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Abstract: Today, the architects are expected to identify solutions that provide best trade-offs among an 
excessively large number of possible design alternatives. Within this context, computational intelligence 
techniques prove to be valuable decision support tools. In parallel to this agenda, the current study 
aimed to present a novel approach towards identifying non-dominated design solutions that minimize 
annual building energy consumption and improve indoor daylight conditions. We applied the method to 
an L plan shaped office design. In this hypothetical building design, parameters of footprint area, 
number of levels, fenestration, shading, U-Values of building elements and HVAC system selection were 
set as variables; whereas total floor area and floor height were kept as constants in order to facilitate 
further practical relevance. A total of 105 simulations were performed for various values of the 
parameters. The resulting dataset was used to obtain two approximation models, for each of the 
objective functions. A Multi-Objective Evolutionary Algorithm was subsequently used to obtain the set 
of non-dominated solutions for the problem. Our results indicated the applicability of the proposed 
approach for decision-making practices at the conceptual design phase of relevant cases. 
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1. Introduction 

Energy consumption and daylighting are two very essential yet conflicting performance objectives of 
building design. Providing design solutions that reduce energy consumption while maintaining adequate 
level of daylighting requires an architect to evaluate large number of design alternatives at the 
conceptual design phase. Due to complexity involved in the building design, the task is neither practical 
nor realistic when the design approach is traditional. However, advances in computational tools for 
design applications, coupled with techniques from the field of artificial intelligence, have led to new 
possibilities in the way the computers can inform and actively interact with the design process (Caldas 
and Norford, 2002). Recent works (i.e. (Chatzikonstantinou et al., 2015; Dursun et al., 2015; Ekici et al., 
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2015)), have demonstrated global optimization techniques such as differential evolution (DE) or genetic 
algorithms (GA) may present significant advantages to architects towards searching for near optimum 
design solutions.  

Since every building design is unique, simulation is the adequate method to evaluate the 
performance of a building which is subject to a set of characteristic conditions such as location, weather, 
construction materials, occupancy loads and etc. To determine optimum solutions based on simulation 
results, an architect first develops a detailed model of the building. Following, various parameters of 
proposed design are altered manually, such as fenestration ratio. Next, simulation is run for the created 
case, and finally the process is repeated until multiple performance criteria are satisfied. Although 
advances in simulation tools has been introduced in recent years, computational cost of the simulation 
process is excessive. Thus, running simulations for each alternative in the possible search space requires 
massive amount of time. To reduce the size of search space and therefore the time necessary to execute 
simulations, the architects rely on their subjective assessments that may lead to depart from near 
optimum set of design alternatives. 

To address the issue of computation cost through optimization of design parameters, building 
surrogate models were offered (Machairas et al., 2014). Wong et al. (2010) trained an Artificial Neural 
Network (ANN) model using results by EnergyPlus simulations to predict energy consumption of a 
square shaped plan office development located in Hong Kong while taking daylighting factor into 
account. Magnier and Haghighat (2010) developed an ANN model using TRNSYS simulation results in 
order to characterize building behaviour. The ANN model, in turn, combined with multi-objective 
Genetic Algorithm (NSGA-II) for optimisation of pre-determined design parameters. Eisenhower et al. 
(2012) studied building energy optimization using a metal-model which is developed by employing 
Support Vector Machines method. The previous works made significant contributions towards 
introduction of surrogate models for energy optimization. However, the problem of interest mostly 
studied by researchers from engineering domain. Engineers, who traditionally participate in the project 
team at the detailed design stage, consider design parameters that significantly differ than the 
architect’s. Therefore, further investigation is essential when the target is optimization of the building 
performance at the conceptual design stage.  

Addressing the gap, the aim of the current study is to offer a surrogate model which intends to 
predict the building average daylight autonomy and minimize annual energy consumption. 
Subsequently, we make use of the resulting model together with stochastic search in order to improve 
performance with respect to said quantities. Application of the proposed model at the conceptual 
design phase is considered. 

2. Methodology 

As the first step of the study, we aim to develop a generic office building simulation model. The 
model is located in İzmir, Turkey and has an L-shape footprint area. Next, changing the values of pre-
determined design parameters, a data set was constructed by running simulations in the interest of the 
subsequent development of objective functions. Following, using these approximation functions, 
optimum values of selected design parameters was reached. Thus, a significant reduction in necessary 
time to reach optimum design parameters was achieved. The adopted method is presented in Figure 1. 
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Figure 1: Adopted method in the current study 

2.1. Generation of database 

The aim of this section is to demonstrate the process associated with generation of annual energy 
consumption (Y1) and building average daylight autonomy (Y2) database for the subsequent 
development of objective functions. Daylight Autonomy is a climate-based daylighting metric, which has 
been developed by Reinhart and Walkenhorst (2001), with the aim of providing a concise figure of the 
sufficiency of daylighting for the interior. DA denotes the percentage of hours within a year that a point 
in the interior receives sufficient daylight. Sufficient, here, is determined according to the needs of the 
space. For instance, in office buildings, it is common to take 500 lux as a threshold. The simulation 
platform used in this study was OpenStudio. Developed by National Renewable Energy Laboratory, 
OpenStudio is a cross-platform (Windows, Mac, and Linux) collection of software tools to support whole 
building energy modelling using EnergyPlus and advanced daylight analysis using Radiance. More, it is 
integrated to SketchUp with the help of a designated plugin. Working in a computer aided design 
interface, to which the architects are accustomed, introduces a significant advantage of utilizing 
OpenStudio against other alternatives. 

 

 

Figure 2: Generic office design layout solutions 
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A generic office building with the L-shaped plan, which is located in Izmir, Turkey, was considered as 
the reference case. In spite of common approach in relevant studies, number of storeys was nominated 
as a variable. That is, the generic office design has number of storeys varying from 1 to 5. Since total 
floor area is determined as certain percentage of the plot area by the municipalities in the location 
under investigation; it was set constant at 1000 m

2
. Holding total floor area constant, generic office 

designs presented varying footprint areas for a given number of storeys. For instance, the building 
design having 2 and 4 storeys occupied 500 m

2
 and 250 m

2
 of floor area per storey, respectively. For 

each storey, the perimeter dimensions of L-shape plan, which has 4 parameters, were determined 
randomly using Microsoft Excel Solver. Unlike others, the current study considered and offered 
simplified, if not detailed, layout solutions for the proposed designs. In total, 5 different layout solutions 
for each number of storeys were created as base models (Figure 2). This led to creating variety of space 
types, such as offices, circulation, meeting rooms, and restrooms that were practically subject to 
different occupancy conditions and must be represented by different thermal zones for the purpose of 
energy simulation. More, assigning separate thermal zones to each space, made it possible to generate 
designated illuminance maps, daylighting controls, and glare sensors for detailed daylight simulations.   

Design parameters, that were subject to vary, were restricted in consistent with the time-point of 
our investigation, in this case conceptual design phase. At this stage, design responsibilities of an 
architect involves in creating schematic elevations in consistent with several layout solutions based on 
building program. Accordingly, optimisation of building envelope parameters, such as fenestration ratio, 
is the major interest when the target is to maximise building performance at the conceptual design 
stage. Therefore, decision variables that are relevant to building envelope was the primary concern of 
this investigation, and listed as:  

 Fenestration ratio (X1): Ratio of window area to external walls area  

 Overhang projection factor (X2): Ratio of length of overhang to the height of the windows 

 U-value of external walls (X3): Heat transfer coefficient of external walls construction in 

W/(m²·K) 

 U-value of roof (X4): Heat transfer coefficient of roof construction in W/(m²·K) 

 U-value of windows (X5): Heat transfer coefficient of window construction in W/(m²·K) 

 Number of storeys (X6): Number of storey count for a given design  

 Footprint area (X7): Average floor area in square meters  

 HVAC type (X8): A choice of pre-defined HVAC type in OpenStudio. 

Facility type was selected as Office which introduces 16 space types and 1 construction set. Climate 
zone of the study location was determined as 3C based on standard climate zone definitions offered by 
American Society of Heating, Refrigerating, and Air-Conditioning Engineers (ASHRAE). Further, 
EnergyPlus database introduced detailed weather data used in this study for the location of interest. 
According to the selected climate zone and facility type, default constructions were assigned. Based on 
the space types that are present in the generic designs, occupancy, electrical equipment, and interior 
lighting loads and rule set schedules were defined. Shading elements, when present, were introduced to 
the sub surfaces of windows in East, South, and West cardinal directions. The clear intent to include 
HVAC type (X8) as one of the decision variables was to provide the architect an intuitive idea regarding 
the type of HVAC that outperforms the alternatives (see Table 2). This, in turn, may offer the architect 
vital information regarding sizing requirements of HVAC system which in practice is useful to eliminate 



540 E.A. Aydın, O. Dursun, I. Chatzikonstantinou and B. Ekici 

design clashes. Parameters of the HVAC systems, on the other hand, was beyond the scope of our 
investigation and therefore their default setting were utilised. Initial values and range of decision 
variables for the base models were further presented in Table 1. 

Table 1: Initial values and range of decision variables 

Variable Description  Base-case value  Unit Range  

X1 Fenestration ratio 0.20 - 0.20 – 0.70 
X2 Overhang projection factor 0.00 - 0.00 – 0.70 
X3 U-value of external walls 0.65 W/(m²·K) 0.10 – 0.80 
X4 U-value of roof 0.23 W/(m²·K) 0.10 – 0.80 
X5 U-value of windows 6.4 W/(m²·K) 0.8 – 6.4  
X6 Number of storeys 1 - 1 – 5  
X7 Footprint area 1,000 m

2
 200 – 1,000  

X8 HVAC type  7 - 1 – 7  

 
OpenStudio platform provides simultaneous consideration of performance measures using Radiance 
and EnergyPlus. According to the simulation workflow of OpenStudio, first daylighting analysis was 
carried. Following, the outputs of Radiance analysis were fed as the inputs of EnergyPlus; hence energy 
consumption is influenced by the daylighting conditions of the building. To further observe the effect of 
daylight analysis on the energy consumption, a comparison was made between two simulations having 
identical properties. The energy simulation in the absence of daylighting analysis presented a uniform 
distribution of interior lighting consumption throughout the year, which violates the common sense. 
Opposing, the energy simulation in the presence of daylighting analysis was able to capture the role of 
daylighting on interior lighting loads as the interior lighting consumption of the model dramatically 
decreased during the summer season. Considering heating and cooling consumptions, similar trends 
were observed. Thus, daylighting analysis contributed towards gathering realistic, and reliable numerical 
results from energy simulations as well as being one of the major objectives of the current study. It 
should be noted that the effects of thermal stratification within each room have not been taken into 
account. 

Table 2: HVAC types and corresponding descriptions that were employed in the current study 

HVAC Type Description  

Type 1 Packaged rooftop unit  
Type 2 Packaged rooftop heat pump  
Type 3 Packaged DX rooftop VAV with reheat  
Type 4 Packaged rooftop VAV with parallel fan power boxes and reheat  
Type 5 Packaged rooftop VAV with reheat  
Type 6 VAV with parallel fan powered boxes and reheat  
Type 7 No HVAC – Ideal air loads  

 
Simulations were run annually, on hourly basis. Changing the value of the decision variables in the given 
range, 21 simulations were run for each storey level with individual layout solutions. This aggregates to 
the total number of 105 simulations, which corresponds to the size of the sample to be employed for 
subsequent development of objective functions. Simulations were run using a personal computer having 
Intel® Core™ i7-4510U CPU@ 2.60GHz processor, 8 GB of installed memory, and 750 GB HDD hard drive. 
The computational cost to run one simulation was measured approximately between 20 and 25 
minutes, based on model properties such as number of thermal zones and illuminance maps.  
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Table 3 presented descriptive statistics of the response variables, in this case annual energy 
consumption in kWh (Y1) and building average daylight autonomy (Y2), for the generic office building 
after 105 simulations. Results of Anderson-Darling test suggested that the normality for both variables 
were slightly violated. Repeating the design of experiment for a large count, one can be 95% confident 
that the true mean of annual energy consumption and building average daylight autonomy would lie 
between 89,030 kWh to 96,111 kWh, and 0.39 to 0.42, respectively. Given the significant level of 
difference between simulation scenarios, the large variance within the responses were of no surprise. 
More, this reinforced the motive to employ machine learning techniques over traditional statistical 
methods towards development of objective functions, which was further reported in Section 3. 

Table 3: Descriptive statistics of the response variables 

Var. N A-squared p Mean St. Dev Min. Max. 
95% Confidence 

Lower  Upper 

Y1 105 1.11 0.006 92,570 18,295 59,202 144,493 89,030 96,111 
Y2 105 0.82 0.033 0.405 0.089 0.196 0.555 0.387 0.422 

2.2. Development of objective functions 

We defined two objective functions for the problem at hand, namely minimization of energy usage and 
maximization of the Daylight Autonomy metric. These quantities were initially established through 
simulation using validated tools, and subsequently approximated, through the use of an approximation 
model, which was used during optimization. We have used Feedforward Artificial Neural Networks 
(FANN) for function approximation of the objective functions, and train them using an improved version 
of the Backpropagation algorithm (Rumelhart et al., 1988), termed Resilient Backpropagation (RProp) 
(Riedmiller and Braun, 1993).  

FANNs are a well-established machine learning technique, which has been applied to a variety of 
learning and approximation tasks. The computation in FANNs forms an abstraction of the function of the 
biological neurons in the human brain; a series of layers of densely connected neuron-like processing 
units propagate the input signal until it reaches the output. Each neuron in every layer except the input 
receives a weighted sum of the output of the previous layer, and performs a transformation on it. The 
transformation used is in many cases non-linear, which enables the network to provide good 
approximations to non-linear functions. Different compositions of neuron weights result in different 
patterns of neuron activation for a given input signal, as such the weights in the network are said to 
encode the knowledge of the network. The signal is ultimately presented to the output layer, where it 
may be obtained by reading the values of the nodes on that layer. It is typical for most networks to 
include one or two hidden layers. 

FANNs offer much of their popularity and success to the rigorous mathematical underpinnings 
associated with the training algorithms used to derive the compositions of the weights. In particular, the 
Backpropagation algorithm offers an efficient and fast way of calculating the gradients for a specific set 
of network weights, and therefore enables optimization of the network to be carried out using simple 
gradient descent algorithms. For this study, we made use of an improved version of the 
Backpropagation algorithm, termed Resilient Backpropagation (RProp), (Riedmiller and Braun, 1993). In 
RProp, the partial derivatives of the weights are used to dictate the direction of search, however the 
step size is disconnected from the gradient, and follows a rule of incremental augmentation, until a 
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valley is reached, where the step size is reduced and inversed. RPRop offers a significant improvement in 
speed and helps come over some difficulties encountered in regular Backpropagation learning. 

We have chosen to employ two separate models for each of the objective functions, energy 
consumption and daylight autonomy. FANNs have a number of parameters that need to be established 
to ensure optimal model generalization. These are the number of hidden layers, the number of nodes in 
each layer, the training iterations and the regularization factor (λ). Determining these parameters was 
not a trivial task, and as such heuristics were used in many cases. In our case, we performed a simple 
grid search over the parameter space, and tested the performance in 10-fold cross validation with five 
repetitions per fold. For each set of parameters, we tested network generalization using a 10-fold Cross 
Validation. That is, we split the training samples randomly in two sets, of 100 and 5 samples, 
respectively, trained on the first and used the resulting model to predict the second, recording the mean 
prediction performance. This process was repeated for the remaining nine out of ten sets. We made use 
of the Coefficient of Determination, R

2
, to evaluate the performance of the model: 
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In equation (1), 𝑦 is the actual value, 𝑓 denotes the model prediction and �̅� corresponds to the 
sample mean of the actual values. In the best models identified, we have obtained an R

2 
value of 0.958 

for the Daylight Autonomy approximation, and 0.922 for the Energy Consumption approximation. Both 
represent 10-fold cross-validation results, and are as such indicative of the model’s generalization 
capability. These values were deemed satisfactory for our purpose. The established network 
characteristics for the optimal energy consumption model are: single hidden layer with five nodes, 
training iterations 8000, regularization factor (λ) 0.0001. The established network characteristics for the 
optimal daylight autonomy model are: single hidden layer with five nodes, 5000 training iterations, and 
regularisation factor 0.0001. As a final step, we trained the models with the established optimum 
parameters on the training dataset of the 105 examples, and transferred the model parameters to the 
optimization environment for inclusion in the objective function definition. 

2.3. Optimisation 

In the current study, we made use of Non-Dominated Sorting Genetic Algorithm-II (NSGA-II) in order to 
search for best trade-off solutions. NSGA-II is a Multi-Objective Evolutionary Algorithm (MOEA), 
developed by Deb et al. (2002) at Kanpur Genetic Algorithms Laboratory. It is acknowledged as one of 
the most preferred MOEA for not only to enhance the results of benchmark problem in the field of 
computer science, but also to deal with complex real-world problems. The key features, which take a 
step forward to this algorithm, are non-dominated sorting procedure, crowding distance calculation, 
diversity preservation, elitism, and genetic operators. We formulated the optimisation problem to 
minimize (Y1) and maximize (Y2), which were driven by the estimation models subject to decision 
variables. 

Figure 3 illustrated sequence steps of NSGA-II. As first step, in compliance with each member’s non-
domination, the parent population was sorted. During this step, a value, which was assigned to each 
individual, presents its rank in the population. Afterwards, all the population members were sorted by 
combining the number of solutions dominating, and positions to solutions that were dominated with 
any member in the population. Regarding to discrete sets of the population members in the Pareto 
ranking, this procedure went on. In the second step, for each population member, crowding distance 
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was computed by considering average distance of two individuals. In order to execute this step, we 
sorted population in accordance with the value of each objective function.  Third step is creating the 
mating pool by selecting individuals from the parent population. This step went on until the mating pool 
is filled. Fourthly, mating pool individuals were exposed to genetic operators in order to arrange the 
next generation. Finally, the elitism, which kept the current and previous population members, was 
performed. Individuals, belonging to the first rank, were included as much as possible. 

 

Figure 3: NSGA-II optimisation loop 

3. Computational Results 

We determined the population size as 500 to observe many non-dominated alternatives in the 
Pareto-front as well as to show the significance of settled approach in terms of computational cost. 
Throughout the optimization process, we noted that Pareto-front has not performed any alteration after 
30 generations. After the verification of convergence with different runs, we decided to take 50th 
generation into account. In accordance with computational cost assessment, we measured that the 
computer spent 2.4 minutes for the all function evaluations that equals to multiplication of population 
size and generation count. That is, the method settled for this study was capable to evaluate 25,000 
alternatives in terms of energy and daylight performance in such a short time. Using conventional 
simulation approach, time necessary to complete the same operation would be approximately 340 days. 
Therefore, a dramatic reduction in computation cost was achieved. More, conducting systematic 
comparison among all alternatives would take an extra effort when conventional simulation is 
considered. In contrast, using MOEA provided to observe all the alternatives in a systematic way. The 
architect is able to observe the trade-off relationship between two objective functions in the final set of 
solution, which is shown in Figure 4. We note that y-axis denotes value of 1-building average daylight 
autonomy.  
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Figure 4: Pareto front after 50 generations and selected non-dominated solutions 

4. Discussion 

The results indicated annual energy consumption and daylight autonomy values of optimum 
solutions varied between 61,229 kWh and 94,304 kWh, 0.30 and 0.53, respectively. Based on 
computational results office designs having 3, 4 and 5 storeys provided optimum solutions towards 
minimising energy and maximising daylight. Bearing in mind that all designs have identical total floor 
areas of 1000 m

2
, the footprint area decreases as the number of storey increases. Therefore, the ratio of 

daylight penetration into the building substantially increases, when the design offers 3 storeys height or 
above, which had a major role to satisfy objective of daylight maximisation. Energy consumption, on the 
other hand, presented a more complex behaviour with the changing number of storeys. We observed, 
enhanced provision of daylight caused a significant decrease in the energy consumption associated with 
interior lights and heating; whereas cooling consumption showed an increase. Since the target was to 
minimise energy consumption, we deduced that decrease in interior lights and heating consumption 
surpassed the energy loss caused by additional cooling demand in these cases.   

Considering the fenestration ratios, we observed the optimum design solutions having 4 and 5 storey 
height offered the maximum value of 0.7 within the range of our investigation. Due design of 
experiment, overhang size increased as the fenestration ratio increases. Therefore, these solutions 
having maximum fenestration enjoyed protection from direct excessive sunlight, which led to a 
substantial gain in cooling consumption. The solution set of 3 storey buildings, on the other hand, 
presented rather a stimulating pattern. For this particular storey height, fenestration ratio of non-
dominated solutions varied between 0.2 and 0.7, corresponding to all possible values within the search 
space. In this set of solutions, U-value of external walls and windows were also minimised, taking values 
of 0.1 and 0.8, respectively. Increasing the fenestration ratio had a negative impact on energy 
consumption and positive impact on daylight autonomy as we observed both values of optimisation 
targets increased. This suggests the loss in cooling consumption surpasses the gain in interior light and 
heating consumption for this particular set of solutions. What is more, the outcomes of optimisation 
process strongly underlines the vital role of computational optimisation towards observing the trade-off 
between optimisation targets when values of multiple decision variables were varied in a simultaneous 
fashion. 
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On observing the distribution of HVAC systems, we noted that there are two types of systems 
selected: Type 2 – Packaged Rooftop Heat Pump, and Type 6 –VAV with Parallel Fan Powered Boxes and 
Reheat, as defined in Energy Plus. It seems that this choice of systems leads to more favourable energy 
performance overall for the types of offices that we consider. What is more interesting even, is that the 
Type 2 systems dominate solutions in the three and four storey range, with limited five-storey solutions 
demonstrating use of this HVAC type. At the same time, five-storey solutions demonstrate mainly use of 
Type 6 HVAC. This may only lead to the conclusion that Type 6 HVAC proves to be more efficient in 
certain building types. While a detailed consideration of reasons behind this phenomenon is beyond the 
scope of this paper, we may indicate as reasoning for it the different requirements in heating and 
cooling that are introduced by the different building forms and, to a lesser extent, by the different 
fenestration ratios. For instance, one may consider that the narrow five-storey layout, with large glazed 
surfaces, and long shading overhangs faces a bigger problem of energy losses during the winter, and less 
so a problem of overheating in the summer; this creates different conditions for HVAC system efficiency, 
and thus may explain the choice of different systems. 

Last but not least, we estimated the trade-off function between annual energy consumption and 
building average daylight autonomy using non-linear regression method. The intent was to increase 
practical relevance of the main findings by offering the architect the ability to determine optimum 
daylight autonomy level of a proposed office design for a given value of energy consumption. Type of 
relationship between independent variable of energy consumption and building average daylight 
autonomy follows a concave shape that best fits to a model with three parameters. Our analysis yielded 
following empirical model: 

     0.5335 0.2540 exp( 11.2587  )daylight autonomy energy consumption  (4) 

Where energy consumption values were standardised to the values between 0 and 1 with the intent 
of a better fit. In the proposed equation, the model parameters converged after 11 iterations. The final 
sum of squared errors and mean squared errors were 0.004 and 0.000008, respectively, offering a 
flawless fit towards explaining the trade-off relationship.  

5. Conclusions 

In the current work we offered an optimisation methodology based on combination of multiple 
techniques, namely, simulation, artificial neural networks, and multi-objective evolutionary algorithm. 
Using generic office designs, 105 simulations were run to gather the database for the subsequent 
development of objective functions. After 10-fold cross validation, ANN models were able to explain 
96% and 92% of variance in annual energy consumption and building average daylight autonomy, 
respectively. Therefore, high level of prediction accuracy in the objective functions was achieved. 
Through optimisation process 25,000 design alternatives were evaluated by using NSGA-II algorithm in 
2.4 minutes. This corresponds to a dramatic reduction compared to 340 days when one elect to use 
conventional simulation tools. We discussed the influence of number of storeys, footprint area, U-
values, HVAC type, fenestration ratio, and overhang projection factor on objective targets of the current 
work in a simultaneous fashion. Our findings suggests office designs having 3 to 5 storeys height, with 
varying fenestration and overhang ratios, utilised Packaged Rooftop Heat Pump and VAV with Parallel 
Fan Powered Boxes and Reheat provided the near optimum solutions. Since the cost of construction, as 
an objective function, was not included in the current work, we observed the algorithm converges to 
solutions having minimum U-values, as expected. We note this as a limitation which shall be addressed 
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in the future study. Lastly, the trade-off function between optimisation targets were determined to offer 
further practical relevance. Using provided equation (2), we offer an architect the ability to determine 
the optimum level of daylight autonomy of an office design for the given annual energy consumption.  
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