑇𝑠
4−𝑇𝑜𝑢𝑡

4 ] (1) 

Where Ts is the hot source temperature, Tr is the reflected 

image temperature and Tout is the outside air temperature. 

 
Figure 5: Arrangement for determination of reflected 

temperature: digital image (a) and thermogram (b). 

 
Figure 6: Thermal image of the soldering iron used to 

measure emissivity. 

Therefore, the envelope temperature distributions can be 

obtained by the thermal imagery adjusted with the found 

emissivity value. Finally, the building envelope thermal 

transmission coefficient U (2) can be estimated based on 

the obtained envelope temperatures by assuming that the 

heat transfer from the envelope to the camera is mainly 

attributed to heat flow by convection (𝜱cv) and heat flow 

by radiation (𝜱rad), given by equations (3) and (4) 

(Fokaides and Kalogirou 2011)(Nardi et al. 2016). 

 𝑈 =
𝛷𝑐𝑣+𝛷𝑟𝑎𝑑

𝑆(𝑇𝑖𝑛−𝑇𝑜𝑢𝑡)
 (2) 

 𝛷𝑐𝑣 = ℎ𝑐𝑣,𝑜𝑢𝑡 × 𝑆 × (𝑇𝑤𝑎𝑙𝑙,𝑜𝑢𝑡 − 𝑇𝑜𝑢𝑡,) (3) 

 𝛷𝑟𝑎𝑑 = 𝜀 × 𝜎 × 𝑠 × (𝑇𝑤𝑎𝑙𝑙,𝑜𝑢𝑡
4 − 𝑇𝑟𝑒𝑓𝑙𝑒𝑐𝑡𝑒𝑑

4) (4) 

Here hcv,out is the outside convective heat transfer 

coefficient (W/m².K), Twall,out is the wall temperature, 

Treflected is the reflected temperature, Tout is the outdoor air 

temperature, all expressed in Kelvin, ε is the wall 

emissivity and σ is the Stephan–Boltzmann constant. The 

convective heat transfer coefficient hcv,out is calculated 

using Liu and Harris correlations (2015)  as presented  in 

Table 2 . 

Table 2 : Expressions used in the model by Liu & Harris 

for Vloc and VR as function of V10. 

Surface 

orientation 

Expression 

V10 and Vloc V10 and VR 

Windward Vloc=0.26V10+0.06 VR=0.55V10+0.67 

Leeward Vloc=0.19V10+0.14 VR=0.43V10+0.24 

Where Vloc is the wind speed measured at a certain 

distance d from the building facade and at a certain height 

(H) from the ground, V10 is the wind speed measured at 

10m above ground level in the upstream undisturbed wind 

flow and VR is the wind speed measured at height H0 from 

the roof surface. 
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A heating system was installed within the building 15 

days (360 hours) before the diagnosis to achieve steady-

state regime. Figure 7 shows the evolution of the inner air 

temperature during the thermal diagnosis process.  

 

Figure 7: Inside air temperature profile measured by 

Tinytag data loggers. 

Therefore, a temperature difference of more than 10°C 

was ensured between the building inside and outside with 

an outside air velocity of about 2.05m/s. Given that the 

outside temperature is measured by the Ibn Battouta 

airport weather station in Tangier, due to the proximity of 

the airport to the studied building. In fact, we have 

performed the diagnosis several times during the winter 

season as February twenty-three, February twenty-eight 

and March twenty-three (Figure 8), before sunrise to 

avoid the solar radiation influence. 

 

Figure 8: Outside air temperature profile. 

The building Envelope’s heat lose (Figure 9), were 

visualized then using the infrared camera in the facades 

and the roof.  All the U-values measured with IRT were 

used subsequently in the studied building energy 

modelling.  

 

Figure 9: Digital and thermal image of the studied 

building. 

Before proceeding to the temperatures reading through 

the FLIR Tools software we compared the obtained 

temperature values with a thermocouple measurement. 

the results of this comparative study showed a good 

agreement between the values measured by the 

thermography and the thermocouple values. Moreover, to 

calculate the U-values from the obtained thermal imagery, 

we have carried out a zoning on the building envelope, for 

both the walls (A) and the concrete framework (B) in the 

obtained image (Figure 10). 

  

Figure 10: The zoning carried out in the lateral facade. 

We have also performed this zoning process for all 

building envelope surfaces (Figure 11) to obtain the 

different temperature values of the studied building 

envelope surfaces and then calculate the in-situ thermal 

transmission coefficient. 

 

Figure 11: Thermal images of the studied building 

envelope areas. 

As an example, table 3 groups the average value U of all 

in situ test results for the case of image C in the figure11. 

Table 3 : U-value measured with IRT for image C . 

envel

ope 

part 

wall 
Left 

post 

Right 

post 

high 

beam 

Low  

beam 
Roof 

Umeas 

[W/m
2 K] 

2.8 

±0.7

1 

2.35

±0.6 

2.36 

±0.5 

4.54 

±0.69 

4.40 

±0.62 

5.41

±0.7 

Uth 

[W/m
2 K] 

1.88 1.41 1.41 1.64 1.32 2.77 

As it can be seen, that the building element which gives 

the greater deviation in all cases tested is the roof, 

followed by the concrete frame structure. At the facade 

level, according to this study the maximum values of the 

U-value are obtained in the areas located on the first floor 
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and the most possible explanation is the proximity of this 

area to the ground and the accumulation of hot air in the 

corners. It is highly possible that part of the difference 

between the measured results and those calculated 

analytically to be due to the fact that the theoretical 

calculation of the U-value deviates from the real condition 

due to the degradation of the building envelope during the 

construction and operation phases. All these U-values 

were used subsequently in the studied building energy 

modelling as explained below. 

Building modeling 

After the realization of the thermal diagnosis and the 

estimation of the building envelope surfaces real U-

values, we have proceeded to the thermo-aeraulic 

modelling of this building. We have performed a 

comparison study of three different cases of our building: 

the reference building by using the theoretical U-values, 

the building diagnosed by using measured U-values for 

walls without the concrete framework (Figure 12) and the 

building diagnosed with the concrete framework (Figure 

13) by using both measured U-values. 

In this part, the building geometry, its operation and the 

thermo-aeraulic numerical model are developed under the 

TRNSYS-CONTAM environment. The building 

geometry was obtained by using Google Sketchup 

software and then saved with TRNSYS 3d plug-in (Figure 

12 and 13). In fact, we have divided the building into 

different zones and we have considered that each room is 

a thermal zone. 

  
Figure 12 : TRNSYS3d representation of studied 

building without the concrete framework. 

 
Figure 13 : TRNSYS3d representation of studied 

building with the concrete framework.         

In this modelling, it is essential to take into account the 

different contributions of heat gains from different 

sources: people, lighting and equipment. In this context, 

we supposed that our building is occupied by four people. 

Each room in the building has a gain that depends on the 

activity level of these people and their occupation. 

Concerning the person’s activity level, it has been 

considered in accordance with the ISO 7730. 

Regarding the occupation, the two bedrooms are occupied 

every day from 22h to 7h. The living room is used for 

relaxing in the evening, so it is occupied from 17h to 18h 

by four people. However, the dining room is used only for 

eating meals (breakfast, lunch and dinner). The kitchen is 

occupied by two people during the day from 7h to 7h30, 

12h30 to 12h and from 18h to 19h. 

The contributions due to the artificial lighting depend on 

the type of lamp used, as well as the installed power and 

the operating period. We have opted for our study on 

incandescent lamps of 100W (the same lamps used in the 

building studied) for an operating period from 19h to 23h. 

The building is equipped with different types of 

equipment that are shown in the table4. 

Table 4: Power generated by the appliances. 

Appliance Area Operating time Power 

[W] 

TV Living room In occupation 

from 17h to 18h 
75 

Laptop 2-bedroom In occupation 

from 22h to 23h 

100 

Fridge kitchen 24/24 125 

Moreover, the ground three dimensional modelling is 

performed to account the thermal effect of the ground in 

the energy balance of the studied building by using the 

coupling between the 56 types (thermal model of the 

building) and 49 (slab on grade model) . In this regard, we 

considered a distance of 10m from the slab in each 

direction (x, y and z). The temperature in the horizontal 

plane at 10m depth is calculated by the model of Kusuda 

(Kasuda; and Achenboch 1965) given by equation (5) 

while the vertical boundaries are supposed adiabatic. 

𝑇𝑠𝑧(𝑡) = 𝑇𝑠𝑢,𝑚𝑜𝑦 + ∆𝑇𝑠𝑢. 𝑒
−𝑧√

𝜋

𝑎𝑠𝑜𝑙.∆𝑡 cos (
2𝜋𝑡

∆𝑡
− 𝑧.√

𝜋

𝑎𝑠𝑜𝑙.∆𝑡
)   (5)  

With ΔTsu is the amplitude of surface temperature 

variation over the considered period, Δt is the considered 

period and asol is the thermal diffusivity of the ground. 

On the other hand, we have chosen to perform a coupling 

between the thermal model developed under TRNSYS 

and an aeraulic model via CONTAM software in order to 

simulate thermal and energy parameters as well as the air 

flows between the studied zones and between the zones 

and the outdoors, knowing that the airtightness of this 

building is equal to 0.621 h-1. The advantage of this 

coupling is that the temperatures in the building areas 

depend on the air flows, which in turn depend on the 

temperature differences. However, the TRNSYS software 

does not calculate the airflows between the building zones 
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and the airflow programs such as the CONTAM software 

do not model the building's thermal energy. 

As for the thermal model, the studied building is divided 

into different zones (rooms or groups of rooms), 

connected by openings (doors, windows, cracks or leaks, 

ventilation ducts or air openings) (Barhoun 2006). The 

studied building model under CONTAM is a multi-zone 

nodal model. Although the CONTAM does not require 

the plans full-scale drawing for airflow calculations, the 

graphical interface allows a scaling value to be assigned 

for the drawing cells. This option was used in the studied 

building plan for later used with Google Sketchup and 

TRNSYS. Air flows through the building (Figure 14) 

result from pressure differences between adjacent areas or 

between an inside area and the outside of the building. 

These pressure differences are governed by the natural 

ventilation motors which are wind effect and thermal 

draught. The various flow rates are calculated by 

expressing the mass conservation equation at each of the 

network nodes. The air temperature is known by coupling 

with the type56 which receives as input the flow rates 

calculated by CONTAM (type97). 

 
Figure 14: Airflow and pressure distributions in the 

ground floor (a) and the first floor (b) calculated by 

CONTAM. 

During this modelling, the space cooling and space 

heating demands are determined considering the room air 

temperatures controlled to remain at 20°C during the 

winter (the statutory heating period in Tangier from 1st 

November to 15th April) and 26°C during summer 

(considering as cooling period the days in which the 

internal temperature exceeds 26°C). The value of external 

convective heat transfer coefficient for building envelope 

is assumed to be constant and equal to 17.8W/m² K and 

for the internal side, the value chosen is 3W/m² K(Klein 

et al. 2010). 

Results and discussion 

To evaluate the energy performance of the studied 

building, we carried out a comparative study between the 

obtained results from numerical simulations for the three 

cases (Figure 15): the reference building (a), the building 

diagnosed without the concrete framework (b) and the 

building diagnosed with the concrete framework (c). 

 

Figure 15: The three studied approaches. 

As shown in the figure below, the building diagnosed with 

the concrete framework has about 75.4% higher heating 

needs than the building reference and 2.12% higher than 

the diagnostic building without the framework. 

 
Figure 16: Building heating demand. 

On the other hand, the building diagnosed with the 

concrete framework cooling needs are 48.05% higher 

than those of the building reference and 7.16% higher than 

those of the diagnostic building without the framework 

(Figure 17). 

 
Figure 17: Building cooling demand. 

This comparative study between the obtained results for 

the building reference and the diagnosed building with 

and without concrete framework shows the importance of 

the existing buildings energy diagnosis to increase the 

buildings energy efficiency and their indoor comfort. 

Indeed, the energy diagnosis allows us to represent the 
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real energy state of buildings using the estimated thermal 

transmittance U. 

Conclusion 

This research work concerns an energetic performance 

study of a building located in Tangier (north of Morocco) 

to ensure its optimal rehabilitation. Firstly, a non-

destructive measurement using infrared thermography 

was performed to detect, analyse the thermal defects and 

evaluate this building thermal performances. An 

experimental protocol was carried out to identify the 

building Envelope’s heat lose and then the different 

outside surface temperatures of the building envelope are 

used to estimate the in-situ thermal transmission 

coefficient (U-value). Those measurements were repeated 

several times, during the winter season, before with at 

least 10-15°C difference between inside and outside 

temperature to allow a measurable heat exchange through 

the envelope. The obtained U-values were then used for 

the Thermo-aeraulic modelling which is essential for 

establishing the studied building energy performance 

under different interior and exterior climate conditions. 

The building geometry it’s developed under the 

TRNSYS17-CONTAM environment and then each 

envelope element receives a U-value measured during the 

diagnosis. Afterwards, the energy simulation is performed 

for three cases: the reference building, the building 

diagnosed without the concrete framework and the 

building diagnosed with the concrete framework in order 

to determine the accurate studied building's energy 

performances and heating/cooling energy needs. Finally, 

after having estimated the real energy needs of the studied 

building we will proceed to an optimization study to 

choose the appropriate solutions for an optimal 

rehabilitation of the studied building. 
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Abstract 

Pulling components from grasshopper for means of 

performance analysis is getting more common than using 

a standalone simulation model. While this trend results in 

a revolution in Performative Based Design (PBD), there 

are a few deficiencies including lack of validation of the 

components and lack of inclusivity of simulation tools in 

hybrid systems.  

This paper looks at validating components in ventilation 

simulation modelling through measured data from Schlitz 

Audubon Nature Center (SANC) in Bayside, Wisconsin. 

Moreover, it investigates integration of self-written Earth 

Tube components into the model. The main takeaway of 

this paper is the process of validation and creation of 

python-based components in grasshopper. 

Introduction 

Perhaps the first attempts to define ventilation were made 

in the late nineteenth century. It was not as easy to define 

“ventilation” as it had been to define “heating” or 

“cooling”. It was not easy to measure ventilation either. 

Maybe because it was still more of a qualitative idea 

expressing “freshness” rather than a quantitative 

measurable item. Gradually, the two main offenders in 

poor air quality were exposed: Carbon Dioxide, and 

excessive moisture (Banham, 1984). 

Over years, more pollutants were revealed. The American 

Society of Heating, Refrigerating and Air-Conditioning 

Engineers (ASHRAE) defines ventilation as: “the process 

of supplying air to or removing air from a space for the 

purpose of controlling air contaminant levels, humidity, 

or temperature within the space.” ASHRAE considers a 

wide range of elements as contaminants including Carbon 

dioxide, Carbon monoxide, Formaldehyde, Lead, 

Nitrogen dioxide, Ozone, Particles of various sizes, 

Radon, Sulfur dioxide, Odors, etc. 

Following a period of trying to use purely mechanical 

means to improve air quality, today both natural and 

mechanical ventilation systems are used when designing 

a new building. While higher occupant satisfaction, lower 

Sick Building Syndrome, and lower utility costs are a few 

merits of natural ventilation systems, reliability and 

unpredictability are still the most significant challenge 

these systems face. (Dutton, Et al. 2013; Seppanen and 

Fisk, 2002; Rupp, Vasquez and Lamberts, 2015; Brager 

and Arens, 2015; Candido, Et al. 2010; Leyten and 

Kurvers, 2006;Axley, 2001; Melton, 2014).  

Considering the limitations and advantages of both 

natural ventilation and mechanical air-conditioning 

systems, there seems to be an alternative solution to take 

advantage of the benefits of both approaches. This 

solution is known as hybrid ventilation. The hybrid 

strategy employs natural ventilation in the mild months 

and mechanical ventilation in warmer and colder periods 

(da Graca and Linden, 2016). Chen Et al. consider the 

hybrid strategy as coupling natural ventilation with 

mechanical ventilation (Chen, Augenbroe, Song, 2018). 

Heiselberg mentions that the main difference between a 

conventional ventilation system and a hybrid one is the 

control system that switches between the two modes 

resulting in mitigating energy consumption (Heiselberg, 

2002; Brager, Borgeson, Lee, 2007). 

A couple of world famous buildings with a hybrid 

ventilation system are the Deutsche Messe AG Hannover 

Administration Building located in Hanover, Germany 

(Herzog, 2000) and Manitoba Hydro Place located in 

Winnipeg, Manitoba in Canada (Lauster and Olsen, 

2008). Both designs benefit from control strategies. In the 

Hanover Building, a mechanical device closes the air inlet 

as soon as the occupant opens the window (Herzog, 

2000). In Manitoba Hydro Place, a comprehensive energy 

management plan has been incorporated into the daily 

operations under supervision of an energy management 

engineer and a building controls specialist. 

The Schlitz Audubon Nature Center (SANC) in Bayside, 

WI and the Aldo Leopold Foundation (ALF) in Baraboo, 

WI are two nature centers both of which benefit from 

hybrid ventilation systems. The ALF building also 

employs an earth tube system as part of its mechanical 

ventilation strategy. In this system, the ground works as a 

heat sink in summer and heat source in winter (Ascione, 

Bellia, Minichiello, 2011; Peretti, Zarrella, De Carli, 

Zecchin, 2013). 

The Earth Tube system in the ALF was designed to 

preheat, precool and pre-dehumidify the air. Simulation 

revealed that it is more efficient than the enthalpy heat 

recovery system (Bradley and Utzinger, 2009). Based on 

data measurement from ALF, an algorithm to analyze the 

thermal performance of an Earth Tube system has been 

proposed (Ganji, Utzinger, Renken, 2018). 

In this paper, a natural ventilation model of the auditorium 

at SANC is created using off-the-shelf components for 

TMY climate data and natural ventilation tools from 

Ladybug (Sadeghipour Roudsari and Park 2013). The 
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paper includes the results of attaching a hypothetical 

Earth Tube heat exchanger to room, adding mechanical 

ventilation and looking to keep thermal comfort in the 

desired range. 

Methods 

Experiment 

The Schlitz Audubon Nature Center (SANC) building is 

located at Bayside, WI, next to Lake Michigan. The hill 

on the east side connects the building to the water edge. 

SANC is about 30 m above the lake level. 

The auditorium of SANC, which is shown by the red color 

in Figure 1, is located at the North side of the building. It 

is designed to benefit from natural ventilation through six 

operable windows in the breathing zone, three at the east 

and three at the west side, promoting cross ventilation. It 

also has operable windows on both the east and west sides 

of a clerestory space above the breathing zone. These, 

however, were not considered in the experiments. 

 

Figure 1: SANC Building 

On October 16th, 2005, David Bradley and Michael 

Utzinger performed Carbon dioxide (CO2) measurement 

experiments on the auditorium. They measured CO2 level 

in the auditorium as well as the outdoor CO2 level, 

temperature, relative humidity, wind speed and wind 

direction. A gas cylinder was then used to add CO2 to the 

space at a rate of 0.566 m3/hr. In Experiment 1, only a 

single leeward and a single windward window were open. 

In Experiment 2, all six auditorium windows were open 

(Bradley and Utzinger, 2006). They further did a test 

having the clerestory windows open, but the ventilation 

rate did not significantly change. Hence, the stack effect 

has been negligible and cross ventilation is considered as 

the main type of airflow. 

Based on Appendix C of ASHRAE Standard 62.1-2013, 

the required outdoor airflow rate per person is related to 

the difference between the CO2 level in the space and in 

the outdoor air (ASHRAE 62.1, 2013). Knowing the 

amount of initial and final CO2 level in a space as well as 

the outdoor CO2 level during a certain amount of time, we 

can calculate the actual natural ventilation rate. The actual 

ventilation rate could be compared to the ASHRAE 

required amount of ventilation to see whether the natural 

ventilation is sufficient in the auditorium of the SANC 

building or not. Whenever the ventilation target is not hit, 

mechanical ventilation would be required. This could lead 

us to the basics of the control system of a hybrid 

ventilation approach in terms of switching between the 

natural and mechanical modes. 

Simulation of Natural Ventilation 

Natural ventilation simulation happens in two steps. Step 

1 studies the SANC building and the auditorium room in 

the larger context. Step 2 focuses only on the auditorium. 

In step 1, a Computational Fluid Dynamics (CFD) model 

is developed in Autodesk Simulation CFD. This model 

helps us comprehend the air flow around the auditorium. 

Air velocity, pressure coefficients and effectiveness of 

openings can be estimated based on the CFD results. 

The inputs of the CFD model are based on the 2005 

experimental data. The wind speed is 1 m/s. The wind 

direction is 66 degrees or East North-East direction; that 

is, the wind is coming from the lake, heading up the hill 

and almost perpendicular to the east windows. The CFD 

simulation includes the lake breeze effect (Figure 2). 

 

Figure 2: SANC Building CFD Model, Section 

In step 2, the natural ventilation in the auditorium is 

simulated with both two and six windows open by means 

of Ladybug tools in grasshopper. The Ladybug 

components use the EnergyPlus engine, which is aligned 

with the ASHRAE Fundamentals (EnergyPlus 8.9.0 

Engineering Reference, 2018; ASHRAE Fundamentals, 

2013). Equation 1 is the basis of cross ventilation 

calculations. 

 Q = 𝐶𝑣 A U (1) 

Q = Airflow rate, m3/s 

Cv = Effectiveness of openings  

A = Free area of inlet opening, m2 

U = Wind speed, m/s 

Based on this simulation, the air flow rate caused by the 

natural ventilation will be obtained. Next, this number 

will be compared to the ventilation rate required in the 

auditorium.  

Minimum ventilation rates in breathing zones are listed in 

the ASHRAE Standard 62.1-2013 for various occupancy 

categories (ASHRAE 62.1, 2013). Equation 2 determines 

the minimum airflow value as a function of number of 

occupants and the floor area. 

 𝑉𝑏𝑧 = 𝑅𝑝 × 𝑃𝑧 + 𝑅𝑎 × 𝐴𝑧 (2) 

Vbz = Outdoor airflow of the breathing zone, L/s 

Rp = Outdoor airflow rate per person, L/s-person 

Pz = Zone population 

Ra = Outdoor airflow rate per unit area, L/s-m2 

Az = Zone floor area, m2 

The natural ventilation simulation is further validated by 

means of the experiment data. 
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Simulation of Mechanical Ventilation 

Should two conditions be satisfied, a control element of a 

hybrid system activates the natural ventilation mode. 

First, the natural ventilation system should be able to 

provide the minimum airflow rate. Second, the outdoor 

weather temperature and relative humidity should be in 

the thermal comfort range. The first condition depends on 

climatic specifications such as air temperature, wind 

speed and direction, as well as the design parameters such 

as the area of the openings and their arrangement. The 

second condition only relies on the outdoor weather 

situation.  

In case the air velocity is not sufficient for natural 

ventilation, or the outdoor air is too hot, humid or cold, 

mechanical ventilation takes over. Hence, to study the 

mechanical ventilation mode, thermal comfort and the 

psychrometric chart will be investigated first. While there 

are different tools for studying thermal comfort, we are 

going to employ Ladybug components to remain 

consistent and carry out all the simulations in Rhinoceros 

and grasshopper. Mechanical ventilation is simulated 

using Honeybee components in grasshopper (Roudsari, 

Mackey, Yezioro, Harriman, Chopson, Ahuja, 2014).   

A simple fan coil unit with available hot water is modeled 

to meet the heating requirements from November 1st 

through April 30th. The days during which the room could 

be operated in natural ventilation mode with either one or 

three windows open on either side are determined by 

analyzing ambient temperature, relative humidity and 

comfort conditions from May through October. 

Simulation of a Hypothetical Earth Tube System 

This section considers a scenario in which a theoretical 

Earth Tube (ET) system is added to the auditorium to 

assist with the mechanical ventilation. The system will not 

only provide the airflow requirement, but also (ideally) 

save energy due to its pre-heating and pre-cooling 

features. The same schedules are used in Earth Tube 

simulation as well as in prior simulations. While the Earth 

Tube system (which includes a fan) provides the required 

airflow rate, we will observe the amount of energy that 

could have been saved due to the passive pre-heating and 

pre-cooling. The simulation has been carried out using 

Python-based components in grasshopper written by the 

first author. The model is developed based on monitoring 

the Earth Tube system of the Aldo Leopold Foundation 

(ALF) building (Ganji, Utzinger, Renken, 2018).  

Many papers on Earth Tube neglect the conduction of the 

soil and consider only the convective heat transfer 

between the air and the soil as shown in Equation 3 

(Mongkon, Thepa, Namprakai, Pratinthong, 2013; 

Mongkon et al. 2014). 

  �̇�𝐶𝑜𝑛𝑣  = 𝑚𝑎𝐶𝑃(𝑇𝑜 - 𝑇𝑖) (3) 

q̇Conv = Convective heat transfer rate, kW 

ma = Mass flow rate of the air inside the tubes, kg/s 

CP = Specific heat of air, kJ/kg-K 

To = Outlet temperature of the air inside the tubes, K 

Ti = Inlet temperature of the air inside the tubes, K 

Our model considers both the convection and the 

conduction of the soil (Equation 4).   

 �̇�𝐶𝑜𝑛𝑣  + �̇�𝐶𝑜𝑛𝑑 = 𝑚𝑎𝐶𝑃(𝑇𝑜 - 𝑇𝑖) (4) 

q̇Cond = Conductive heat transfer rate, kW 

The Python model interfaces in the form of a few 

grasshopper components each of which is responsible for 

a specific task. 

The first component creates the tubes geometry based on 

the user inputs including the base point, number of tubes, 

tube radius, tube length, depth, etc. (Figure 3).  

This is the only component which has geometrical visual 

effects in the Rhinoceros environment. By changing any 

input, the geometry will update in the Rhino environment 

instantaneously. Other parameters required as inputs of 

the other components are obtained as outputs of this 

component. 

  

Figure 3: Grasshopper Component, ET Geometry 

Next the ET component gets the air temperature, relative 

humidity and pressure from the Ladybug EPW 

component and calculates air density, viscosity, Prandtl 

number, humidity ratio, specific heat, and conductivity 

(Figure 4). 

 

Figure 4: Grasshopper Component, Air Specification 

The third component receives the geometric information 

from the first component, air state from the second one, 

and fan volume flow rate as a direct input. Then, it 

calculates all coefficients we need including conduction 

shape factor, heating and cooling convective heat 

coefficient, as well as mass flow rate (Figure 5).  

The next component is responsible for calculation of the 

undisturbed soil temperature as a function of depth, type 

of soil and type of the year based on the Kusuda equation 

(Kusuda and Achenbach, 1965). 
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Figure 5: Grasshopper Component, Coefficients 

Figure 6 represents the outcome of this component, the 

soil temperature 3 m below the surface ground. The 

annual average of the soil temperature is 7.7 °C. 

The earth tube system disturbs the soil thermally: during 

the winter, the earth tubes takes energy from the soil to 

warm up the outdoor air and in summer it warms the soil 

in the vicinity of the tubes up. The model is simplified by 

assuming the soil temperature to be the same as the 

undisturbed one.  

 

Figure 6: Soil Temperature 

Having the soil temperature, the only unknown in 

Equation 4 would be the temperature of the air at the 

outlet of the tubes. A numerical method has been 

developed to calculate the outlet temperature. Then, the 

outlet temperature is plugged back into either side of the 

Equation 4 to obtain the amount of saved energy. 

Results and Discussion 

Validation of Natural Ventilation Simulation 

This section focuses on the validation of the natural 

ventilation component of the Ladybug tools. First, we 

calculate the airflow rate in the auditorium in two 

scenarios matching with Experiment 1 and 2 using 

Equation 1. Then, this number is used as the basis to 

verify both the equation and the simulation results. 

In Experiment 1, the auditorium was brought from its 

natural CO2 concentration up to 1000 ppm. Then, two out 

of six windows (one leeward and one windward) were 

opened. The CO2 level was seen to drop to 800 ppm in 15 

minutes. The outdoor CO2 level was approximately 

constant at 384 ppm (Bradley and Utzinger, 2006). The 

room volume is 714 m3. Accordingly, the natural 

ventilation rate is 258 L/s assuming that the zone was well 

mixed and that the measured CO2 concentration was 

representative of the entire air volume. While this 

approach provides a convenient way to estimate the 

airflow rate, it is somehow limited since we are assuming 

homogeneous indoor air properties by considering only 

one air node representative of the indoor conditions. 

However, this simplified method is also available in 

airflow modeling software such as CONTAM (Dols, 

2002). It is worth noting that the height of SANC 

auditorium is only one third of its width; that is, it is not 

very tall as compared to its width. In the case of this room, 

one node seems a reasonable assumption. 

In Experiment 2, the same room was brought to 1250 

ppm. All six windows (three leeward and three windward) 

were then opened. The CO2 level dropped to 670 ppm. 

During Experiment 2, the outdoor CO2 level was 385 ppm 

(Bradley and Utzinger, 2006). The ventilation rate is then 

532 L/s. Due to the wind direction, during the experiment 

and the building orientation, the wind hit the auditorium 

at an almost perpendicular angle during the experiments 

(Figure 7). 

 

Figure 7: SANC Building CFD Model, Plan 

A CFD analysis was used to compute wind pressure 

coefficients for the facades. After importing the geometry 

from Rhino, adding a volume of air, assigning boundary 

conditions – including the wind speed on the windward 

side, zero pressure on the leeward side, and slip-symmetry 

on the other sides – and creating a dense set of mesh ,we 

solved the CFD model in a steady state mode. The 

solution converged after 393 iterations. The pressure 

coefficients were obtained as part of the result quantities. 

Because of the wind direction, we could insert the lower 

range of opening effectiveness for perpendicular winds, 

which is 0.5, into Equation 1. 𝐶𝑣 is typically between 0.5 

to 0.6 for perpendicular winds (ASHRAE Fundamentals, 

2013). 

Based on Equation 1, the airflow rate for the conditions in 

Experiments 1 and 2 would be 186 L/s and 557 L/s 

respectively. These numbers are comparable with the 

experiment. 

The measured data was limited to the duration of the 

experiment. For the validation of the simulation, we 

directly used the measured data through replacing the 

numbers in the Typical Meteorological Year (TMY) file 

by the measured numbers for the day of the experiment. 

We were interested to extend the simulation to the whole 

year. For this means, we compared the TMY data with the 

measured quantities. While the temperature and relative 

humidity were close to the experiment, the wind speed 

reported in the data file was higher than the number 

measured at the site. It might be because of the fact that 

the meteorological station is located outside of the dense 

urban area; accordingly, wind speed would be much 

higher. By comparing the TMY wind speed and the 
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measured wind speed, we came up with the factor to be 

multiplied by the TMY wind speed so that the wind speed 

would be adjusted to the site conditions. 

The simulation shows 236 L/s and 575 L/s of airflow for 

Experiments 1 and 2 respectively. The simulation 

numbers are comparable to the experiments, within 8% of 

uncertainty, which validates the Honeybee natural 

ventilation component. 

Thermal Comfort and Psychrometric Chart 

In this section, temperature, relative humidity and comfort 

conditions are studied to determine which days the 

auditorium could be operated in natural ventilation mode 

with either one or three windows open on either side. 

There are different tools and apps available to study 

thermal comfort. Ladybug has a set of components to 

draw psychrometric charts. To keep the whole study in 

one software, thermal comfort is studied through the 

Ladybug tools.  

 

Figure 8: Psychrometric Chart 

According to the psychrometric chart, the outdoor air 

conditions are conductive to natural ventilation mode only 

10% of the year. The number of hours that the temperature 

is below 22 °C is dominant, whereas the number of hours 

when the temperature exceeds 28 °C is minimal (Figure 

8). As a result, the role of natural ventilation would be 

limited to the swing and cooling season.  

 

Figure 9: Total Comfort Chart 

Figure 9 illustrates the comfortable hours more vividly. 

The time of the year with no occupancy is covered with a 

transparent white layer. The red and blue colors depict 

comfortable and uncomfortable hours respectively. There 

are only a few comfortable hours during November 

through April. 

Hybrid Ventilation in Heating Season 

Based on Figure 9, the outdoor conditions are not 

typically comfortable during the heating season. Natural 

ventilation would only increase levels of discomfort. 

Hence, ventilation will be in mechanical mode during 

November through April. 

Hybrid Ventilation in Cooling Season 

For May through October, we should consider two issues: 

thermal comfort and adequacy of natural airflow. The 

natural ventilation mode will be activated if and only if 

both conditions are satisfied. In this section, we will first 

study the thermal comfort in the cooling season. Then, we 

investigate if the natural airflow is sufficient in the 

comfortable hours. 

Figure 9 displays the comfort hours based on the outdoor 

weather data. However, the real comfort hours inside the 

auditorium might change considering the material, 

construction, occupancy, internal gain schedules, lighting 

schedule and so on. Figure 10 displays the simulation of 

the room with respect to the mentioned items without 

additional mechanical ventilation. 

  

Figure 10: Comfort Chart, Cooling Season 

During the cooling season, 5, 11, 14, 18, 14 and 3 days 

are thermally comfortable in May, June, July, August, 

September and October respectively (Figure 11). In these 

65 days, there are only two days in which the required 

natural ventilation rate does not meet the target with two 

windows being open, May 12th and September 8th. Unlike 

September 8th, on May 12th, opening six windows would 

not help. 

 

Figure 11: Number of Comfortable Days, Cooling 

Season 

To sum up, there are 64 days during the May through 

October period when natural ventilation mode could be 

activated. For the remaining 120 days, we are going to 

need mechanical cooling. Otherwise, the natural 

ventilation would only increase the possibility of 

discomfort. 

Program, Occupancy and Schedule 

The auditorium is a multi-use space. Occupancy schedule 

follows seven days per week, 9 am to 5 pm Sunday 

through Thursday and 9 am to 10 pm Friday and Saturday. 

There are typically 15 people in the room from 9 am to 5 
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pm every day and 80 people from 5 pm to 10 pm Friday 

and Saturday (typical wedding reception days in 

summer). 

Based on Equation 4, the minimum airflow, 𝑉𝑏𝑧, for the 

auditorium is 107 L/s when 15 people are in the room and 

354 L/s when there are 80 people in the room. The rates 

have been considered in the schedule. 

The Ladybug and Honeybee tools have some predefined 

schedules as well as some components that allow you 

write your own schedules. The schedule is written using 

grasshopper components for the whole year containing 

8760 items.  

The occupancy schedule is a multiplication of two 

schedules. One considers the occupancy hours (which do 

not change from summer to winter). The second one 

considers the use of natural ventilation mode during 64 

days of summer. The days in which natural ventilation is 

possible are given a value of zero, and the rest are 

assigned a value of 1. When this schedule is combined 

with the first, it causes the fan to turn off whenever the 

outdoor conditions are suitable to leave the windows 

open.  

Heating Loads Simulation 

In this section, we look into the mechanical system used 

to provide the heating requirement in winter. Then, the 

possibility of saving some energy by means of an 

alternative hybrid solution will be studied. 

A fan coil unit is modeled using Honeybee components 

from November 1st through April 30th. The construction, 

occupancy and schedule are already assigned.  

 

Figure 12: Hourly Heating Load (kWh) 

Figure 12 illustrates the hourly heating load for the 

auditorium. The peak hourly heating load is about 12 kW. 

The annual total heating load of fan coil is 10,170 kWh. 

This includes both heating and fan loads. 

Cooling Loads Simulation 

As the cooling season in Bayside, WI, is relatively short, 

the total cooling load is 2280 kWh during May through 

October. Using a fan coil unit, this number considers both 

the cooling and the fan loads. The peak hourly cooling 

load hardly ever exceeds 9 kW (Figure 13). 

 

Figure 13: Hourly Cooling Load (kWh) 

Earth Tube Geometry Optimization 

There are a few items which tremendously affect Earth 

Tube performance including the depth at which the tubes 

are buried, the length, number and diameter of the tubes, 

the fan volume flow rate, the soil conditions, the outdoor 

weather, etc. 

Some of these items are out of our control such as the 

weather data. Some of them, we can control to some 

extent. For instance, excavation up to 3 m should be 

convenient. While the deeper the soil, the higher the 

potential energy saving would be, similar papers consider 

2 m to 3 m as an optimum (Peretti, Zarrella, De Carli, 

Zecchin, 2013). 

Some of them might have common sense estimation. As 

a case in point, we might consider the diameter of the 

tubes to be 0.6 m so that a person could crawl into them if 

need be. Volume flow rate depends on the estimated 

number of occupants as already discussed. 

So far, some of our variables allocate some fixed numbers 

to themselves. Let us consider Bayside, WI, weather 

condition, a depth of 3 m for the soil and a diameter of 0.6 

m for the tubes. Now, the influential parameters would 

only be the number of the tubes and the length of them. 

These two items give us the total length of the tubes. 

Theoretically, there should be a limitation to the amount 

of saved energy in an Earth Tube system. This limitation 

is determined by the outlet temperature which in turn 

follows the soil temperature. In fact, the temperature of 

the outlet of the tubes can never be lower than the soil 

temperature in summer and warmer in winter. The heat 

flows from warmer object to the colder one until they 

come to a temperature equilibrium. That is, the direction 

of the heat is from soil to air in winter and from air to soil 

in summer. Ultimately, the outlet temperature would 

ideally be the same as the soil temperature although in 

practice this cannot happen unless the earth tube is 

infinitely long, and the soil is highly conductive. In this 

case, the soil temperature determines the total length of 

the tubes which in our case is 125 m. There is no use of 

considering a longer set of tubes since the outlet 

temperature stays the same – which equals the soil 

temperature in each moment. 

Table 1 studies the total heating and cooling energy saved 

due to the Earth Tube system in a year as a function of the 

number of the tubes and the length of them. 

Table 1: Total Saved Energy, ET (kWh) 

  10 m 12 m 14 m 16 m 18 m 20 m 

# 3 5370 5820 6175 6432 6653 6846 

# 4 6038 6363 6640 6879 7074 7212 

# 5 6425 6743 7000 7185 7292 7358 

Figure 14 displays the Total amount of saved energy as a 

function of total tubes length. As one can observe, the 

points represent a non-linear relationship between the 

total tubes’ length and the annual saved energy. Instead 

they show diminishing returns as the tube length is 

extended.  
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As the total tubes’ length approaches 125 m, the curve 

tends to converge. In this case, total tubes length greater 

than 125 m does not result in higher level of saved energy 

with the made assumptions. 

 

Figure 14: Total Saved Energy, ET (kWh) 

To provide 125 m of tube, a configuration of 5 branches 

are considered to fit properly on the footprint. Figure 15 

displays the tubes arrangement regarding to the 

auditorium. 

 

Figure 15: Final Arrangement 

Earth Tube Energy Saving 

By attaching the outcome of the Earth Tube components 

to the Ladybug 3D Chart component, we can present the 

heating and cooling loads in the same way as the 

EnergyPlus results are presented (Figure 16 and 17). 

Had we added this Earth tube system to the auditorium, 

the total amount of heating energy that could have been 

saved is 4535 kWh in a year. This is about 46% of the 

total fan and heating load of the fan coil during winter. 

We would still need energy to run the Earth Tube fan, but 

the heating load would have significantly decreased. 

 

Figure 16: Hourly Saved Heating Energy, ET (kWh) 

Figure 17 displays the hourly cooling energy which could 

have been saved thanks to the Earth Tube system. 

Hypothetically, all the required cooling energy for the 

SANC auditorium could have been provided during the 

cooling season by means of an Earth Tube system. We 

would still need to run the Earth Tube fan during the 120 

days of the cooling season.  

 

Figure 17: Hourly Saved Cooling Energy, ET (kWh) 

Overall, 55% of annual energy (6848 kWh) would have 

been saved by adding an earth tube system. Figures 16 and 

17 are comparable to Figures 12 and 13 respectively. 

Conclusion 

Passive ventilation approaches seem to provide greater 

occupant control, healthier air, and save more energy. On 

the other hand, mechanical systems tend to maintain 

pressure more steadily, perform more reliably, and 

provide thermal comfort more precisely (Axley, 2001). 

Hybrid systems benefit from both natural and mechanical 

ventilation.  

While there are some components to simulate natural and 

mechanical ventilation systems separately, there are not 

adequate tools to simulate both as part of a hybrid system. 

This paper explains the control strategy to switch between 

the two modes and puts forward a model which integrates 

not only the natural and mechanical components, but the 

control system as well. 

The idea behind this research is to keep all the simulation 

pieces in the same place that the 3D modeling happens, 

the Rhinoceros. One can design, visualize, evaluate, and 

even optimize the system in only one platform needless to 

switch between numerous software.  

The simulation provides a visualization of the system as 

well so potential conflicts between the building and the 

ventilation system components would show up early in 

the design and can be solved more conveniently. 

The paper does not suffice to only presenting the model 

but validates it as well through measured data from 

Schlitz Audubon Nature Center (SANC) in Bayside, 

Wisconsin. 

The methodology used in this paper in terms of creation 

of python-based simulation components in the design 

software (Rhino), validation and finally optimization of 

the system is a process which can be extended to other 

aspects of Performative Based Design (PBD). 
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Nomenclature 

A Free area of inlet opening, m2 

Az Zone floor area, m2 

ALF Aldo Leopold Foundation 

CP Specific heat of air, kJ/kg-K 

Cv Effectiveness of openings 

CO2 Carbon dioxide 

CFD Computational Fluid Dynamics 

ET Earth Tube 

ma Mass flow rate of the air inside the tubes, kg/s 

Pz Zone population 

q̇Cond Conductive heat transfer rate, kW 

q̇Conv Convective heat transfer rate, kW 

Q Airflow rate, m3/s 

Ra Outdoor airflow rate per unit area, L/s-m2 

Rp Outdoor airflow rate per person, L/s-person 

SANC Schlitz Audubon Nature Center 

Ti Inlet temperature of the air inside the tubes, K 

To Outlet temperature of the air inside the tubes, K 

U Wind speed, m/s 

Vbz Outdoor airflow of the breathing zone, L/s 
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Abstract 
Energy consumption and air temperature tends to 
increase. Guayaquil city shows the highest energy 
consumption among Ecuadorian cities and it is located in 
a very hot humid climate zone . This study was 

Guayaquil. The case study started for 2156 standardized 
social-houses. In this study firstly a spatial and statistical 
analysis of electric consumption was developed, and 
consumption types were formed. Based on these results, 
three representative houses were selected in order to 
simulate, calibrate and optimized. Field surveys 
contributed to assess the thermal behavior and energy 
consumption based on site-related climate conditions. 
When implementing the Ecuadorian energy efficiency 
normative considerations on the energy simulation of the 
selected houses, an approximate reduction of three 
Celsius degrees at the interior of the house and an 
approximate reduction of 35% of the total energy 
consumption was detected. 

Introduction 
It is known that climate change (CC) will amplify existing 
risks and create new ones for natural and human systems, 
affecting mainly those people and disadvantaged 
communities in countries at all levels of development 
(IPCC, 2014).  

CC affects directly energy consumption for air 
conditioning (AC) in buildings (Xian-Xiang, 2018). The 
effect on AC-use requires to identify the existing 
correlation between energy consumption and 
environmental temperature. For this purpose, it is 
necessary to determine whether a greater amount of 

base-load (regardless of the increase or not of the 
temperature) or if this is related to the use of AC (highly 
dependent on the ambient temperature).  

CO2 emissions from the energy sector (production and 
end use) for 2050 are estimated to increase by 60% (IPCC, 
2014). In this regard, in continental Ecuador it is expected 
until end of century will show a temperature increase by 
2°C (Republic of Ecuador, 2019), suggesting an increase 
in energy consumption for AC in buildings. 

The analytical approach presented by (Hirano et al., 2017) 

seasonal and climatic changes. A recent literature review 
on global heating and cooling energy usage trends showed 

that regions dominated by a warming load will see 
reduced growth - or even stagnation - in energy use (Ürge-
Vorsatz et al., 2015).  

On the other hand, warm regions, such as Ecuador, 
dominated by a cooling energy load will see an 
exponential increase (Ürge-Vorsatz et al., 2015).  

Building energy and efficiency standards (NEE) are 
important policies for reducing energy, emissions as well 
as overall costs. NEE contribute to existing buildings and 
new ones benefit from energy efficiency measures and 
strategies (Gaudry, K.H. et al., 2019; USDE, 2014, 2015), 
by improving inside thermal comfort an
quality of life.  

The present study develops a methodology for tracking 
energy consumption evolution in time, and thus 
identifying determinants of energy consumption. The case 
study rests on a neighborhood of standardized social 
housing in the city of Guayaquil, Ecuador. While 
Guayaquil has the highest reported energy consumptions 
in Ecuador, results indicate that there is an increase in the 
total energy consumption due to several factors that are 
not exclusive to climate but as well as other like: home 
additions/home remodeling, increase of electronic 
equipment acquisition (base load) and the installation of 
AC.  

In order to reduce the increase in energy consumption, the 
Ecuadorian building energy and efficiency standard 
(MIDUVI, 2019) was simulated in three of the 

dwelling. Inner air temperature and electric 
consumption was reduced. Finally, the amount of kgCO2 
Eq. mitigation potential was estimated for the social 
housing neighborhood as suggested too by (Gaudry, K.H. 
et al., 2019). 

Methods 
Figure 1 shows the scheme of the developed stages in this 
study. 

Figure 1: Scheme of study stages. 

________________________________________________________________________________________________ 

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

 
4353

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

https://doi.org/10.26868/25222708.2019.211343 
 



Information preparation 
Guayaquil is located in a very hot humid climate zone 
(Palme et al., 2016). The average environmental 
temperature of the city oscillates between 25°C - 27°C, in 
a typical year.  

Th
was initiated in 2008 by the Ecuadorian Ministry of Urban 
Development and Housing (MIDUVI). Its goal was to 
enable access to low income housing, particularly for 
those with no house tenure, located on zones considered 
of risk, or without access to financial services (GAD-
Municipal de Guayaquil, 2017; SENPLADES Zona-8, 
2014).  

SV1 has buildings for public purposes such as schools, 
security facilities, recreation spaces, roads, etc. Housing 
plots have an area of 90 m2 and a total built area of 46.9 
m2. Each housing unit is intended to have a capacity of 
four inhabitants, it consists of two bedrooms, a shared 
area for kitchen, dining room and full bathroom (see 
Figure 2 ). All neighborhood houses 
are paired and share the same typology. 

 

.  

On the other hand, the electric fees identified in SV1were 

Residential with no dynamic change of fee per hour. The 
residential fee it is for houses do not hold special 
equipment and not commercial activities inside.  

For this study, the official Ecuadorian entity CNEL-EP 
Guayaquil, delivered information of the monthly electric 
energy consumption of the SV1 from 2013 to 2017. 
Therefore, information of 2156 light meters distributed 
per fee, was gathered.  

In this study, it was decided to characterize and analyze 
only one type of fee and thus, were selected 915 social 
houses that keep the residential fee. Once the information 
was organized, consolidated and sorted, it was 
complemented with the geographic location of each house 
by using the on-
CNEL-EP. Afterwards, the statistical analysis was carried 
out. 

Statistical analysis of energy consumption 
Spatial analysis 
The spatial analysis of energy consumption was carried 
out by using the stochastic interpolation method of 

Kriging and Cokriging. This method states that not all 
variables can be interpolated, one must consider that the 
variable fulfills with conditions such as: normality, 
homogeneity, a certain quantity of available points, 
seasonality and correlation with other variables 
(Hartkamp, 1999; Hong et al., 2005). 

The analysis was performed from a sample of 915 housing 
units that showed a homogeneous spatial distribution over 
an area of 417.000 m2. This area corresponded to the 
whole housing units were built, streets and service 
buildings. For this matter, it was configured an 
experimental semi variogram for each evaluated year, 
considering the spatial location of the housing units and 
the average yearly energy consumption of the sample. 

Later, a linear model was used. It was adjusted by the 
iterative estimation of least weighted squares. The 
weights were determined as function of the number of 
point pairs and as function of the distance. By using this 
method, a value of the consumption variable on non-
considered locations or non-existing in the sample was 
obtained. As a result, the rasterized images shown on were 
generated. They indicate the positive correlation between 
the mapped variable (energy consumption) and the 
location of the sample points (Hengl et al., 2009; Gaona, 
2013). The aim of this result was to observe consumption 
patterns or consumption concentration in the analysis 
zone. Later, the analysis of the box frequency histogram 
was carried out in order to determine the variables of 
consumption and to proceed to the selection of the houses 
from the sample.   

Frequency histogram distribution and box plot of 
yearly and monthly electric consumption 

The analysis of relative and accumulated frequencies 
(histogram) was carried out to visualize the distribution of 
electric consumptions.  

Subsequently, these methods are presented annually to 
observe the evolution of the energy consumption, 
estimating the change percentage between 2013-2017. In 

electrical consumption is closer or farther from the values 
considered moderate. 

Finally, data variability, tendency and the presence of 
atypical data; box diagrams were plotted. Plots show that 
the 50th percentile (median), the 25th percentile, the 75th 
percentile (upper and lower limits), the observed highest 
and lowest value (non-atypical) and the upper and lower 
limits of the atypical values (1.5 times the length of the 
box) (Smith & Campuzano, 2010). The box diagram aims 
to show the quartiles of the monthly consumption for the 
sample, the maximum values. 

After the statistical characterization of electric 
consumption, several studies suggest studying those 
dwellings that are between the limits of consumption and 
the reason for their behavior. It was stablished that one of 
the reasons is the increase on the purchase power of the 
habitants.  
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Climate influence in energy consumption analysis 
To describe the correlation ratio between the 
environmental temperature and the electric consumption 
of a building, a function was defined by a linear regression 
with the analyzed variables. It is established by the 
determination coefficient R2 (Devore, 2010).  

The environmental protection agency EPA states a 
minimum R2 value of 0.4 for correlations of simple 
adjustment and a value of 0.7 more complex correlations 
(Energy Star, 2017).  

This analysis is carried out and some buildings do show 
this behavior. Once performed the statistical analysis, the 
house selection for further analysis took place in order to 
characterize the energy consumption. 

House selection 
For this study three typical housing units of SV1 were 
characterized and  
consumption. The criteria were performed selecting 
housing units show a repeated behavior of energy 
consumption throughout the years according to the spatial 
and statistical evaluation, the final decision was the 
climate influence. The selected housing were 
simulated, calibrated and optimized.   

this context, some temperature sensors and monitoring 
equipment were installed in the household to determine 
its thermal and energetic behavior. 

Energy simulation 
Simulation, calibration and optimization based on 
AHSRAE Guideline 14-2014 and NEC-HS-EE. 

In the house monitored, temperature sensors were 
installed, to get data about inner-outer surface of 
windows, walls and roofs. In parallel, the meteorological 
conditions and the indoor air temperature of the house 
were registered. The verification variable was the indoor 
air temperature. 

Values on thermal material properties, particularly on 
solar absorptance, emissivity and thermal conduction 
were adjusted based on earlier reports Vallejo-Coral, 
E.C., et al. (2018); Gallardo, A. (2016); Lee, S. et al. 
(2017) and equipment information Gaudry, K. H. et al. 
(2019) were reviewed.  

According to the methodology of Hong, T et al. (2016) 
and Westphal, F & Lamberts, R (2005), for the energy 
simulation and calibration, as a first step, an initial 
thermal and energy behavior of the monitored house is 
estimated with data of materials, usage, equipment, 
architectonic model, etc.  

The energy simulation and calibration was carried out by 
DesignBuilder v.4.0.1 software that uses EnergyPlus as 
calculation engine with data correspond to the monitoring 
period from December 25th to December 28th of 2018. 

Multiple energy simulations were performed until it is 
considered as calibrated model under the methodology 
stablished in ASHRAE Guideline 14-2014. The 

methodology defined a modeled calibrated when the 
Coefficient of Variation of the Root-Mean-Square Error 
(CV[RMSE]) and the Normalized Mean Bias Error 
(NMBE) present values up to 15% and 5%, respectively, 
using energy real and simulated monthly values. 

Once the selected method has reached the standard values, 
the data of thermal properties of the materials was used, 
for low and high energy consumption households 
contemplating the presence of A/C in the low and high 
consumption models.  

For the three selected houses, data of 2016 and 2017 was 
simulated because some reduction on the energy 
consumption in the entire estate was observed.  

Results and discussion 
It was considered the obtained criteria from the spatial 
distribution, the results of the frequency diagram, the box 
diagram, the climate influence and other factors are 
explained below. The results follow the steps shown in 
Figure 3 in order to selected analyzed houses.  

Spatial analysis 

The spatial analysis permitted to show the similarity of 
the closest values to the sample social houses, which 
allowed to detect local consumption patterns from 2013 
to 2017. In the Figure 3 is possible to observe that the 
southern zone of the estate exhibited a higher energy 
consumption, while the northern zone exhibited a slowly 
average consumption. Reflecting most probably the 
neighborhood building phases that the anthropic activities 
of the SV1 were initiated on the southern zone. In 
addition, the location of the selected households is shown 
in the figure. 

Statistical analysis 
Figure 3 displays the distributions of the energy 
consumption of the 50% of the houses of every month of 
the year and shows the frequency histogram and the 
accumulate percentage of the annual electric consumption 
in (kWh-year). Also shows the range of the monthly 
electric consumption without atypical values on a box 
diagram. 

The frequency distribution is similar for all the years 
regarding the annual consumption but the accumulate 
percentage highlights that the atypical values of the 
sample have been increasing in time. This means that 
some of the houses have kept their levels of electric 
consumption. Nevertheless, there are households that 
have exponentially increased electric consumption. The 
box diagram shows that the range of monthly energy 
consumption has a positive tendency in time. It was 
calculated an 18% increase in 5 years.  

The monthly electric consumption median for this type 
was 105 kWh in 2013 and it grew until it was 125 kWh in 
2017. 2016 registered a value of 129 kWh, which is 
atypical. It is observed also a monthly electric 
consumption pattern since 2014. The highest 
consumption months were February, May, August and 
November since 2014.
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Climate influence analysis 
When evaluating the climate influence over the electric 
consumption, it was not observed a correlation with the 
humidity, thus the analysis focused on the ambient 
temperature. It was observed that in 2013, 18 houses showed 
an electric consumption highly influenced by weather, while 
in 2017, the number of houses influenced reached 313. It is 
estimated that nowadays, approximately 30% the analyzed 
housing units may be using air conditioning systems.  

It was evaluated the correlation between the average 
monthly temperature and the electric consumption of the 
initial 18 houses. Figure 4 displays the monthly electric 
consumption normalized for the number of analyzed social 
houses and the average monthly ambient temperature. The 
results plotted show that the method used is accurate for 
high values of R2 were reached for all the periods. 

 
Figure 4: Linear regression analysis between monthly 

electricity consumption per dwelling and mean 
temperature from 2013 to 2017. 

For 2017 it was obtained a temperature coefficient (T) of 
16.61, being the lowest identified value. It shows a low 
increase of the electric consumption caused by ambient 
temperature. Therefore, the total electric consumption is 
lower, compared to 2014 (T=25.05). In 2016 was the year 
with the highest electric consumption despite its value of 
T=21.69. An increase of the base load may have occurred 
during this year, since the temperature influence is less than 
in 2014.   

According to the statistical analysis, houses of high, 
medium and low electricity consumption were selected. In 
Figure 5, the results of evaluating the climate influence are 
displayed, for each type of house in the simulation period 
(2016-2017).  

Also, in Figure 5 demonstrate that the medium  house type 
does not show correlation with the ambient temperature, and 
it was also corroborated in situ, because the house does not 
have air conditioning system. For high and low 
consumption houses R2 reached were higher than 0.7, it 
demonstrated the usage of air conditioning. The coefficient 
T of the high consumption house was 89.31, which indicates 
an energy increase on approximately 10 times compared to 

the low consumption house, for each Celsius degree that the 
outer temperature rises. 

 
Figure 5: Linear regression analysis for high, medium 

and low electricity consumption. 

House selection 
In Figure 3, the spatial location, values of the annual and 
monthly electric consumption of the selected houses are 
detailed.  

As observed, the electric consumption of the houses keep in 
the limits and only in 2013, the behavior is different to the 
pattern registered in the following years.  

For the house with the highest electric consumption, was 
valuated that it finds itself among the atypical range of 
consumption, in the frequency and box diagrams. 
Furthermore, the consumption behavior was observed under 
the influence of weather.  

Since some houses showed the behavior described above, 
the conclusive valuation is that visual check should be done 
in situ to verify that the house has indeed an air conditioning 
system. For this matter, the tool Geoportal of CNEL-EP 
(2019) was used. It employs the Street View command from 
Google for visualization. By using this tool, it was possible 
to note that some of the houses show a high electric 
consumption due to commercial activities in the house that 
may have not been reported or updated to CNEL-EP. 

For the low electric consumption household, the visual 
check was difficult because are several the houses in this 
group. For this case, the climate influence on the electric 
consumption was verified decisive factor. This influence 
occurs since 2013 and becomes even stronger in 2016 and 
2017. 

Out of the analyzed cases (low and high), it was verifiable 
that the households used A/C, by the tool Street View. In 
addition, it was confirmed that the A/C influenced the 
electricity consumption since 2015. 

Finally, for the selection of the medium energy consumption 
household, no influence of the climate was observed. In 
addition, information was gathered about the use of the 
house, equipment, consumption, etc. A visit was carry out 
and during the visit, it was checked out that an expansion 
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from the original model of the house has been made (Figure 

that owners do in SV1. The expansion consists of using the 
space originally designed as a patio to turn it into more 
bedrooms, bathrooms, washing zones or other uses the 
owners see fit.  

Building simulation 
The energy balance was obtained as product of the 
preliminary energy simulation of the medium consumption 
house. Due to, it is possible to observe that the materials that 
gain the highest energy from heat exchange with the 
environment are walls (25% total gains) and roofs (72% 
total gains). Hence, the heath exchange through windows is 
lower due to the expansion of the roof that blocks the solar 
charge. For this, the simulation was calibrated with the 
electric consumption, inner and outer temperatures of the 
roof and the wall and the inner air temperature.  

In Table 1 are shown the values of CV(RMSE) and NMBE 
and it is demonstrated that these are below the considered 
maximums on ASHRAE 14-2014 standard for monthly 
electric consumption previously mentioned. In Table 2 
indicates the results of analyzed calibrated hourly 
temperatures as performed by Gucyeter, B (2018) for the 
inner air temperature. In order to accept the calibration 
conditions. 

Table1: Obtained calibrated parameters for monthly 
energy consumption. 

Monthly energy consumption CV (RMSE) NMBE 
High consumption household 8,4 3,2 

Medium consumption household 14,87 2,2 

Low consumption hosehold 10,77 2,4 

Table 2: Obtained calibrates parameters for hourly 
surface and air temperature. 

Temperature [°C] CV (RMSE) NMBE Eav (°C) R 

Roof 
Interior 11,71 10,68 3,12 0,91 

Exterior 16,54 12,78 3,89 0,83 

Wall 
Interior 2,49 2,15 0,6 0,95 

Exterior 4,19 3,36 0,92 0,95 

Air temperature Interior 2,28 1,77 0,5 0,91 
 

It is important to mention that, according to the NEC-HS-

the methodology of ASHRAE 90.1 (2016) and ASHRAE 
90.2 (2007); the U-Value max for the roof does not match 
the established limits because it is lower than 3.5 [W/m2K]. 
Likewise, the windows show a U-Value max outside the 
limits since adequate values are lower than 3.84 [W/m2K] in 
addition to show lower values of SHGC than 0.77. In 
contrast, it is listed on bibliography review the selection of 
the materials with the considered improvements. Once the 
houses have been selected and the model has been 
calibrated, all the models were simulated for 2016 and 2017. 
One A/C system was contemplated for low and high 

most used type on the houses, according to images of Street 
View and the study of Beltran, R.D. (2018) in Ecuador. 

As observed on Table 3, it is certain that, when the 
contemplated properties in materials are applied to roofs and 
windows, a reduction of the parameters evaluated for all 
years occurs, except for the medium consumption house that 
reports the same electric consumption since the climate does 
not influence. 

Table 3: Energy simulation results. 

Y
ear 

T
im

e  

Evaluated 
variable 

Low Medium High 
Int. Op. Int. Op. Int. Op. 

2016 

m
ay-21 

MExT [°C] 34.7 

MOT [°C] 30.6 28.5 33.8 30.5 30.3 28.3 
A

nnual 
MeExT [°C] 25.6 

Consp. [kWh] 1197 835 2120 6026 3678 

TNCH 5486 4109 6320 5906 6420 5020 

2017 

A
pr-12 

MExT [°C] 34.7 

MOT [°C] 30 28.1 33.3 30.8 30.5 27.9 

A
nnual 

MeExT [°C] 25.0 

Consp. [kWh] 1203 721 2367 4505 3185 

TNCH 4507 2944 5951 5416 5757 4065 
MExT: Maximum exterior temperature 
MOT: Maximum Obtained Temperature initial (int) vs optimized (op) models. 
MeExT: Median Exterior temperature 
Consp: Total annual consumption  
TNCH: Total Non-Comfortable Hours. 

For the houses with existing A/C systems, the drop of the 
temperature entails into a reduction of the electric 
consumption because the system does not need to be, power 
on, when the user feels a climate discomfort. It is possible 
to observe reductions from 30% to 41% on the annual 
energy consumption. 

However, for the medium consumption household, must be 
considered complementary strategies for improvement on 
the base load such as: appliances, lighting, equipment, etc. 
This because said houses do not show a seasonal behavior 
but an influence from the equipment. 

In all cases, the drop of the inner air temperature was around 
3 °C, at the time when the highest outer temperature was 
registered, in the hottest day of the year. Similar results are 
also observed on other reports (Lee, S. et al., 2018 and 
Romeo, C. & Zinzi, M., 2013) when the improvements 
specially for the roof are applied. 

Another studied parameter was the decrease of total 
discomfort hours inside the house. This is particularly 
important for houses with no air conditioning systems. In 
this case, the total number of hours when 
temperature was above 25°C, were counted, according to 
the simple method of determination of thermal comfort from 
ASHRAE 55-2013 standards. In this context, it was 
estimated an average reduction of 20% of total discomfort 
hours, for low and high consumption houses. Similar results 
was reported by Lee, S. (2018) and Gallardo, A. (2016). 
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For the medium household, it is raised that an intervention 
might be made in order to naturally ventilate the roof and 
the space inside the house, also contemplated in NEC-HS-

ventilation system consists of the installation of air intakes 
to take advantage of the predominant wind orientation that 
comes from the south.  

The air circulates and forces the ventilation as the hot air 
leaves the house through a window in the rear that remains 
open. In addition, the system helps to increase the natural 
lighting without increasing the incident solar radiation.   

Figure 6 show t
optimized model (left) and an example of original standard 

. Figure 
6 (a) shows the application of the parameters from NEC-
HS-EE and the proposed improvement to the roof (reflective 
paint and roof openings). It is important to make clear that 

one displayed in the figure. But, for the low consumption 
house type, its orientation is 180° opposite.   

 

Figure 6: (a) Optimized model according to NEC-HS-
EE. (b) Original model. 

As final result, it is raised the hypothetic quantity analysis 
of the consumption saving when implementing the 
optimization and the energy efficiency strategies from the 
Ecuadorian standards to the estate houses taking into 
account that only 30% of the houses experience a climate 
influence. With the energy savings found on the simulation 
of 2016 and 2017 for the houses of low and high 
consumption houses, was firstly estimated the number of 
houses that would have been energized, as well as the non-
emitted Kg-eq of CO2 if the efficiency strategies would have 
been applied on the estate. 

Table 4: Results energy savings. 

Y
ea Type Consp[k

Wh] 
QHE TS 

[%] 
TES 

[kWh]  

QL
HE 

 

TNE [kg 
CO2-

eq/year]  

2016 
Low 787.5 247 30 17506 22 6058 
High 6283 160 39 117618 149 40701.5 

2017 
Low 780 229 30 16076 21 5563 
High 5911 183 41 133051 171 46042.1 

Consp: Annual energy consumption in Low and High selected households. 
QHE: Quantity of Households Energizer 
TS: Total Saved in percentage by implementing NEC-HS-EE  
TES: Total Energy Saved consider that only 30% house use A/C by the climate 
influence study 
QLHE: Quantity of Low Households Energizer with the energy saved 
TNE: Total kg-CO2 eq/year No Emitted 

Results show that, with the energy savings in 2016, 171 low 
consumption houses could have been provided with energy 
on 2016, and 192 houses in 2017 (Table 4). These important 

results lead to truly contemplate the implantation of the 
described energy efficiency strategies on other buildings. 

Conclusion  
Based on the results, there is an increase in the time of the 
number of households which have raised energy 
consumption, concentrating on the south and north zone of 
the urbanization. Further, if this trend continues, the most 

consumption. On the other hand, a high percentage of 
households are not benefited by Ecuador subsidy tariff 
reduction which is focused on residential sector and apply 
for households that consume less than 130  [kWh-month]. 
A particular phenomenon between 2016 and 2017 was 
looked into. Because of higher temperature registered in 
2016, urbanization energy consumption increased. This 
result is interesting because in the last years, energy 
consumption raised constantly. This phenomenon indicates 
and confirms the statement made by the climate change 
intergovernmental panels. Since 2017, the situation is even 
more alarming because more number of households (30%) 
is influenced by climate, indicating an increase of air 
conditioner systems acquisition.  

For this reason, strategies evaluated by NEC-HS-EE will 
decrease thermal loads through of the envelope and are an 
opportunity area for decreasing energy consumption. The 
greatest benefit in expected in households considered as 
high consumption.  
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Abstract 

Design simulations and building performance predictions 

create challenges to building designers when attempting 

to prove these expectations in buildings post occupancy. 

This paper investigates two main research questions: (1) 

what are the discrepancies and where do they lie between 

daylighting performance simulation predictions and 

actual daylighting performance in schools; and (2) what 

are the factors that cause these discrepancies? — in order 

to develop a factor of reality (FR) to bridge gaps between 

design predictions and actual performance of buildings. 

To answer these questions, the study compares the results 

of daylighting design simulation predictions with post-

occupancy assessments of four south-facing classrooms 

−with different daylighting systems− in an elementary 

school in Eugene, OR (ASHRAE CZ 4c). 

Daylight and visual comfort metrics are analyzed for these 

classrooms through a critical examination of simulation 

results and field measurements. Results show that while 

static daylighting metrics were consistently lower in 

actual classrooms than what was predicted in simulations, 

dynamic metrics were higher in actual classrooms. 

Interestingly, classrooms with dual daylighting systems 

(such as side and top daylighting) show lower degrees of 

discrepancies between simulation and actual 

measurements.  Conclusions are reported as a conceptual 

framework for future daylighting design and simulations 

of K-12 schools that achieve both dynamic daylighting 

metrics and enhanced occupants’ comfort. Future studies 

should investigate these discrepancies and incorporate a 

Factor of Reality (FR) to provide better accuracy in future 

daylighting simulations. 

Introduction 

To achieve an effective daylighting design, current 

dynamic daylighting metrics stress the need to provide 

uniform daylight distribution and to limit excessive 

illumination levels (IESLM-83-12, IES RP-5-13). While 

the application of these metrics is important for visually-

critical spaces, current best practices in K-12 school 

daylighting design face challenges in achieving these 

metrics and maintaining occupant’s satisfaction, 

simultaneously (Elzeyadi, 2018). These challenges are 

partly related to classrooms requiring a balance between 

achieving dynamic daylighting metrics and the 

management of glare for both the teacher and the students 

to provide an engaging learning environment. In addition, 

other behavioral issues related to changes in wall displays 

and media projections can alter Light Reflectance Values 

(LRV) of the classrooms. 

Generally, classroom daylighting design needs to support 

a wide range of visual tasks that often require different 

levels of illumination and glare control. The issue is 

magnified in the way occupants use classrooms. Student 

and teachers have different view-sheds, in opposite 

directions, and at different heights that will require 

variations in brightness patterns to accommodate both 

perspectives. By employing daylighting simulation 

software based on the Radiance engine, most of these 

parameters can be tested to predict daylighting 

performance during early design phases of a project. But 

no matter how advanced the software is, without detailed 

comparisons between how daylighting metrics are 

simulated in relation to how actual daylit classroom 

spaces perform, we will continue to face gaps between 

design assumptions and actual space performance. An 

important objective of this study is to address this gap by 

examining different factors and assumptions in school 

daylighting simulations. 

One of the main factors influencing daylighting design in 

schools is the need to provide sufficient illumination 

levels required for a multifunctioning environment and 

accommodates different technological advancements in 

teaching (Wu & Ng, 2003). One of the studies that 

considered these different modes (Drosou, Haines, 

Mardaljevic, & Brembilla, 2016) concluded that 

occupants extensively used video display terminal (VDT) 

equipment and electric lights during teaching hours. 

Further, they found that once blinds were closed, they 

were likely to stay in that position until custodial staff 

opened them. This highlights the need for incorporating 

these behavioral patterns in simulation models to improve 

daylight performance predictions. In addition to these 

patterns, other factors like the presence and location of 

furniture as well as seasonal variations to trees could 

affect predicted outcomes (Drosou, Brembilla, & 

Mardaljevic, 2016). Although the incorporation of these 

variables in daylight simulation might be challenging, it 

is an important step that could bridge the gap between 

simulation predictions and post-occupancy performance 

(Li, Lau, & Lam, 2004). 

________________________________________________________________________________________________ 

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

 
4361

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

https://doi.org/10.26868/25222708.2019.211353 
 



   

 

Despite the relatively large number of studies that 

investigated glare metrics, their use and applicability are 

still limited. In a study that examined the consistency 

among different glare metrics, Suk & Schiler (2013) 

found differences in the estimated glare that spanned from 

imperceptible to intolerable in some cases. Further, 

differences were found between simulated and measured 

glare indices that often influenced the glare classification 

level. Suk & Schiller speculated that differences between 

measured and simulated glare levels could be due to the 

fact that simulated high dynamic range images (HDRIs) 

have a much greater range of luminance values, compared 

to ranges of HDRIs taken using digital cameras. 

Recent studies revealed substantive bias due to anchor and 

order effects of glare metrics primarily at lower glare 

criteria and stressed the for caution when interpreting 

subjective evaluations of discomfort due to glare between 

measured and computed scenes (Kent, Fotios & 

Altomonte, 2018). Another study by Bian & Ma (2018) 

found a high agreement between simulated and measured 

Daylight Glare Probability (DGP) values only but not 

other metrics.  Overall, it is suggested that there might be 

other variables that influence the level of accuracy in 

predicting daylighting glare in the built environment. 

Furthermore, it can be concluded that there is a lack of 

studies on daylighting in schools, particularly, to address 

occupant’s visual comfort under different learning modes. 

Research questions 

Findings of previous studies investigating the actual 

performance of school classroom spaces are not always 

conclusive of a positive and clear correlation between 

daylighting levels in these environments and student 

comfort (Elzeyadi, 2013). This is in part due to excessive 

glare and poor lighting distribution in these spaces, which 

were designed to meet certain daylighting metrics that do 

not account for visual comfort (Elzeyadi, 2017). For 

instance, dynamic daylighting metrics (IES LM-83-12 

2012) recommend that a minimum 55% of the spatial 

daylit area >300 lux be achieved for 50% of the occupied 

time (sDA300 50%). Recent studies suggested that 

adopting dynamic daylighting metrics such as the Annual 

Sunlight Exposure metric (ASE) might lead to dull and 

monotonous spaces (Reinhart, 2015).  

In another study, more than 55% of the occupants in The 

New York Times building, which was designed to 

manage glare and reduce sunlight penetration, felt that the 

daylighting system did not impact their satisfaction 

positively (Lee et. al., 2013). In addition to these 

variables, glare perception in relation to daylight apertures 

in classrooms combined with a lack of controllability is a 

pressing problem (Winterbottom & Wilkins, 2009). 

Based on previous observations, the specific question of 

this paper is: How do the results of detailed daylight 

classrooms simulations compare to their actual 

performance post-occupancy? A follow-up question is: 

What are the parameters that impact differences between 

simulated and actual daylight performance in classrooms 

and whether these parameters can lead to the development 

of a factor of reality (FR) metric to bridge gaps between 

design predictions and actual performance of buildings.  

To answer this question, this study compares the 

daylighting performance of four different classrooms with 

different daylighting systems, sky-view obstructions, and 

apertures types from both the teacher and the student’s 

perspectives. The paper builds upon a previous 

framework of sustainable design as a place experience 

(Elzeyadi, 2015). This framework acknowledges the 

complex systems of interactions between people and their 

indoor environments on multiple layers relating to multi-

comfort parameters and perceptions of visual comfort and 

daylighting quality. 

Methods 

Study Setting 

Previous studies suggested that daylight simulations are 

most effective if started during the conceptual design 

phase of the project (Drosou, Brembilla, & Mardaljevic, 

2016; Elzeyadi 2013). Following this recommendation, a 

fully integrated daylighting design process was adopted 

for a new K-5 Elementary school in Eugene, OR – 

ASHRAE climate zone 4C (Fig. 1). The design team 

engaged in the daylighting design process throughout the 

different phases of the project from conceptual massing, 

schematic design, design development, and construction 

documents studying 10 different design iterations for the 

major educational and common-use space types of the 

project. 

Figure 1: An aerial view of the school (top, courtesy of 

Pivot Architecture), and model used for simulations in 

IES-VE (bottom). 

Simulation process 

The comprehensive simulation analysis evaluated 

daylighting distribution, glare, and annual dynamic 

daylighting metrics (IES-LM-83-12).  The different 

design options were modeled in Autodesk Revit and 
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imported into Integrated Environmental Solutions – 

Virtual Environment (IES-VE) for daylighting 

simulations using both the FlucsDL module and Radiance 

Engine of the software. 

The simulation parameters were controlled across all 

iterations using ASHRAE climate zone 4C TMY3 files 

for Eugene, OR. The space properties were simulated by 

adjusting the Light Reflectance Value (LRV) of the 

ceilings at 80%, the walls at 70% and floors at 20%, 

respectively. Internal and external light-shelves and 

skylight wells were modeled in a bright white paint of 

LRV at 92%. Clearstory, transom windows, and skylights 

were simulated with a Tvis of 69%, with the exception of 

view windows, which were modeled with a blue tint and 

a Tvis of 41% to avoid excessive glare. A pin-up wall in 

the classroom was modeled in bright colors with an LRV 

of 40% to simulate the resultant LRV of a typical 

classroom wall after posters are pinned-up to it. This 

added visual interest in the classroom and ensured that the 

LRV of interior walls is not altered when posters and 

assignments are pinned-up based on observed teacher’s 

classroom use and behavior (Fig. 2). 

Figure 2: Interior view of a sample classroom on the 

second floor (courtesy of Pivot Architecture). 

Physical measurements 

To investigate the research question related to the 

comparative analysis between simulated and measured 

performance, a daylighting Post-Occupancy Evaluation 

protocol (POE) was employed (Elzeyadi 2015). In this 

protocol, visual daylighting parameters and metrics were 

assessed and measured one year following full-occupancy 

of the 411 students’ school. The POE assessment was 

conducted on a typical overcast equinox day in the 

afternoon. The short-term measurements of spatial 

daylighting distribution were conducted over a 5’x5’ 

(approx. 1.5x1.5 meters) grid using a calibrated LiCor-

210R photometric sensor connected to a LiCor handheld 

multi-meter. An external Li-Cor data logger connected to 

LiCor-210R photometric sensor logged outdoor sky 

illuminance levels in K-lux at 1-minute intervals. 

Different imaging techniques were employed to document 

glare indices for a typical equinox afternoon daylight 

conditions. Glare assessment and metrics were computed 

by employing high dynamic range images (HDRIs) that 

were taken from the teacher’s perspective view-shed and 

a student perspective view-shed. Additionally, another  

HDRIs were taken looking towards the perspective of the 

window wall from the classroom entry, which provided 

an overall view of the classroom that would be 

experienced by all users as they enter and adjust to the 

brightness thresholds of the room. Both the student’s and 

teacher’s HDRIs employed a wide-angle and fish-eye lens 

to simulate each perspective and field of vision. Both 

types of HDRIs were recorded using the following 

equipment: 

• For the overview image, it was taken at 70” 

(1770mm) height using a mirrorless Fujifilm X-

Pro2 camera with extra-wide-angle lens (Fujifilm 

XF 10-24mm f/4 R OIS Lens). 

• For the Fish-eye detailed image, it was taken from a 

seated position of both the teacher and the student 

view-sheds using a Canon G15 with a fisheye lens 

(Opteka 52mm 0.2x HD Professional Super AF 

Fisheye) attached to a tripod located at 44” (approx. 

1100mm) to match teacher seated eye-level position 

as well as 38” (9614mm) to match a seated student 

eye-level position. 

All HDRIs comprised of 5-7 bracketed images that were 

combined using ‘hdrgen’ command-line (Anyhere 

Software) using a predetermined response function for 

each camera. Each HDRI was then cropped, resized to 

800x800 pixels, masked, and calibrated for computing 

glare indices. Metrics were computed using the 

‘evalglare’ command. This process was batch automated 

with these commands in order. 

The on-site POE assessment focused on four critical 

classrooms of the school that exhibited variations in 

daylighting systems and sky-view angles. The four 

classrooms were south facing, two of which opened to a 

courtyard wing on the first floor (C1) and second floor 

(C2). The other two classrooms faced outwards to a view 

of nature without any building obstruction on the first 

floor (O1) and second floor (O2) (Fig. 3). 

All classrooms had a combination of south-facing 

perimeter clear story windows with an exterior and 

interior daylight shelf, south facing shop-front view 

window with low Tvis (41%) on the corner of the room, 

and a transom interior window to harvest daylighting from 

the connected daylit corridors. The large view window 

had an integrated fixed exterior solar shades and internal 

micro-perforated gray roller blind shades with a Tvis 

(11%). The second-floor classrooms had a similar 

daylighting system in addition to three distributed 

skylights placed 18’ from the perimeter window wall with 

a skylight to floor ratio (SFR) of 8% (Fig. 3 & 4). 
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Figure 3: The four-sampled south-facing classrooms 

investigated. The number after the letter refers to the 

floor. 

Figure 4: 2nd-floor classrooms with side and top lighting 

(above); 1st-floor classrooms with side lighting only 

(below). 

Results 

Table 1 displays the results comparing both yearly and 

point-in-time simulation output with point-in-time actual 

measurements in the classroom. Due to limitations in the 

POE time frame and limitations in accessing the 

classrooms during a typical school year, the study could 

not replicate annual daylight metrics, hence the 

comparative analysis focused on point-in-time 

comparisons. In general, measured illumination levels 

were higher than simulated levels for most of the daylight 

metrics studied (e.g. Avg. Illuminance (E) and  % Area 

above 300 lux). In contrast, daylight factor (DF%) was 

consistently lower in measured conditions over simulated 

ones for all four classrooms. Similarly, glare metrics, such 

as Daylight Glare Index (DGI) were consistently lower in 

measured conditions of the POE over simulated 

conditions in IES-VE Radiance. 

For classrooms on the first floor, simulations consistently 

predicted higher average illuminance and DF for the 

exterior classroom compared to the one on the courtyard. 

Measurements found only slight differences in DF and 

average illuminance between these two classrooms. 

Figure 5 shows the percentage of area >300 lux as 

simulated and predicted. As can be seen from the graph, 

simulations underestimated the percentage but followed a 

similar trend to that of the measured. highest percentage 

of area meeting the 300 lux daylight level threshold was 

for classroom C2 at 60.8% and 100% whereas the lowest 

percentage was for C1 at 13.9% and 33% for simulated 

and measured, respectively (Fig. 5 & 6). Figure 7 shows a 

comparison of the teacher’s view in classroom O1 

showing a rendering and a false color image of the 

luminance distribution. 

Table 1: daylight and glare metrics for the studied 

classrooms as simulated (Sim.) and measured (meas.). 

The variable ‘E’ refers to horizontal illuminance. 

Figure 5: Spatial daylighting distribution as simulated 

and actual performance of the 4 classrooms studied. 
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Figure 6: Average illuminance as simulated and 

measured for the 4 classrooms studied. 

Findings & Discussion 

Further comparative analysis of both glare metrics and 

daylight distribution inside the four classrooms revealed 

interesting patterns of corroboration between simulated 

and actual performance. The polar plot in Fig. 8, displays 

the same trends in DGI values for both student and 

teachers between simulated and actual performance. 

While simulated DGI were consistently higher than actual 

performance, both sets of data reveal that glare is in the 

tolerable to unnoticeable levels for students and teachers. 

A decrease in the DGI of the actual daylight performance 

might be due to the addition of paintings and posters on 

the classroom walls that reduced walls LRV, as well as 

the addition of furniture and materials in the room of 

lower LRV values than assumed in the simulation. This 

points to the fact that specified material LRV might not 

match those finishes in the actual space. Furthermore, 

other variables like dust, wear and tear, and maintenance 

issues would alter the LRV of materials from those in the 

specifications and simulation assumptions (Figure 7 & 8). 

In addition, these differences in DGI could be due 

limitations in the range of brightness levels captured by 

the camera as compared to those captured in simulation 

(Suk & Schiler, 2013). Field assessments rely on camera 

and lens capabilities which are not accounted for in 

simulations. Another possible set of parameters for the 

discrepancies are errors in measurements due to 

limitations in equipment, calibration, position of 

measurement, and the impact of the researchers position 

in space on the light measurements and values. This 

highlights the need for studies to examine these factors 

further. 

Anecdotal comments received by the occupants indicate 

the presence of glare when students used a tablet in the 

area near the window. This is a challenging situation to 

simulate because any small variation in screen angle could 

affect the level of glare and reflections experienced. One 

way to alleviate this is to create designed pools of light 

scenarios with multiple light zones within each classroom 

where students can engage in different learning modes 

and devices. Similarly, the presence of direct sunlight on 

the teaching board. which was caused by an unintentional 

gap between the light shelf and window mullions.  This 

was a result of a construction oversight related to a 

structural bracing system. This highlights the need for 

daylight system commissioning to ensure that these 

systems are built as designed. 

Figure 7: Comparative visualizations of glare and 

luminance distributions for both simulated (bottom) and 

actual classroom (top). 

 

Figure 8: A polar plot comparison of DGI values for all 

classrooms for teacher and student views. 

Another explanation for the discrepancies in performance 

might be attributed to the classroom furniture layouts. In 

the four classrooms studied, there were three different 

furniture layouts: rows, circular tables, and clusters as can 

be seen in Figure 9. During design, it is practically 

difficult to account for all possible furniture 

configurations and corresponding view directions. One 

suggestion is to employ the adaptive zone concept 

(Jakubiec & Reinhart, 2012) where students can adjust 

their seating arrangement to reduce perceived glare. This 

will require the specified areas of the classroom to be 

much larger to allow students a certain degree of freedom 

in changing their seating positions. Currently, school 

design guidelines do not allow for this excess in space and 

added construction budgets. 
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Like observations from previous studies (Drosou, 

Brembilla & Mardaljevic, 2016), the use of excessive 

electric lighting by the occupants in a successful daylit 

classroom persists. In interviews with some of the 

teachers, there were complaints related to excessive light 

levels in the classroom. Upon inspection, the teachers 

were used to fully turning on electric lighting regardless 

of the amount of daylight available in space. This might 

have led to overly bright spaces that exacerbated 

perceptions of glare level beyond the computed DGI & 

DGP levels. These issues are discussed in a forthcoming 

paper by the authors with further yearly comparisons of 

eight classrooms and common spaces in the school. 

Figure 9: Plans of the furniture layouts as adjusted by 

occupants in the examined classrooms. 

Further comparisons were performed between the two 

daylighting strategies employed in the studied 

classrooms; clerestory windows with light shelves 

(classrooms on the first floor: O1 & C1), and clear story 

windows with modular skylights (classrooms on the 

second floor: O2 & C2). Overall, the simulated DF values 

were much higher than actual performance, which might 

indicate a discrepancy in estimating the direct component 

(sky-view) and internal reflectance component and their 

contributions to light levels inside the classrooms (Fig.10 

and Fig.11). This could be due to differences between 

simulation assumptions and actual conditions where the 

measurements were made. 

For example, the impact of changes in LRV on daylight 

performance was shown to be highest for changes in LRV 

values for ceiling and walls followed by ground and floor 

(Brembilla, Mardaljevic, & Hopfe, 2015). This impact 

also varied by calculation method.  

Based on the above, it is likely that differences would 

arise between simulated and actual performance of 

daylighting systems. These differences can be addressed 

and accounted for by incorporating a Factor of Reality 

(FR) similar in concept to correction factors utilized in the 

structural design, for example. The FR for daylight 

performance should account for the different sources that 

can cause discrepancies between physical measurements 

and simulation results, including: 

1. Deviations between actual and simulated sky 

conditions in terms of direct and diffuse irradiance, 

sky cover, and horizontal illuminance. In IES VE, 

horizontal illuminance under an overcast sky is 

estimated to be about 12,000 lux. In this Study, 

although under overcast sky conditions, mean 

horizontal illuminance was 46,797 lux. To address 

this limitation, DF was the primary metric used. 

When the use of dynamic daylighting metrics is 

desired, another set of simulations should be 

generated after measurements have been collected in 

the field to attribute for outdoor horizontal 

illuminance levels on the site. 

2. Differences in simulated versus measured 

environments. These differences may result from 

slight changes to space design and/or occupant’s 

behavior such as changes to LRV of interior finishes 

(e.g. location of posters on the walls), shade position, 

the location of furniture, cleanliness, external 

obstructions, etc. 

3. Measurement-related deviations such as that caused 

by time of measurement, space location, and 

equipment-related errors as well as limitations. 

 

Figure 10: A perspective showing the location of points 

used for comparison between simulations and field 

measurements. One set of points is in front of the view 

window while the other is in front of the clerestory 

window. 

Future studies 

The aforementioned deviations between simulations and 

actual performance warrant further studies to determine 

the extent to which different variables and categories 

influence physical lighting and glare measurements. Once 

determined, these different factors can be combined into 

a Factor of Reality (FR) correction index that architects 

and engineers can utilize at early simulations to reduce 

differences that are due to variability in external lighting 

conditions, field measurements, and occupant’s response 

to better predict actual daylighting performance. Isolating 

these effects would help to more accurately assess the 

effects of building design on daylight performance. 

While this paper did not investigate the relative 

importance of the three categories mentioned, Table 2 

shows a conceptual summary of the variables within each 

category. It is expected that the impact of these variables 

depends on space type, coordination between design and 

construction teams, as well as the operation and 

occupancy of such spaces. To develop the proposed 

Factor of Reality, more studies are needed to determine 
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the impact of each variable in both direction and 

magnitude. Lastly, because the ultimate goal of 

daylighting design is to increase the comfort and 

satisfaction of occupants, future studies should examine 

developing a factor of reality for subjective assessments 

based on simulated or measured data. Another set of 

variables such as age, tasks, etc. are expected to shape this 

factor. 

Figure 11: Daylight factor for classrooms O1 and O2 

through the clerestory window (top), and through the 

view window (bottom). 

Table 2: The variables that can impact daylight 

performance in schools. 

Sky Condition Physical 

Environment 

Measurement 

limitations 

-Solar 

irradiance. 

-Sky luminance 

map. 

-Horizontal 

illuminance. 

Space Design: 

-Space and 

aperture 

properties. 

-Obstructions. 

 

Operational: 

-LRV (e.g. 

posters and 

handouts). 

-Shade control. 

-Furniture 

layout. 

-Cleanliness and 

maintenance. 

-Equipment-

related errors. 

-Researcher 

error and 

position in 

space. 

-seasonal sky 

conditions 

discrepancies 

during 

measurements 

Conclusion 

Current daylighting design practice for K-12 school 

design face several challenges between achieving 

dynamic daylighting metrics and the management of glare 

for both the teachers and the students. Simulation tools 

and programs offer promise in eliminating guess-work 

and provide evidence-based design decisions to predict 

daylighting performance. As this paper presents, gaps 

between simulated and actual performance persist even 

with detailed simulation models and inputs. It suggests 

that the concept of a Factor of Reality (FR) needs to be 

carefully calculated for various climate zones and sky 

conditions to bridge the gap in the predictive power of 

simulation models in meeting actual performance. The 

suggested FR would take into considerations various 

inconsistencies of LRV of materials, human behavior, 

maintenance, dynamic sky conditions, and modeling 

limitations. This paper is aimed at starting this discussion. 
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Nomenclature 

ASE: Annual Sunlight Exposure 

DF: Daylight Factor 

DGI: Daylight Glare Index 

DGP: Daylight Glare Probability 

FR: Factor of Reality 

LRV: Light Reflectance Value  

sDA: Spatial Daylight Autonomy 
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Abstract 

Double skin façade (DSF) is a new fabric increasingly 

used in hot summer and cold winter (HSCW) zone in 

China. Architecture designers and users have concerned 

its energy performance. Former scholars have simulated 

the thermal performance of DSF with different methods, 

such as CFD and airflow network methods. However, to 

evaluate the annual energy consumption, a method with 

good speed and accuracy is needed. In this paper, an 

improved zonal model validated by experimental data is 

used to simulate the energy performance of the naturally 

ventilated DSF for two constructions in HSCW zone. The 

results show that the naturally ventilated DSF with 

interior double glass has better thermal and energy 

performance. Meanwhile, heat gains of several most 

common-used fabrics in six typical cities of HSCW zone 

are calculated. The results show that the annual energy 

demand differences between the DSF and the most 

thermally insulated fabric (aerated concrete wall with 

external XPS insulation layer + double glazing window) 

are generally within 10% except the north orientation. 

Considering some advantages over the traditional fabrics, 

such as indoor lighting, visual comfort, the naturally 

ventilated DSF has good adaptability in HSCW zone in 

China. 

Introduction 

Comparing with traditional windows, DSF has some 

advantages, such as ventilation, day lighting control, 

noise isolation, and so on. The energy performance of 

DSF is relevant to many influence factors including the 

climate, orientation, operate mode of ventilation and 

shading devices, window-wall ratio, configuration, and so 

on (Ali et al., 2016; Francesco, et al., 2016). The designers 

and users are worried about overheating and heat loss risk 

of DSF.  

Studies have been made to compare the energy 

consumption of DSF and single glass facade under 

different climate conditions (Marí, et al., 2012; N. 

Hashemi, et al., 2010; E. Sanchez, et al., 2016). The 

results show that DSF can significantly reduce heating 

loss in winter and heat gain in summer. In the air cavity 

of DSF, shading devices is common installed to help 

adjust the lighting and solar gain (L.G, et al., 2017). 

Studies made by G. Baldinelli (2009) and Jinqing Peng et 

al. (2013;2016) show that energy consumption of DSF 

with movable venetian blinds is less than traditional 

facades. Many studies show that thermal and energy 

performance of the DSF can be improved by ventilation 

in air cavity (Yu-Min, et al., 2011; Wonjun, et al., 2012).  

Hot summer and cold winter (HSCW) zone is one of the 

typical climate zones in China. In HSCW zone, the 

average temperature of the coldest and the hottest month 

are 0-10℃ and 25-30℃. The energy consumption due to 

the overheating and heat loss problems in cooling and 

heating seasons is highly concerned. Hence, it is 

necessary to calculate the annual energy consumption of 

the DSF and compare it with the local energy saving 

fabrics, which can evaluate the energy performance and 

applicability of the DSF in this climate zone. 

Some methods can be used to simulate the thermal 

performance of the DSF, such as lumped method (Marta, 

et al., 2016), analytical method (Hossein, et al., 2012), 

airflow network method (Fallahi, et al., 2010; Hashemi, et 

al., 2010) control volume method (Alvaro, et al., 2013), 

and CFD method (Alessandro, et al., 2017; Yilin, et al., 

2017; Ahmed, et al., 2015). However, these methods are 

not suitable for the annual energy consumption evaluation 

of the DSF due to the slow computing speed and the 

massive computing resources and inaccuracy. To solve 

this problem in this study, an improved zonal method 

(Yangjin Wang, Youming Chen, et al., 2019) is used to 

model the thermal performance of the DSF dynamically, 

and it is integrated with optical model (Yanjin Wang & 

Youming Chen, 2016) and airflow model to simulate the 

naturally ventilated DSF with venetian blinds. The model 

is validated by experiments. In this study, the annual 

energy demand of the naturally ventilated DSF is 

calculated using the integrated model and the 

meteorological data of six typical cities in HSCW zone. 

The energy performance and applicability of the naturally 

ventilated DSF is evaluated through comparing with 

several most commonly used fabrics in this climate zone. 

DSF configurations 

The naturally ventilated DSF is a multi-glazing layer 

system which consists of two glazing layers (a single glass 

and a double glass), an air cavity between the two glazing 

layers and a venetian blind fixed in the cavity.  
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Figure 1:Configurations of DSF 

To get the best performance of naturally ventilated DSF, 

the air inlet and outlet on outer surface should open in 

summer and shut in winter; the venetian blinds should 

install in summer and remove in winter. 

Mathematical model and validation 

Wang and Chen have developed an optical model and an 

airflow model to calculate solar radiation and the complex 

airflow in air cavity of naturally ventilated DSF (Yangjin 

Wang, Youming Chen, et al., 2019; Yanjin Wang & 

Youming Chen, 2016). The whole DSF can be simulated 

by the improved zonal model integrated with optical 

model and airflow model (Yanjin Wang & Youming 

Chen, 2016). The establishment of heat balance equations 

refer to the equations given in (Yangjin Wang, Youming 

Chen, et al., 2016). The improved zonal model of 

naturally ventilated DSF with venetian blinds is validated 

by experimental results (Yanjin Wang & Youming Chen, 

2016). The results show that simulated results have a very 

good agreement with measured results. This model can 

evaluate the annual energy performance of naturally 

ventilated DSF with venetian blinds accurately and 

quickly. 

Evaluation and results 

In hot summer and cold winter zone of China, the heating 

season is from December 1 to February 28, and the 

cooling season is from June 15 to September 15 in HSCW 

zone. The heat gains through the DSF in cooling and 

heating seasons are calculated and compared against the 

commonly used fabrics in HSCW zone. Heat gains 

through naturally ventilated DSF are calculated using the 

validated mathematical model. The heat gains through the 

other fabrics are calculated by the harmonic response 

method (Fernando, et al.,2012) for the opaque part, and 

the transparent part is simulated by the method in (Yanjin 

Wang & Youming Chen, 2016). All calculated fabrics are 

listed in Table 1. In these fabrics, Case A is the most 

commonly used fabric, and Case D is the most thermally 

insulated one.  

The window-wall ratio (WWR) of each fabric listed in 

Table 1 is specified for in HSCW zone. The parameters of 

the construction and materials for the fabrics are listed in 

Table 2 (GB 50736,2012). 

Table 1:The calculated fabrics and their window-wall 

ratio (WWR). 

Nr. Fabrics WWR 

Case 

A 

Solid brick wall + double glazing 

window (5mm+12A+5mm) 
0.3 

Case 

B 

Perforated brick wall with external EPS 

insulation layer + double glazing window 

(5mm+12A+5mm) 

0.3 

Case 

C 

Reinforced concrete wall with external 

EPS insulation layer + double glazing 

window (5mm+12A+5mm) 

0.3 

Case 

D 

Aerated concrete wall with external XPS 

insulation layer + double glazing window 

(5mm+12A+5mm) 

0.3 

Case 

E 

Single glazing façade (double glass: 

6mm+12A+6mm) with external venetian 

blind 

0.7 

Case 

F 

Naturally ventilated double skin façade 

(6mm glass+(6mm+12A+6mm) double 

glass) 

0.7 

 

Table 2: Parameters for the construction and materials  

Material 
Thickness 

(mm) 

Thermal 

conductivity 

(W/(m·K)) 

Solid brick 240 0.7 

Perforated brick 240 0.64 

Reinforced concrete 200 1.74 

Aerated concrete 

bloc 
200 0.22 

Cement mortar 20 0.93 

ESP 40 0.042 

XPS 40 0.03 

Clear glass 5/6 0.76 

The heat gain and loss through these fabrics in cooling 

and heating seasons in six typical cities in HSCW zone 

are calculated, which are Shanghai, Nanjing, Changsha, 

Wuhan, Chongqing and Chengdu. Annual energy 

demand of a fabric is the heat gain in cooling season 

plus its heat loss in heating season. In the calculations, 

the slat angle of the venetian blind is 45ºin Case E and 

Case F in cooling season. While, in heating season, the 

venetian blinds of Case E and Case F are removed, and 

the vents of Case F are closed. The indoor air 

temperatures are set to 26℃ and 18℃ in cooling and 

heating season, respectively. 

Heat gain in cooling season 

Figure 2 shows the heat gains for Case A to F in six cities 

in cooling season. It can be found that the heat gains of 

Case A and E are higher than the other fabrics, and that of 

the three thermally insulated walls (Case B, C and D) are 

very close. The heat gain of single glazing facade (Case 

E) is the maximum one due to its poor thermal 

performance.  
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Figure 2：Heat gains through all fabrics in all orientations 

in cooling season: (a) Changsha, (b) Shanghai, (c) Nanjing, 

(d) Wuhan, (e) Chongqing, (f) Chengdu 

Heat gains through the DSF (Case F) compared with the 

most commonly used fabric (Case A) in HSCW zone is 

shown in Table 3. Heat gain of the DSF compared to Case 

A in the east, south, west and north orientations reaches at 

least to 25.05%, 13.85%, 20.8%, and 7.07%. Meanwhile, 

Reduced heat gain of the DSF (Case F) compared to the 

most thermally insulated fabric (Case D) is shown in 

Table 4. The comparisons indicate that the DSF (Case F) 

has better energy efficiency than Case D in the east and 

west orientations. However, for the south and north 

orientations, the energy efficiency of Case F is slightly 

inferior to Case D. It can be found that in most of the cities, 

the heat gains through the DSF is less than Case A-E. 

Table 3:Reduced heat gain (%) of the DSF (Case F) 

compared to the most commonly used fabric (Case A) in 

cooling season 

orientation 

cities 

East South West North 

Changsha 38.28% 15.25% 33.38% 13.06% 

Shanghai 42.63% 23.47% 42.36% 16.81% 

Nanjing 25.05% 19.91% 42.44% 13.50% 

Wuhan 31.72% 13.85% 28.91% 7.07% 

Chongqing 32.84% 16.39% 20.8% 11.64% 

Chengdu 38.28% 21.56% 43.16% 22.56% 

Table 4:Reduced heat gain (%) of the DSF (Case F) 

compared to the most thermally insulated fabric (Case 

D) in cooling season  

orientation 

cities 

East South West North 

Changsha 18.15% -5.18% 8.69% -17.16% 

Shanghai 22.88% 3.20% 17.27% -17.46% 

Nanjing 1.40% -0.36% 23.04% -19.18% 

Wuhan 9.17% -9.17% 1.70% -26.48% 

Chongqing 11.10% -5.16% -2.63% -17.53% 

Chengdu 25.71% 10.89% 26.89% 0.87% 

Heat loss in heating season 

The heat losses of Case A-F in six cities in heating season 

are shown in Figure 3.  
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Figure 3：Heat loss through all fabrics in all 

orientations in heating season 

Figure 3 shows that the heat loss of Case A and E are 

higher than the other fabrics, and that of the three 

thermally insulated walls (Case B, C and D) are very close. 

For different orientations, the heat loss in the north is 

maximal, the second is that in the west, and the minimum 

is that in the south. Heat loss of the DSF (Case F) 

compared with the most commonly used fabric (Case A) 

and the most thermally insulated fabric (Case D) in Tables 

5 and 6. Compared to Case A, heat losses of the DSF in 

the east, south, west and north orientations are reduced at 

least by 26.33%, 30.19%, 20.11%, and 14.08%, 

respectively. Compared to the most thermally insulated 

fabric (Case D)， the heat losses of the DSF in the east, 

south, west and north orientations are increased by 

14.99%, 13.98%, 17.49%, and 20.29%, respectively. The 

comparisons indicate that the thermal and energy 

performance of DSF is better than the most commonly 

used fabric (Case A). It is also clear that the thermal and 

energy performance of the DSF is obviously better than 

that of the single glazing façade (Case E) with the 

reduction of at least 72% heat loss. Though in most of the 

cities, the thermal and energy performance of the DSF is 

not as good as the thermally insulated fabrics (Case B-D) 

in heating season, its performance is relatively close to the 

performance of the thermally insulated fabrics. In heating 

seasons, naturally ventilated DSF can make full use of the 

solar energy, which can not only decrease the heating load, 

but also improve indoor thermal comfort. 

Table 5：Reduced heat loss (%) of the DSF (Case F) 

compared to the most commonly used fabric (Case A) in 

heating season. 

orientation 

cities 

East South West North 

Changsha 24.93% 28.64% 19.33% 14.42% 

Shanghai 26.33% 30.19% 20.11% 14.08% 

Nanjing 24.81% 28.85% 21.29% 14.86% 

Wuhan 25.46% 28.80% 19.67% 14.22% 

Chongqing 24.07% 27.53% 18.65% 15.80% 

Chengdu 25.69% 29.16% 19.04% 14.58% 

Table 6:Reduced heat loss (%) of the DSF (Case F) 

compared to the most thermally insulated fabric (Case 

D) in heating season. 

orientation East South West North 
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cities 

Changsha -15.64% -14.69% -17.98% -20.18% 

Shanghai -14.99% -13.98% -17.49% -20.29% 

Nanjing -16.01% -14.58% -17.20% -20.20% 

Wuhan -15.49% -14.78% -17.81% -20.27% 

Chongqing -16.49% -15.76% -18.41% -19.67% 

Chengdu -15.60% -14.63% -18.09% -20.09% 

Annual energy demand  

Annual energy of Case A-F in six cities in all orientations 

are shown in Figure 4. 

 

 

 

 

Figure 4:Annual energy demand of all fabrics in all 

orientations in six cities:(a) east, (b) south, (c) west, (d) 

north 

Figure 4 shows the annual energy demand of each fabric 

in six cities. It shows that Case E and Case A have first 

and second maximum annual energy demand, which are 

much bigger than the other fabrics.  

The reduced annual energy demand of the DSF (Case F) 

compared to the other fabrics are listed in Table 7.  

Table 7:Reduced annual energy demand (%) of the DSF 

(Case F) compared to the other fabrics in six cities. 

(1:Changsha; 2:Shanghai; 3:Nanjing; 4:Wuhan; 

5:Chongqing; 6:Chengdu) 

C
a

se
 A

 

City East South West North 

1 31.9% 22.5% 24.9% 14.0% 

2 34.7% 27.0% 28.5% 14.8% 

3 24.9% 24.7% 31.5% 14.5% 

4 28.9% 21.2% 23.7% 11.8% 

5 29.0% 21.6% 19.7% 14.2% 

6 31.2% 26.2% 26.2% 16.0% 

 

 

C
a

se
 B

 

1 4.5% -7.5% -4.8% -16.3% 

2 6.8% -3.1% -1.7% -16.5% 

3 -6.1% -5.2% 4.5% -16.9% 

4 0.5% -9.1% -6.6% -19.4% 

5 1.6% -7.5% -8.4% -16.1% 

6 4.8% -1.9% -2.2% -13.4% 

C
a

se
 C

 

1 9.2% -2.3% 0.3% -11.1% 

2 11.6% 2.1% 3.5% -11.1% 

3 -0.8% -0.1% 9.2% -11.5% 

4 5.3% -3.9% -1.5% -14.1% 

5 6.2% -2.5% -3.6% -10.1% 

6 9.5% 3.1% 2.9% -8.2% 

C
a

se
 D

 

1 2.0% -10.3% -7.5% -19.3% 

2 4.3% -5.9% -4.5% -19.6% 

3 -9.0% -7.9% 2.2% -19.9% 

4 -2.0% -11.9% -9.4% -22.4% 

5 -0.9% -10.1% -10.9% -18.8% 

6 2.4% -4.6% -4.8% -16.3% 

C
a

se
 E

 

1 62.6% 65.3% 61.3% 60.3% 

2 64.0% 67.2% 63.6% 62.3% 

3 64.7% 65.8% 60.4% 60.9% 

4 59.8% 61.5% 58.3% 57.1% 

5 61.3% 61.3% 60.6% 59.0% 

6 71.0% 72.5% 67.7% 67.4% 

Compared to the most commonly used fabric (Case A), 

the annual energy demand of Case F can be reduced by at 

least 24%, 21%, 19%, and 11% in east, south, west, and 

north orientations, respectively. In six cities, the annual 

energy demand of Case F can be reduced by at least 57% 

compared to Case E. The annual energy demand 
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differences between Case F and the most thermally 

insulated fabric (Case D) are within 11% except in the 

north orientation of the six cities.  

Conclusion 

Energy performance is the most important basis to 

evaluate the applicability of the naturally ventilated DSF 

in HSCW zone in China. In this paper, an improved zonal 

model integrated with optical model and airflow model is 

used to hourly calculate the heat gain through the DSF and 

its annual energy demand. The model is validated by 

experiments. The model has good accuracy and fast 

computation speed for hourly calculation. The energy 

performance and applicability of naturally ventilated DSF 

with venetian blinds are evaluated by comparing the heat 

gains in summer, heat loss in winter and annual energy 

demand between the DSF and other five fabrics 

commonly used in HSCW zone. 

To evaluate the annual energy performance of the 

naturally ventilated DSF in HSCW zone, the heat gain and 

loss in cooling and heating seasons, and annual energy 

demand in six typical cities in HSCW zone are calculated 

by the improved zonal model; that of the other five 

common used fabrics is also calculated. In cooling season, 

the heat gain of the DSF (Case F) is less than or close to 

that of the Case A-E in east, south and west orientation. 

Heat gain of the DSF compared to Case A in the east, 

south, west and north orientations reaches at least to 

25.05%, 13.85%, 20.8%, and 7.07%. DSF has better 

energy efficiency than Case D in the east and west 

orientations; Case D has better energy efficiency than 

DSF in south and north orientation. In heating season, the 

energy performance of the DSF is not as good as that of 

Case B-D in most of the cities. However, the heat loss of 

the DSF is reduced by 14% and 72% compared to Case A 

and Case E, respectively.  

Compared to the most commonly used fabric (Case A), 

the annual energy demand of the DSF is reduced by at 

least 24%, 21%, 19%, and 11% in the east, south, west, 

and north orientations, respectively. The annual energy 

demand differences between the DSF and thermally-

insulated fabrics (Case B-D) are within 10% except in the 

north orientation of the six cities.  

The annual energy demand of the naturally ventilated 

DSF is slightly more than or close to the current thermally 

insulated fabrics in the HSCW zone. Considering the 

indoor lighting, visual comfort and some other advantages, 

the naturally ventilated DSF has good adaptability in 

HSCW zone in China.  
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