
Citation: Askar, A.H.; Kovács, E.;

Bolló, B. Prediction and Optimization

of Thermal Loads in Buildings with

Different Shapes by Neural Networks

and Recent Finite Difference

Methods. Buildings 2023, 13, 2862.

https://doi.org/10.3390/

buildings13112862

Academic Editor: Emin Açıkkalp

Received: 20 October 2023

Revised: 8 November 2023

Accepted: 13 November 2023

Published: 15 November 2023

Copyright: © 2023 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

buildings

Article

Prediction and Optimization of Thermal Loads in Buildings
with Different Shapes by Neural Networks and Recent Finite
Difference Methods
Ali Habeeb Askar 1,2,3 , Endre Kovács 2,* and Betti Bolló 1

1 Department of Fluid and Heat Engineering, University of Miskolc, 3515 Miskolc, Hungary;
20156@uotechnology.edu.iq (A.H.A.); betti.bollo@uni-miskolc.hu (B.B.)

2 Institute of Physics and Electrical Engineering, University of Miskolc, 3515 Miskolc, Hungary
3 Mechanical Engineering Department, University of Technology—Iraq, Baghdad 10066, Iraq
* Correspondence: kendre01@gmail.com or endre.kovacs@uni-miskolc.hu

Abstract: This study aimed to estimate the heating load (HL) and the cooling load (CL) of a residential
building using neural networks and to simulate the thermal behavior of a four-layered wall with
different orientations. The neural network models were developed and tested using Multi-Layer
Perceptron (MLP) and Radial Basis (RB) networks with three algorithms, namely the Levenberg-
Marquardt (LM), the Scaled Conjugate Gradient (SCG), and the Radial Basis Function (RB). To
generate the data, 624 models were used, including six building shapes, four orientations, five glazing
areas, and five ways of distributing glazing. The LM model showed the best accuracy compared to
the experimental data. The L-shape facing south with windows on the east and south sides and a 20%
window area was found to be the best shape for balancing the lighting and ventilation requirements
with the heating and cooling loads near the mean value. The heating and cooling loads for this shape
were 22.5 kWh and 24.5 kWh, respectively. The simulation part used the LH algorithm coded in
MATLAB to analyze the temperature and heat transfer across the wall layers and the effect of solar
radiation. The maximum and minimum percentage differences obtained by HAP are 10.7% and 2.7%,
respectively. The results showed that the insulation layer and the wall orientation were important
factors for optimizing the thermal comfort of a building. This study demonstrated the effectiveness
of neural networks and simulation methods for building energy analysis.

Keywords: multi-layer perceptron; radial basis function; heat conduction; heating and cooling load;
transient thermal analysis

1. Introduction

In view of increased energy consumption and emissions of greenhouse gases, decision-
makers all over the globe should be aware of the need for sustainable development and
energy efficiency. According to the International Energy Agency, the construction industry
is responsible for more than a third of the worldwide final energy consumption and is
responsible for more than 40% of the world’s direct and indirect CO2 emissions (IEA) [1].

Computer simulation utilizing general-purpose software like EnergyPlus 9.6 [2], DOE-
2.1C [3], ESP-r 12.0 [4], and TRNSYS 17.1 [5] is the most frequent way to optimize building
energy performance. Due to the large number of possibilities and the complicated relation-
ship between input design variables and output targets, intelligent optimization methods
are frequently used to minimize computation time [6]. Zhou et al. [7] emphasized the
need for using a variety of fuels, heating and cooling systems, and other technologies.
They also used the Multi-Layer Perceptron (MLP) neural network, which was optimized
with two metaheuristic algorithms to predict the heating load (HL) and cooling load (CL)
of energy-efficient residential buildings. The model’s accuracy was measured using the
determination coefficient (R2), mean absolute error (MAE), and root mean square error
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(RMSE). Artificial Bee Colony (ABC) and Particle Swarm Optimization (PSO) reduced the
MAE for HL and CL, and the difference between the two methods was 2% for HL and
1.7% for CL. RSME reduces for HL, and the difference between the two methods was also
1.4% and for CL 1.5% differences between the two methods. PSO improves MLP perfor-
mance better than ABC. Lu et al. [8] presented an Auto ML-based system to automatically
construct the best ML pipelines for heating and cooling load predictions. The system was
tested using a residential building dataset and had the best heating load prediction R2

of 0.9965 and RMSE of 0.973 kWh/m2. The proposed approach outperforms better ML
models from representative research in the previous five years in prediction outcomes. An
explainable ML model study revealed the design of variables heating and cooling load
linkages. Khajavi and Rastgoo [9] used machine learning to forecast domestic heating
energy usage. Support Vector Regression (SVR) was chosen as the problem-solving core,
then hybridized with six metaheuristic algorithms to optimize its hyperparameters. A case
study compared the suggested strategy to hybrid models, and the hybrid SVR Battle Royale
Optimization model outperformed all other hybrid models. It has the highest train and test
dataset, R2 close to 1. Chen et al. [10] presented the Chaotic Satin Bowerbird Optimization
Algorithm (CSBOA) which minimizes energy usage by designing 24-hour heating set point
schedules for each zone. Day-ahead and model predictive control optimize each hour. Time-
of-use tariffs reduce energy costs by 28%. Bagheri-Esfeh et al. [11] used multi-objective
optimization to minimize cooling and heating loads in a residential building using phase
change material (PCM). EnergyPlus numerical modeling, GMDH-type Artificial Neural
Network (ANN), and Non-Dominated Sorting Genetic Algorithm II (NSGA-II) were used
to achieve the reduction of the yearly building cooling and heating requirements. Financial
analysis indicated that the ideal PCM layer thickness and melting temperature in a Tehran
residential building were 0.032 m and 24.58 ◦C, respectively. Jaber et al. [12] used an ANN
to predict the hourly cooling energy demand of educational buildings. They examined the
main factors that affect the building’s performance and used the hourly analysis program
(HAP) to create a database. The ANN model is trained using the Bayesian regularization
backpropagation algorithm and a learning rate of 0.05. The results show that the ANN
model can accurately estimate the cooling energy consumption with a mean squared error
(MSE) and a coefficient of determination (R2). Comesaña et al. [13] estimated a building’s
heat loss coefficient (HLC) using machine learning (ML) models. Three models—eXtreme
Gradient Boosting XGBoost, Support Vector Regression SVR, and MLP neural network—
were used for the estimation. The MLP neural network was found to be the most accurate
model, with a 4–6% accuracy, more stability, and a higher average accuracy in all samples
studied. It reduces monitoring requirements for efficient energy consumption. The SVR
model shows close average behavior, but XGBoost presents much worse performance than
the other two except in Sample 1.

Heat conduction in a solid medium is modeled by a PDE called the “heat equation” [14].
There are rather few exact solutions for even one-dimensional inhomogeneous systems
in steady-state or transient scenarios. For instance, multi-layer systems can be solved
analytically, and these systems are useful for studying the thermal behavior of buildings,
such as how they lose or gain heat [15]. However, the properties of the materials in a
structure, such as density, thermal conductivity, and specific heat, can vary widely [16].
The weather changes over time, so these factors make most heat conduction problems
multidimensional and transient, therefore a numerical computer simulation is required [14].

In our previous paper [17], we compared 12 explicit and robust numerical methods for
heat conduction in walls with and without insulation using equal and unequal meshes. We
also used 14 methods from [18] for heat conduction, convection, and radiation. We found
that the best method was the leapfrog–hopscotch (LH). The LH is more accurate when the
system is less stiff but for high stiffness, it still behaves well. The Dufort–Frankel (DF),
shifted-hopscotch (SH), and asymmetric hopscotch (ASH) methods also performed well.
The unconditionally stable methods for the basic conduction problem could use very large
time steps without stability issues, and they were better than usual explicit time integrators.
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We focused on the best way to include convection and radiation terms in our study, using
the LH method as the best one. We discussed this in detail in our previous paper [17].

This research uses two neural networks: an MLP and an RB, as well as three algorithms
to optimize their parameters: Levenberg–Marquardt (LM), Scaled Conjugate Gradient
(SCG), and Radial Basis Function (RB). The standard area is 200 m2 for residential homes
to select the best design. By building a network model for these homes, we can estimate
the heat load from the external observation design of the house. The rest of this paper is
organized as follows: Section 2 describes the methodology, factors, and algorithms used
in this research. Section 3 explains the statistical method used and provides examples of
the data used to train the neural network, and also evaluates and discusses the results.
Section 4 presents the second part of this work, where we chose our best model to perform
a simulation of the peak load of the months in winter and summer, December and July,
and present the optimal model details. For this simulation, we use the recently invented
leapfrog–hopscotch algorithm, which is faster and can cope with stiff and non-stiff systems.
This algorithm is used for the first time in summer simulations to calculate the heat gained
through the wall. Section 6 summarizes the main findings and conclusions of this study.

2. Methodology

Energy optimization of buildings can be computationally intensive, and the artificial
neural network technique balances accuracy and computation time. This study uses feature
selection to simplify models. Variables such as building orientation, interior and exterior
wall and roof, glazing, window shading, and infiltration rate are taken into account. The
energy performance of buildings (EPB) takes into account its two primary parameters,
cooling and heating, and the ANN (MLP and RB) is trained while taking these values into
consideration (Figure 1). The parameters of ANN are optimized through the utilization of
three distinct optimization techniques. A comparative analysis is conducted between the
derived outcomes and empirical data, demonstrating the validity and practicality of the
theoretical frameworks.

In the process of creating our database, a selection of six distinct building shapes was
made through a randomization procedure. Users may easily generate a 3D model of a
structure using the software AutoCAD MEP 24.2 (mechanical, electrical, and plumbing).
The thermal loads of the building are determined using the transfer functions method and
the ASHRAE Heat Balance procedure [19]. The present study involves the implementation
of a database simulation approach utilizing an hourly analysis program (HAP) for the
purpose of ascertaining the cooling and heating requirements.

During the process of ANN training, preprocessed data is partitioned randomly into
three subsets: a training dataset, which usually constitutes 70% of the data; a test dataset,
which constitutes 15% of the data; and a validation dataset, which constitutes 15% of the
data [20].

The evaluation of the optimized ANN predictive performance and precision is con-
ducted through statistical analysis. Energy performance of buildings initially takes into
account two primary parameters: cooling and heating. This form of ANN is fed with
experimental data and trained using cooling and heating settings.

2.1. Multi-Layer Perceptron (MLP)

McCulloch and Pitts [21] pioneered artificial neural networks (ANN) in 1943. Due
to their capacity to map parameters non-linearly, artificial neural networks have been
used in statistical investigations recently. MLP has several data sources, representational
capability, and structural flexibility [22]. Thus, it has outperformed all previous artificial
neural networks in prevalence and acceptance. MLPs are feedforward neural instruments
and universal approximates learned via backpropagation [23]. MLPs use neurons to
approximate every input–output mapping. Figure 1 shows the ANN’s input, output, and
hidden layers. Neurons in adjacent layers are also connected [24].
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2.2. The Used Algorithms

This study compares two types of neural networks: Multi-Layer Perceptron and Radial
Basis Function (both using MATLAB R2020b and Statistical Package for the Social Sciences
(IBM SPSS 20)). The goal is to find the best algorithm that balances accuracy, authenticity,
and performance.

2.2.1. Levenberg–Marquardt Algorithm (MLP_LM)

The Levenberg–Marquardt algorithm (LMA or LM), a type of training of Multi-Layer
Perceptron, is a technique for finding the best non-linear function that matches a given
set of data. The algorithm was first published by Kenneth Levenberg in 1944. The LMA
combines the Gauss–Newton algorithm (GNA) and the gradient descent method. The LMA
is more robust than the GNA, which means that it can work even when the initial guess is
not close to the optimal one. However, the LMA is usually slower than the GNA when the
function and the initial guess are reasonable [25].

2.2.2. Multi-Layer Perceptron (MLP_SCG)

The MLP is a method that trains a neural network using a Scaled Conjugate Gradient
algorithm that has multiple layers of units. The units in each layer are connected to the
units in the next layer by weights [26], which are adjusted during the training process.
The MLP_SCG can automatically select the best architecture, the number of layers, and
the neurons in hidden layers, or the user can manually set it. It also has three methods of
rescaling the data to reduce the differences between the variables: standardized, normalized,
and adjusted normalized [27].

2.2.3. Radial Basis Function (RB)

Radial Basis Function is a type of neural network that can learn from data and make
decisions for different applications. It is a supervised learning model that has multi-layers.
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The input layer uses radial basis functions, which are functions that depend on the distance
from a center point, to map the data to a hidden space. The output layer uses linear
combinations of the hidden units to predict or classify the data. The RB model has two
steps of training: first, it clusters the data using some methods, and then it estimates the
weights between the hidden and output units. The RB model has a faster learning speed
than the Multi-Layer Perceptron (MLP) model because it only needs to train the weights in
the second step [28].

3. Statistical Analysis and the Used Data

The aim of this study is to find the best ANN for higher accuracy, as stated before. The
research question is answered by following the systematic approach shown as a flowchart
in Figure 2.
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3.1. The Used Data

Before estimating the cooling load of any building, some basic information is neces-
sary to design an appropriate HVAC system, like building location, orientation, weather
conditions, building spacing, building materials, etc. The more exact the information is, the
more accurate the load estimated will be. The shape of a building significantly impacts its
energy performance and thermal comfort. Its shape depends on factors like the orientation,
window-to-wall ratio, climate, and occupancy patterns. Common shapes include rectangle,
L-shape, T-shape, U-shape, H-shape, and rectangle with interior-shape (see Figure 3). In
fact, one of the goals of this study is to reduce the time required for thermal load calcula-
tions when there are multiple probabilities for the outcome of complex buildings. Several
building applications, such as swimming pools, theatres, commercial buildings, stadiums,
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and residential buildings, impose restrictions. However, with the help of a specialized
program called HAP that contains all these applications, it is easy to access accurate infor-
mation. It can predict thermal loads for both simple and complex buildings. A rectangular
building has less heat loss or gain through the walls, which reduces the heating and cooling
loads. It also has less natural ventilation and daylight, requiring more mechanical sys-
tems. An L-shaped building offers more solar exposure and natural ventilation, increasing
thermal comfort but increasing the heating and cooling loads. T-shaped and H-shaped
buildings offer more solar exposure but may have disadvantages like increased heat loss,
uneven loads, and increased cooling and structural loads. A U-shaped building creates a
courtyard, improving thermal comfort but also increasing heating and cooling loads. The
six building shapes used in this study were generated using the hourly analysis program
(HAP) by Carrier. This is a specialized program for calculating cooling and heating loads
and simulating buildings, which uses the transfer functions method and the heat balance
method. These methods require a complex and lengthy data input compared with the basic
version of calculating a cooling load using the transfer function method, which is to use the
one-step procedure, which was first presented in the ASHRAE Handbook of Fundamentals in
2009 [29]. This method is called the cooling load temperature difference (CLTD) method.
In this method, hand calculations are used to calculate the cooling load. Hand calculations
are performed for a small portion of the building, and Figure 4 shows the dimensions.
The buildings considered in this study are supposed to be located at 20.4 E longitude and
48.6 N latitude in Miskolc, Hungary at an elevation of about 130 m above mean sea level.
In Miskolc, the summers are warm, the winters are cold and sometimes snowy, and it is
partly cloudy year round. Over the course of the year, the temperature typically varies
from −4 ◦C to 27 ◦C and is rarely below −11 ◦C or above 33 ◦C. The peak heating load for
the winter occurred on December 14, when the outside temperature was −9 ◦C. The peak
cooling load for the summer occurred on July 17, when the outside temperature was 34 ◦C.
The inside temperature was always considered to be 22 ◦C.
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All the buildings have the same floor area (200 m2) and height (6 m), thus the same
volume (1200 m3). However, they have different shapes and therefore different wall surface
areas and thus total surface areas. The materials used for each component of a building are
the same for all building forms. The newest and most prevalent materials in the building
construction sector, as well as those with the lowest U-value in walls (0.637 W/m2K),
roofs (0.513 W/m2K), windows (3.123 W/m2K), floors (0.568 W/m2K), were used to make
the sample buildings. These buildings were each simulated as residential dwellings in
Miskolc. External heat gains arrive from the transfer of thermal energy from the outside hot
medium to the inside space, mostly in summer. Heat transfer takes place via conduction
through external walls, the top roof, and the bottom ground. Solar radiation heat travels as
electromagnetic waves from the sun and enters the houses through windows and doors.
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The amount of solar radiation depends on the orientation of the windows and doors, the
time of day and year, and the presence of shading devices. The overall shading coefficient
is 0.870 [29], an indicator of how well the glass is thermally insulating (shading) the interior
when there is direct sunlight on the window. Solar radiation can be beneficial for heating
the house in the winter, but it frequently causes overheating in the summer. Ventilation
is the transfer of heat through the movement of air between indoor and outdoor spaces.
Ventilation can provide fresh air and improve indoor air quality, but it can also increase
heat loss or gain depending on the temperature difference between indoor and outdoor air.
The ventilation requirement is 0.3 L/s/m2 [30] for residential dwelling unit applications.
Infiltration is the movement of air through cracks and gaps in the building envelope. Heat
can leak out of the building through poorly sealed windows and doors or enter through
openings around pipes and wires. Infiltration can cause unwanted heat loss or gain, as well
as moisture problems and air quality issues. The enter infiltration is taken for air change
per hour (0.5 ACH) [31]. Other sources are internal heat generation, like in residential
buildings with a maximum of ten occupants (40 W/m2), sedentary activities (67.4 W/m2

sensible heat and 35.2 W/m2 latent heat), miscellaneous loads (60 W/m2 sensible heat and
55 W/m2 latent heat), electric equipment (2.69 W/m2), and light (10.76 W/m2). Thermal
characteristics were determined using mixed modes with 95% efficiency, a thermostat range
of 24–18.3 ◦C, and 15–20 h of operation on weekdays and 10–20 h on weekends. Clearly,
valid and sufficient data have been regarded as the essential tool to make the most use of
the techniques proposed in this paper. Each input parameter corresponds to a different
attribute of the structure. For example, the relative compactness (RC), which is the ratio of
surface area to volume [32], is determined as follows [33]:

RC = 6V2/3 A−1, (1)

where A and V are the building surface area and volume, respectively. For a cuboid-shaped
building, its value is unity, thus for any other rectangular building, it is smaller than 1.

Buildings 2023, 13, x FOR PEER REVIEW 8 of 28 
 

 
Figure 4. Dimensions of the buildings. 

Table 1. The assumptions and conditions used to generate the database. 

Features Values and States 
Number of building 6 

orientations 4 
Glazing areas 5 (5%, 10%, 15%, 20%, and 30%) of the floor area. 

Distribution scenarios 5 
Building volume 1200 m3 

This results in 6 × 5 × 5 × 4 = 600 samples for the glazed system, thus the total number 
of the examined possibilities is 600 + 24 = 624. The study focuses on the residential buildings’ 
heating load and cooling load parameters, respectively. These parameters depend on seven 
factors: RC, exposed area, wall area, roof area, glazing area (which is the total area of the 
glazing including the frame and sash [34]), orientation, and glazing area distribution. 

Table 2 summarizes the main statistical criteria used to analyze the data: mean, stand-
ard error, median, mode, standard deviation, sample variance, skewness, and minimum 
and maximum values. 

Table 2. The statistical analysis of energy-efficient design on eight features of the efficient building. 

Characteristics Mean Median Min. Max. Std. Deviation Standard Error Variance Skewness 
Direction 2.5 2.5 1 4 1.119 0.045 1.252 0.0 

Dist. of AW 7.02 7 0.0 14 3.981 0.159 15.852 0.065 
Exposed Area 633.73 648 500 716 53.818 2.154 2896.377 −1.021 

Roof Area 193.08 200 140 200 11.260 0.451 126.793 −1.926 
RC 0.678 0.658 0.5961 0.8537 0.0639 0.00256 0.004 1.316 

Wall Area 440.65 453 300 516 53.645 2.148 2877.819 −1.044 
Window Area 30.77 30 0 60 17.972 0.719 323.003 0.324 
Cooling Load 24.4 23.5 14.5 42.7 5.7738 0.231 33.33 0.717 
Heating Load 22 22 16.6 26.5 1.9871 0.0795 3.949 −0.058 

3.2. The Main Equations 

Figure 4. Dimensions of the buildings.

The study compares the structure with and without windows. For the unglazed
system, it analyzes six different building types with four orientations, which yields 24 cases.
For the glazed system, Table 1 summarizes the used possibilities. There are six building
shapes, depicted in Figure 4. There are four orientations of the building, N, E, S, or W.
We examined five glazing areas, namely 5%, 10%, 15%, 20%, or 30% glazing area of the
floor area. Five distribution scenarios were used in the study. Finally, we generated five
window-distribution scenarios for each building shape, orientation, and glazing area. In
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each scenario, the windows were distributed into two of the five surfaces (N, E, S, W, and
the horizontal roof), with half of the windows.

Table 1. The assumptions and conditions used to generate the database.

Features Values and States

Number of building 6
orientations 4

Glazing areas 5 (5%, 10%, 15%, 20%, and 30%) of the floor area.
Distribution scenarios 5

Building volume 1200 m3

This results in 6× 5× 5× 4 = 600 samples for the glazed system, thus the total number
of the examined possibilities is 600 + 24 = 624. The study focuses on the residential buildings’
heating load and cooling load parameters, respectively. These parameters depend on seven
factors: RC, exposed area, wall area, roof area, glazing area (which is the total area of the
glazing including the frame and sash [34]), orientation, and glazing area distribution.

Table 2 summarizes the main statistical criteria used to analyze the data: mean, stan-
dard error, median, mode, standard deviation, sample variance, skewness, and minimum
and maximum values.

Table 2. The statistical analysis of energy-efficient design on eight features of the efficient building.

Characteristics Mean Median Min. Max. Std.
Deviation

Standard
Error Variance Skewness

Direction 2.5 2.5 1 4 1.119 0.045 1.252 0.0
Dist. of AW 7.02 7 0.0 14 3.981 0.159 15.852 0.065

Exposed Area 633.73 648 500 716 53.818 2.154 2896.377 −1.021
Roof Area 193.08 200 140 200 11.260 0.451 126.793 −1.926

RC 0.678 0.658 0.5961 0.8537 0.0639 0.00256 0.004 1.316
Wall Area 440.65 453 300 516 53.645 2.148 2877.819 −1.044

Window Area 30.77 30 0 60 17.972 0.719 323.003 0.324
Cooling Load 24.4 23.5 14.5 42.7 5.7738 0.231 33.33 0.717
Heating Load 22 22 16.6 26.5 1.9871 0.0795 3.949 −0.058

3.2. The Main Equations

To estimate the thermal comfort of residents, this study applies intelligent models. The
models’ accuracy is measured by three criteria: R2, MAE, and RMSE. Previous research has
extensively validated and confirmed these criteria. Equations (2)–(4) show the formulae for
these criteria, which contrast the observed and predicted values of the thermal comfort [35].

R2 = 1−
[

N

∑
i=1

(Qipredicted −Qiobserved)
2

/
N

∑
i=1

(Qiobserved −Qiobserved
)2

]
, (2)

MAE = (1/N)
N

∑
i=1

∣∣∣Qiobserved −Qipredicted

∣∣∣, (3)

RMSE =

√√√√(1/N)
N

∑
i=1

[
Qiobserved −Qipredicted

]2

. (4)

The normalized root-mean-square deviation (NRMSD) depends on RMSE. The equa-
tions above show how to compare the actual and predicted values of HL or CL for an
efficient building, which are denoted by Qiobserved and Qipredicted , respectively. The term N
represents the total number of samples, and Qiobserved

is the average of the actual values of
HL (or CL).
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4. Results and Discussion

This study applied MLP and RB neural networks with three algorithms (LM, SCG,
and RB) described in Section 2 to simulate the HL and CL of the residential building. The
algorithms were implemented using MATLAB R2020b and IBM SPSS 20 statistics software.
The dataset used to train the proposed network consisted of 624 samples, with seven
independent factors affecting the HL and CL values, as explained earlier. A 70, 15, and
15 split was used to divide the data into training, testing, and validating sets, respectively.
The performance of the models was evaluated using R2, MAE, and RMSE, which are widely
used in the literature [36]. To obtain the optimal structure of the models, an extensive trial
and error process was conducted. The prediction results of each model for the HL and CL
values were presented and discussed in detail.

To validate our results, we compared the predicted data with the experimental data
collected by HAP, explained in Section 3.1, based on the CL and HL parameters. We used
R2 as a criterion for the predicted data. Figure 5 shows the comparison of the predicted data
with the experimental data. The results indicate that the LM model has the best prediction
performance among all models. The analytical results are also in good agreement with
the experimental data, which confirms the reliability of the ANN training process using
different algorithms. The RB model, however, has the lowest prediction accuracy and fails
to optimize the ANN parameters effectively. The SCG model can be a suitable alternative
to the LM model and provides accurate results and predictions, but it is still less accurate
than the LM model. Figure 6 presents a graphical comparison between the predicted and
actual values of HL and CL for each model. Figure 7 displays the histograms of the errors
for each model and parameter. These figures illustrate the prediction capability of each
model and the error distribution. The error analysis shows that the LM model has less error
in prediction. Figure 6 also shows how close the experimental data and the prediction data
are for each sample number using the LM, SCG, and RB models for HL and CL parameters.
As mentioned before, we used the prediction data to verify the accuracy and validity of
our analysis. Therefore, we compared the data of LM, SCG, and RB models for HL and CL
parameters in detail and measured their deviation from the target data.

1 
 

  
(a) 

 
(b) 

 
Figure 5. The result of R2 values for the data predicted by three neural networks: MLP_LM,
MLP_SCG, and RB (a) for the heating load and (b) for the cooling load.
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Tables 3 and 4 show the values of these criteria for each model and parameter. A lower
RMSD value indicates a higher accuracy of the model. The LM model has the lowest RMSD
values for both HL and CL parameters (0.348 and 0.947, respectively), which means it has
the highest accuracy among all models. The RB model has the highest RMSD values and
the lowest accuracy. The NRMSD value is another measure of accuracy, with a lower value
indicating a better performance. The LM model has the lowest NRMSD values for both
parameters, which confirms its superior performance. The R2 value is a measure of how
well the model fits the data, with a higher value indicating a better fit. Tables 3 and 4 show
that the LM model has the highest R2 values for both parameters, which means it has the
best fit to the data. The MAE value is a measure of the average error of the model, with a
lower value indicating a smaller error. In the tables, the LM model has the lowest MAE
values for both parameters (0.273 and 0.682, respectively), which means it has the smallest
error among all models. Based on these results, we can conclude that the LM model is the
best model for optimizing the ANN parameters and predicting the target data.
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Table 3. Performance measures of the models for the HL parameter: RMSE, R2, and MAE.

Models RMSD NRMSD R2 MAE

LM 0.348 0.0157 0.973 0.273
SCG 0.371 0.0168 0.961 0.287
RB 0.746 0.0338 0.902 0.609
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Table 4. Performance measures of the models for the CL parameter: RMSE, R2, and MAE.

Models RMSD NRMSD R2 MAE

LM 0.947 0.0388 0.93 0.682
SCG 1.226 0.0502 0.787 0.811
RB 2.185 0.0895 0.457 1.615

The thermal energy demand necessary to maintain an indoor comfort zone within
a building is commonly referred to as the heating and cooling load. This load is subject
to modification based on the architectural characteristics and design of the building. The
heating and cooling demand is influenced by various factors, including but not limited to
the building envelope, orientation, window-to-wall ratio, climate, and occupancy patterns.

The results of the analysis show that the heating and cooling loads vary significantly
depending on the building shape (exposed area for wall, roof, and RC), orientation, glazing
area, and glazing distribution. The results also show that there is a trade-off between
minimizing the heating load in winter and minimizing the cooling load in summer. The
results indicate that some building shapes are more efficient than others in terms of energy
consumption and thermal comfort.

Our work concludes that the optimal building shape that balances the heating and
cooling load close to the mean value is the L-shape shown in Figure 8. This is beneficial
because it allows for the use of smaller and more efficient HVAC systems compared to all
other shapes except the rectangular one. This can lead to lower energy costs and reduced
carbon dioxide emissions. Additionally, having a balanced heating and cooling load can
help maintain a comfortable indoor environment by reducing temperature fluctuations [37].
Also, the best orientation for this shape is south, which allows maximum solar gain in
winter. The design area has a moderately cold climate that requires heating for about
half of the year. Furthermore, the best glazing area for this shape is 20%, which provides
sufficient daylight and ventilation without causing excessive heat loss or gain. From this
point of view, the L-shape is better than the rectangular shape. Finally, the best glazing
distribution for this shape is on the east and south sides, which optimizes the solar exposure
and shading effects throughout the day. In this case, the building has a heating load of
22.5 kWh and a cooling load of 24.5 kWh for the temperatures given in Section 3.1, which
are both close to the mean values in Table 2 of 22 kWh and 24.4 kWh, respectively. This
model’s heating and cooling values are the closest to the mean value compared to the other
624 models.
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5. Numerical Simulation

The final part of this research numerically simulates the walls of this building for the
winter and summer seasons based on the peak load of each season. The simulation does
not include other components that affect the heating and cooling load, such as the roof,
ventilation, leakage, glass load, and internal loads from people, lighting, etc. These factors
are only considered in the steady-state case. The transient simulation uses December and
July as representative months.

5.1. The Equation and Its Discretization

We can describe how heat moves inside a solid material that has homogeneous prop-
erties and also has a source of heat using a type of equation called a linear parabolic PDE.
This Equation (5) is based on the simplest form of Fourier’s law of heat conduction.

∂u
∂t

= α∇2u + q, (5)

where q represents the amount of heat that is generated or added to the material,
u = u

(→
r , t
)

is the temperature, and α is the thermal diffusivity, which is given as

α = k/(cρ), where k = k
(→

r , t
)

, c = c
(→

r , t
)

, and ρ = ρ
(→

r , t
)

are the thermal conductivity,
specific heat, and the density of the material, respectively.

Convection, which is the heat transfer between the material and the surrounding air,
depends on the difference between the temperature of the material u and the temperature of
the air ua. Newton’s law of cooling suggests that a term K(ua − u) can describe convective
heat transfer [38]. Consequently, it makes sense to include the Kua term in the expression q,
which represents the heat source. The radiation heat loss depends on the fourth power of
the temperature of the material u. The expression for radiation includes the proportionality
constant σ, which is related to the Stefan–Boltzmann constant and the surface area [39].
The term −σu4 can represent the amount of heat that a surface area loses by radiation. The
proportionality constant σ is now equal to the Stefan–Boltzmann constant multiplied by
the surface area in [k/s], so we divided it by (cρ.∆x) to obtain the heat loss in [W]. The heat
source q, convection term K, and the outgoing radiation −σu4 can be combined and added
to the heat source q in the heat conduction equation., which also has a term α that describes
how well the material can conduct and store heat. The extended equation is:

∂u
∂t

=
1

ρ(x)c(x)
∇(k(x)∇u) + q. (6)

where u = u(
→
r , t) is the temperature in Kelvin, t is the time in seconds, and q is the heat

generation in K/s.
A wall segment with an area of 1 m2 is examined, where the temperature is supposed

to change only along the x direction. It means that although we simulate a 3D domain,
mathematically we have a 1D problem. The number of cells in the y and z direction was
1, so ∆y = ∆z = 1 and the volume of a cell is ∆x. The space is divided to obtain a

one-dimensional array of cells with cell centers, (xi) =

(
i− 1

/
2

)
∆x, i = 1, . . . , N , where

N is the overall number of cells. Since the material boundaries are always positioned
onto the cell borders, the average conductivity (ki + ki+1)/2 can be used between the two
neighboring cells to describe heat conduction between them. By applying the central
difference formula in one dimension, we can obtain the following spatially discretized form
of Equation (6):

dui
dt

=
1

ciρi∆x

(
ki + ki+1

2
ui+1 − ui

∆x
+

ki + ki−1

2
ui−1 − ui

∆x

)
+ q− Kui − σui

4, (7)
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where ui , ρi, and ci are cell variables. The heat capacity of the cell is Ci = ciρiVi = ciρi∆x.
The thermal resistance in the x-direction between two cells has the approximate equation
Ri,i+1 ≈ ∆x/ki,i+1 between two adjacent cells with the same material. If the material
properties are different, we can write for the resistance between two cells i and i + 1 that
Rxi, i+1 ≈ 2∆x

ki+ki+1
. Then, we can use these quantities to write an equation for how each cell

variable changes over time.

dui
dt

=
ui−1 − ui
Ri−1,iCi

+
ui+1 − ui
Ri+1,iCi

+ q− Kui − σui
4 (8)

5.2. The Leapfrog–Hopscotch Structure

The leapfrog–hopscotch algorithm is a finite difference method that can be used to
simulate complex 1D, 2D, and 3D models. It is capable of working with both stiff and
non-stiff systems that may involve compound materials, regardless of whether the spatial
mesh is equidistant or non-equidistant. To use the leapfrog–hopscotch algorithm, we need
to divide the space domain into two different subgroups using a special type of mesh called
a bipartite mesh. The cells or nodes in the first subgroup are odd, and the ones in the
second subgroup are even. The main rule is that, like on a chessboard, all the neighboring
cells of an odd cell must be even and vice versa. We can illustrate this with a 1D interval
x ∈ [x0 , xN ], L = xN − x0 on which coordinates are used to create an equidistant grid
x0 , x1 , . . . , xN of nodes, so xj = xj−1 + ∆x , j = 1, . . . , N, ∆x = L/N . The time domain
is t ∈

[
t0, tfin], and it is discretized as usual: tj = t0 + jh , j = 1, . . . , T , hT = tfin − t0,

where h is the time step size.
Figure 9 illustrates the space–time structure of the leapfrog–hopscotch (LH) method [18].

The method has two half- and several full-time steps. The first step is a half-time step for
the odd nodes, using the initial values. This is shown by a blue half-rectangle in the figure.
Then, the method alternates full-time steps (red rectangle in the figure) for the even and
odd nodes until the end. The last step is a half-time step for the odd nodes, to match the
final time point of the even nodes. This is shown by a blue half-rectangle in the figure.
The key point is that when we calculate the value of node i, we use the latest values of its
neighbors i − 1 and i + 1 in the equations.
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As we showed in the introduction of our previous paper [17], the following set of
formulas are quite effective to solve Equation (8). The first stage is half of the time step to
update the values of the odd nodes with the formula:

u

1
/
2

i =
u0

i + A0
i /2− K∆tu0

i /4

1 + ri + K∆t/4 + σ∆t
(
u0

i
)3/2

(9)

Then, a full time step stage is calculated as

u1
i =

u0
i + A1/2

i − K∆tu0
i /2

1 + ri + K∆t/2 + σ∆t
(
u0

i
)3 (10)

where

An
i = ∆t∑

i

un
i

RiCi
+ ∆t · qi, and ri = ∆t∑

i

1
RiCi

, i = 1, . . . , N , n = 0, 1/2.

The first variable represents the collective effect of the temperature of neighboring cells on
cell i. The second quantity can be thought of as an extension of the mesh ratio, which is
commonly used as r = α∆t

∆x2 . More precisely, the relationship remains valid for Equation (8),
where ri = 2r. Equation (10) is applied until the last stage as well, but then the time step
size must be halved.

Geometry and Material Properties
A cross-section of a wall is considered with dimensions 42 cm in the x and 100 cm in

the y and z direction, as can be seen in Figure 10. The four layers consist of gypsum plaster,
heavy weight concrete, insulation, and face brick. This wall structure is the same and has
the same U value as used in Section 3.1.
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In the current work, the real material properties listed in Table 5 are taken into account.
Note that these coefficients are constants inside a material, that is, they do not change with
time, space, or temperature, but they have a discontinuity at the border of the materials.

Table 5. The properties of the materials used were taken from HAP based on ASHRAE Standard [29].

Layers Thickness (cm) ρ
(
kgm−3) c

(
Jkg−1K−1) k

(
Wm−1K−1)

Gypsum plaster 2 1601.8 840 0.726
HW concrete 25 2242.6 840 1.73

Insulation 5 91.3 840 0.043
Face brick 10 2082.4 920 1.3

5.3. Mesh Construction, Initial and Boundary Conditions

In our one-dimensional simulation, we assumed that the wall thickness is 42 cm. To test
the independence of the results on mesh density, nine meshes with an increasing number
of cells along the x-axis were used for the four layers of wall starting from ∆xi = 1.0 cm
(Nx = 42) until ∆xi = 0.1 cm (N = 420). The heat loss was calculated according to the
number of cells. Figure 11 shows that when we increase the number of cells to more than
336, the heat loss remains approximately the same. Therefore, we chose that mesh with
∆xi = 0.125 cm, where the number of cells in each layer was N1 = 16, N2 = 200, N3 = 40,
and N4 = 80. The simulation time is one month for the winter season and for the summer,
and both contain 31 days, thus tfin = 2, 678, 400s serves as the final time (the end of the
examined time period). The duration of each time step is also expressed in seconds, first
with h = 100s.
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Figure 11. Illustrates the accumulated heat loss for December as a function of the total number of
cells along the x-axis, in the case of four layers at the south wall.

Convective and radiation heat transfer occur in the x-direction, which is the direction
of heat transfer depicted in Figure 10. Table 6 summarizes the boundary inside and outside
condition of heat transfer for winter season convection coefficients (hc), temperature and
emissivity (ε) of the surfaces for the inside constant conditions and for the outside changing
with time depending on the ambient conditions. The inside boundary condition is taken
to be the constant comfort zone, which is taken from [29]. The outside condition changes
with time depending on the changing weather conditions. The ambient air temperature,
velocity, and the total solar radiation are taken according to real weather conditions in
Miskolc city from 1st December 00.0 a.m. to 31st December 00.0 p.m. [40]. Table 7 shows
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the boundary condition for the summer season and the data are taken according to real
weather conditions in Miskolc city from 1 July 00.0 a.m. to 31 July 00.0 p.m. [40].

Table 6. Convection, radiation, and heat source parameters are present on both sides of the wall
during the winter season [40].

hc

[
W

m2K

]
Temperature [K] ε σ∗

[
W

m2K4×10−8
]

Inside condition 8.3 295 0.9 5.1
Outside condition 0.6–19.6 264–284 0.9 5.1

Table 7. Convection, radiation, and heat source parameters are present on both sides of the wall
during the summer season [40].

hc

[
W

m2K

]
Temperature [K] ε σ∗

[
W

m2K4×10−8
]

Inside condition 8.3 295 0.9 5.1
Outside condition 2.7–16.9 284.2–307 0.9 5.1

We obtain the values of the coefficients in our equations as follows: [38],

K =
hc

cρ ∆x
, σ =

σ∗

cρ ∆x
, σ∗ = 5.678 ∗ 10−9 ∗ ε, q =

q∗

cρ ∆x
+

hc

cρ · ∆x
· ua.

We also supposed that the inside and outside elements have heat sources as follows:

For the inside elements: qin =
1
cρ
× q∗in +

hcin
cρ · ∆x

× uin

For the outside elements: qout(t) =
1
cρ
× q∗out(t) +

hcout(t)
cρ · ∆x

× uout(t)

And K(t) =
hcout(t)
cρ ∆x

, σ =
σout

∗

cρ ∆x
, q(t) =

qout
∗(t)

cρ ∆x
+

hcout(t)
cρ · ∆x

· uout(t)

where q∗in = εinσin(uin)
4 and q∗out(t) = αsunGcout(t) + αLowεoutσout[uout(t)]

4 [41].
The convection heat transfer coefficient for outside elements as a function of air velocity

is estimated as follows [42]:

hcout(t) = 0.6 + 6.64
√

v(t)

v(t): The air velocity [40] is taken every 100 s in December and July [m/s].

uout(t): The outside air temperature is taken every 100 s in December and July [◦C].
uin: The inside air temperature [◦C] on the left side.
Gcout(t): The solar radiation is taken every 100 s in December and July [W/m2]. The
website gives four Gcout(t) functions, one for each orientation of a vertical wall.
αsun: The absorptivity of brick surface to solar radiation, which is taken as 0.9.
αLow: The absorptivity of brick surface to low-temperature thermal radiation, which is
taken as 0.9.

The environment air temperature is taken to be 22 ◦C ≈ 295 K inside, and changes
depending on weather conditions outside.

We calculated the initial temperature inside the wall using the assumption that before
the simulation time, a stationary heat flow with constant flux evolved between the given
boundary values of the inside and outside air temperatures. For example, in the case of
one layer, it yields a linear function of the x variable for the initial condition:

u(x, t = 0) = (uout,initial − uin)x/Lx + uin,
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where uout,initial = 264 K for the winter season, and for the summer season uout,initial= 307 K.
For the multi-layer wall case, the assumption of stationary heat conduction with the

initial values at the boundaries implies that we have to use piecewise linear functions of
the x variable for the initial condition:

qflux = (uout,initial − uin)/
i=4
∑

i=1

Li
Ki

,

where uinitial,Layer,i+1 = ui − (qfluxLi/ki).

5.4. Result for the Simulation of the Wall
5.4.1. Winter Simulation

This paragraph presents the results of a simulation of heat transfer and temperature
distribution in a four-layered wall during the winter season (December). The simulation
shows how the temperature varies across the layers and how much heat is lost from the
inside to the outside of the wall per meter square. Figures 12–15 show the temperature
distribution at the boundary surfaces of the layers when the wall faces North, East, South,
and West directions, respectively. The following observations can be made from the results.
The inside surface temperature (gypsum plaster) and the first cell of the HW concrete layer
are close to the inside air temperature, indicating that these layers insulate from the outside
and do not store much heat.
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Figure 12. The temperature distribution in ◦C as a function of time in days for the four-layer wall
facing North. Border layer means the boundary between two different materials (Border 1 between
gypsum plaster and heavy-weight concrete, Border 2 between HWC and insulation, and Border 3
between insulation and face brick.).
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Figure 15. The temperature distribution in ◦C as a function of time in days for the four-layer wall
facing West.

The first cell of the insulation layer and the outside surface temperature (brick) are
close to the outside air temperature, indicating that the insulation layer has a low thermal
conductivity and reduces the heat loss by storing heat.

The North-facing wall has the largest temperature gradient and the highest heat loss
because it does not receive any solar radiation. For the South-facing wall, the opposite
is true. The East-facing and West-facing walls have approximately similar temperature
gradients and heat losses because they receive approximately similar amounts of solar
radiation. They are intermediate between the North-facing and South-facing walls, but the
east wall is slightly colder than the west wall.

Figure 16 shows that the heat loss per meter squared is the highest for the wall facing
North and lowest for the wall facing South.

5.4.2. Summer Simulation

This section shows the results of a simulation of heat transfer and temperature dis-
tribution in the four-layered wall during the summer season (July), depicted in Figure 10.
The simulation shows how the temperature varies across the layers and how much heat is
gained from the outside to the inside of the wall per meter squared. Figures 17–20 show
the temperature distribution at the boundary surfaces of the layers when the wall faces
North, East, South, and West directions, respectively. The following observations can be
made from the results.



Buildings 2023, 13, 2862 21 of 27

Buildings 2023, 13, x FOR PEER REVIEW 21 of 28 
 

 
Figure 15. The temperature distribution in °C as a function of time in days for the four-layer wall 
facing West. 

Figure 16 shows that the heat loss per meter squared is the highest for the wall facing 
North and lowest for the wall facing South. 

  
Figure 16. Total heat loss distribution in W/m2 as a function of time in days for the wall simulation 
facing North, East, South, and West. 
Figure 16. Total heat loss distribution in W/m2 as a function of time in days for the wall simulation
facing North, East, South, and West.

Buildings 2023, 13, x FOR PEER REVIEW 22 of 28 
 

5.4.2. Summer Simulation 
This section shows the results of a simulation of heat transfer and temperature dis-

tribution in the four-layered wall during the summer season (July), depicted in Figure 10. 
The simulation shows how the temperature varies across the layers and how much heat 
is gained from the outside to the inside of the wall per meter squared. Figures 17–20 show 
the temperature distribution at the boundary surfaces of the layers when the wall faces 
North, East, South, and West directions, respectively. The following observations can be 
made from the results. 

The inside surface temperature (gypsum plaster) and the first cell of the HW concrete 
layer are close to the inside air temperature, indicating that these layers have a high ther-
mal conductivity and do not store much heat. 

The first cell of the insulation layer and the outside surface temperature (brick) are higher 
than the outside air temperature during nights, indicating that the insulation layer has a low 
thermal conductivity and increases the heat gain by storing heat received during the daytime. 
But in the case of the East, West, and especially the South wall, the surface temperature can be 
higher even during the daytime due to solar radiation and the rather high emissivity. 

The North-facing wall has the smallest temperature gradient and the lowest heat gain 
because it does not receive a significant amount of solar radiation. The opposite is true for 
the South-facing wall. The East-facing and West-facing walls are between the North-facing 
and South-facing walls, but surprisingly, the East-facing wall has noticeably higher tem-
peratures and heat gain than the West wall. 

 
Figure 17. The temperature distribution in °C as a function of time in days for the four-layer wall 
facing North. 
Figure 17. The temperature distribution in ◦C as a function of time in days for the four-layer wall
facing North.



Buildings 2023, 13, 2862 22 of 27Buildings 2023, 13, x FOR PEER REVIEW 23 of 28 
 

 
Figure 18. The temperature distribution in °C as a function of time in days for the four-layer wall 
facing East. 

 
Figure 19. The temperature distribution in °C as a function of time in days for the four-layer wall 
facing South. 

Figure 18. The temperature distribution in ◦C as a function of time in days for the four-layer wall
facing East.

Buildings 2023, 13, x FOR PEER REVIEW 23 of 28 
 

 
Figure 18. The temperature distribution in °C as a function of time in days for the four-layer wall 
facing East. 

 
Figure 19. The temperature distribution in °C as a function of time in days for the four-layer wall 
facing South. 

Figure 19. The temperature distribution in ◦C as a function of time in days for the four-layer wall
facing South.



Buildings 2023, 13, 2862 23 of 27Buildings 2023, 13, x FOR PEER REVIEW 24 of 28 
 

 
Figure 20. The temperature distribution in °C as a function of time in days for the four-layer wall 
facing West. 

Figure 21 illustrates that the heat gain per meter squared is lowest for the wall facing 
North and highest for the wall facing South. 

 
Figure 21. Total heat gain distribution in W/m2 as a function of time in days for the wall simulation 
facing North, East, South, and West. 

Figure 20. The temperature distribution in ◦C as a function of time in days for the four-layer wall
facing West.

The inside surface temperature (gypsum plaster) and the first cell of the HW concrete
layer are close to the inside air temperature, indicating that these layers have a high thermal
conductivity and do not store much heat.

The first cell of the insulation layer and the outside surface temperature (brick) are
higher than the outside air temperature during nights, indicating that the insulation layer
has a low thermal conductivity and increases the heat gain by storing heat received during
the daytime. But in the case of the East, West, and especially the South wall, the surface
temperature can be higher even during the daytime due to solar radiation and the rather
high emissivity.

The North-facing wall has the smallest temperature gradient and the lowest heat
gain because it does not receive a significant amount of solar radiation. The opposite is
true for the South-facing wall. The East-facing and West-facing walls are between the
North-facing and South-facing walls, but surprisingly, the East-facing wall has noticeably
higher temperatures and heat gain than the West wall.

Figure 21 illustrates that the heat gain per meter squared is lowest for the wall facing
North and highest for the wall facing South.

The wall simulation presents how the temperature varies in ◦C on the South-facing
side of the building. Figure 22 displays the contour of the temperature distribution for two
different seasons: winter (left) and summer (right). The simulation results are based on
the last midnight of December and July, respectively. One can notice the heat stored by the
wall during the summer night.
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The transient simulation by LH is more realistic and accurate because it uses real data
from the weather website [40] for 2022 and 2023. The steady-state method by HAP is based
on the location, design temperature for winter and summer, and estimated factors that
increase the load to avoid underdesign. The steady-state values are always higher in winter
than the transient simulation values.

Table 8 summarizes the heat loss and gain for the wall based on the simulation and
HAP peak load, i.e., for the coldest and hottest days, respectively. The heat loss is the
highest in winter on December 14, and the heat gain is the highest in summer on 17 July.
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Table 8. The heat loss and heat gain in transient method by LH and steady-state method by HAP.

Methods Winter Summer

Heat Loss [kW/m2] Heat Gain [kW/m2]

Direction N E S W N E S W

LH 17.34 17.16 16.92 17.08 −3.45 −9.745 −12.09 −5.99

HAP 19.35 19.44 19.35 19.43 −4.7 −7.65 −7.8 −7.43

percentage difference 2.7% 3.1% 3.3% 3.2% 7.6% 6.0% 10.7% 5.3%

6. Conclusions

This study applied and compared MLP and RB neural networks with three algorithms
(LM, SCG, and RB) to estimate the HL and CL of a residential building. The buildings
were located in Miskolc, Hungary. The walls of the buildings consisted of gypsum plaster,
HW concrete, insulation, and brick layers. The models were developed and assessed using
624 samples with seven independent factors. The accuracy and error of the models were
evaluated by R2, MAE, RMSE, RMSD, and NRMSD. The results revealed that the LM model
outperformed the other models in terms of prediction accuracy and error minimization.
The LM model also had the best fit to the experimental data; notice that in the histogram
figures, the error is approaching zero compared to the other algorithms, which verified
the validity of the MLP training process. This study demonstrated that the MLP neural
network with the LM algorithm can be an effective method for simulating the HL and CL
of residential buildings.

In the simulation part, we investigated the thermal behavior of the same four-layered
wall with different orientations in winter and summer by using the finite difference leapfrog–
hopscotch algorithm coded in MATLAB. The simulation results showed the variation of
temperature and heat transfer across the layers and the effect of solar radiation on the wall
performance. The results revealed that the insulation layer played a key role in reducing
the heat loss in winter and decreasing the heat gain in summer. The results also indicated
that the wall orientation had a significant influence on the thermal performance, with the
North-facing wall being the most efficient in summer and the South-facing wall being the
most efficient in winter. The West- and East-oriented walls are intermediate between the
North and the South, but surprisingly, the East wall has noticeably higher temperatures
and heat gain in summer than the West wall. The simulation process confirmed that the
steady-state calculations for the most extreme day of the winter overestimate the heat loss.
On the other hand, on the hottest day of summer, the steady-state method can under- or
overestimate the heat gain depending on the orientation of the wall. This study showed
how wall design and orientation can optimize the thermal comfort of a building. Our next
work will simulate the windows and the roof and we will use ANNs to solve the transient
PDE itself, similarly to the work [43].
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Nomenclature

Symbols t Time [s]
ACH Air changes per hour u Temperature [K]
c Specific heat [J/(kgK)] Greek Symbols
C Heat capacity [J/K] α Thermal diffusivity [m2/s]
G Solar radiation [W/m2] ∆ Difference
HAP Hourly analysis program ρ Mass density [kg/m3]
hc Heat transfer coefficient [W/(m2K)] ε Emissivity of the surface

K Convection coefficient [1/s] σ
The Stefan–Boltzmann constant
[W/(m2·K4)]

k Thermal conductivity [W/(m·K)] σ∗
Realistic values of the non-black
body [W/(m2·K4)]

L Length [m] ν The air velocity [m/s]
LH Leapfrog–Hopscotch Subscripts
LMA Levenberg–Marquardt algorithm a Ambient air
Q Heat transfer rate [W] c Convection
q∗ Heat generation [W/m2] in Inside
q Heat source rate [K/s] out Outside
RB Radial Basis Function sun Solar radiation
RC Relative compactness t Time [s]
SCG Scaled Conjugate Gradient x Distance [m]
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