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ARTICLE INFO ABSTRACT
Keywords: The building of walls comprises numerous layers to protect against external environmental variations. Increasing
Prefabricated walls layers through the integration of PCM into the wall as a separate layer improves daily temperature regulation

Extruded polystyrene XPS
PCM cavity
Artificial Neural Network (ANN)

inside buildings but reduces floor area, resulting in no economic justification. This study establishes a design
approach for PCM walls by creating two wall configurations. Then, experimental testing and predictive modeling
release time were conducted using Artificial Neural Network (ANN) trained by Feed Forward Back Propagation (FFBP) al-
Liquid fraction gorithm to assess thermal performance under different environmental conditions and various locations within
Energy saving the prefabricated wall. The thermal behavior of the new fabricated walls is tested and evaluated using external
walls configuration surface temperature, internal surface temperature, and average daily heat fluxes, in contrast to a reference wall.
The results show that the configuration (2) is the best configuration for reducing outer surface temperature by 3
°C and reducing inner surface temperature by 0.53 °C at various outdoor temperatures. The location of PCM in
prefabricated wall near to the outside wall is the optimum location in the summer season rather than the inside
wall. The average daily energy saving decreases gradually with increasing the ambient temperature. in config-
uration (2), the energy saving is about 20 % higher than in configuration (1) at different ambient temperatures.
Also, the artificial neural network model demonstrates high accuracy in predicting temperature profiles and
energy savings without including ambient temperature in the training data set. It turns out that the predictive
model agrees with the experimental tests, with the minimum and maximum relative errors for indoor and
outdoor temperatures being 0.5 to 2 % and 2 % to 4 %, respectively.

Therefore, it is essential to increase the thermal performance of the
envelope, augment its thermal resistance, and minimize the need for

1. Introduction heating and cooling loads. The application of phase change energy
storage can improve inner thermal conditions and reduce building en-

The building and construction sectors account for approximately 36 ergy costs, resulting in increased use of PCMs in building envelopes. As a

% and 37 % of the total energy consumption and resulting CO2 emis- result, many experiments and theoretical studies have been conducted
sions [1]. To reduce emissions of greenhouse gases, it is essential to use to determine how phase change materials affect the ability of walls to
effective measures that regulate building energy usage and limit the transfer heat. W. Li et al. [6] conducted an experimental and compu-
growth of carbon emissions. The design of the building’s envelope and tational analysis to investigate the effects of phase change material
choice of materials are closely connected to the building’s energy con- (PCM) configuration, PCM thickness, and heat flux on the thermal effi-
sumption. In contrast to conventional heavy envelope structures such as ciency of this lightweight envelope room. The findings demonstrate that
reinforced concrete and blocks, lightweight envelope structures pri- the best temperature regulation was achieved with a 15 mm-thick phase
marily use materials such as extruded polystyrene (XPS), expanded change material on the interior side, resulting in a 2.4 °C decrease in the
polystyrene (EPS), EPS foam mortar, polyurethane foam (PU), and room temperature.M.A. Abdelkareem et al. [7] conducted a simulation
various lightweight, porous inorganic insulation materials. While these study on four wall constructions to examine the influence of PCM on the
materials offer effective thermal insulation, their reduced heat capacity thermal performance of lightweight construction walls in Sharjah, UAE.

may result in significant variations in interior temperature[2-5].
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Nomenclature

ANN Artificial Neural Network

G Specific heat of cement board, kJ/kgsc

Cxps Specific heat of Extruded polystyrene, kJ/kgsc
Cpem Specific heat of PCM, kJ/kgsc

Config.1 Configuration 1

Config.2 Configuration 2

ES Energy saving

FFBP Feed-forward back-propagation

GMDH  Grouped-Method of Data-Handling
ML Machine learning
MSE Mean squared error

NSGA III Non-dominated Sorting Genetic Algorithm III
PCM Phase Change Material

Q Heat release, kJ

R Regression value

Ref. Reference wall

SVM Support Vector Machine

T Temperature, °C

t Time, hr

T Melting temperature of the PCM, °C
Tw, in Inner wall temperature, °C

Tw, out Outer wall temperature, °C

Tw, out, p Outer surface temperature Infront of PCM, °C

Tw, out, xps Outer surface temperature Infront of XPS, °C
Tw, in,p Inner surface temperature Infront of PCM, °C
Tw, in, xps Inner surface temperature Infront of XPS, °C
Tp, 1 Phase change temperature inside cavity 1, °C
Tp, c2 Phase change temperature inside cavity 2, °C
Tp, c3 Phase change temperature inside cavity 3, °C
Tp, ca Phase change temperature inside cavity 4, °C
Tavg, p  Average phase change temperature, °C

Tr Room temperature, °C

U Uncertainty

X Thickness, mm

XPS Extruded polystyrene

8 Liquid fraction

A Thermal conductivity, W/msc

p Density, Kg/m>

T Discharge time, hr

Subscript

Avg. Average

C Cavity

in Inner

out Outer

P Phase change material

w wall

Xps Extruded polystyrene

Outcomes indicated that the PCM significantly improved thermal sta-
bility, reduced fluctuations in inner wall temperature, maintained a
temperature between 26 °C and 27 °C, and reduced heat flux by
approximately 78.6 %. Moreover, the maximum energy conservation
can be achieved by employing PCM in the roof and on south-facing
surfaces. Z-a Li et al. [8] conducted experiments and simulation
models to investigate the efficiency of phase change materials for tem-
perature regulation in lightweight structures. The findings indicate that
PCM can reduce peak temperature by 4.9-12 °C, raise the minimum
temperature by 1.1-2.8 °C, and extend thermal comfort hours by 2-5 h.
These structures can achieve reductions of 18.69 % and 49.63 % in peak
cooling demands during summer transitional seasons, respectively.
Furthermore, with an enhanced delay period of 2.67-4 h compared to
the reference wall. Anter et al. [9] investigated the long-term thermal
efficiency of a building wall in Aswan, Egypt, during the summer season,
with and without integration of PCM. The results demonstrated that
PCM application reduces wall temperature and indoor heat flux.
RT-35HC had the superior thermal performance. Nair et al. [10] con-
ducted an extensive analysis of household thermal heating applications
employing phase change materials (PCM). They investigated novel ap-
proaches, essential factors, and the wide range of accessible PCMs.
Recently, several investigations have focused on the impact of the
PCM layer’s placement on the overall efficiency of the building [11-20].
Al-Absi et al. [16] indicated that the perfect placement of the PCM layer
is significantly influenced by climatic conditions, intended application,
PCM melting temperature, latent heat, the mass of PCM, thermophysical
parameters of wall materials, mechanical cooling or heating, and wall
orientation. The positioning of a PCM layer inside a wall is determined
by the thermal characteristics of the PCM and outside conditions, as
indicated by the studies of Jin et al. in References [17] and [18]. The
researchers observed that when the melting point, heat of fusion, and
thicknesses of the PCM rise, the best position of the PCM inside the wall
begins to migrate towards the exterior surface. Conversely, as the tem-
perature of the interior surface rises, the optimum position of the PCM
shifts nearer to the interior surface. Refahi et al. [19] examined the
installation of two PCM wallboard layers and an insulating layer in the
outer walls of a four level building located in Tehran. The results

indicated that using two layers of PCM with different melting temper-
atures can reduce the building’s cooling and heating energy consump-
tion in comparison to a single-layer configuration. Sun, X., et al. [20]
developed a mathematical model to evaluate PCM performance in three
test walls, aiming to find the best placement for heat fluxes with a
reference wall. The results indicated that the fourth layer was most
effective during winter, while the third layer was optimal for both
summer and annual performance. Energy savings were 17.7 %, 20.2 %,
and 23.1 % when PCM was placed in the first, second, and third layers,
respectively.

A significant quantity of researchers advocates locating the PCM
layer nearer to the source of heat.

Jahangir Khan et al. [21] performed an experiment to determine the
optimal position of the PCM layer in a building wall structure. The re-
sults showed that placing the PCM layer closer to the source of heat,
specifically on the inner wall surface instead of the outer surface, led to
slight improvements in thermal efficiency and reductions in temperature
fluctuations. Cao et al. [22] discovered that placing the PCM layer
nearer to the outside environment enhanced efficacy. A numerical
simulation assessed heat transfer efficiency in a residential building in
Oslo, Norway, featuring multi-layer walls with advanced phase change
materials. The study also indicated that increasing insulation thickness
and reducing the thermal conductivity significantly reduces energy
consumption in buildings.

Arici, M. et al.[23] investigated study of the thermal efficiency of
external building walls containing phase change materials (PCM) for
both cooling and heating loads. The results show that putting PCM be-
tween the insulation and external plaster saves the most energy during
heating conditions. On the other hand, putting PCM between the in-
ternal plaster and concrete saves the most energy during cooling
conditions.

The optimal positioning of the PCM layer is significantly influenced
by its melting temperature. Lagou et al. [24] conducted a numerical
analysis to determine the optimal positioning of PCM inside the building
structures, focusing on suitable melting temperatures for PCM in six
European cities across summer and winter. They recommend placing the
PCM layer within the inner wall layer for all scenarios, with optimal
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Fig. 1. (a) Illustration of the experimental setup in schematic form. (b) A photograph of the experimental set up.

melting points of 16 °C, 11 °C, and 20 °C for the southern, central, and
northern regions, respectively, for optimal thermal performance. Dar-
vishi et al. [25] conducted a numerical analysis to determine the optimal
positions of three types of phase change materials with melting tem-
peratures of 21, 23, and 25 °C. The analysis focused on two cities in Iran
with divergent climatic conditions. The researchers concluded that
integrating PCM in the middle region of indoor spaces, whether by direct

placement or proximity, results in decreased thermal load and enhanced
annual energy conservation, regardless of prevailing climate conditions.
The performance of PCM combined LBW is greatly affected by various
factors, including the PCM’s position, latent heat, thickness, thermal
conductivity, density, and phase transition temperature [26].
Data-driven strategies have become increasingly common for eval-
uating energy use in buildings [27]. Machine learning (ML) prediction
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Fig. 2. Front view sections of the two tested walls showing PCM cavities locations and dimensions.

models can assess building energy consumption to support informed
decisions in the construction of energy-efficient structures, using a
database grounded in physical modelling. Machine learning approaches
can reveal hidden layers of connections between independent and
dependent variables in extensive datasets by employing statistical
models as well as algorithms to produce forecasts for automating de-
cisions that focused on establishing energy-efficient buildings with
limited resources [28]. In this regard, various researchers [29-33] have
provided the most effective forecasting models to estimate building
performance without PCM, aligning with the established goals of their
studies by applying multiple machine learning algorithms. Machine
learning approaches utilize PCM integrated into buildings to evaluate
energy consumption in building structures [34] . These methods can
yield an optimal selection of the PCM layer’s thickness, melting tem-
perature, and kind of PCM for the design of energy-efficient buildings,
utilizing simulated or experimental databases. An optimized,
high-performing machine learning predictive model for assessing the
performance of buildings using phase change materials, taking into ac-
count building envelope attributes, environmental factors, and energy
efficiency strategies, may produce generalized outcomes based on fresh
data. Constructing building situations and climates, thereby minimizing
expensive experiments and numerical simulations [35-37]. Yang et al.
[35] enhanced the efficiency of PCM-integrated buildings using the
Non-dominated Sorting Genetic Algorithm III (NSGA III) and developed
an energy consumption (EC) prediction model through a stacking ma-
chine learning approach in Shenzhen, China. The stacking model out-
performed eight different ML models, showing a high correlation
efficiency (R* = 0.97) in predicting energy consumption. Bagheri-Esfeh
et al. [36] investigate the performance of cooling and heating when
integrating PCM in residential buildings in Tehran by using the
Grouped-Method of Data-Handling (GMDH). The results demonstrated
that the R? value was above 0.9 for both heating and cooling energy,
validating the accuracy of forecasting models. In another investigation,
Zhussupbekov et al. [37] developed prediction models using ANN, SVM,
and regression to estimate monthly energy consumption of
PC-integrated systems based on a database related to architectural
design elements. The ANN model was the most effective, achieving an R?
value exceeding 95 % for predicting energy consumption in
PCM-integrated buildings.

Most previous studies on this topic demonstrate that the performance
of PCMs used in walls has been widely evaluated as a separate layer
integrated into building construction for specific climatic conditions,
proving their effectiveness in reducing energy consumption and
enhancing indoor thermal comfort. Furthermore, recent research has

used the Artificial Neural Network (ANN) to analyse the performance of
PCM integrated into buildings, without focusing on the main aim of
ANN: predicting temperatures and heat flux through the wall, and
without including ambient temperature in the ANN training data set.
Accordingly, the current research presents an experimental and
modelling study on the thermal performance of a prefabricated wall
enhanced by integrating PCMs. An experimental setup is established to
test different configurations of PCMs-prefabricated integrated walls with
different thickness and locations of the PCM layers inside the walls.
Monitoring temperature profiles of the wall’s layers and the PCM energy
storage and release processes in summer for a wide range of climatic
conditions is conducted. ANN modelling for predicting temperature
profiles and heat flux throughout the wall is utilised. This step is
accomplished to explore the possibility of applying ANN approaches in
the design step of optimum PCM configuration. Thermal walls, heat
gains, and building energy savings are investigated for the different wall
configurations to determine the configuration with the best thermal
performance.

2. Experimental setup

An experimental setup in the laboratory is designed and constructed
to investigate and assess the performance of various prefabricated PCM-
integrated wall configurations under different climate conditions. The
main objective is to identify the optimal wall configuration that mini-
mizes air conditioning power consumption in buildings and keeps the
temperature level and uniformity conditions. The setup is equipped with
the necessary instruments to regulate the test conditions like tempera-
tures at different locations as well as to conduct accurate measurements
of physical quantities required to analyze the system’s performance. To
figure out the best configuration for the prefabricated wall, the experi-
mental setup is specifically developed to test the walls in both PCM
charging and discharging modes.

2.1. Description of the experimental setup

The experimental setup comprises a temperature-controlled wooden
test room with dimensions of 2 m in length, 1 m in width, and 1 m in
height. The test room is located in a temperature-controlled laboratory
via an air conditioning system. The long side wall of the room has three
500 mm x 500 mm openings/windows to be fitted with the tested walls,
which have the same dimensions as the windows and a 87 mm thickness,
as shown in Fig. 1-a and Fig. 1-b. Each tested wall is covered on the
outside with a heating plate connected to a variable-voltage transformer
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Fig. 3. Side section in the tested walls showing detailed dimensions and PCM location.

Table 1
Thermal Properties of wall materials.

Material Density(p) (Kg/mg) Thermal Conductivity (K) (W/mec) Specific heat (Cp) (kj/kgec) Thickness (X) (mm)
Cement board 1100 0.164 840 6

XPS insulation 35 0.034
Heating Plate - R

1500 75
- 1

Table 2
Thermo-Physical properties of RT 24 (RUBITHERM® Data Sheet) [38].
Physical quantity Value
Melting area 21-25 °C (Main peak 24
°C)
Congealing area 25-21 °C (Main peak 22
Q)
Heat storage capacity (+7.5 %) 160 kJ/kg
Specific heat capacity 2 kJ/kg.K
Combination of sensible and latent heat (in 15-30 °C 42 Wh/kg
range)
Density solid (at 15 °C) 0.88 kg/1
Density liquid (at 35 °C) 0.77 kg/1
Volume expansion 12.5%
Thermal conductivity 0.2 W/m.K
Maximum operation temperature 55°C

to control its temperature. The three tested walls are named as the
reference wall, configuration 1 and configuration 2. The construction of
the three tested walls is shown in Fig. 1a. The reference wall consists of
three layers: an internal and an external cement board layer of thickness
6 mm, and an extruded polystyrene (XPS) insulation layer of thickness
75 mm as the middle layer. In wall configuration 1, the XPS sheet has
three rectangular cavities filled with PCM either in the inner or outer
sides of the wall. Fig. 2-a. and 3-a. shows the geometric dimensions and
locations of the three PCM cavities of configuration 1. The wall
configuration 2 is like configuration 1, but it has four PCM cavities
instead of three, with dimensions and locations as shown in Fig. 2-b and
Fig. 3-b. The PCM cavities are filled with phase change materials of RT
24 type [38]. As per the manufacturer’s data sheet, RT 24 has a phase
change heat capacity of 160 kJ/kg for the transition from solid to liquid.
The melting temperature of the RT 24 is within the range of 21-25 °C,

which is close to the conditions typically considered comfortable in-
doors. RT 24 exhibits minimal volume expansion during the phase shift
process, with an expansion rate of <12.5 %. The wall materials’ prop-
erties are listed in Table 1, while the thermophysical specifications of the
PCM material according to the manufacturer’s data sheet are listed in
Table 2,

The main thermo-physical properties of RT24 are measured and
compared with the manufacturer’s data sheet using the differential
scanning calorimetry (DSC) procedure, and the results are found to be
identical to the manufacturer’s data sheet by Nazari Sam, M., et al. [39].

To simulate the walls during day and night, the wall heaters were on
and off and the PCM go to charging (melting) and discharging (solidi-
fications) conditions, respectively. To simulate the daytime in summer,
the heater plate on the outer surface of the wall is turned on to heat the
outer surface of the wall, and its temperature is regulated with the
transformer until reaching the required value, which simulates the
outdoor temperature. The heating power is intended to transfer by
conduction through the wall thickness from outside to inside. In walls
configurations 1 or 2, the phase change material (PCM) absorbs this
heat, and subsequently, this heat does not reach the inner surface of the
wall, causing a reduction of the room cooling load and maintaining the
indoor temperature. During this process, the PCM undergoes a phase
transition from solid to liquid charging phase. At night, the heaters were
placed on off condition and the PCM start to solidify through the dis-
charging process. The tests and processes were repeated at different
conditions according to the following experimental program: wall outer
surface temperature (Simulate day outdoor temperature) 35, 40 and 45
°C wall outer surface temperature (Simulate night outdoor temperature)
16-20 °C
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Fig. 4. Thermocouple distribution inside the Cavity (a) Configuration (1). (b) Configuration (2).
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Fig. 5. illustrates the distribution of thermocouples in the various walls.

2.2. Instrumentations and measuring parameters

Temperature sensors are installed at various locations to measure the
temperature. T-type thermocouples (copper/constantan) are used to
measure the walls and PCM temperatures through the melting process.
Two thermocouples are mounted on the outer layer (Cement Board)
beneath the heating plate to measure the wall surface temperature. Two
additional thermocouples are mounted on the inner surface of the outer
layer (Cement Board) to measure the temperature distribution. Four
thermocouples measure the inner and outer temperatures of the Cement
board’s inner layer. Each PCM cavity is equipped with two thermo-
couples to measure the transient temperature history during charging
and discharging, as shown in Fig. 4. Fig. 5 illustrates the distribution of

thermocouples in the various walls. Another thermocouple is used to
measure the temperature in the test room. The thermocouple readings
are calibrated using a standard thermometer of +0.25 °C accuracy. All
the thermocouple wires are connected to a data acquisition system
(National Instrument NI CDAQ- 9178). The thermocouples channel
(National Instruments NI-9213) is inserted into the data acquisition and
connected to the thermocouples wire to acquire and record their tran-
sient readings via a laptop. The data acquisition was adjusted and pro-
grammed to measure and record all temperature readings every 10 s.
The data were extracted and recorded in an Excel sheet using the Lab-
VIEW program. The uncertainty of the measurement parameters in the
experiment was conveyed using the strategy by Moffat [40] according to
the sensitivity of the measurement instruments and the minimum value
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of each independent variable considered (by equation (1)).
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X1 X2 Xn
The uncertainty in experimental can be refer to the inaccuracy of
thermocouple and voltameter and ammeter has been estimated
+0.2°C,0.3 % and 0.2 % respectively. Based on equation (1) the overall

uncertainty in the experimental data was estimated and found in the
range + 2.5 %.

3. Artificial neural network (ANN) approach

An ANN is the preeminent computer approach employed to study
and comprehend complex engineering challenges. This is a widely
recognized and validated method for forecasting weather and experi-
mental data. Of all methods ANNs have emerged as the most prevalent,
capable of predicting complex results and reducing experimental time.
The structure of the current study is illustrated in Fig. 6, comprising 2
input parameters and 6 outputs. The first input is the outer ambient
temperature (i.e. heater set point 35 °C, and 45 °C), and the second input
is the time at which the PCM temperature is measured. The outputs
which represents thePCM temperature are outer temperature, temper-
ature of PCM for Cavity 1, temperature of PCM for Cavity 2, temperature
of PCM for Cavity 3 inner temperature in front of XPS, inner tempera-
ture. Moreover, the network includes 3 hidden layers with 8-8-4 neu-
rons respectively. Prior to training the network, the data was
standardized and divided into three sets: 80 % allocated for training the
network, 10 % designated for testing the network, and 10 % validating
its performance. The neural network was trained using conjugate
gradient backpropagation with Polak-Ribiére updates algorithm
‘traincgp’. The weights of the neurons are adjusted in the back propa-
gation step to achieve the lowest error between the true and predicted
value. Also, this training algorithm fits well with large size data set used
in the training process. The current study employs two function acti-
vation for the brain’s neural network. The "Tansig" activation function is
employed across the input and hidden layers, whereas the "purelin"
activation function is utilized thereafter. The function is utilized for the
output layer. The quantity of neurons in a hidden layer is determined by
a trial-and-error methodology.

4. Results and discussion

4.1. Temperature distribution for configuration (1) during charging
process

Fig. 7 demonstrates transient temperature distributions of the inner
and outer surfaces of the prefabricated walls and through the different
sections of the wall’s layers for the reference wall and configuration 1
wall. Also, the hourly transient temperatures inside the test room are
shown in the Figure. The profiles are given for three simulated ambient
temperatures, namely 35, 40 and 45 °C in Fig. 7-a, Fig. 7-b and Fig. 7—c,
respectively. At the beginning of the simulation, it can be observed that
the inner wall surface temperature in configuration (1) is less than that
of reference wall, and the difference decreases gradually with time until
it finishes, then the temperature of configuration 1 becomes higher than
the temperature of the reference wall. This can be attributed to the fact
that most of the heat that tends to transfer through the wall of config-
uration 1 is absorbed by the PCM to start the melting process and not
reach the inner surface of the wall, and this absorbed heat decreases
with time until complete melting of the PCM, causing the increase of the
inner wall of configuration 1. However, in the reference wall, all the heat
flux is transferred directly by conduction through the wall, rapidly
raising the wall’s inner surface temperature to its steady state value.
After complete melting of the PCM, the inner surface temperature of
Configuration (1) increases more rapidly than the inner surface tem-
perature of the reference wall, as all the heat is transferred by conduc-
tion (no further part consumed in PCM melting), and due to the thermal
conductivity of PCM being higher than that of XPS. So, it can be
concluded that using PCM material in prefabricated walls contributes to
reducing the inner surface temperature of the wall by 3 °C than refer-
ence wall. Also Fig. 7, shows that at the start, the interface inner tem-
perature between the cement board layers and the XPS layer in
configuration 1 is less that of the reference wall due to the heat absorbed
by the PCM but the differences decreased with increasing the absorbed
energy until it become lower than the reference wall temperatures after
complete melting due to the high thermal conductivity of the PCM
compared to XPS. The PCM liquefied and released the stored heat when
the ambient temperature exceeded its melting point. Fig. 7 also indicates
that the temperature of the phase change material (PCM) at the begin-
ning of the experiment is nearly equivalent to its solidification
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Fig. 7. Temperature distribution for Configuration (1) at different ambient temperatures.

temperature. As the discharge process begins, the temperature of the
PCM increases gradually over time until the charging process is fully
complete. The duration needed for the PCM to approach the outside
temperature is referred to as the discharge time. The temperature of the

PCMs at the upper position was dramatically higher than that at the
lower position as the melting process occurred more rapidly for the
PCMs positioned at the top. Nevertheless, the temperatures of the phase
change materials (PCMs) at the upper and lower places converged
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Fig. 8. Temperature distribution for Configuration (2) compared with the reference wall at different ambient temperatures.

during the solidification process. Additionally, Fig. 7 indicates that the
external surface temperature between the cement board and the PCM
cavities was lower than that of the reference wall. This is a result of the
PCMs absorbing and storing the solar heat, comparing Figs. 7-a, b, and ¢

reveal the reduction in discharge time in the PCM cavity when the
ambient temperature rises from 35 40 to 45 °C. This is also ascribed to
the augmentation of the heat transfer rate from the surroundings to the
PCM cavity, resulting from an increased temperature differential, which
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Fig. 9. Effect of PCMs layer location in the wall.

allows a more rapid discharge rate and a reduced discharge time. Also,
the comparison shows that the external surface temperature between the
cement board and the PCMs cavities is decreasing when the ambient
temperature increases.

Fig. 8 illustrates the hourly transient temperature profiles for the
wall configuration (2) compared with the profiles of the reference wall
under various outdoor ambient temperature conditions that were
adjusted using plate heaters, which simulate the solar heat flux. At the
start and during the PCM melting inside configuration 2, the reference
wall exhibited the highest exterior temperature compared with wall
configuration 2. Also, the external cement board wall layer of configu-
ration (2) has a lower temperature than the reference wall. This is
because in configuration 2, the solar energy simulated by the heating
plate was absorbed and retained within phase change materials (PCMs).

The maximum temperature difference between the external surface
temperature of configuration (2) and the reference wall at ambient
temperatures of 35 °C, 40 °C, and 45 °C was approximately 3.1 °C, 2.7
°C, and 2.3 °C, respectively. Initially, during the melting process, the
internal surface temperature of configuration (2) is lower than that of
the reference wall at ambient temperatures of 35 °C, 40 °C, and 45 °C by
0.53°C, 0.4 °C, and 0.25 °C, respectively. Throughout the entirety of the
melting process, the internal surface temperature of the configuration
(2) wall remained lower than that of the reference wall and after com-
plete melting, the internal surface temperature of the reference wall
became lower than that of configuration (2). Fig. 8 indicates that the
discharge time decreased as the ambient temperature increased; it was
13 h, 10 h, and 8 h at ambient temperatures of 35 °C, 40 °C, and 45 °C.

Temperature distribution at ambient Temperature 40°C
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10



Liquid Fraction (6)

R.M. Saleh et al.

Liquid Fraction for Configuration (1) at ambient Temperature 35°C
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Liquid Fraction for Configuration (2) at ambient Temperature 35°C
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Fig. 11. Liquid Fraction for Configuration (1) and Configuration (2) at various ambient temperatures.

4.2. Effect of PCM location

Two placements of the PCM locations, near the outside or the inside
cement wall layer, as shown in Fig. 3, were investigated. These two

11

locations were named as near outside and near inside in the following
discussion. The placement of the PCM within the wall dictates the de-
gree of its interactions with the external surroundings and the indoor
room. Fig. 9 illustrates and compares the temperature profiles
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performance of the wall of configuration (1) with both locations of the
PCMs outside and inside locations. Fig. 9 demonstrates that placing the
PCM near the outside wall surface lowers the peak temperature more
than placing it near the inside location. Also, in locating the PCM near
the outside, the PCM melting process/discharge occurred more rapidly
and was completed faster, as it is very close to the outside surroundings.
In addition, this location makes the transfer of the PCMs stored heat to
the indoor room very slow and ineffective due to the substantial thermal
resistance of the XPS wall layer. Similarly, when PCM has been placed
adjacent to the inner wall surface, the melting process is not expected to
be complete, and the internal surface temperature is lower than the
internal surface temperature when PCM is located near the outside
surface. However, it is suggested to place the PCM layer adjacent to the
interior environment in building heating to use the accumulated thermal
energy for regulating indoor air temperature during cold seasons. The
same trends of the temperature profiles of the two locations of the PCMs
in wall configuration 2 were noticed to be similar to those of configu-
ration. So, it can be concluded that (i) in hot regions where air condi-
tioning cooling is required, it is recommended to place the PCMs near
outside and (ii) in cold regions where heating air conditioning is
required, it is recommended to place the PCMs near the room indoor.

4.3. Comparison between configuration (1) and configuration (2)

Fig. 10 illustrates and compares the hourly temperature profiles of
configuration (1) and configuration (2) at an ambient temperature of 40
°C as an example. It was clear that the peak temperature of the external
wall for configuration (2) is slightly lower than the peak temperature for
configuration (1) by 0.8575 °C due to the heat absorbed and stored from
the PCMs in configuration (2) being higher than that in configuration
(1). Furthermore, the average melting duration of the PCM in configu-
ration (2) is 3 h longer than in configuration (1), likely attributable to
the augmented thickness of the PCM, which results in an extended
discharge time. Additionally, the internal surface temperature of
configuration (2) is 0.4 °C lower than that of configuration (1), due to
heightened thermal resistance and reduced heat transmission to the
internal surface. The analysis clearly indicates that configuration (2) is
the most efficacious approach for reducing indoor fluctuation in tem-
perature So it can be concluded that augmenting the thickness of phase
change materials (PCMs) improves the thermal resistance and mass of
the wall, resulting in an extended discharge period.

4.4. PCM Liquid fraction profiles

Fig. 11 depicts the liquid fractions for configurations (1) and (2) at
different ambient temperatures when phase change materials (PCMs)
were positioned toward the outer surface of the wall. The phase tran-
sition of solidification and melting transpires at variable outside tem-
peratures. Liquid fraction is a non-isothermal process, meaning it does
not occur at a single temperature but over a Temperature range. When
melting begins, once the local temperature exceeds the onset melting
point, it continues progressively as heat penetrates deeper into the
material. The shape and slope of the liquid fraction curves also reflect
the heat transfer mechanisms and temperature gradients within the
cavity. Positions closer to the heated wall reach higher temperatures
earlier, resulting in a faster rise in liquid fraction and an earlier
completion of melting. Conversely, regions farther from the heat source
exhibit delayed melting due to weaker heat conduction and convective
effects in the liquid phase. Consequently, the total melting time depends
strongly on both the position and thermal boundary conditions. For
simplicity, the calculation to estimate the liquid fraction assumed as a
linear relationship between liquid fraction and temperature and ignores
the complex, nonlinear behavior (the mushy zone dynamics), it in-
troduces a variable known as the liquid fraction (§), which may be
computed using the Eq. (2) [41].
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Fig. 12. Training, validation and testing losses of (ANN) model during
training process.
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Where T is Temperature and subscripts S,L represent the PCM solid
and liquid temperature, respectively.in this study, the solidification
temperature and liquid temperature of PCM are to Ts = 21°C and T; =
25°C.

Fig. 11 also shows that increasing the ambient temperature mainly
reduces the PCM melting time across all configurations. The heat
transfer behavior within the PCM cavity can be described by four
distinct stages corresponding to the solid-liquid phase transition process
[42]. In the initial stage, heat is conducted from the left wall into the
PCM cavity, where conduction is the primary mode of heat transfer. As
the PCM starts to melt, buoyancy effects intensify, leading to the gradual
development of natural convection. Consequently, heat transfer occurs
through a combined mechanism of conduction and convection. During
the third stage, natural convection becomes the dominant heat-transfer
mechanism. Once the melting is fully completed, the PCM’s latent heat is
depleted, marking the fourth stage in which heat storage takes place
mainly in the form of sensible heat. Configuration (2) has a longer
melting time than configuration (1) due to the greater number of cavities
in the prefabricated wall. The melting time for configurations (1) and (2)
decreases by 30 % and 40 % by increasing the ambient temperature from
35 °C to 40 °C and 45 °C. Therefore, increasing the number of cavities in
the wall increases the melting time. This is because the decrease in
cavity height near the outer wall reduces convection heat transfer inside
the cavity.

4.5. Analyzing the performance of walls by (ANN)

The computational model has been trained from the gathered dataset
at two ambient temperatures (35 °C and 45 °C) by utilizing output data
such as outer, inner, and PCM melting temperatures from experimental
testing. The training process was accomplished using the Polak-Ribiere
conjugate algorithm. Fig. 12 displays the loss vs. epoch graph, which
illustrates fluctuations in loss over the computational model’s training
process. The term "loss" denotes the error or deviation between the
model’s predicted output and the actual ground truth. The x-axis of the
graph denotes the epochs, which are iterations across the complete
dataset during training. Throughout training epochs, the model persis-
tently updates and computes the loss, depicted on the y-axis of the
graph. The model underwent 488 epochs to reach a minimum (MSE). A
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Table 3
Evaluation of metrics for regression analysis [42].
Abbreviation Parameters Formula Definition Equation
R Correlation R = Indicates the strength and direction of the linear correlation between the 3)
coefficient Zf‘i 1 i =y (5 - 3 actual and predicted values.
2 ~ o 2
\/ S 0 =o)L [ (5 - 37
MSE Mean Squared 1 N - the average of the squared deviations between the actual and predicted values 4
4 MSE = =3 (-5’ 8 q P @
Error N i=1
(@) : R=0.99886 (b) : R=0.9994
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Fig. 13. Regression analysis of Training, validation, Testing through the wall (a) outer Temperature. (b) PCM melting temperature. (c) inner temperature.

declining loss trend signifies enhanced predictive ability, demonstrating
the model’s approach to optimal parameters. The assessment of training,
validation, and testing datasets results in a final loss value of 0.023212
at epoch 482. These findings suggest that the FFB ANN is effective in
predicting the outer, inner , and PCM melting temperatures of Config-
uration (2). The constructed ANN exhibits superior efficacy in predicting
temperature versus time curves under various ambient temperatures,
eliminating the need for a more intricate ML model. The machine
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learning performance metric is used to evaluate model accuracy. The
regression metrics are presented in Table 3.

The contrast of the actual and predicted outer temperatures, inner
temperature and PCM transition melting of the configuration (2) is
illustrated in Fig. 13. The statistical analysis indicated that the network
topology 2-8-8-4-6 is appropriate for the model. The MSE and R values
for the network’s outer temperature prediction are 0.0134 and 0.9977,
respectively. The MSE and R values for the network’s inner temperature
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Fig. 14. Comparison between prediction and experimental for configuration (2) at 40 °C ambient temperature.
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Fig. 15. Average relative error between Predicted by ANN and Experi-
mental Testing.

prediction are 0.047 and 0.99542, respectively. At the same time, the
MSE and R values for the network’s PCM melting temperature predic-
tion are 0.0234 and 0.9994, respectively. A strong correlation exists
between the actual data derived from the experiment and the predicted
data generated by the ANN model. Consequently, the ANN method
serves as an efficient approach for studying the performance of PCM
integrated into buildings and selecting a suitable location for PCM.
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4.6. Prediction of temperature profiles of configuration (2) by ANN

To guarantee the accuracy and reliability of the prediction model
utilizing the artificial neural network (ANN) in analyzing the perfor-
mance efficiency of phase change materials in walls, the ANN was
consulted to predict temperature patterns at an ambient temperature of
40 °C, even though 40 °C was not part of the training data. Fig. 14 shows
a comparison of experimental testing and prediction models by ANN of
the temperature profiles at different measurement points inside the
experimental testing configuration (2), as depicted in Figure 5. The re-
sults show that the peak temperature of the external and inner walls in
predictive simulation is 0.9 °C and 0.25 °C, respectively, greater than
that observed in experimental testing. Additionally, the predictive
simulation of PCM melting temperature is higher than experimental
testing by 1.5 °C. It also demonstrates a strong correlation between
experimental testing and predictive simulation. In addition to the
qualitative evaluation of predicted, simulated, and experimental find-
ings, the prediction model’s accuracy is evaluated by relative errors.
Fig. 15 shows that the average relative error in the data value is the
discrepancy between the actual data and the predicted data for config-
uration (2) at an ambient temperature of 40 °C. The average relative
error can be expressed according to Equation (5).

True value — Predicted value
True value

Relative Error (%) = 5)

The figure shows the minimum and maximum relative errors for the
indoor and outdoor temperatures in the ranges of (0.5-2 %) and (2-4
%), respectively. The relative error can be reduced by increasing
experimental tests. This relative error range indicates a positive opinion
about the use of artificial neural networks (ANNSs) in the prediction
performance of wall-integrated PCM.

4.7. Energy saving

Energy saving due to using PCMs integrated wall was calculated
under various climatic conditions using equation (6) [43].

Energy saving (ES) = 7(2'@‘ — Qeen
Qref

Where ES represents the energy saving ratio in %; and Qs and

©
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Qpcudenote the daily heat fluxes over the wall without and with the PCM
cavity, measured in kJ/m?, which are expressed as follows:

t

Qren = / Grem(t)dt

0

)

t

Qref = /qref(t)dt

0

®

The daily performance for energy saving is analyzed while the PCM
cavities are positioned adjacent to the outdoor surface as it is the case
that gives better performance. Fig. 16 depicts the daily energy savings
achieved by the utilization of phase change materials (PCMs) at different
outside temperatures during the day for configurations (1) and (2) in
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comparison to the reference wall. Considering these circumstances, the
peak heat fluxes in configuration (2) were evidently lower than those in
configuration (1). As the outer surface temperature escalates, configu-
ration (2) undergoes an augmentation in heat flux; however, it remains
inferior to configuration (1). This resulted from the substantial latent
heat absorption and storage capacity of the phase change materials
(PCMs). The heat fluxes are substantial when the PCM cavities are
placed adjacent to the external surface, in contrast to the heat fluxes on
the outer surface. The daily heat fluxes were less when configuration (2)
is positioned adjacent to the external surface, as the retained heat is
dissipated more into the outer environment. The thermal resistance is
greater, resulting in decreased performance when configuration (2) is
implemented in a near-indoor environment. Energy savings from
configuration (2) are evidently superior to those of configuration (1)
across different ambient temperatures.

The energy savings in
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configuration (1) are 47 %, 35 %, and 27 % for ambient temperatures of
35 °C, 40 °C, and 45 °C, respectively. The energy savings in configura-
tion (2) for ambient temperatures of 35 °C, 40 °C, and 45 °C are 78 %, 55
%, and 52 %, respectively. The maximum heat fluxes on the internal
surface were reduced for the walls with PCM cavities compared to the
reference wall. The absorbed heat is retained within phase change ma-
terials, preventing its entry into the inside environment. The heat fluxes
diminish when the PCM cavity is positioned adjacent to the interior
surface. This occurred due to the reduced heat gain from the external
surface. Fig. 17 illustrates a comparison between heat flux and energy
saving predicted by ANN and experimental data for configuration (2) at
an ambient temperature of 40 °C. The results show energy saving for
both predicted data and experimental data is 54 % and 55 %, respec-
tively. This result indicated that the prediction model can be utilized for
the performance efficiency of PCM in the building.

5. Conclusions

Different configurations of PCMs integrated into prefabricated walls
at different positions and thicknesses are experimentally investigated to
determine the configuration of the best performance and energy savings.
Furthermore, the artificial neural network is utilized to analyze the
performance of configurations in terms of temperature profile and en-
ergy saving by training the artificial neural network at two ambient
temperatures (35 °C and 45 °C) and then utilizing it to predict temper-
ature profiles and energy saving at ambient temperature 40 °C. The
following conclusions are derived from the results of this work.

e The use of PCM material in prefabricated walls reduces the external
and internal surfaces temperatures of the wall, for example at the
best PCM-wall configuration, the external and internal surfaces of
the wall decrease by (3.1 °C, 2.7 °C, and 2. 3 °C) and (0.53 °C, 0.4 °C,
and 0.25 °C), respectively at ambient temperature 35 °C,40 °C and
45 °C respectively.

e The PCMs discharge time decreases as the outdoor temperature in-
creases, for example in configuration (2) the discharge times are 13
h, 10 h, and 8 h at ambient temperatures of 35 °C, 40 °C, and 45 °C,
respectively. Average melting duration of PCM in configuration (2) is
3 h longer than in configuration (1) due to the increased PCM
thickness.
In Building cooling, the optimal location of the PCMs is to be near the
outer wall surface as it lowers the wall peak temperature more than
the case of locating PCM near the inner wall surface. The opposite is
true in building heating where it is recommended to locate the PCM
near the wall inner surface.
The external and internal wall surfaces temperatures of configura-
tion (2) were lower than the those of configuration (1) by 0.8575 °C
and 0.4 °C, respectively at an ambient temperature 40 °C. The In-
ternal surface temperature in configuration (2) is 0.4 °C lower than
in configuration (1) at ambient temperature of 40C due to increased
thermal resistance and reduced heat transmission.

The peak heat fluxes in configuration (2) were evidently lower than

those in configuration (1). due to the substantial latent heat ab-

sorption and retention. Nevertheless, the maximum heat fluxes on
the internal surface were reduced for the walls containing PCM
cavity.

The energy saving in configuration (2) is higher than that in

configuration (1), for example at an ambient temperature 40 °C the

energy saving in Configurations 1 and 2 are 35 % and 55 %,
respectively.

e The lower value of mean square error and high regression values for

artificial neural network confirm the accuracy and reliability of the

prediction model.

This relative error range for predicted model at ambient temperature

40 °C indicates a good agreement to utilizing artificial neural

network in the prediction performance of wall-integrated PCM
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without including ambient temperature in the training data set of
artificial neural network.

Future research

Future research could explore the optimization of the configuration
through the wall when integrated nanoparticles with PCM inside the
configuration and validate the best configuration with ANN to predict
the performance of configurations without training at a wide range of
ambient temperatures and increase the input parameters, such as
building material properties and other variables, to improve the accu-
racy of the prediction model.
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