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Conceptual design is one of the most critical phases, as design decisions affect the 
buildings’ performance throughout their life cycle. Researchers consider various 
computational methods to achieve effective design proposals. Nevertheless, optimization 
algorithms are necessary to cope with the complexity and increase the efficiency of design 
alternatives in various aspects. In sustainable building design, these decisions require 
computationally expensive processes due to the simulation tasks. Besides, making 
sustainable design decisions is even more challenging in a Mediterranean climate due to 
changing conditions throughout the year. Therefore, recent studies frequently consider 
combining predictive models with optimization algorithms to decrease the burden of 
expensive simulation time. Relevant works present promising outcomes, yet they are 
limited to predicting the building performance of specific cases; thus, the proposed 
predictive models are limited to different design problems. This paper investigates the 
development of a general machine learning (ML) model to overcome this issue. With this 
motivation, a parametric test box consisting of twenty parameters related to weather data 
of twelve Mediterranean (Next Med) countries, space dimensions, vertical/horizontal 
louvers, and material type is developed using Grasshopper 3d. Moreover, a parametric 
urban model, which considers eight parameters related to the density of the surrounding 
buildings, is also created to generate numerous environments. The LadyBug tools 
simulate the daylight autonomy to generate 12,000 samples. Five different ML models 
involving artificial neural networks (ANN) are built in Python. Statistical results showed 
that train and test scores achieved promising outcomes in all ML models. However, when 
predicting user-defined scenarios not involved in the generated dataset, only ANNs 
perform generalizable, accurate predictions. The paper discusses the ability of ANN 
models to accurately predict different design scenarios and locations, and the 
trustworthiness of the training and test scores based only on collected data.       

Keywords: Computational Design, Machine Learning, Decision-making, Daylight, 
Prediction.  
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INTRODUCTION 
Architectural design requires many decisions 
from the conceptual to the construction phase to 
achieve livable and inspiring spaces that affect the 
life quality of human beings and all living entities. 
Among different phases, conceptual design is one 
of the most critical as design decisions in this step 
affect the buildings’ performance throughout 
their life cycle (Sariyildiz, 2012). Architects and 
researchers have increasingly studied the role and 
the power of computational tools as they 
significantly support form-generation processes 
using algorithms (Caetano et al., 2020). Within the 
realm of computation and performance in 
conceptual design, researchers consider various 
methods to achieve effective design proposals, 
such as understanding multi-dimensionality and 
mapping in computational design (Sorguç and 
Selçuk, 2013), design exploration with parametric 
generative systems (Gürsel Dino, 2012). 
Nevertheless, optimization algorithms are 
necessary to cope with the complexity and 
increase the efficiency of design alternatives in 
various aspects (Turrin et al., 2011).  

In sustainable building design, these decisions 
require computationally expensive processes due 
to simulation tasks. In some cases, heating loads 
significantly dominate the cooling loads, 
suggesting neglect of extremely hot days during 
the decision-making. However, making 
sustainable design decisions is challenging in a 
Mediterranean climate due to changing 
conditions throughout the year. This suggests 
simultaneously optimizing the performance 
aspects for heating and cooling seasons (Avci et 
al., 2024). Therefore, recent studies frequently 
consider combining predictive models with 
optimization algorithms to decrease the burden 
of expensive simulation time (Roman et al., 2020, 
Westermann and Evins, 2019). Relevant works 
present promising outcomes, yet they are limited 
to predicting the performance of specific cases; 
thus, the proposed predictive models are limited 
for different design problems. 

This paper investigates the development of a 
general machine learning (ML) model to 
overcome developing predictive models for 
daylight levels that require computationally 
expensive simulations for each design task to be 
focused within the Mediterranean (Next Med) 
region. The study, therefore, aims to achieve a 
general ML model that can be used for different 
locations and for various design configurations. 
Hence, the study contributes to supporting 
cooperation across the Mediterranean in 
developing a sustainable built environment 
(Interreg Next Med, 2023), providing a general ML 
model that can be used not in a singular design 
scenario but for various design problems in 
twelve locations. The following sub-sections 
present the related works and the contribution of 
this study.  

Related works 
The current state of the art frequently predicts 
performance aspects related to sustainable 
building design (Westermann and Evins, 2019). 
One may argue that the common use of 
predictive models for daylight levels concerns the 
expensive simulation time during the 
optimization processes and large-scale design 
problems. Thus, the current state-of-the-art is 
limited to case-specific approaches.  

One of the early applications focused on 
predicting daylight illuminance in office spaces in 
Izmir, Türkiye, using artificial neural networks 
(ANNs) based on field measuring data for three 
months (Kazanasmaz et al., 2009). 
Chatzikonstantinou and Sariyildiz (2016) also 
investigated predicting daylight performance in 
the same location by approximating daylight 
autonomy (DA) and daylight glare probability 
(DGP) metrics using four different ML approaches, 
namely feedforward neural networks (FFNs), 
support vector machine (SVM), random forest 
(RF), k-nearest neighbors (kNN). Kirimtat et al. 
(2019) proposed amorphous shading device 
alternatives using multiple linear regression (MLR) 
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and multi-objective optimization algorithms for 
total energy consumption and useful daylight 
illuminance (UDI) in Izmir, Türkiye. More recently, 
Gaber et al. (2023) developed ANN models to 
evaluate energy use intensity (EUI), DA, 
continuous daylight autonomy (cDA), and UDI in 
an office building in New Cairo, Egypt. The 
authors also proposed a novel decision support 
system considering lighting, energy, and solar 
gain performance aspects for the same location 
(Gaber et al., 2024). Another study investigated 
the influence of daylight on real estate housing 
prices in Turin, Italy, using a multiple regression 
model considering daylight factor (DF), spatial 
daylight autonomy (sDA), annual sunlight 
exposure (ASE), UDI, and average illuminance 
(Loro et al., 2024).  

In summary, related works present various 
approaches with promising outcomes to predict 
daylight levels and visual comfort in the 
Mediterranean. Nevertheless, reviewed studies 
are limited to specific scenarios without 
considering parameters related to the built 
environment; thus, the proposed predictive 
models are limited to particular locations and 
design problems. 

Contribution of this study 
This paper investigates the development of a 
general ML model to predict daylight levels in 
various built environments. Therefore, the 
proposed methodology performs daylight 
predictions by considering building- and urban-
related design parameters. Hence, the developed 
predictive models can be used for multiple design 
scenarios in various parts of the Mediterranean 
region. With this motivation, twelve cities 
(Alexandria, Amman, Aqaba, Beirut, Genova, 
Heraklion, Izmir, Malaga, Marseille, Rome, 
Thessaloniki, Valencia) are selected among the 
cooperation areas of the Interreg Next Med 
(Figure 1). The following section presents the 
methodology of this study.  

METHODOLOGY 
This study considers six main steps to develop the 
general ML models to predict daylight levels: (i) 
parametric building model, (ii) parametric urban 
model, (iii) daylight simulation, (iv) data collection, 
(v) machine learning, and (vi) validation of the 
method. The methodology framework of the 
study is illustrated in Figure 2. Each step of the 
methodology is explained in detail in the 
following subsections.  

Parametric building model 
The first part of the parametric model covers 
generating different spatial and shading 
configurations. A shoe-box model is used as the 
experiment space concerning width, depth, 
height parameters, as well as the overall height 
from the ground level. The south face is selected 
to place the transparent surfaces, considering 
glazing divisions, window-to-wall ratio, and 
glazing materials. This limits the glazing surface of 
the model to a single space with a single opening.     
 

 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 

 

Figure 1  
Cities considered 
in ML models 
(Interreg Next 
Med, 2023)  

Figure 2 
Methodology 
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Variable Boundary Unit 
Sp

at
ia

l Width [3.0, 10.0] meter 
Depth [3.0, 10.0] meter 
Height [2.5, 5.0] meter 
Rotation [0, 360] degree 

Sh
ad

in
g 

Placement (x or y) [0, 1] - 
Device count [3, 15] - 
Length 1 [0.10, 0.60] meter 
Length 2 [0.10, 0.60] meter 
Rotation 1 [-45, 45] degree 
Rotation 2 [-45, 45] degree 
Drift on x or y [0, 1] - 
Frame extrusion [0.10, 1.00] meter 
Alignment [0, 1] - 
Thickness [0.01, 0.20] meter 

Gl
az

in
g Material (Figure 2) [1, 24] - 

Horizontal count [1, 3] - 
Vertical count [1.0, 3.0] meter 
Window-to-wall [0.3, 0.9] - 

 

 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 

Nevertheless, a rotation parameter allows the 
alignment of different orientations that support 
performance feedback for various situations. The 
shading configuration can change its alignment 
from horizontal to vertical. Hence, the model can 
evaluate which alignment is better suited to 
changing environmental conditions. Besides, 
advanced placement, shading length and rotation 
rules are developed to control the density of the 
shadings from upper to lower or from left to right. 
In the end, four parameters control the spatial 
configurations, ten parameters change the 
horizontal or vertical shading properties, and four 
parameters alter the glazing properties. Table 1 
and Figure 3 present the design variables and 
glazing types of the parametric building model. 
Figure 4 illustrates different configurations that 
can be generated via the developed model.  

Parametric urban model 
The second part of the parametric model focuses 
on conditions related to the built environment. 
Building blocks around the shoebox considering 
north (N), south (S), east (E), and west (W) 
orientations are generated with distance and 
height parameters. Due to the wide range of 
distance parameters, the parametric urban model 
can generate different surrounding conditions 
from low-dense to high-dense environments. 
Besides, the orientation parameter is also 
adopted in the urban model, which partially 
replicates nonorthogonal urban settlements. 
Ultimately, another height parameter is also 
implemented to consider the daylight levels while 
the shoebox space is located on different floor 
levels.  

Eventually, four parameters, which change the 
distance between the space and the urban blocks 
on N, S, E, and W, independently differentiate the 
block heights, and one parameter controls the 
height of the space to be evaluated. Table 2 
presents the design variables of the parametric 
urban model, whereas Figure 5 illustrates various 
urban configurations.  

Table 1  
Design variables 
of the building 
model 

Figure 3  
Glazing properties 

Figure 4  
Parametric space 
and shading 
configurations  
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Variable Boundary Unit

D
ist

an
ce

 N block [0, 25] meter
S block [0, 25] meter
E block [0, 25] meter
W block [0, 25] meter

D
en

sit
y 

N height [1.0, 25.0] meter
S height [1.0, 25.0] meter
E height [1.0, 25.0] meter
W height [1.0, 25.0] meter
Space height [0.0, 15.0] meter

Parameters aa ab ar as
This study 0.10 6 300 20 
(Sepúlveda et al., 
2020) 

0.10 5 300 20 

(Yi, 2019) 0.15 2 256 128
(Lee et al., 2019) 0.15 2 256 128
(Chatzikonstantinou 
and Sariyildiz, 2016) 

0.03 3 800 192 

 
 

 
 
 
 
 
 
 

Performance evaluation 
DA, which calculates the percentage of time that 
daylight levels are above an identified target 
illuminance, is considered the performance 
criterion. The developed parametric model uses 
LadyBug tools (Sadeghipour Roudsari et al., 2013) 
to simulate DA with an evaluation plane at 0.8m 
and consisting of a 0.6m grid size.  

Due to the changing space dimensions, the 
number of sensor points evaluated during the 
simulation varies between 25 and 256. Daylight-
based ML applications can be computationally 
expensive due to the model's accuracy based on 
Radiance parameters. Similar works consider 
different simulation parameters to cope with the 

expensive computation time. The radiance 
parameters of this work and similar studies are 
presented in Table 3. The evaluation time for one 
design alternative varies between 22.8 and 30.4 
seconds using a computer with an Intel I7 
12700(H) core processor at 2.70 GHz. Figure 6 
illustrates the sample output provided by the 
simulation model.  

Data collection 
Considering the total number of design variables 
and computation time of one performance 
evaluation for daylight, 1000 samples are 
collected using a static sampling method, namely 
Latin Hypercube Sampling. The study considers 
12,000 samples collected from all cities 
mentioned in the previous section. Each sensor 
point's DA results and average values are 
recorded during the data collection.  

Machine learning 
Five different ML methods, namely FFNN (as 

an ANN model), MLR, support vector regressor 
(SVR), RF, and decision tree (DT), are considered 
for developing general predictive models. The 
dataset is normalized with a min-max scaler 
function between 0 and 1. In all developed ML 
models, a split ratio of 0.2 is identified for the train 
and test sets.  

 
 
 
 
 

Table 2  
Design variables 
of the urban 
model 

Figure 5  
Parametric urban 
configurations 

Table 3 
Radiance 
parameters of 
related studies 

Figure 6 
Simulating 
daylight levels 
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Train FFNN MLR SVR RF DT
R2 0.970 0.818 0.960 0.999 0.992
Test FFNN MLR SVR RF DT
R2 0.964 0.822 0.956 0.956 0.988
MSE 0.003 0.016 0.004 0.004 0.001
MAE 0.045 0.104 0.055 0.055 0.025

R-squared (R2) of the training processes is
recorded in all developed models, whereas mean 
squared error (MSE) and mean absolute error 
(MAE) are also considered in test sets. ML models 
are developed in the Python programming 
language using Pandas (McKinney, 2010), Keras 
(Chollet, 2021), Tensorflow (Abadi et al., 2016), 
and Scikit-learn (Pedregosa et al., 2011).  

FFNN models consider an architecture with 
one input and output layer and three hidden 
layers, using 75 neurons in each layer with the 
softsign activation function. The stochastic 
gradient descent (SGD) algorithm fits the models 
with 50 batch sizes and 500 epochs. MLR models 
consider default inputs. Hence, the results 
suggest the prediction performance of linear 
models. SVR considers a non-linear kernel called 
RBF, where C is considered 1 and tolerance is 
defined as 1E-5. Finally, fundamental parameters 
for RF and DT are defined as 50 estimators and 
500 maximum lead nodes, respectively. Train and 
test scores are recorded at the end with 
developed predictive models. 

Validation 
Three user-defined scenarios (S1, S2, S3), with 
different orientations, surrounding densities, and 
shading configurations, are defined to evaluate 
daylight levels utilizing the developed ML models 
for twelve cities (Figure 7). Each scenario is 
simulated using the developed parametric model 
to identify the actual simulation result to be 
compared with ML predictions. Finally, the 
Pearson coefficients, representing the 
relationship between two variables, are calculated 
between simulated and predicted solutions. 

RESULTS AND DISCUSSION 
This section presents the results and discussion 
based on ML prediction scores and prediction 
performance for user-defined scenarios in twelve 
cities. The paper's results are twofold: The first 
part focuses on the statistical results of the ML 
models, whereas the second one presents the 

validation results comparing the simulated and 
predicted daylight levels for twelve cities. The 
discussion part addresses the limitations and 
future work of this study.     

Machine learning results 
R2 results were conducted only for training, 
whereas all three metrics mentioned in the 
previous section were reported for testing ML 
models (Table 4). Regarding the training process 
based on R2, RF, and DT models, the most 
promising learning scores were achieved with 
0.999 and 0.992, respectively.   

 
 
 
 
 

Figure 7 
User-defined 
scenarios 

Table 4 
Statistical results 
of train and test 
sets 
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FFNN and SVR models also achieved 
promising training scores but were slightly lower 
than RF and DT. On the other hand, MLR achieved 
the lowest R2 for training, with 0.818. Concerning 
test results, prediction scores were differentiated 
from training. While the most promising results 
were conducted in DT and FFNN models with 
0.988 and 0.964, the RF and SVR models achieved 
0.956, slightly lower than the previous models.  As 
such training, MLR models presented the lowest 
R2 with 0.822. The rest of the results in Table 4 
showed that MSE and MAE metrics also presented 
test scores similar to R2. Regarding computation 
time, FFNN was completed to fit one model in 77 
seconds, whereas other ML methods were 
completed to fit one model in less than 5 seconds. 
Undoubtedly, ANN models require higher 
computation time. The advantages and 
disadvantages of the computational cost of 
different methods are discussed in detail in the 
following section.  

Validation results 
Five different ML models trained with 12,000 
samples collected from twelve Mediterranean 
cities were further examined to evaluate the 
ability of the developed predictive models. The 
expected output was to provide a reasonable 
daylight prediction close to the simulated results. 
Decision variables of three user-defined scenarios 
(S1, S2, and S3) were predicted with five ML 
models.  

Simulation results varied between 77.6% and 
90.2% in S1, 37.2% and 63.9% in S2, and 63.3% 
and 75.3% in S3. The variance among results was 
related to the different locations of the evaluated 
cities. When predicting the same parameters, 
FFNN models suggested DA results between 
84.4% and 86.3% in S1, 45.7% and 46.7% in S2, 
and 86.6% and 87.1% in S3. MLR models 
predicted the same scenarios between 3,266.9% 
and 3,308.0% in S1, -6,855.1% and -6,814.0% in 
S2, and 1940.4% and 1981.4% in S3.   

SVR models suggested DA predictions as 
53.7% without making any alterations based on 
locations in all scenarios. RF models suggested 
DA predictions between 61.1% and 66.3% in S1, 
64.9% and 70.0% in S2, and 58.6% and 63.5% in 
S3. Finally, DT models predicted the same 
scenarios between 73.6% and 80.7% in all three 
scenarios. Since MLR models suggested 
significantly unrealistic performance predictions, 
FFNN, SVR, RF, and DT were only considered in 
further steps. Simulated and predicted results for 
each scenario in twelve cities are illustrated in 
Figure 8. Graphical results suggested that FFNN 
predictions presented similar behavior, such as 
predicting high DA results in S1, decreasing the 
prediction outcomes in S2, and increasing the DA 
solutions in S3 compared to simulated solutions. 
Pearson's coefficient also suggested a very strong 
relationship, resulting in 0.8138. Nevertheless, a 
higher prediction sensitivity was required in FFNN 
outcomes to adapt the solutions based on 
variances in cities.      

Results in Figure 8 showed that SVR models 
constantly suggested the same results without 
any alteration based on scenarios and cities. 
Pearson's coefficient also validated this situation, 
resulting in 8.59E-16, which meant a very weak 

Figure 8  
Validation results 
of the general 
predictive models 
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relationship. On the other hand, RF and DT 
models mostly predicted the same results in 
different scenarios. Some of these results were 
close to the simulated solutions, but most had no 
similarity based on graphical solutions. Pearson's 
coefficients of RF and DT models suggested 
negative results, -0.5065 and -0.0167, leading to 
substantial and weak negative relationships, 
respectively. One may argue that this outcome 
could be related to higher DA differences 
between simulated and predicted solutions and 
opposite outcomes (e.g., increasing value in the 
simulation was predicted as a decreasing 
solution) in some evaluated cities.  

Discussion 
The discussion focuses on each step in the 
methodology section: Parametric model 
development, performance assessment, and 
development of general predictive models. Each 
subject discusses the results and reflects on the 
limitations and future work of this study.  

Parametric model development: Building 
and urban models considered various decision 
variables related to spatial, shading, glazing, and 
urban configurations. Since the number and 
boundaries of parameters were created more 
than 1.94E+43 design alternatives, the developed 
parametric model suggested many scenarios that 
could be utilized in real-world design problems. 
Nevertheless, this approach limits the study as the 
current parametric modeling does not apply to 
non-orthogonal complex building shapes and 
environments. Future works can extend the 
developed parametric model involving decision 
variables that can generate non-orthogonal 
design alternatives. Another approach can be to 
consider different parametric models based on 
various building and urban morphologies.  

Performance assessment: The study 
assessed one performance aspect to be predicted 
during the early phase of the design process. Yet, 
other performance aspects related to visual 
comfort and indoor and outdoor comfort with 

energy consumption should be considered to 
achieve sustainable design solutions concerning a 
wide range of criteria. The DA simulation engine 
was considered to have satisfactory resolution 
during the daylight evaluation. However, future 
work can also focus on validating the correctness 
of the digital model via simulated and measured 
results. Finally, the study only considered the 
available weather data files on LadyBug tools. 
Future works can integrate future weather data to 
make design decisions effective in the long term.  

General predictive models: 1,000 samples 
were collected from twelve Mediterranean cities 
(12,000 in total), which were selected to have 
different latitudes and longitudes to consider the 
impact of various climatic conditions. The number 
of cities could be extended to include the entire 
cooperation area of Interreg Next Med. However, 
this might suggest a more challenging learning 
process that might not be convenient for some 
fundamental ML models. Moreover, the study did 
not consider learning curves, yet the literature 
showed that their impact on the development of 
ML models is inevitable (Chatzikonstantinou and 
Sariyildiz, 2016). Therefore, future works can 
utilize larger samples to evaluate the impact of 
sample size on different ML methods. Another 
aspect not considered to fit the ML models was 
grid/random search for parameter tuning with k-
fold cross-validation. Training and test scores 
presented promising outcomes. Nevertheless, 
they do not guarantee the correct prediction of 
design alternatives outside the collected samples. 
With the support of k-fold cross-validation, the 
model's prediction accuracy in different parts of 
the dataset can be measured. Additionally, 
hyperparameter tuning can support identifying 
the most promising ML model. As shown in Figure 
8, only FFNN models presented generalizable 
predictions for three user-defined scenarios in 
twelve Mediterranean cities. However, this 
prediction ability still needs to be improved when 
results are examined in detail. The proposed 
methodology for general predictive models only 
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considered the average values of the daylight 
levels. Collecting image samples from sensor 
points can also be investigated using generative 
or deep-learning models.   

CONCLUSION 
This paper investigated the potential of 
developing general predictive models to evaluate 
daylight levels of residential buildings in the 
Mediterranean region. Five different ML models 
were used to predict the DA for twelve cities. 
FFNN presented the highest capability of 
predicting three user-defined design scenarios 
with various surrounding densities in all cities. 
Developed model supports design exploration 
rigorously when compared to the other 
computational approaches due to predicting 
performance results for different façade design 
configurations in changing locations and built 
environments; thus, the proposed general ML 
model aligns with supporting design quality with 
respect to sustainable building design. 
Nevertheless, future works should consider 
improvements to increase the prediction 
sensitivity of the FFNN models, considering 
advanced procedures.  
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