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Abstract—This study investigates the performance of a pho-
tovoltaic (PV) module integrated with a phase change mate-
rial (PCM) layer by combining TRNSYS thermal simulations
with several machine-learning regression models. The TRNSYS
framework produced temperature and meteorological datasets
for different PCM thicknesses, which were then used to train
and assess Gaussian Process Regression (GPR), Support Vector
Machine (SVM), and related models. The most accurate model
was subsequently applied to examine the cooling effect introduced
by the PCM layer and its influence on electrical output. Of
the configurations evaluated, the 2 cm PCM layer delivered
the most notable improvement, lowering the average module
temperature by approximately 9.6 °C (17.2%) and increasing
power generation by 22.1% relative to the reference module.
For a representative 28 m2 residential array of about 17 modules,
the expected annual financial benefit ranges from roughly 70 USD
under Kuwait’s tariff to nearly 300 USD in higher-priced electric-
ity markets. Overall, the results indicate that a 2 cm PCM layer
offers a practical compromise between thermal management and
economic value.

Index Terms—Photovoltaic, PCM, Machine learning, TRNSYS

I. INTRODUCTION

The electrical behaviour of a photovoltaic (PV) module is
closely linked to the temperature at which it operates. An
increase in cell temperature typically reduces the open-circuit
voltage and strengthens resistive losses, which together dimin-
ish conversion efficiency. These temperature-induced effects
become particularly significant in hot climatic regions, where
PV modules often function well above standard test conditions
(STC) for extended periods. As a result, maintaining accept-
able operating temperatures is essential for sustaining output
and limiting long-term thermal degradation.

A range of passive temperature-control strategies has been
explored, among which phase change materials (PCMs) have
shown consistent promise. During the melting process, PCMs
absorb thermal energy through latent heat storage and thereby
slow the temperature rise of the module during peak irradiance
hours. Experimental investigations have reported measurable
improvements in PV performance when PCM layers are in-
stalled at the rear of the module [1], [2]. Additional studies
show that PCM behaviour is highly dependent on melting
temperature, thermal conductivity, and its placement relative to
the panel surface [3]. The amount of PCM is another important
consideration: when the PCM layer is excessively thick, the
remaining heat may not be fully released overnight, which
limits solidification and reduces the cooling capacity available
the following day [4].

Several researchers have also employed TRNSYS to evalu-
ate PCM-integrated PV systems under realistic outdoor condi-
tions. Comparisons between simulated and measured temper-
atures demonstrate that TRNSYS can reproduce the primary
thermal trends of these systems with good accuracy [5], [6].
These studies also emphasise how PCM thickness and melting
temperature affect daytime cooling and night-time thermal
recovery.

In parallel with advances in PCM-based cooling, machine
learning (ML) regression techniques have become increasingly
useful for predicting PV module temperature. Such models can
account for nonlinear interactions between solar irradiance,
ambient temperature, wind conditions, and module proper-
ties, often achieving higher accuracy than empirical thermal
models. Previous investigations show that algorithms such as
Gaussian Process Regression and Support Vector Regression
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perform well under fluctuating weather conditions [7]. Other
thermal analyses highlight the major role of convective heat
transfer, especially wind-driven cooling, in determining PV
module temperature [8], [9]. Studies conducted in semi-arid
climates similarly emphasise the importance of models that
reflect local environmental characteristics [10], [11].

Despite progress in both areas, PCM-enhanced PV systems
and ML-based prediction methods have typically developed
along separate lines. Most PCM research relies on experimen-
tal setups or stand-alone simulations, whereas many ML-based
temperature studies examine conventional PV modules that do
not include PCM layers. This limits opportunities to evaluate
PCM behaviour under variable conditions or to apply ML-
driven optimisation in PCM-integrated systems.

The present work addresses this gap by developing su-
pervised ML regression models capable of forecasting the
operating temperature of a PV module with PCM integration,
using environmental and module-temperature data generated
by TRNSYS. The main contributions of this study are sum-
marised below:

• Construction of a TRNSYS model that represents the
coupled thermal response of a PV–PCM module under
varying environmental inputs.

• Training and evaluation of several ML regression models
to identify an accurate temperature-prediction approach.

• Assessment of the thermal influence of PCM thickness
using the trained model.

• Practical guidance for selecting PCM thickness for PV
installations exposed to hot climates.

II. MATERIAL AND METHODOLOGY

A. TRNSYS Simulation Model

A TRNSYS model was constructed to evaluate both the
thermal behaviour and electrical output of the PV mod-
ule when integrated with a phase change material (PCM)
layer. The model configuration, illustrated in Fig. 1, employs
Type 590, which represents an unglazed PV panel combined
with a PCM layer. Within this component, the electrical
output is determined from the overall module efficiency, and
TRNSYS allows this efficiency to be provided in several
forms. Depending on the available data, the user may specify
a constant efficiency, a variable input, a data file that relates
efficiency to cell temperature and solar irradiance, or a set
of reference values with correction coefficients describing the
influence of irradiance and temperature.

Type 590 provides four computational modes, each tailored
to different levels of input detail. For the present work, the
second approach was selected. In this mode, efficiency under
reference test conditions is supplied together with its depen-
dence on irradiance and temperature. This facilitates a direct
coupling between environmental conditions, cell temperature,
and the resulting electrical output. Hourly meteorological data
for Kuwait City were obtained from Meteonorm and imported
into TRNSYS to establish realistic boundary conditions for
the simulations.

Fig. 1. TRNSYS Module configuration for computational modeling of
integrated PV–PCM systems.
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Fig. 2. Configuration of PV–PCM modules for TRNSYS-based modeling.
solar irradiance S incident on the glass cover, with convective and radiative
heat transfer at the top and back surfaces (hconv,top, hrad,top, hconv,back,
hrad,back). The temperature nodes Tcover, TPV, TPCM, and Tback correspond
to the cover, PV cells, PCM layer, and back insulation, respectively.

Fig. 2 shows the TRNSYS modeled PV–PCM configuration.
Unlike glazed photovoltaic modules, which include a transpar-
ent front cover, the system used in this study is unglazed and
therefore does not contain any glazing layer on the module
surface.

The overall efficiency of the PV and the energy flux density
produced by the PV-PCM module are calculated, respectively,
as [5], [21]

η = [1 + ηT,coef(TPV − Tref)]×
[1 + ηI,coef(IT − IT,ref)] ηref. (1)

PPV = (τα)n(IAM)IT ηA, (2)

where η is the overall efficiency of the PV panel, ηref is
the efficiency under reference conditions, and ηT,coef is the
temperature coefficient of efficiency. TPV denotes the PV cell
temperature, while Tref is the reference temperature. ηI,coef
represents the irradiance coefficient of efficiency, IT is the
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total incident solar radiation, and IT,ref is the reference so-
lar radiation. Additionally, PPV is the energy flux density
(power) produced by the PV panel, (τα)n is the transmittance-
absorptance product of the PV cover, IAM is the incidence
angle modifier, and A is the surface area of the PV panel.
Using equations (1) and (2), one can determine the overall
efficiency and electrical power output of the PV-PCM system.

The temperature of the PV cell is governed by the energy
balance among the various layers of the PV-PCM panel, which
depends on the incident solar radiation and the heat transfer
mechanisms occurring within the panel. Energy balance equa-
tions [5], [6] are critical in systems where heat transfer and
temperature fluctuations are dominant factors. Accordingly, the
thermal equilibrium at each layer including the PV panel’s
top surface, the photovoltaic cells, the phase-change material
(PCM) section, and the rear surface is quantified by equations
(3)-(6).

TPV − TC

R1
= hconv,top(TC − Tamb,top)+

hrad,top(TC − Trad,top), (3)

S =
TPV − TC

R1
+

TPV − TPCM

R2
, (4)

mcp
dTPCM

dt
=

TPV − TPCM

R2
− TPCM − TB

R3
, (5)

TPCM − TB

R3
= hconv,back(TB − Tamb,back)+

hrad,back(TB − Trad,back), (6)

where R1 is the thermal resistance of the transparent sheet,
hconv,top is the top surface convection heat transfer coefficient,
hrad,top is the radiation heat transfer coefficient of the top
surface, TC is the cover temperature, R2 is the thermal
resistance of the PV cells, m is the PCM mass, Cp is the
specific heat capacity, R3 is the thermal resistance of the
back sheet, TB is the back sheet temperature, hconv,back is the
back surface convection heat transfer coefficient, hrad,back is
the radiation coefficient of the back surface, Tamb,back is the
ambient temperature for convective losses, and Trad,back is the
radiative sink temperature.

The total energy required to fully melt of fully solidify the
PCM material is given as

Qsol = Qliq = mhfg, (7)

where hfg denotes the PCM’s latent heat of fusion, with
Qsol = Qliq indicating the equal magnitude of specific energy
required for complete phase transformation between 100%
solid and 100% liquid states.

The technical specifications of the PV module and thermo-
physical properties of the PCM used in this study are provided
in Tables (I) and (II), respectively.

TABLE I
SPECIFICATIONS OF THE CS6P-250M PV MODULE

Parameter Value
Module type CS6P-250M
Maximum power, Pmp 250W
Maximum power voltage, Vmp 30.4V
Maximum power current, Imp 8.22A
Open circuit voltage, Voc 37.5V
Short circuit current, Isc 8.74A
Module efficiency 15.54%
Temperature coefficient of Pmp −0.45%/◦C
Temperature coefficient of Voc −0.35%/◦C
Temperature coefficient of Isc +0.06%/◦C
Cell technology Monocrystalline silicon
Number of cells 60 (6×10)
Module dimensions 1639× 982× 40mm

TABLE II
THERMAL PROPERTIES OF THE PCM [12].

Thermal Property Value
Melting peak (°C) 30.5
Latent heat of fusion (kJ/kg) 245
Thermal conductivity (W/m·K) 0.2
Density (kg/m3) 920
Specific heat capacity (kJ/kg·K) 2

B. Machine Learning Model

Before model training, the TRNSYS outputs were prepared
to match the machine-learning data structure. The simulations
used a 0.25 h time step, and the results were aggregated to
hourly resolution for consistency with the predictor variables.
The MATLAB Regression Learner App was used with its
default preprocessing, which automatically normalises the in-
put variables. Because the dataset was generated numerically,
no additional outlier filtering was required. Model evaluation
employed five-fold cross-validation to ensure balanced repre-
sentation of all PCM thickness configurations.

Machine learning (ML) techniques were employed to sup-
port temperature prediction by learning the relationship be-
tween environmental variables and PV response. In general
terms, ML models aim to construct data representations that
allow accurate prediction of unknown outputs from known
inputs [13]. Developing these representations is central to the
learning process, and the suitability of a particular model
depends on its ability to capture patterns that generalise well
beyond the training dataset [14].

ML algorithms are typically categorised into supervised,
unsupervised, and semi-supervised learning [15]–[17]. For
PV applications, supervised learning is commonly selected
because temperature and power output are continuous, measur-
able quantities. Among the available models, Support Vector
Machines (SVMs) have shown strong performance, particu-
larly in settings where nonlinear and high-dimensional rela-
tionships between climate variables and PV performance must
be modelled [18].

In this study, supervised regression methods were used to
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describe the mapping between the predictor variables—such
as global horizontal irradiance (GHI), ambient temperature
(Ta), and PCM configuration—and the response variables:
PV cell temperature and electrical power. These models learn
functional relationships directly from the TRNSYS-generated
dataset, enabling them to provide temperature and power
predictions across a range of PCM thicknesses and climatic
conditions [12].

III. RESULTS AND DISCUSSION

In this work, meteorological input data and PV module tem-
peratures generated in TRNSYS for different PCM thicknesses
were used to train machine learning regression models. The
trained models were then used to predict the module temper-
ature for each PCM configuration and determine the optimal
PCM thicknes that minimizes the PV operating temperature.

A. Climatic conditions of the study region

Kuwait is located in the northwestern part of the Gulf
Cooperation Council (GCC) region and is characterized by
an arid desert climate with high solar irradiance throughout
the year. Clear-sky conditions dominate, with only limited
rainfall or cloud-cover periods. Ambient temperatures usually
exceed 50 °C during the summer months (May–September),
resulting in substantial thermal loading on PV modules. These
conditions highlight the need for effective thermal manage-
ment system to mitigate temperature rise and maintain PV
performance [19], [20].

B. Simulation results

The effect of PCM thickness on PV temperature and electri-
cal power is presented in Figs. (3) and (4). Seasonal variability
is evident: both temperature and power follow trends dictated
by ambient temperature (Ta) and solar irradiance (GHI). In
months with intense irradiance, PCM integration reduces the
peak operating temperature of the module. The 2 cm PCM
layer provides the most consistent cooling across summer
months, followed by the 1 cm layer. The 3 cm configura-
tion exhibits diminished effectiveness due to incomplete re-
solidification during night-time periods. Compared with the
baseline (0 cm), the 1 cm PCM layer yields a 4.95 °C reduction
and an 18.8% power increase, while the 2 cm layer achieves
a 9.55 °C reduction and a 22.1% power gain. The 3 cm layer
exhibits only slight additional cooling (10.5 °C) and a marginal
rise in power output (22.8%), confirming that excessive PCM
thickness can limit daily thermal recovery.

Figs. (3) and (4) present the influence of PCM layer
thickness on the monthly average PV module temperature
and power output obtained from the TRNSYS simulations.
Both quantities follow the expected seasonal trends imposed
by ambient temperature (Ta) and global horizontal irradiance
(GHI). During the high-irradiance summer months, the inclu-
sion of PCM lowers the module temperature noticeably, with
the 2 cm layer showing the strongest reduction. The 1 cm layer
also improves performance, whereas the 3 cm layer becomes

Fig. 3. Monthly average PV temperature for different PCM thickness,
including reference curves for ambient temperature Ta and global horizontal
radiation GHI. Month numbers represent January through to December.

Fig. 4. Monthly average power for different PCM thickness, including
reference curves for ambient temperature Ta and global horizontal radiation
GHI. Month numbers represent January through to December.

less effective due to its tendency to retain heat and its limited
ability to fully resolidify overnight.

Relative to the 0 cm reference case, the 1 cm PCM layer
reduces the average module temperature by 4.95◦C (8.9%)
and increases power output by 18.8%. The 2 cm configuration
provides the most substantial effect, reducing temperature
by 9.55◦C (17.2%) and enhancing power by 22.1%. The
3 cm layer yields only a slightly greater temperature decrease
(10.5◦C, 18.9%) and a small additional rise in power (22.8%),
indicating diminishing returns linked to incomplete night-time
solidification. Overall, the simulations show that a 2 cm PCM
layer offers the most favourable balance between cooling ca-
pability and electrical improvement under summer conditions.

C. Machine learning model performance

A range of machine learning algorithms were developed
and assessed to determine their suitability for predicting PV
module temperature. These included linear regression, SVM
with a Gaussian kernel, SVM with a least-squares kernel, GPR
with a squared exponential kernel, and GPR with a Matern 5/2
kernel. Their comparative performance is summarised in Ta-
ble I. As shown, the two GPR models provide the highest
level of accuracy, with the GPR (Matern 5/2) configuration
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TABLE III
HOT-SEASON (JUN–SEP) IMPROVEMENT IN PV MODULE TEMPERATURE

AND POWER RELATIVE TO THE 0 CM BASELINE.

PCM thk. ∆T Temp. drop ∆P Power gain
(°C) (%) (W) (%)

1 cm 4.95 8.9 76.7 18.8
2 cm 9.55 17.2 90.4 22.1
3 cm 10.50 18.9 93.1 22.8

TABLE IV
COMPARISON OF MACHINE LEARNING MODELS FOR THE TEMPERATURE

PREDICTION

Model RMSE MAE R2 MSE
Linear Regression 3.6783 3.0355 0.9138 13.5300
SVM (Gaussian Kernel) 2.0247 1.4617 0.9743 4.0996
SVM (Least-Squares Kernel) 1.8975 1.4168 0.9774 3.6004
GPR (Squared Exponential) 1.0973 0.6423 0.9924 1.2041
GPR (Matern 5/2) 0.9396 0.4970 0.9945 0.8829

achieving the lowest error metrics—an RMSE of 0.9396 and
an MAE of 0.4970—together with the strongest coefficient of
determination (R2 = 0.9945). The linear regression model,
by contrast, performs considerably worse because its structure
cannot represent the nonlinear thermal interactions that govern
PV module temperature.

The scatter plot in Fig. 5 provides additional evidence of
the strength of the GPR (Matern 5/2) model. The predicted
temperatures cluster tightly around the 1:1 reference line,
demonstrating close agreement with the TRNSYS outputs and
indicating that the residual error is small across the full range
of operating conditions. Owing to this level of predictive relia-
bility, the GPR (Matern 5/2) model was subsequently applied
to estimate the thermal behaviour of the PV module for various
PCM layer thicknesses and to identify the configuration that
most effectively reduces the module operating temperature.

Fig. 5. Scatter plot for the Matern 5/2 GRR ML model’s predicted
temperature versus TRNSYS data.

TABLE V
SEASONAL RECOMMENDATION FOR PCM THICKNESS BASED ON

PREDICTED Tpv

Season Thickness Rationale
Hot (Jun–Sep) 2 cm Provides strong cooling while

allowing full melt/solidification
cycles overnight.

Cold/Mild (Oct–May) 0 cm Thermal load is low; PCM rarely
melts, so added material pro-
vides no benefit.

D. PCM thickness optimization

Using the selected GPR (Matern 5/2) model, Tpv was
estimated for each PCM configuration (0–3 cm) throughout
the year and examined on a seasonal basis. The predicted
temperatures were compared across all months, and the PCM
thickness that consistently produced the lowest operating tem-
perature was identified as the optimal choice.

The results display a pronounced seasonal pattern, as sum-
marized in Table V. During the hot season (June–September),
when both Ta and GHI reach their maximum values, the 2 cm
PCM layer provides the largest temperature reduction. This
thickness offers adequate latent heat storage to absorb daytime
thermal loads while still allowing full re-solidification during
night-time hours, which is necessary to maintain cooling
effectiveness on successive days. The 1 cm layer offers some
thermal moderation but lacks sufficient storage capacity to
match the performance of the 2 cm configuration.

By contrast, the 3 cm PCM layer performs less effectively
despite its larger theoretical heat capacity. The increased ther-
mal mass slows the release of stored heat, and the PCM does
not consistently re-solidify overnight. As a result, a portion of
the PCM begins the following day in a partially melted state,
reducing the available cooling capacity and leading to higher
operating temperatures compared with the 2 cm layer during
extended hot periods.

In the cold and mild season (October–May), the thermal
demand on the PV module is much lower, and PCM melting
occurs infrequently. Under these conditions, the presence of
PCM offers little benefit, and the 0 cm configuration performs
comparably to the PCM-based cases. Consequently, PCM
cooling is primarily effective under high thermal loading, when
the phase-change cycle is active and able to reset between
days.

E. Economic Evaluation

A cost–benefit assessment was carried out to estimate
the economic implications of integrating PCM based on the
additional energy produced during the hot season (June–
September). For the recommended 2 cm PCM configuration,
the TRNSYS–ML analysis predicts an average power enhance-
ment of 90.4 W per module. Over the four-month period, and
assuming an average of 8 h of daily operation, this improve-
ment corresponds to an annual energy gain of approximately
88.15 kWh/yr. When normalised by the module area of
1.6095 m2, the result is equivalent to 54.78 kWh/m2/yr.
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To quantify the economic value of this additional energy, an-
nual savings were estimated for a range of electricity tariff sce-
narios. Under Kuwait’s current residential rate of $0.046/kWh,
the added energy yields a saving of roughly $4.06 per module,
or $2.52 per m2·yr. In regions with higher electricity prices,
the benefit becomes more substantial; for example, tariffs of
$0.15/kWh (southern USA) and $0.253/kWh (southern Aus-
tralia) correspond to annual savings of approximately $13.22
and $22.32 per module, respectively.

For a typical residential installation covering 28 m2 (ap-
proximately 17 modules), the results translate to total annual
savings between $69 in Kuwait and around $380 in Australia.
Although the financial return in Kuwait remains modest due to
subsidised electricity pricing, the thermal mitigation afforded
by the PCM layer provides clear technical advantages by low-
ering operating temperature and improving PV performance
during extreme summer conditions. In higher-tariff markets,
the same performance improvement leads to markedly larger
economic gains, reinforcing the suitability of PCM integration
for PV systems operating in hot and high-irradiance envi-
ronments. Overall, the 2 cm PCM layer offers an effective
balance between cooling capability, enhanced energy yield,
and economic feasibility across the examined scenarios.

IV. CONCLUSION

This work examined the thermal and electrical behaviour of
a photovoltaic module incorporating a phase change material
layer under hot desert operating conditions. A TRNSYS model
was used to simulate module temperature and power output
for several PCM thicknesses, and the resulting dataset served
as the basis for training a set of machine-learning regression
models. The simulations showed that integrating PCM can
reduce the operating temperature of the module, particularly
during periods of intense solar irradiance. Among the tested
configurations, the 2 cm PCM layer consistently provided the
greatest benefit, lowering the temperature by up to 10.5 °C and
increasing the power output by approximately 93 W at peak
conditions.

The GPR model developed in this study demonstrated high
predictive accuracy and was applied to assess the seasonal
behaviour of each PCM thickness. The findings indicate
that effective cooling requires the PCM to undergo a full
melt–solidification cycle; this condition is reliably met by the
2 cm layer but not by thicker layers, which tend to retain heat
and limit their ability to regenerate cooling capacity. For a
typical 28 m2 residential PV installation, the predicted im-
provement corresponds to an annual energy increase of around
1.5 MWh. While the financial benefit in Kuwait remains
modest due to subsidised electricity prices, the technical gains
are substantial, and the economic return becomes considerably
more attractive in regions with higher tariffs.

Overall, the results show that a 2 cm PCM layer offers a
practical and effective balance between temperature reduction,
enhanced power output, and economic relevance for PV sys-
tems operating in hot, high-irradiance environments.

Future work may focus on validating these findings through
experimental work to confirm the simulated temperature and
power trends. Extending the analysis to different climatic
regions would also help assess the variation in optimal PCM
thickness under different weather conditions.
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