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ABSTRACT 

Advanced optimisation methods can inform the 

design of energy efficient buildings by exploring vast 

numbers of design solutions. Despite the potential, 

application of these methods is not yet established in 

building engineering or architectural practice. One of 

the barriers is the long computing times, especially 

when detailed models such as dynamic building 

simulation are used.  

This paper presents a sequential method where the 

evaluation model is changed from simple to complex 

in a self-adaptive manner during the course of the 

optimisation. This allows a more efficient search, as 

the optimisation narrows down more quickly to 

promising areas. A multi-objective evolutionary 

algorithm is applied to reduce both capital costs and 

energy consumption per square meter.  It is shown 

that substantially lower computing times can be 

achieved with sequential optimisation without 

compromising on the quality of the solutions found. 

INTRODUCTION 

A huge potential in climate change mitigation lies in 

the hands of building designers: 32% of total global 

final energy use and 19% of energy-related Green 

House Gas (GHG) emissions can be attributed to the 

building industry (Lucon et al., 2014). At the same 

time it offers the most effective sector in reducing 

energy demand and hence CO2 emissions (Fujimori 

et al. 2014). However, achieving an energy efficient 

design becomes a highly complex task considering 

the numerous interacting components, codes and 

standards to be taken into account and partially 

conflicting goals such as thermal comfort and energy 

demand. 

Building performance, including the energy demand, 

can be assessed with computational simulation 

programs and their application during the design 

process becomes more evident (Kolarevic &  

Malkawi, 2010). This quantification of a building’s 

performance offers the opportunity to enhance the 

design process with sophisticated optimisation 

methods (Evins, 2013).  

Despite the potentials, the practical application of 

optimisation techniques on real buildings remains 

scarce outside academia. One of the barriers lies in 

the long computing times usually required to conduct 

optimisations on building related problems (Attia et 

al., 2013).  

This problem can be attenuated by using surrogate 

models, such as Artificial Neural Networks (ANN) 

(cp. Magnier & Haghighat, 2010 and McKinstray et 

al., 2015), or by using simplified models such as a 

resistance-capacitance (RC) network (cp. Kämpf et 

al., 2007). The limitation of the former method is the 

dependence on the training data set, which makes the 

ANN either very case specific or very difficult to 

train. The disadvantage in the latter approach is in 

reduced precision and limited capability of modelling 

physical phenomena.  

Sequential optimisation 

An alternative idea is proposed by Ramallo-González 

and Coley, 2014: Instead of relying on one energy 

estimation method solely, multiple methods with 

increasing complexity and precision are used 

sequentially in the optimisation. They have applied 

the method as a single objective optimisation of a 

single thermal zone office floor.  

The decision variables include building physical 

parameters such as construction types and infiltration 

rate and geometrical properties such as glazing ratios 

and overhang dimensions. The single objective was 

to reduce energy demand, which was evaluated in 

three consecutive stages: The first is the LT-method 

(Baker & Steemers, 1996), which is a simplified 

building energy demand model based on empirical 

relationships. The second stage uses a single zone 

RC-network model (Ramallo-González et al., 2013). 

In the last stage, the whole building energy 

simulation program EnergyPlus is used. 

As optimisation algorithm, they chose the Covariance 

Matrix Adaptation Evolution Strategy (CMA-ES) by 

Hansen et al., 2003, and compared it with the 

canonical form of a Genetic Algorithm (GA) as 

described by Goldberg, 1989. 

Ramallo-González and Coley found in their study, 

that with sequential optimisation substantial 

timesavings (up to thirty times faster) can be 

achieved without compromising on the optimal 

solutions found. 

In this paper, the authors build up on the work started 

by Ramallo-González and Coley and extend it to a 

multi-objective optimisation problem and to multi-
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zone building energy models. Both features, multi-

objectivity and multiple (differentiated) thermal 

zones, are key issues in building engineering 

practice. Therefore, it is of interest, if the feasibility 

of sequential optimisation can also be proven in a 

more complex but practical design problem and if it 

yields in same quality results, as optimisation with 

EnergyPlus solely.  

 

METHODOLOGY 

For this study, the optimisation is composed of two 

stages of energy estimation models, with the first and 

faster stage being a multi-zone RC-network model 

and the second stage being the whole building energy 

simulation program EnergyPlus. One of the most 

widely used evolutionary algorithms, NSGA-2 (Deb 

et al., 2002a), is applied as multi-objective 

optimisation method to each of the two evaluation 

stages. As a case study, a multi-zone and multi-storey 

office building is assessed. The two conflicting 

objectives are capital cost and energy demand. 

  

  

  

  

Figure 1: Typological change by moving control 

point: Block, Courtyard, U-shape, L-shape 

Case Study 

The case study is a multi-storey office building 

located in Geneva, Switzerland, featuring automatic 

shading and daylighting control. 

Typological change of the office building is possible 

via the location of a control point, whose position 

vector is a decision variable for the optimisation 

algorithm. If the vector falls below a critical distance 

to the building, a courtyard is inserted and the 

typology of the building changes. The size of the 

courtyard increases, as the control point gets closer. 

If the control point is moved along the horizontal 

plane, the typology of the building can transform to 

U-shape or L-shape (Figure 1). 

The decision variables include building physical and 

geometrical properties. The building physical 

properties are the type of construction (heavy, light), 

glazing types (double glazing, double glazing with e-

coating, triple glazing with e-coating) and additional 

insulation thickness (continuous, in mm). The 

geometrical properties are glazing ratios for each of 

the façades (in percent of total wall area), orientation, 

length to width ratio, ceiling height, number of 

storeys and the control point described before. All 

decision variables are summarized in Table 1. 

Evaluation Stage 1: BRCM Toolbox 

The purpose of the first evaluation stage is to provide 

a fast and simplified building energy model for 

design space exploration. Nonetheless, it is required 

to have sufficient modelling features to represent a 

multi-zone building. Therefore, the RC-network 

model as implemented in the Building Resistance-

Capacitance Modeling (BRCM) Matlab Toolbox by 

Sturzenegger et al., 2014, is used. Since the original 

purpose of the toolbox is for Model Predictive 

Control (MPC), the tool was adapted slightly in this 

study to allow the calculation of heating and cooling 

demands. Originally, the MPC problem is formulated 

as follows 

𝑚𝑖𝑛.
𝑢𝑜…𝑢𝑁−1

∑ 𝑐𝑘
𝑇 ⋅ 𝑢𝑘

𝑁−1

𝑘=0

 (1a) 

𝑠. 𝑡. 𝑠𝑦𝑠𝑡𝑒𝑚 𝑑𝑦𝑛𝑎𝑚𝑖𝑐𝑠 (1𝑐)  

 𝐹𝑥,𝑘𝑥𝑘 + 𝐹𝑢,𝑘𝑢𝑘 + 𝐹𝑣,𝑘𝑣𝑘 ≤ 𝑓
𝑘
 (1b) 

 ∀𝑘 = 0,1, … , 𝑁 − 1  

 𝑥𝑘+1 = 𝐴𝑥𝑘 + 𝐵𝑢𝑢𝑘 + 𝐵𝑣𝑣𝑘

+ ⋯ 

 

 
∑(𝐵𝑣𝑢,𝑖𝑣𝑘 + 𝐵𝑥𝑢,𝑖𝑥𝑘)𝑢𝑘,𝑖

𝑛𝑢

𝑖=1

 (1c) 

 ∀𝑘 = 0,1, … , 𝑁 − 1  

 𝑥0 = 𝑥, (1d) 
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where xk denotes the states (temperatures of rooms or 

wall/floor/ceiling layers), uk the inputs (e.g. heating 

power) and vk the predicted disturbances (e.g. solar 

radiation or ambient temperature) at prediction time 

step k. x is the estimated state of the system at the 

beginning of the MPC horizon of length N, nu the 

number of control inputs (e.g. heating or cooling 

input) and uk,i the i-th element of uk. Furthermore, the 

system dynamics are defined with A, Bu, Bv and Bvu,i, 

Bvx,i i=1,…,nu. The constraint matrices and vector as 

well as the cost vector at prediction time step k are 

denoted with Fx,k, Fu,k, Fv,k, fk and ck.  

However, in this study the optimisation problem is 

concerned on minimizing the sum of the inputs uk 

(heating and cooling loads). By neglecting the 

bilinearities in the system dynamics in equation (1c), 

the equations can be easily reformulated as follows to 

obtain the optimal inputs uk
*
 necessary for 

maintaining the room temperature set points in the 

next time step rk+1 

𝑟𝑘+1 = 𝐶𝐴𝑥𝑘 + 𝐶𝐵𝑢𝑢𝑘
∗ + 𝐶𝐵𝑣𝑣𝑘 (2a) 

⇒ 𝑢𝑘
∗ = (𝐶𝐵𝑢)−1(𝑟𝑘+1 − 𝐶𝐴𝑥𝑘 − 𝐶𝐵𝑣𝑣𝑘) (2b) 

∀𝑘 = 0,1, … , 𝑁 − 1.  

C is a 0,1-matrix of dimensions u x x to select the 

inputs of interest, conventionally one input per room. 

The new optimisation problem is hence given with 

𝑚𝑖𝑛. ∑ 𝑢𝑘
∗ (𝑢𝑘

∗ > 0)

𝑁−1

𝑘=0

− 𝑢𝑘
∗ (𝑢𝑘

∗ < 0), (2c) 

where uk
*
>0 indicates heating and uk

*
<0 cooling 

load. 

The BRCM Toolbox constructs the system matrices, 

vectors and functions shown above from a set of csv-

files, which describe the building. The Toolbox has a 

function to partly generate these required csv-files 

directly from an EnergyPlus idf-file.  

Solar radiation on external surfaces is pre-calculated 

in EnergyPlus and used as one of the disturbances v 

of the RC-network model. However, solar radiation 

on windows is capped to 200 W/m
2
, assuming the 

building would be equipped with controlled external 

louvers.  

Evaluation Stage 2: EnergyPlus 

In the second evaluation stage, the search space is 

already narrowed to promising regions by the first 

evaluation stage. Now, physical phenomena and 

building characteristics, which are not considered in 

the RC-network model, can be assessed albeit at the 

expense of higher computing times.  

The simulation model used is EnergyPlus, a dynamic 

whole building energy analysis and thermal load 

program (Crawley et al., 2000). Four IDF-files (file 

format for EnergyPlus) representing each of the four 

typologies (block, courtyard, U-shape and L-shape) 

are modelled in advance and serve as the base files to 

be modified in the optimisation. Heating and cooling 

setpoints are 26°C and 20°C during occupation and 

32°C and 13°C as setback. Daylighting control points 

are located in the centre of the floorplan for each 

storey at a reference height of 0.9 m above floor 

level, and use an illuminance setpoint of 500 lux. 

Exterior shading control is activated at 200 W/m
2
 

solar radiation on windows. Internal loads and their 

profiles (occupation, electric equipment and lighting) 

are according to CIBSE Guide A 2006 and SIA 

Merkblatt 2024 with 14 m
2
/person, 7 W/m

2
 and 11 

W/m
2
 respectively. All settings, apart from the 

daylighting control, are also used in the BRCM 

model. 

Comparison between BRCM and EnergyPlus 

The better the BRCM model approximates the results 

of EnergyPlus, the higher the benefit of a sequential 

assessment method in an optimisation. Comparisons 

for annual heating and cooling demand curves show 

high congruence for the heating period in both 

models, but much greater cooling loads in the BRCM 

model (Figure 2).  

One reason is the lack of daylighting control based 

on illuminance in the BRCM model, which reduces 

lighting loads in the EnergyPlus simulations. In 

addition, a constant value for the Convective Heat 

Transfer Coefficient (CHTC) is used in the BRCM 

model throughout the year, whereas in EnergyPlus it 

is varying hourly based on wind speed and wind 

direction. The significant impact of CHTC in 

building energy simulations was shown in 

Mirsadeghi et al. 2013.  

Despite the discrepancy between the models, general 

tendencies in heating and cooling loads seem to 

coincide and hence the BRCM model is regarded as a 

sufficient approximation of EnergyPlus. 

Computing times (pre-processing, simulation and 

post-processing) for an EnergyPlus model is around 

eight times that of a BRCM model of same 

configuration.  

 

Figure 2: Annual heating and cooling loads. 

Comparison between BRCM and EnergyPlus 

Objective functions 

The two objectives in the optimisation are 

minimizing annualized capital costs (in Swiss Francs, 

CHF) and annual energy consumption per square 

meter floor area. Capital cost is calculated as the sum 

of wall, roof, floor and window area multiplied by 
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associated prices, divided by the expected lifetime. 

Energy consumption is composed of heating, cooling 

and lighting energy; the latter remained constant in 

the BRCM model but was calculated depending on 

daylight availability in EnergyPlus. 

Multi-Objective Optimisation: NSGA-2 

A Genetic Algorithm (GA) exploits mechanisms 

observable in natural evolution, such as mutation and 

crossover, to improve a population of solutions over 

time (generations). With multiple objectives, the 

challenge is often with conflicting objectives, where 

improving one deteriorates the other. Hence, multi-

objective optimisation algorithms (MOOA) aim to 

identify a set of Pareto-optimal solutions.  

In this study, the Matlab implementation of NSGA-II 

by A. Seshadri 2009
1
 is adapted and modified. 

Because of its robustness to different problem types 

NSGA-II is very widely used. It is based on non-

dominated rank and crowding distance sorting. 

Intermediate recombination for continuous variables 

and single point crossover for integer variables (90% 

crossover probability, d=0.5 for hypercube extension 

in intermediate recombination), random mutation 

(10% probability), as well as tournament selection 

are used as operators. A population size of 50 with 

maximum 50 generations is set. 

Self-Adaptive change of Stage based on 

Hypervolume-convergence 

The evaluation stage changes self-adaptively from 

the first (BRCM model) to the second stage 

(EnergyPlus model), if the improvement in 

hypervolume H (a measure for the quality of the 

Pareto-optimal set) falls below a threshold b. 

Practically this means that the improvements in the 

solution set become insignificant from one 

generation to the next. As GAs are stochastic, H does 

not change constantly and there is a chance of low 

∆Hi,i-1, although the subsequent ∆Hi,i+1 might be high 

again (i denotes the current generation, i-1 the 

previous and i+1 the next). Therefore, the average 

∆Hi,i-a over the last a generations is computed, to 

ensure that the optimisation is stagnant for at last a 

generations: 

𝑐𝑜𝑛𝑣𝑒𝑟𝑔𝑒𝑛𝑐𝑒, 𝑖𝑓: 

   
∆𝐻𝑖,𝑖−𝑎

𝑎

𝐻𝑖

100
⁄ < 𝑏 

(3) 

With a = 10 generations and b = 0.01 (or 1%). This 

relationship is denoted as ∆H(i,i-10) and is only 

calculated starting from the 11
th

 generation, including 

after a change of stage. Feasible values for a and b 

are estimated and tested empirically. 

                                                           
1
 Retrieved from: 

http://www.mathworks.com/matlabcentral/fileexchan

ge/10429-nsga-ii--a-multi-objective-optimization-

algorithm 

Migration of Solutions from 1
st
 to 2

nd
 Stage by k-

Means Clustering 

Since the first evaluation stage provides only an 

approximation of the second evaluation stage, the 

optimal solutions found in the former are likely to not 

be the optimal solutions of the latter. Therefore, it is 

necessary that the GA is able to explore new design 

space again in the second stage. In this study, this is 

realised by only selecting a certain number of 

solutions from the first stage, which are migrated as 

initial solutions into the second stage. The other 

spaces in the new population are filled with perturbed 

and randomly generated solutions to increase 

diversity (see below).  

K-Means clustering in objective space is applied for 

the selection of these initial solutions. Hence, an 

equally distributed solution set of the complete 

Pareto-front is guaranteed to be used in the 

subsequent evaluation stage. Prior to forming 

clusters, objective function values are normalized 

(Figure 3).  

Four clusters are formed, where  

𝑟𝑜𝑢𝑛𝑑

𝑖𝑛𝑡𝑃𝑜𝑝 ∗ 0.6
𝑖𝑛𝑡𝐶𝑙𝑢𝑠𝑡𝑒𝑟𝑠⁄

2.5
 (4) 

solutions are selected from each cluster respectively. 

intClusters is the desired number of clusters, intPop 

the population size. With a population of 50, three 

solutions from each cluster and 12 solutions from the 

entire optimal solution set of the first stage are 

migrated into the second stage. 

These 12 solutions are copied directly into the initial 

population for the second stage. Another 12 solutions 

are created in the vicinity (in design-space, rather 

than objective-space) of the 12 copied solutions, by 

randomly perturbing each decision variable by up to 

50% from its origin (within the variable bounds).  

The remaining 26 initial solutions (intPop - 12*12) 

for the second stage are generated randomly within 

the variable upper and lower bounds. 

The method of clustering for selecting solutions of a 

Pareto-optimal set is also discussed by Deb 2002b. 

 
Figure 3: k-Means clustering to select solutions from 

1
st
 stage for migration to 2

nd
 stage 

Proceedings of BS2015: 
14th Conference of International Building Performance Simulation Association, Hyderabad, India, Dec. 7-9, 2015.

- 37 -



RESULTS AND DISCUSSION 

The results of the sequential optimisation are 

presented first, followed by the optimisation with 

EnergyPlus only. Finally, both runs are compared 

and discussed. 

Sequential Optimisation: BRCM to EnergyPlus 

The first evaluation stage was terminated by the self-

adaptive hypervolume convergence after 37 

generations. At this point, ∆H(i,i-10) was less than 

0.01 and the optimisation can be considered stagnant 

(Figure 5). The computing time was around 2.5 hours 

on an i7-4800MQ 2.70GHz CPU with 16G RAM. 

 

Figure 4: Final solutions of BRCM stage and initial 

solutions of EnergyPlus stage 

The final Pareto-front of the first evaluation stage is 

shown in Figure 4. Furthermore, this figure shows 

the initial solutions for the second evaluation stage, 

including the directly copied solutions, the perturbed 

solutions and the new random solutions. 

It can be observed that the energy consumption of the 

solutions of the BRCM model (filled circles, 

continuous line) are significantly lower than the 

copied solutions (circles, dashed line) when they are 

re-simulated in EnergyPlus (Figure 4). Furthermore, 

the shift in energy consumption of the re-simulated 

solutions is not uniform but skewed to the right for 

cheaper solutions. It shows, that the decision 

variables have a different extent of impact in both 

models. 

Among the new random initial solutions (asterisks) 

the majority have lower energy consumption than 

those migrated from the first evaluation stage, but at 

higher cost. The main reason is that in the first stage, 

all glazing area was set to a minimum, as no 

daylighting control was available to reduce energy 

for artificial lighting (Figure 8). Furthermore, cooling 

loads are overestimated in the BRCM model in 

comparison to heating loads (Figure 2), so the benefit 

of solar gains in winter are smaller than the increase 

in cooling loads in summer. It is interesting to note 

that the Pareto-set of initial solutions (large black 

circles in Figure 4) contains roughly equal numbers 

of copied, peturbed and random solutions, and that 

these are well distributed. 

 

 

Figure 5: Change in hypervolume ∆H(i,i-10) 

(calculated from generation 11 of each stage) 

 

 

Figure 6: Final Pareto-front. EnergyPlus-only vs.  

sequential optimisation 

 

 

Figure 7: Hypervolume against runtime for both 

cases. Seq. opt. curve is shifted 2.5 hours to the right 

to account for the first stage (BRCM). The time saved 

with sequential optimisation is also indicated. 
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The ∆H(i,i-10) of the second evaluation stage is 

shown in Figure 5. After 50 generations, the 

optimisation was terminated. At this point ∆H(i,i-10) 

was around 0.08. It is notable that ∆H(i,i-10) for the 

second stage starts with a high value again, even 

though converged solutions from the first stage are 

incorporated in the search. The optimisation clearly 

finds new scope for exploration when EnergyPlus is 

introduced as the evaluation model. 

Figure 6 shows the final Pareto-front of the second 

evaluation stage. Decision variables and objective 

function values for a selection of the final solutions 

are shown in Figure 9. Compared to the final 

solutions of the first stage (Figure 8) some variables 

have changed significantly, as they seem to have a 

different impact on the objective function values. 

This is especially true for glazing ratio on south walls 

and variables related to geometry. 

Optimisation with EnergyPlus only and 

comparison 

Figure 5 shows ∆H(i,i-10) and Figure 6 the final 

Pareto-front (after 50 generations) of the EnergyPlus-

only optimisation compared to the sequential 

optimisation. The graph shows that for the same 

computing time sequential optimisation results in a 

better Pareto-front than the EnergyPlus-only 

optimisation, as all solutions have lower objective 

function values (or equal, for the minimum cost 

solution).  

Surprisingly, the hypervolume of the EnergyPlus-

only optimisation is better until near the end of the 

optimisation run (Figure 7). This is due to the 

extreme solutions with very low energy consumption 

but high capital costs which are found much earlier 

than with the sequential optimisation. 

However, assessing the quality of the methods solely 

according to the total hypervolume is misleading. 

Practical engineering solutions are often those which 

are a good compromise between conflicting criteria, 

hence the extreme solutions near the ends of the 

Pareto-front with high opportunity costs in one 

objective for only small improvements in the other 

may be of less concern.  

Ignoring the very expensive solutions with high 

capital costs larger than 6 CHF/m
2
a, sequential 

optimisation is able to achieve a better result much 

earlier. The result is as good at generation 30 

(magenta dashed curve) as the EnergyPlus-only 

optimisation achieves at generation 50 (orange curve) 

(Figure 6). This translates to a time saving of around 

30% with sequential optimisation (Figure 7). 

 

CONCLUSION 

We have shown that sequential optimisation can lead 

to improved computing times without compromising 

on the optimal solutions found. Focusing on 

interesting solutions away from the extremes of the 

Pareto-front, savings of around 30% can be achieved. 

Although the range of solutions is slightly higher for 

the non-sequential method, in practice these extreme 

solutions are generally not feasible due to their high 

opportunity cost in one objective for improving the 

other. Hence, the hypervolume may not always be a 

practical quality measure in multi-objective 

optimisation. 

In conclusion, this study shows that approximate 

models in conjunction with detailed models can 

contribute in a more efficient optimisation process, as 

the search domain is narrowed to promising areas 

more quickly. Here, the nature of the approximate 

model is critical, and the better the detailed model is 

approximated, the higher the gain from sequential 

optimisation is likely to be. 

In further studies, the approximate model should be 

improved to get a better proportional response to 

changes in the design variables; the minimisation of 

all glazing areas here severely penalises its use in the 

sequential process as it leads to process somewhat 

astray. It could also be extended with features such as 

simple natural ventilation and lighting calculations, 

as given e.g. in CIBSE Guide A, to account for more 

complex building configurations. It is also possible to 

add more stages to the process, e.g. CFD simulations 

to study local effects especially important in 

environments with inhomogeneous thermal 

conditions which zonal simulations cannot describe 

sufficiently.  
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Table 1 

Decision variables of case study 

VARIABLE INTEGER LOWER BOUND UPPER BOUND UNIT 

X1: Control Point X no -1 1 - 

X2: Control Point Y no -1 1 - 

X3: Control Point Z no 0 2 - 

X4: Orientation no -30 30 [°] 

X5: Length/Width no -1 1 - 

X6: Ceiling height no 3 5 [m] 

X7: No. of storeys yes 1 10 - 

X8: Glazing South no 1 90 [%] 

X9: Glazing East no 1 90 [%] 

X10: Glazing North no 1 90 [%] 

X11: Glazing West no 1 90 [%] 

X12: Wall Constr. yes 1 2  (Light / Heavy) 

X13: Floor Constr. yes 1 2 (Light / Heavy) 

X14: Roof Constr. yes 1 2 (Light / Heavy) 

X15: Glazing Type yes 1 3 (Double / Double-e / Triple-e) 

X16: Insulation no 0 300 [mm] 

 

 

Figure 8: Final solutions of 1
st
 stage (BRCM) with decision variables and objective function values    (excerpt of 

complete set) 

 

Figure 9: Final solutions of 2
nd

 stage (EnergyPlus) with decision variables and objective function values 

(excerpt of complete set) 

 

Figure 10: Final solutions of EnergyPlus-only Optimisation with decision variables and objective function 

values (excerpt of complete set) 
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