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1. Introduction

Energy consumption and sustainable designs of buildings are among the most prominent issues
that are of interest by many architectures and engineers in recent decades. This is due to the
crucial role of buildings in global energy requirements. That’s why building energy efficiency
can be assumed as a main solution to reduce unfavorable effects of buildings on the environment
and human being [1]. Although, several methodologies have been applied to reduce the energy
consumption from buildings, the building energy end-uses are projected to increase in the future
due to several factors such as: increasing population, economic growth, and climate change. The
buildings consume a considerable portion of energy and as a consequence, they are a major
source of climate change [2]. In the European Union (E.U.), 40% of total energy consumption is
related to buildings and made them the largest end-use sector in 2012 [3]. Fig. 1 illustrates the
total energy consumption by various sectors in Iran. As indicated, the buildings' energy
consumption is more evident than other sectors. As a consequence, the CO, emissions from the
residential building sector stand in 3" place as illustrated in Fig. 2. Therefore, it is fundamental
to decrease energy consumption and use eco-friendly sustainable designs in the residential
buildings of Iran.

Based on the data presented by world energy balances and statistics (IEA, 2020a, 2020b), the
residential sector stands in the third rank in terms of TEC around the world. Therefore, it is
fundamental to decrease energy consumption and use eco-friendly sustainable strategies in
residential buildings. Energy-saving approaches in buildings can be classified into active and
passive strategies [4]. Active methods deal with mechanical and electrical systems such as
photovoltaic systems [5]. However, passive strategies focus on the optimization of building
configuration and material such as geometry, orientation, glazing, shading, and insulation.
Besides the advantages, the implementation of active systems may be time-consuming and
costly. Nevertheless, the application of passive systems can lead to eco-friendly and energy-
efficient designs. Among the components of the passive system, the building envelope material
proved to be a more dominant parameter that influences the amount of energy consumption and
thermal comfort of the residents [6].

It is shown that on average, 50% of TEC used for heating public places is transferred via the
building envelope [7]. Keeping this in mind and following the sustainability targets, one can
wonder about the application of waste and recycled material as the building components which
guarantee significant advantages regarding the economic, energetic, and environmental points of
view. Recently, the rate of municipal and construction waste produced during construction,
operation, and demolition of buildings is increasing. Their reprocessing and reusing as the
building material satisfy the sustainability targets. That is why many researchers have focused on
the properties of various recycled-waste materials as the building envelope.
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Fig. 1. Total final energy consumption (TFC) by sector, Islamic Republic of Iran 1990-2018 [5].
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Fig. 2. Total CO2 emissions by sector, Islamic Republic of Iran 1990-2018 [6].

The implementation of recycled aggregates as the exterior envelope of the buildings, as well as
the optimal ratio of windows to external wall size, can enhance the building performance
regarding energy efficiency. The optimal WWR considers the effects of total energy consumption
for cooling and heating and lighting. The impact of the window-to-wall ratio (hereafter WWR)
on energy consumption is reported in several contributions [§—10]. The methodologies exploited
in these contributions are categorized into numerical, field, experimental studies.

Afsarian et al. [2] investigated the performance of recycled aggregate panels as the external walls
in energy conservation in a residential building. They proved that the energy consumption in the
building is made with recycled ash concrete panels is significantly less than that of the buildings
with porous concrete as the exterior envelope. Alibaba [9] optimized the window to external
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walls proportion in a university office based on the predicted mean vote (PMV) and a predicted
percentage of dissatisfied (PPD). The results suggested that the optimal conditions are obtained
when the WWR is 10%. Shaeri et al. [8] studied the optimum WWR of various facades of an
office building in the three cities of Bushehr, Shiraz, and Tabriz (located in Iran, but they have
utterly different climate conditions). The results suggested that for all the investigated climates
the optimal WWR for the northern facade of the building ranges between 20%-30%. However, in
the case of the southern facade, the optimal WWRs are 20%-30% for Bushehr, 10%-30% for
Shiraz, and 20%-30% for Tabriz. Application of the extreme ranges of the optimal WWR in
different cities leads to a 16%-25% difference in the energy consumption in Tabriz while this
difference is 20%-100% for other cities. Fallah [11] studied the impacts of WWR on the energy
efficiency of traditional residential and educational buildings in Iran employing fields survey and
software simulations. The field observations showed that the investigated samples have WWR
between 5%-15%. However, the numerical simulations proved that the optimal WWR is 30% for
the southern fagcades when they are equipped with double-glazed windows but 15% while using
single-glazed windows. To determine the optimal value of contributing parameters, recently,
many studies exploited the capabilities of machine learning and optimization algorithms to
predict and determine the most optimum values of input parameters [12—17].

The above-mentioned studies provided valuable information regarding the optimal WWR in
different buildings. However, to our best knowledge, there is not any study in which the optimal
WWR is determined for different recycled panels as the external walls’ envelope. Accordingly,
we aim to investigate the effects of WWR on the energy efficiency of various concrete panels
(porous and recycled concrete panels) in a residential building located in Tabriz, Iran. Further,
the optimal WWR is predicted for different walls envelope in all the months.

The structure of the paper is as follows: Section 2 gives detailed information about the building
of interest, modeling procedure, and PSO approach. The results of this paper are presented in
Section 3 and finally, Section 4 contains the summary and conclusions.

2. Material and method

2.1. Reference building

The building of interest contains 100 m? area and is built into a 10 m long, 10 m high, and 10 m
wide. Fig. 3 illustrates the real (left panel) and 3Ds (right panel) representation of the building of
interest. On each external wall, there is a window with variable dimensions which varies between
5% to 95%. Since the main goal of this study is to investigate the effects of the WWR on the
TEC, we neglected the details of the internal plan in the modeling procedure. Table 1
summarizes the detailed information of the building which is exploited to develop numerical and
data-driven models. The building is aimed to be occupied by two persons and it is assumed that
the HVAC system is on during the occupied period.



A. Saber/ Journal of Soft Computing in Civil Engineering 5-4 (2021) 41-56 45

Fig; 3. The real and 3Ds représerifation of the building of interest [1].
2.2. Envelope material

The reference building is located in Tabriz which is characterized by semi-arid cold climate
conditions. In cold regions, the thermal conduction through the building envelope is more
evident in comparison to the other climate conditions. It is proved that on average the 50% of
TEC used for heating of the public places is transferred via the building envelope [7]. Two
dominant factors which have a significant effect on the TEC through the envelope are envelope
material and WWR. To assess the impact of the WWR, we developed various numerical and
data-driven models using the different values of WWR ranging from 55 to 95%. Further, to
evaluate the energy efficiency of recycled aggregate materials, we implemented three different
recycled panels as the building envelope. The application of these renewable materials is
completely in line with the sustainability targets highlighted in Agenda 21 for sustainable
construction. One of the most widely used materials for building envelope is concrete which has
a major impact on the environment and sustainable designs. Hence, in this study, three concrete
panels including conventional concrete panels and concrete with recycled ash aggregates are

implemented as the building envelope. Table 2 summarizes the information of these panels.

Table 1

Geographical, HVAC, and envelope Information of the building of interest.

Design factor Value
Building location Coordinates 38°04'N 46°18'E
(Tabriz) Building type Residential building
Floor area (m®) 100
Elevation (m) 1351
Time zone (h) UTC+03:30
Site ground temperature (°C) 19
Windows glazing and U-factor (W/m’K) 1.6
frame Solar heat gain coefficient 0.44
Frame conductance (W/m’K) 4.5
Frame solar absorptance 0.7
Frame thermal hemispherical emissivity 0.7
Lightning Watts per zone area 12
Fraction radiant 0.32
Electric equipment Watts per zone floor area 10
Fraction radiant 0.3
HVAC template type Fan-coil
Constant heating setpoint (°C) 21
Constant cooling setpoint (°C) 26
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Table 2
The components of the various reference panels.
Reference panel Components proportion
Recycled concrete aggregates (%) 40
Cement (kg/m3) 400

Conventional or porous concrete
Water/cement 0.42

Air entraining plasticizer (%) (per weight of cement)

Bottom ash (%) 36

Concrete with 36% recycled solid Cement (%0) 24
incinerator bottom ash aggregate Vermiculite (%) 20
Sand (%) 20

3. Modeling procedure

In this paper, to developing the numerical models, Design Builder software is employed. Since
this software is user-friendly and has an easy-to-use interface, it is very convenient to import all
the required information for the energy simulation models such as the building geometry, thermal
properties of the components, windows to wall ratio, HVAC characteristics, the information of
the building location, among others. Fig. 4 illustrates the steps that must be accomplished for
developing a model using Design-Builder software.

Choosing the material properties,
building use such as residential or
commercial, type of openings, HVAC
system characteristics, and lighting
system

Determining the climate of the area Making a volumetric model of the
where the building is located reference building

Fig. 4. Four preparatory steps must be accomplished to develop a model using Design-Builder software.

Based on the available literature openings account for a big amount of energy loss in buildings
which should be design and operate properly. Besides, It is shown that one of the influential
parameters concerning energy consumption of buildings are envelope material WWR [2]. On the
other hand, climate condition due to the diversity of seasons and the angle of sun affect the
energy balance of buildings in terms of heating and cooling. These logics can be addressed as the
main reason behind the selection of WWR during various months as the input parameter. To
develop a relationship between the input (WWR) and output (TEC) parameters, we exploited the
capabilities of artificial neural networks. Recently, it is proved that this method is very robust
and accurate in the prediction of the relationship between various parameters [12]. Hence, in the
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current study, we first developed the results of TEC based on various values of WWR at the
different months (raging from January to December) for different envelope materials. Then, the
developed datasets are imported into the ANNs to generate a relationship between the TEC and
WWR during the year for panels.

3.1. Artificial neural networks (ANN5s)

ANN:Ss is an innovative technology inspired by the human brain and nervous system. To generate
a relationship between the input and output parameters, they emulate a biological neural
network[18]. Recently, it is proved that ANNs are capable to be implemented for dynamic
modeling of nonlinear systems, classification, identification, and prediction, among others [19].
Like the human brain configuration, ANN contains a set of neurons, the fundamental processing
element of a neural network, which is arranged in different layers, such as input, hidden, and
output layers. The input layer (only one layer) is responsible to receive the external data to
execute the pattern recognition. The output layer (only one layer) produces the problem solution
and the hidden layers (one or more layers) perform as the intermediate components [20]. The
multiplayer perceptron (MLP) is a popularly applied neural network structure [21]. Fig. 5 (left
panel) illustrates a neuron and a three-layer perceptron neural network. The inputs and output of

the neuron are defined using X and y, respectively. The output component of a neuron is
produced via multiplying each input component multiplied by its estimated weight (assume that

W stands for the weights vector) and importing the summation of these values into the activation
function. Equation 1 indicates the mathematical expression between the inputs and output values
in a neuron.

y= F(SL W ©) L
In which N stands for the number of input vector components.

The structure of a four-layer perceptron neural network is illustrated in Fig. 5 (right panel). As
shown, the input layer contains the various parameters used to predict the outputs in the output
layer. To predict the output vector, the ANN assigns a weight to each connection from the input
parameter to the consecutive neuron in the next layer. For example, in the presented network, the
weight matrix between input and first hidden layer is represented by w. Bypassing the summed
values of all the nodes entering the neuron through the activation function, the outcome of the
neuron is produced which is the input of the consecutive layer.

The number of neurons in the input and output layers depends on the input and output
parameters. However, the number of hidden layers and neurons at each hidden layer is
challenging. In general, the more complicated the nonlinear behavior is, the more hidden layers
and neurons will be added [22]. The optimal configuration of the employed ANN can be
determined using an optimization algorithm. However, Rogers and Dowla [23] suggested the
following criteria for the determination of hidden layer neurons number:
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Fig. 5. A schematic representation of a neuron (left panel); A Four-layer perceptron neural network (right
panel).

Hyum < 2INPyym + 1
TRyum (2)

where Hpy,my 1s the number of neurons in the hidden layers, INPy,,, stands for the number of
input parameters, and TRy, refers to the number of training data points. In the current study,
INPy,m equals to one and TRy, = 168; hence, using Eq. (2) one can obtain the maximum
number of neurons in the hidden layers as three neurons. The number of hidden layers and
activation function, as well as the training algorithm, is determined based on the trial-and-error
process. Table 3 summarizes the results of the optimal configuration of the employed ANN in the
current study. The full dataset for each panel comprises 240 data points (12 months and for each
month we developed 20 data points using the various percentage of WWR) which are divided
into a training dataset (70% of the full dataset) and a testing dataset (30% of the whole data
points). The statistical indices including the minimum (Min), Mean, maximum (Max), and
standard deviation (Std) of the input and output parameters for all the panels are presented in
table 3.

3.1.1. Evaluation of the developed ANN models

To evaluate the performance of the ANN developed models in the prediction of TEC in terms of
WWR, four statistical parameters including Correlation Coefficient (CC), Root Mean Square
Error (RMSE), Scatter Index (SI), and BIAS (as given in Eq. (3)) are exploited. The CC
measures the strength of the linear relationship between two parameters. In our case, these
parameters are the simulated TEC and the predicted TEC by the ANN. The value of the CC
varies between -1 to +1 which, respectively, shows the completely negative and positive
correlation between the parameters of interest. The RMSE measures the error of prediction based
on the simulated values and it has the dimension of the parameters of interest. The more is the
RMSE is, the weaker is the predictions of the developed models. The SI indicates the percentage
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of root mean square error concerning mean observations. Hence, it is not affected by the
parameters scale since it does not have any dimension. To recognize that the models’ predictions
are overestimated or underestimated, the BIAS can be implemented. The positive values of BIAS
refer to the predictions’ overestimation while the negative values of the BIAS stand for the
predictions’ underestimation.

Table 3

Detailed information of the employed ANN, and training and testing data sets for different recycled
panels

Network type A three-layer feed-forward network

Training algorithm

Learning rate and
iteration

Levenberg-Marquardt back propagation

0.01 and 1500, respectively

Activation function Log Sigmoid
Number of layers Three layers (input layer, hidden layer, and output layer)
Number of neurons in Input layer 1 (the input parameter: WWR)
each layer Hidden layer 3
Output layer 1 (the output parameter: TEC)
Number of data points Training data points 168
Testing data points 72
Full data points 240
Input parameter Window-to-Wall Ratio (WWR) in Porous concrete Recycled ash concrete
percent panel panel
Min  5.00 5.00
Mean 50.00 50.00
Max  95.00 95.00
Std 27.45 27.45
Output parameter Total Energy Consumption (TEC) in Porous concrete Recycled ash concrete
kWh/m? panel panel
Min  2.01 0.17
Mean 6.64 4.55
Max  14.71 13.10
Std 3.28 3.20
i£1(0; = Om) (P = P)
CC =
(ELA(0,~ 0 X 5P~ B2
LR = 0)?
i=1\"1 13
RMSE = N (3)
RMSE
Sl = ——X%x100%
Om
BIAS = (P —0)

N

in which the subscript i and m refer to the counter of data points and mean values, respectively.
N stands for the total number of data points, and O and P denote the observed (simulated by
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design-builder) and predicted (by developed ANN models), respectively. O, is the mean value of
the observed values while P,, is the mean value of the predicted values.

4. Results and discussion

It is evident that the variations of TEC with the WWR in the various panels depend on the month
of interest. Although for most months, the TEC is directly proportional to the WWR, in some
months (particularly in cold weather conditions and winter) the minimum TEC occurs when
WWR is around 50-55%. In contrary to this fact, since the WWR is constant during the year, for
different panels we are seeking to evolve various ANN models in which the TEC is predicted
based on the WWR. The results of the developed model will use for the determination of the
optimal WWR for each panel.

4.1. Porous concrete panel

4.1.1. Optimal WWR

Fig. 6 illustrates the TEC against WWR in different months for the porous concrete panel. In
many cases (such as January, May, June, July, August, September, October, and December), the
least TEC is obtained when WWR is 5%. However, the optimal WWR is 50% in February and
March, 20% in April and November. The least TEC (ranges between 2-4 kWh/m?) occurs in
October while the most TEC ranges 12-15 kWh/m? and occurs in January. Since the low values
of the WWR may evoke lightning problems, it is recommended that the optimal WWR be
assumed as 45-55% in the case of porous concrete panels as the building envelop.
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Fig. 6. TEC (horizontal axis) against WWR (vertical axis) in various months for porous concrete panel.
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4.1.2. ANN results in the prediction of TEC in terms of the WWR

Using the collected data points (240 data points) extracted from the simulations conducted via
design builder software, the ANN model is developed. In the developed ANN model, the input
parameters are WWR and the month of interest. Table 5 summarizes the performance of the
developed model for the training and full data points. The CC of various data sets is close to one
which is indicative of this model's accuracy. The test data points are selected by random and that
is why the developed model underestimates the training dataset while overestimates the testing
and full datasets (the BIAS of the training dataset is -3.464 but it is 5.986 for the testing dataset
and 2.522 for the full dataset). Inspection of Fig. 7 reveals that the developed model predicts the
simulated data points with high accuracy. As indicated, all the data points are in the vicinity of
the fit line which is indicative of a high correlation between the simulated and predicted TEC
values.

Table 5

Comparison of the developed ANN model in the prediction of training, testing, and full data sets (porous
concrete panel).

cc RMSE S1(%) BIAS
Training dataset 0.988 0.508 7.601 -3.464
Testing dataset 0.978 0.564 8.521 5.986
Full dataset 0.984 0.525 7.908 2.522

The TEC Simulated (by design Builder) and predicted (by the developed ANN model) for Full dataset
T |
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Fig. 7. Performance of the ANN developed model in predicting the TEC in terms of WWR for all the
months.
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4.2. Recycled ash concrete panel

4.2.1. Optimal WWR

Fig. 8 illustrates the TEC against WWR in different months for the recycled ash concrete panel.
Like the porous concrete panels, the least total energy consumption is achieved when the WWR
is 5%. However, this is not practically feasible due to various reasons such as lightning
problems. An increase in WWR increases TEC. However, in cold seasons (such as November,
December, January, February, and March) the TEC decreases when the WWR is between 45-
55%. The least TEC (ranges between 0.2-0.5 kWh/m?) occurs in April and October while the
most TEC ranges 12-13 kWh/m? and occurs in December and January.
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Ty - 8- - y_ — 4.5 — . :
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6 3l
. S . L
8 5 25 s -
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8 July August September
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Fig. 8. TEC (horizontal axis) against WWR (vertical axis) in various months for recycled ash concrete
panel (porous concrete panel).

4.2.2. ANN results in the prediction of TEC in terms of the WWR

The trial-and-error process of various ANN configurations proved that the most optimal ANN
model is achieved using the four neurons in the hidden layer. Table 6 summarizes the
performance of the developed model for the training and full data points. For all the data sets the
correlation coefficient approaches one which is indicative of an excellent correlation between the
predicted and simulated TEC values. The CC of various data sets is close to one which is
indicative of this model's accuracy. The test data points are selected by random and that is why
the developed model underestimates the training dataset while overestimates the testing and full
datasets (the BIAS of the training dataset is -3.464 but it is 5.986 for the testing dataset and 2.522
for the full dataset). Inspection of Fig. 7 reveals that the developed model predicts the simulated
data points with high accuracy. As indicated, all the data points are in the vicinity of the fit line
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which is indicative of a high correlation between the simulated and predicted TEC values.
Considering the range of TEC which ranges from 2 kWh/m? to 14 kWh/m? (see table 3), the
model accurately predicts the simulated TEC in terms of RMSE. Please note the RMSE has the
same unit as the TEC. The scatter index which is the non-dimensional form of RMSE also proves
that the model performs accurately. Finally, the BIAS reveals that the predictions of the
developed model are underestimated; however, the underestimation is very low and negligible.
All in all, the developed ANN model can predict the TEC of the recycled ash concrete panel with
high accuracy. Fig. 9 illustrates the above-mentioned explanations schematically.

Table 6

Comparison of the developed ANN model in the prediction of training, testing, and full data sets (recycled
ash concrete panel).

cc RMSE SI(%) BIAS
Training dataset 0.995 0.291 6.391 -0.758
Testing dataset 0.993 0417 9.126 -4.316
Full dataset 0.994 0.333 7.329 -5.074

The TEC Simulated (by design Builder) and predicted (by the developed ANN model) for Full dataset
I I

T

Simulated TEC !
14 H= = +Predicted TEC
12 ' ]
10 —

Simulated and predicted TEC
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Fig. 9. Performance of the ANN developed model in predicting the TEC in terms of WWR for all the
months (recycled ash concrete panel).

5. Conclusions

In this paper, the effects of recycled concrete panels application in the total energy consumption
of a residential building located in Tabriz is investigated. Further, the most optimal value of the
window-to-wall ratio is determined based on the results of the numerical simulations. To do this,
we implemented two panels including normal porous concrete panel and recycled ash concrete
panel as the building envelope. The numerical simulations are done using the design-builder
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software. The model of interest is a one-floor residential building in which the external walls are
made of porous concrete or recycled ash concrete panels, as well as one opening (window),
which is available on each external wall. We changed the window-to-wall ratio from 5% to 95%
for both the panels and generate datasets. The simulation results are exploited for the
determination of the optimal WWR for each panel and the development of ANN models.

The numerical simulations with design builder software proved that the recycled ash concrete
panel outperforms the porous concrete regarding the total energy consumption. However, the
optimal WWR was revealed to be 45-55% in both cases. It means that using recycled ash
concrete material in the exterior facades makes the building more energy efficient; however,
WWR does not change drastically considering these two materials.

To be most specific, the variation range of TEC in the case of the recycled ash concrete is less
than that of porous concrete. For instance, in January, TEC varies between 8§ to 13 for recycled
ash concrete although this range is 12-15 in the case of porous concrete. Such trend is observed
for all the months. In warm seasons, an increase in WWR increases the TEC. However, in cold
seasons such as November, December, January and February, TEC is directly proportional to
WWR when its value is less than 15 or larger than 55. Out of these ranges, TEC decreases with
an increase in opening percentage.

The ANN models have one input layer (two input parameters including month and WWR), one
hidden layer (in which there are 3 and 4 neurons for the porous concrete and recycled ash
concrete panels, respectively), and the output layer contains the TEC of the building. We have
240 data points for each panel that 70% of them used for the model training and 30% used for
testing the developed model accuracy. The statistical indices of the developed model revealed
that the ANN is capable to predict the TEC in building with high accuracy. However, the ANN
model developed for the recycled ash concrete panel outperforms the ANN model developed for
the porous concrete panel. Regarding the correlation coefficient, both the models have the best
performance in a way that the CC index approaches one. In terms of root mean square error and
scatter index, the models reveal to predict the simulation results accurately. Inspection of the
BIAS parameter of the models proved that the ANN model of porous concrete overestimates the
simulations while the ANN model of recycled panel underestimates it. However, the
overestimation and underestimation values are very low and negligible.

Acknowledgments

The authors are thankful for the journal editor and anonymous reviewers.
Funding

This research received no external funding.

Conflicts of interest

The authors declare no conflict of interest.



A. Saber/ Journal of Soft Computing in Civil Engineering 5-4 (2021) 41-56 55

Authors contribution statement

Aniseh Saber: Conceptualization; Data curation; Formal analysis; Investigation; Methodology;
Project administration; Resources; Software; Supervision; Validation; Visualization;
Roles/Writing — original draft.

References

[1] Cao X, Dai X, Liu J. Building energy-consumption status worldwide and the state-of-the-art
technologies for zero-energy buildings during the past decade. Energy Build 2016;128.
https://doi.org/10.1016/j.enbuild.2016.06.089.

[2] Afsarian F, Saber A, Pourzangbar A, Olabi AG, Khanmohammadi MA. Analysis of recycled
aggregates effect on energy conservation using M5” model tree algorithm. Energy 2018.
https://doi.org/10.1016/j.energy.2018.05.099.

[3] Bosseboeuf et al. Energy Efficiency Trends and Policies in the Household and Tertiary Sectors
2015:97.

[4] Al-Obaidi KM, Ismail M, Rahman AMA. Investigation of passive design techniques for pitched
roof systems in the tropical region. Mod Appl Sci 2014;8. https://doi.org/10.5539/mas.v8n3p182.

[5] Pujadas-Gispert E, Alsailani M, van Dijk (Koen) KCA, Rozema (Annine) ADK, ten Hoope (Puck)
JP, Korevaar (Carmen) CC, et al. Design, construction, and thermal performance evaluation of an
innovative  bio-based  ventilated  facade. Front  Archit Res  2020;9:681-96.
https://doi.org/10.1016/j.foar.2020.02.003.

[6] KimJJ, Moon JW. Impact of insulation on building energy consumption. IBPSA 2009 - Int. Build.
Perform. Simul. Assoc. 2009, 2009.

[71 Feng G, Sha S, Xu X. Analysis of the Building Envelope Influence to Building Energy
Consumption in the Cold Regions. Procedia Eng., vol. 146, Elsevier Ltd; 2016, p. 244-50.
https://doi.org/10.1016/j.proeng.2016.06.382.

[8] Shaeri J, Habibi A, Yaghoubi M, Chokhachian A. The optimum window-to-wall ratio in office
buildings for hot-humid, hot-dry, and cold climates in Iran. Environ - MDPI 20109.
https://doi.org/10.3390/environments6040045.

[9] Alibaba H. Determination of optimum window to externalwall ratio for offices in a hot and humid
climate. Sustain 2016. https://doi.org/10.3390/su8020187.

[10] Didwania S, Garg V, Mathur J. Optimization of Window-Wall Ratio for Different Building Types.
Res Gate 2011.

[11] Fallah H. Determining the Most Efficient Window-to-Wall Ratio in Southern Facade of
Educational Buildings in Kerman. Nagshejahan- Basic Stud New Technol Archit Plan 2019;9:105-
15.

[12] Pourzangbar A, Losada MA, Saber A, Ahari LR, Larroudé P, Vaezi M, et al. Prediction of non-
breaking wave induced scour depth at the trunk section of breakwaters using Genetic Programming
and Aurtificial Neural Networks. Coast Eng 2017. https://doi.org/10.1016/j.coastaleng.2016.12.008.

[13] Pourzangbar A, Saber A, Yeganeh-Bakhtiary A, Ahari LR. Predicting scour depth at seawalls using
GP and ANNSs. J Hydroinformatics 2017. https://doi.org/10.2166/hydro.2017.125.



56

[14]

[15]

[16]

[17]

[18]
[19]

[20]

[21]

[22]

[23]

A. Saber/ Journal of Soft Computing in Civil Engineering 5-4 (2021) 41-56

Teshnehdel S, Mirnezami S, Saber A, Pourzangbar A, Olabi AG. Data-driven and numerical
approaches to predict thermal comfort in traditional courtyards. Sustain Energy Technol
Assessments 2020. https://doi.org/10.1016/j.seta.2019.100569.

Pourzangbar A, Brocchini M, Saber A, Mahjoobi J, Mirzaaghasi M, Barzegar M. Prediction of
scour depth at breakwaters due to non-breaking waves using machine learning approaches. Appl
Ocean Res 2017;63:120-8. https://doi.org/10.1016/j.apor.2017.01.012.

Yeganeh-Bakhtiary, Abbas Ghorbani MA, Pourzangbar A. Determination of the most important
parameters on scour at coastal structures. J Civ Eng Urban 2012;2:68-72.

Pourzangbar A. Determination of the most effective parameters on scour depth at seawalls using
genetic programming (GP). in: 10th International Conference on Coasts, Ports and Marine
Structures (ICOPMASS 2012), Tehran, Iran: 2012.

Lewis JS. Encyclopedia of Physical Science and Technology (Third Edition). 2003.

Ardakani MH, Shokry A, Escudero G, Graells M, Espufia A. Unsupervised Automatic Updating of
Classification Models of Fault Diagnosis for Novelty Detection. Comput. Aided Chem. Eng., vol.
43, 2018, p. 1123-8. https://doi.org/10.1016/B978-0-444-64235-6.50196-0.

Jude Hemanth D, Balas VE, Gupta D. Intelligent data analysis for biomedical applications :
Challenges and solutions. 2019. https://doi.org/10.1016/C2017-0-03676-5.

Zhang QJ, Gupta KC, Devabhaktuni VK. Artificial neural networks for RF and microwave design -
From theory to practice. IEEE Trans Microw Theory Tech 2003;51:1339-50.
https://doi.org/10.1109/TMTT.2003.809179.

Li N, Li XP, Quan SG. An ANN-based small-signal equivalent circuit model for mosfet device.
Prog Electromagn Res 2012;122:47-60. https://doi.org/10.2528/PIER11092103.

Rogers LL, Dowla FU. Optimization of groundwater remediation using artificial neural networks
with  parallel solute transport modeling. Water Resour Res 1994;30:457-81.
https://doi.org/10.1029/93WR01494.



	Effects of Window-to-Wall Ratio on Energy Consumption: Application of Numerical and ANN Approaches
	1. Introduction
	2. Material and method
	2.1. Reference building
	2.2. Envelope material

	3. Modeling procedure
	3.1. Artificial neural networks (ANNs)
	3.1.1. Evaluation of the developed ANN models


	4. Results and discussion
	4.1. Porous concrete panel
	4.1.1. Optimal WWR
	4.1.2. ANN results in the prediction of TEC in terms of the WWR

	4.2. Recycled ash concrete panel
	4.2.1. Optimal WWR
	4.2.2. ANN results in the prediction of TEC in terms of the WWR


	5. Conclusions
	Acknowledgments
	Funding
	Conflicts of interest
	Authors contribution statement
	References

