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ABSTRACT

The rapid growth of photovoltaic (PV) energy has the potential to transform the global energy landscape.
However, the intermittent nature of solar power presents significant challenges to grid integration, such as
overgeneration and curtailment. Consequently, PV systems may operate at points other than the maximum
power point (MPP). Monitoring the thermal behavior of photovoltaic systems is critical due to its impact on
productivity and system health. Most studies focus on meteorological variables, often overlooking the influence
of electrical operating states on thermal performance. Thus the objective is to evaluate the accuracy of existing
thermal models from the literature and widely used specialized software tools—alongside their commonly cited
coefficients against different electrical operating status (EOS). This study investigates the thermal behavior of PV
modules under different EOS: short-circuited (PVset-1), open-circuited (PVset-2), and operating at MPP (PVset-
3). The experiment was conducted over four months at Jaén University campus in Spain. Results showed the
short-circuited module’s temperature was 6.90 °C higher, and the open-circuited module’s temperature was
3.67 °C higher than the MPP module. Thermographic investigations revealed multiple hotspots in the short-
circuited set. These hotspots can severely impact the module’s long-term reliability and efficiency. The anal-
ysis of thermal models considering these operating states indicated an overestimation of the MPP module’s
temperature. However, the Keddouda model demonstrated high accuracy potential, with an average deviation of
less than 3.4 %, particularly at high irradiance levels. These findings highlight the necessity of considering EOS in
thermal models to enhance the accuracy and reliability of PV system performance assessments.

1. Introduction

2010.
As the penetration of variable renewable energy (VRE) increases, the

Nowadays, many countries have set ambitious goals to reduce their
CO4 emissions, driving the electricity sector toward an unprecedented
deployment of renewable energy. [1,2]. In 2018-2023, the worldwide
renewable installed capacity has grown by 61 % [3], but photovoltaic
has provided the largest contribution, growing from 0.52 TW in 2018 to
1.6 TW in 2023 [4]. The exponential growth of photovoltaic installed
capacity has also been driven by a significant technology cost reduction,
in particular in terms of capital costs and so of levelized cost of energy
that, according to Ref. [5] in 2023 is 0.044 $/kWh that —90 % respect
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share of curtailed wind and solar PV generation is also on the rise in
many markets. This trend is particularly evident in areas where major
grid infrastructure investments and/or advanced market design and
regulation are not keeping pace with VRE deployment [3]. Although
VRE curtailment is increasing overall, the share of curtailed wind and
solar PV generation remains relatively low, ranging from 1.5 % to 4 % in
most large renewable energy markets. However, higher VRE shares do
not necessarily result in rising curtailment rates, as countries can
effectively manage renewable energy integration challenges with timely
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measures [3]. One such solution is the forecasting of PV production and
load, as predicting events in advance facilitates better management and
reduces curtailment risks.

The photovoltaics module is the key component producing electrical
energy that requires continuous monitoring for system reliability. A
better understanding of the key factors that have a great influence on the
PV module performance is essential specifically for performance eval-
uation and prediction. The temperature of a PV module plays a vital role
in determining its efficiency, longevity, and overall performance. As
module temperatures rise, solar cells experience a decline in efficiency
due to the negative temperature coefficient, causing a reduction in
power output—typically around 0.4 %-0.5 % per degree Celsius above
25 °C, depending on the PV module technology and material. This effect
is particularly noticeable in warm climates, where high temperatures
can lead to significant energy losses. Beyond efficiency, excessive heat
can cause thermal stress, leading to material degradation, microcracks,
and potential long-term damage to the module [6]. Moreover, contin-
uous experiencing high module temperature can lead to irreversible
faults, reducing the module efficiency and shortening the lifetime of the
module [7,8]. Thus, monitoring temperature is essential for early fault
detection, as overheating can lead to issues like hot spots, which may
permanently damage the module. By understanding and managing PV
module temperature, solar energy systems can be optimized for higher
efficiency, better reliability, and longer service life.

To monitor the instant temperature of the PV system, temperature
sensors are fixed at the rear side of the operating PV module, recording
the real-time measurement of the module temperature (Ty,), which can
be compared to the thermal model as a reference that predicts the
module temperature if it operates in the same environmental variables
[9]. Thermal modeling of PV modules is essential for predicting tem-
perature behavior, optimizing energy output, and ensuring long-term
reliability. Thermal modeling can also be used to assess cooling strate-
gies. Integrating thermal modeling into PV analysis, aids in fault
detection and helps prevent issues like hot spots that could damage the
module.

In addition to the data-driven modeling [10,11] and numerical
modeling methods [12,13], there are two dominant thermal modeling
approaches for predicting module temperature: dynamic models and
steady-state thermal models depending on the research purposes or the
software tools employed [14]. Dynamic models [15,16] include the
thermal response of the module, which implies the thermal transient
response of the PV modules. Dynamic models depend on the energy
balance between the PV module and the surrounding environment and
consider weather variables, thermal capacity, heat transfer mechanisms
(conduction, convection, and radiation), and electrical power conver-
sion [17]. This enables the thermal investigation of the multilayers of
the PV module to have better analysis and insight into the PV module’s
behavior with the surrounding environment [18]. These sophisticated
models need significant computing time, money, and effort, yet they are
preferred if the PV system output is modeled for high-resolution input
data [19]. Based on the Finite Difference approach, a dynamic thermal
model for the solar module was suggested. The Particle Swarm Opti-
mization approach was used to optimize the model coefficients. The
results confirmed the effectiveness of the suggested dynamic thermal
model, with a temperature estimation error of no more than 9 °C [20].

The steady-state thermal models used for estimating PV module
temperature usually neglect the module’s thermal mass, assuming an
instantaneous response of the module temperature to changing radiation
[21]. These models are based on simplified heat transfer equations with
empirically determined parameters [22] or entirely empirical equations
[23]. Steady-state models are generally simple and have short process-
ing durations, yet they can’t accurately calculate the module tempera-
ture. Several thermal models, such as the Sandia, Nominal Operating
Cell Temperature (NOCT), and Faiman models, are widely used to es-
timate PV module temperatures under varying environmental condi-
tions. These models typically correlate plane-of-array irradiance (Gpoa),
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ambient temperature (T,), and, in some cases, wind speed (®) [24].

The NOCT model was first developed in the 1970s as part of efforts to
standardize photovoltaic (PV) module temperature estimation [25],
while the Sandia thermal model has been continuously developed by
Sandia National Laboratories since 2004 [26]. The Faiman model,
developed in 2008, has been incorporated into PVsyst [27], whereas the
Duffie and Beckman thermal models, developed in 1990, are used in
SAM [28]. These models and their empirical coefficients were developed
approximately 20 years ago when the electrical efficiency of the studied
PV modules was significantly lower than today. With recent advance-
ments, module efficiency has increased to up to 25 %, depending on the
adopted technology [29-31]. Several literature reviews [19] have pro-
vided comprehensive overviews of these steady-state thermal models,
highlighting the improvements made over the last decade and rein-
forcing their significance. Validation studies often involve comparing
the model temperature prediction with experimental temperature data
collected from field-installed PV systems, assessing the sensitivity of
thermal models to environmental parameters [32]. For instance, wind
speed significantly affects convective cooling, yet many models assume
uniform wind profiles or neglect it, such as the NOCT model and Ross
model, leading to discrepancies in transient conditions [33].

Servant [34] introduced a simplified linear model for estimating PV
cell temperature in 1985. By applying the least squares method, the
study determined coefficients linking module temperature to meteoro-
logical parameters with an observed error of around 4 °C. Mattei et al.
[35] proposed a thermal model based on energy balance, incorporating
a transmittance-absorptance coefficient (toa = 0.81) and an experimen-
tally derived heat transfer coefficient, achieving a Mean Squared Error
(MSE) of 2.24 °C. Mondol et al. [36] developed a temperature prediction
model using measured ambient and module temperatures along with
solar radiation, demonstrating improved accuracy compared to the
NOCT approach. Pereira et al. [37] evaluated eight thermal models for
predicting PV module temperature and power output, comparing their
performance against measured backside temperatures. The Mattei
steady-state model demonstrated the highest accuracy for temperature
estimation (MBE = 0.4 °C, RMSE = 2.7 °C). For power output prediction,
the Kurtz (Sandial) model, combined with a single diode and 5 pa-
rameters model, outperformed others (MBE = 4.6 W, RMSE = 54.5 W).
Several investigations focused on assessing the NOCT model [25,38],
Sandia model [39], Skoplaki model [40] and other different thermal
models, which confirms that such steady-state thermal models neglect
the electrical operating status or even deal with the PV module as a flat
plate solar collector [19]. Akhsassi et al. [41] validated 10 thermal
models using experimental data based on ambient temperature and
in-plane irradiance, with and without considering wind speed. Among
models without wind, his model achieved the highest correlation (R? =
96.7 %) and the lowest RMSE (1.6 °C). When accounting for wind, his
model outperformed all others, achieving the best statistical perfor-
mance with R? = 98.8 % and RMSE = 1.1 °C.

Apart from physical thermal modeling, recent advancements in data-
driven thermal modeling using Machine Learning (ML) and artificial
intelligence have shown great potential [42]. Different algorithms have
been investigated and compared with usual physical models, especially
for new installation configurations and PV technologies [43]. Keddouda
et al. [42] examined 12 different ML and regression algorithms to
evaluate their accuracy in predicting module temperature. The results
showed that for linear modeling, the LASSO algorithm provided the best
performance. However, the ANN model demonstrated the best overall
results, achieving an R? value of 0.986, an MAE of 0.982 °C, and an MSE
of 2.181. Following up on this investigation, A new thermal model for
free-standing photovoltaic modules has been developed [44], incorpo-
rating heat transfer principles and energy balance. The proposed simu-
lation algorithm demonstrated strong performance, achieving an R? of
0.963 and an MAE of 1.883 °C, closely matching King’s model (R? =
0.973, MAE = 1.663 °C).

Despite the promising advancements in machine learning for PV
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thermal modeling, several challenges remain in integrating ML with
traditional physical models. A primary issue is the limited adaptability
of ML models to diverse climatic conditions and PV system designs,
largely due to their dependence on the quality and variety of available
training data [45]. Furthermore, ML techniques often suffer from sub-
stantial computational demands and opaque decision-making processes,
which hinder their interpretability and complicate the derivation of
practical thermal parameters [46]. Recent studies have attempted to
develop hybrid models that combine physics-based equations with ML
techniques, but striking a balance between computational efficiency and
physical accuracy remains an open research question [47,48].

The development of new PV technologies and installation configu-
rations, such as floating PV systems, building integrated systems, and
agrivoltaics, highlights the need for updated thermal models that can
adapt to these advancements. The adoption of physical thermal models
with specific configurations gained attention, especially because of their
usage in the simulation software tools [49]. Several research have
developed new coefficients to optimize the coefficients of the Faiman
model for different floating configurations for both monofacial and
bifacial PV modules [50,51]. Thermal modeling of the vertical east/west
oriented bifacial PV module installed in Norway over a rooftop reported
a constant thermal coefficient of 55 W/m%C in the form of the Faiman
model [52]. A similar setup analysis in the Netherlands reached a similar
value of the thermal coefficient of 56 W/m2C [53]. Moreover, the
thermal performance of the Building Integrated Photovoltaic is studied
and thoroughly investigated, yet the physical thermal modeling of ver-
tical installation application didn’t get enough consideration in the
literature [54].

However, for emerging PV configurations such as floating PV and
building-integrated PV (BIPV), unique thermal characteristics introduce
additional complexities. Floating PV systems benefit from the cooling
effect of water, yet seasonal variations in water temperature signifi-
cantly influence convective heat transfer, requiring modified thermal
coefficients for accuracy [55]. Similarly, BIPV systems experience
distinct thermal behaviors due to ventilation gaps, facade design, and
the thermal mass of buildings, with recent studies demonstrating
considerable variation in thermal coefficients depending on the inte-
gration strategy [56]. These challenges underscore the need for further
research in developing robust, adaptable thermal models that integrate
both empirical and data-driven approaches to improve the accuracy of
temperature predictions across diverse PV system designs.

The PV operation in Short circuit (SC) and open circuit (OC) status
are some of the most serious faults that need to be detected and avoided
[57]. A short circuit can be caused by many reasons some of which are
poor wiring, damaged junction box, animal damage, water infiltration,
and faulty bypass diode. It can happen between two points in the same
string or between different strings [58]. Open circuit (OC), on the other
hand, occurs when module terminals are disconnected, making the
current of all the modules in the same string zero. Such faults are often
caused by broken cells, damaged connections between them, loose
connections, and defected power cables due to aging [59]. An integrated
maximum power point (MPP) tracking algorithm allows the extraction
of the maximum power possible from the PV module [60]. The voltage
and the current of the MPP are around 80 % and 90 % of the open circuit
and short circuit, respectively, depending on the module specifications
[61]. When a PV system operates in a point other than the MPP, part of
the electrical energy that wasn’t absorbed by the module is converted to
another form of energy, mostly thermal energy, elevating the module
temperature [62]. While most studies have focused on MPP operation as
the primary goal for maximizing energy production, less attention has
been given to evaluating performance at operating points other than the
MPP condition. Kurnik et al. [63] performed an experimental and pre-
diction evaluation of PV module installed in different mounting
configuration; open rack and isolated rooftop operating in both open
circuit and maximum power point conditions. The thermal modeling
was based on a linear relationship but has been enhanced with a
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nonlinear approach using the energy balance model while representing
the open circuit condition as a no electrical efficacy in the thermal
modeling. The effect of different electrical operating conditions on PV
thermal performance is shown to be significant and dependent on the
module’s actual conversion efficiency. Ciulla et al. [64] developed an
implicit correlation that considers standard weather variables and the
electrical production regimes of PV modules, demonstrating great po-
tential. However, the developed thermal models include coefficients
that must be empirically determined for each PV module. Moreover,
there is no explanation regarding the testing of the developed model
under different electrical production regimes.

As solar costs continue to decline, societal pressures for increased
renewable energy adoption are growing. This trend is driving the tran-
sition from a conventional power system dominated by dispatchable
generation to one where PV becomes the primary energy source [65]
Consequently, the focus of solar resource management must shift from
balancing short-term fluctuations to ensuring reliable power supply
24/365, even during periods of low or null solar irradiation. To achieve
this, a combination of strategies is necessary, including energy storage,
demand-side flexibility, and geographic diversification of PV in-
stallations. Additionally, overbuilding PV capacity and proactively
curtailing excess generation during periods of high solar output are
emerging as a viable solution to address the inherent intermittency of
solar power [66].

Traditionally, grid management has operated on matching power
generation with immediate consumption or storage. As a result, over-
building PV capacity and intentionally curtailing excess generation has
been considered inefficient and wasteful. However, recent studies have
challenged this conventional wisdom [66-68]. By strategically over-
building PV systems and selectively curtailing output during periods of
high solar irradiation, it is possible to significantly reduce the cost of
providing firm, dispatchable solar power. This approach leverages the
inherent variability of solar energy to achieve a more reliable and
cost-effective power system.

As a matter of fact, the possibility that the grid-connected photo-
voltaic systems will work in operating points different from the
maximum power point will be more and more probable. During the real
operating condition, the PV module can operate at a voltage higher than
one of the MPP or at a current higher than one of the MPP, causing a
significant reduction in the module productivity. It is reported that such
faults can stimulate thermal stresses, especially short circuit faults,
which could lead to fire hazards in some conditions [69]. For example,
for the off-grid systems [70-72], the Pulse-width modulation (PWM)
charge controller operates at a lower operating area than the MPP point,
after the state of charge of the battery, diverting the PV system’s pro-
duction closer to the short circuit current value of the module [73],
making the PV module more likely to be from a hotspot [74]. With the
development of new installation solutions and technologies, it was
necessary to have a reliable standard operating procedure, which was
provided by international initiatives such as the International Energy
Agency (IEA) and the Photovoltaic Power Systems Program (PVPS) Task
13 [58].

Based on the aforementioned literature, it can be concluded that
most of the thermal studies conducted on PV systems were focused on
the effect of meteorological variables on the thermal performance of
solar cells, as well as an attempt to improve and reduce the module
temperature and quantify the corresponding improvement in the elec-
trical performance. Several thermal models were developed for older,
low-efficiency PV modules and have not been updated to reflect ad-
vancements in modern module technologies. This lack of updates leads
to inaccuracies in temperature estimation, potentially affecting perfor-
mance evaluation.

Moreover, the impact of the electrical operating status on the ther-
mal performance of PV modules is often overlooked. To the best of our
knowledge, no existing literature investigates the thermal behavior of
PV modules under Maximum Power Point (MPP), Open-Circuit (OC),
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and Short-Circuit (SC) conditions simultaneously. While previous
research examines the OC condition, it does not provide insights into the
thermal behavior under SC conditions, which can perform significantly
differ. Even thermal models that incorporate real-time voltage mea-
surements are primarily developed for module operation at the MPP,
leaving scenarios outside this maximum power point unexplored.
Furthermore, thermal models typically fail to adequately address the
influence of the electrical operating status of PV modules on their
thermal behavior. The emerging necessity for photovoltaic (PV) systems
to operate at points other than the Maximum Power Point (MPP)—due
to factors such as overgeneration (e.g., curtailment) or the need to
provide primary frequency reserves—underscores the importance of
examining the accuracy of current thermal models under different
electrical operating conditions.

Accordingly, the thermal behavior of the PV module responding to
different extremes of real electrical operating statuses, including the
open circuit (OC), short circuit (SC), and maximum power point (MPP)
operating, is considered in the present study. To achieve these goals,
three sets of rooftop monofacial PV systems, each operating at the
aforementioned electrical operating status, are utilized to have simul-
taneous performance evaluation under the same meteorological condi-
tions. Thermal images of the PV sets operating at different electrical
statuses are used to provide in-detail scanning for hotspots or any ab-
normality that shall affect the temperature distribution of the module
itself at these electrical operating statuses.

For better insight into thermal modeling, a comprehensive compar-
ison has been conducted with the most widely used thermal models in
the literature and those recommended by standards. This comparison
evaluates their accuracy for systems operating under different electrical
conditions. The examined models are static models frequently cited in
the literature and commonly used in commercial simulation software,
along with their widely referenced coefficients, which can be applied for
online monitoring. The adopted thermal models have been classified
according to the number of meteorological variables. A radiation-
sensitive analysis has been conducted to estimate these thermal
models compared to the measured temperature, considering the three
different electrical operating statuses. The objective of the present work
has been executed as follows: 1. Introduction includes a survey about the
thermal performance of the PV module that may include the influence of
the electrical operating status; 2. The in detail explanations of the built
experimental setup and the methodology adopted; 3. An energetic bal-
ance to the three electrical operating statuses and stating the thermal
models considered; 4. Results and its discussion include the different
thermal performance between the three named electrical statuses and a
sensitive comparison between the examined thermal models; and finally
5. Conclusion of the proposed investigation with a recommendation for
upcoming studies.

2. Experimental test setup and measurement devices
2.1. Experimental setup

The experimental setup was built on the rooftop of the Faculty of
Engineering building at Jaén University campus in Spain. The experi-
mental setup consists of three sets of PV systems, each operating in
different extreme electrical statutes: short-circuited (PV set-1), open-
circuited (PV set-2), and operating at maximum power point (MPP) (PV
set-3). Each set consists of two identical monofacial PV modules con-
nected in parallel. The characteristics of the 6 typical PV modules can be
seen in Table 1. A free-standing rooftop mounting has been adopted in
installing the three PV sets oriented to the south, as can be seen in Fig. 1.
The PV rack is fixed 1.5 m high from the roof surface.

2.2. Instrumentations & DAQ system

The meteorological parameters presented in the plane of array
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Table 1

Specification of the PV module.
Specification Value
Model name WS-100/12V
Panel brand WAAREE
Material Polycrystalline
Dimensions in mm 1150 x 675 x 35
Short-circuit current (Ig.) [A] 6.07
Open circuit voltage (Vo) [V] 21.97
Maximum power (Pyp) [W] 100
Maximum power voltage (Vyp)[V] 17.47
Maximum power current [(Iyp) [A] 5.73
Open circuit voltage temperature coefficient [%/°C] —0.2941
Maximum power temperature coefficient [%/°C] —0.3845
Nominal Operating Cell Temperature [°C] 46
Module efficiency at standard test conditions, (ys;¢) [%] 12.88

radiation (Gppa), wind speed (o), and ambient temperature (T,) are the
main driving recorded variables affecting both thermal and electrical
operating conditions of the PV systems. The plane of array irradiance
was measured by DATASOL MET installed above the module parallel to
the PV modules’ plane, see Fig. 1. DATASOL MET is a calibrated refer-
ence cell used to sense the intensity of the received radiation at the
installed plane. Moreover, an anemometer is used to measure the
ambient wind speed that directly impacts the installed PV modules. The
ambient temperature was gauged by an ambient temperature ther-
mometer installed 5 m away from the experimental setup to avoid
thermal interaction with the PV modules.

The thermal performance of the three sets of examined PV modules
was assessed using temperature sensors and thermal imaging. A high-
precision PT100 temperature sensor was installed on the rear surface
of one of the two PV modules in each set. Additionally, a surface-type
PT100 sensor was placed at the centre of the back of each module,
following IEC 61724-1 standard guidelines [75]. A periodic check of PV
module temperatures was conducted to ensure measurement consis-
tency. The three PT100 sensors were directly connected to the NI data
acquisition system, as shown in the schematic diagram of the experi-
mental methodology (Fig. 2). The estimated uncertainty in the tem-
perature measurements, including the temperature sensor and the data
acquisition, is 0.81 °C, which confirms the reliability of the monitoring
system adopted. Furthermore, a Fluke TiS20+ thermal imaging camera
was used to capture the temperature distribution across the PV module
surface. Thermal images were taken for three different sets—-
short-circuited, open-circuited, and MPP-operating modules—to pro-
vide deeper insight into the impact of electrical operating conditions on
thermal behavior. Outdoor thermography images were captured with a
minimum solar irradiance of 600 W/m? to clearly identify temperature
distribution and detect any potential failures [76]. Thermal images of
both the front and back of the PV modules were taken periodically every
30 min during the noon periods of sunny days.

Infrared (IR) images were compared with thermocouple data to
verify the accuracy of the single-point measurements. This comparison
also ensured that thermocouple readings were not influenced by local-
ized hot spots, thereby improving measurement reliability. It is worth
noting that temperature distribution across the module can be affected
by non-uniform irradiance, wind speed variations (e.g., turbulence), and
PV cell electrical mismatch. Since these factors are time-dependent and
dynamic, accurately characterizing their impact remains challenging.

The electrical performance of short-circuited PV set-1 (V = 0, [ =Ig.)
and open-circuited PV set-2 (V=V,, I = 0) has been monitored by the
data acquisition devices. Such monitoring guarantees the operation at
specific fixed points. However, PV set-3 has been designed to operate at
the maximum power point (MPP). Electronic load EL9000B is used to
track the MPP of PV set-3 at different ambient conditions. The electronic
load EL9000B features a maximum power point tracking (MPPT) algo-
rithm that tracks the global MPP, which is software-controlled. The
reading of the maximum power voltage and current is used directly for
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Fig. 1. Photograph of the experimental apparatus at the University of Jaen (Spain).

real-time monitoring and analysis applications developed on LabVIEW
software, see Fig. 2.

Table 2 shows the features of the monitoring devices along with their
accuracy; (a). The expression introduced in Ref. [77] is utilized to ex-
press the standard uncertainty for a per instrument, u:

a
u="7 @

3. Energetic analysis

Thermal modeling of the PV module mostly depended on the thermal
balance between the incoming radiation, generated electric energy, and
the thermal losses from the module, as can be expressed in the following
expression [78]:

dEsyst
dt

Ein =Eout + Pgen + 2
Where:

Ein: The energy entering the PV system, which is meanly the captured
plane of array radiation (Eppa).

@gen: The thermal energy generated in the system, which usually is
made by joule losses resulting from an electric current flow through the
PV cells in the module and the transformation of a partition of the solar
spectrum into heat.

Eout: The energy exiting the PV system, which is made of the output
electrical energy (Epy) and heat exchange between the PV module and
the environment by radiation Q,,q and convection Qgony

%z This term represents the rate of changing internal energy of the
PV module (the module temperature).

While the incoming radiation is mainly dependent on the environ-
mental condition, among other parameters, the heat generation and the
electrical power out from the module depend on the load connected to
the module, defining the electrical operating point in the I-V charac-
teristic curve. Focusing on the possible electrical operating status of a PV
module reveals that its thermal behavior can be influenced by the
electrical status. These conditions can be categorized into three regimes,
each with extreme operating points.

e The first regime is identified by a low power production and high
current (including the short circuit current as an extreme operating
point) and relatively low voltage value (V/Vyp<0.95) where the I-V
characteristic can be considered almost parallel to the x-axis, Fig. 3-
a. For a very low voltage, the current flow within the module be-
tween its terminals faces a low resistance except for the internal
resistance of the solar cells themselves and interconnections. This
leads to electrical power dissipation in the form of heat, a phenom-
enon known as Joule heating, representing internal heat generation.
The power dissipated as heat is proportional to the square of the
current. This generated heat causes the temperature of the PV
module to rise. Since the short-circuit operation allows for the
highest current, the Joule heating effect is at its maximum, leading to
a higher module temperature.

e The second regime is characterized by maximum power point on the
IV curve. When a PV module is operating in this area, it’s driven by
an MPP algorithm extracting the maximum power possible. It can be
defined with a voltage ratio limitation of 0.95 < V/Vyp < 1.05, see
Fig. 3-b In this regime, the transformation is maximized, with the
incoming radiation being converted into electrical power and heat
transfer via convection and radiation, all the incoming radiation is
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Fig. 2. Schematic diagram of the experimental setup.

Table 2
Accuracy and uncertainty of devices.
Devices Measured Brand Accuracy Standard
parameter uncertainty
PT100 PV module - 0.15°C 0.086 °C
temperature  temperature
sensor
Thermal Temperature Fluke +2 % or 1.15%
camera distribution TiS20+ +2°C
map
Calibrated PV Plane of array DATASOL +2.2% 1.27 %
cell radiation MET
Anemometer Wind speed DATASOL 0.27 m/s 0.15 m/s
MET (0.83-4.16
m/s)

converted to the electrical power and heat transfer via convection
and radiation achieving the balance with the internal energy (mod-
ule temperature).

e The third regime is characterized by a high voltage value (including
the open circuit voltage as an extreme operating point). In this
regime, when the ratio V/Vyp>1.05, the power production is dete-
riorated by sharp linear decrement of the current reaching the open
circuit point where there is no power is produced P = 0 (I = 0,
V=V,,), as can be noticed in Fig. 3-c. In open circuit operation at V.,

no current flows, and there is minimal Joule heating within the PV
cells. The heat accumulated in the module is due to the absorption of
sunlight, which primarily warms the surface and cells due to solar
irradiance but does not significantly increase temperature through
electrical losses.

3.1. Thermal models

Several simplified thermal models have been developed to determine
the PV cell temperature (T.)—the temperature of the solar cells inside
the module—while others focus on calculating the module temperature
(Tm), which is the back surface temperature of the PV module. These
models typically adopt steady-state thermal analysis to estimate tem-
peratures under various operating conditions. Many models are based
on the energy balance for steady-state conditions, in which the thermal
capacity of the PV module and transient response are neglected, and
others are developed based on empirical datasets as multivariate
regression models [79]. The variables considered in the models usually
are plane of array irradiance (Gppa), ambient temperature (T,), and, in
some cases, wind speed (o) [24]. PV simulation software tools utilize
thermal models to quantify the impact of the temperature of PV cells on
the expected generated power, frequently reported as 1-h averages or
less, depending on the tool applied. In this paper, four models are
considered. Specifically, models have been selected because they are
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Fig. 3. Graphical representation of an energy balance of three regimes of the IV curve.

either used in major photovoltaic software tools, cited in IEC standards
or report the efficiency of the PV module. In the following paragraph,
they are presented and discussed, and they are classified according to
the number of variables.

3.2. Two variable-based thermal model
e Nominal Operating Cell Temperature (NOCT) model

Standard Model, also known as Nominal Operating Cell Temperature
(NOCT) model [80], is the most common model to estimate the cell
temperature of a PV module [81]. NOCT model is a simplified
steady-state model where the cell temperature, T, is expressed as a
function of the plane of array irradiance, Gpoa, and the ambient tem-
perature, T,. The expression

Tc,NOCT - Ta .NOCT)
GPOA,NOCT

T.=T,+ GPOA' ( (3)

Where:

Tcnocr is a temperature parameter provided by the manufacturer of
the PV module in the datasheet. It is measured according to the standard
IEC 61215-2:2016 [82] under the operating conditions: T, nocT = 20 °C,
Gpoa, NoCT = 800W/m2, ® = 1 m/s. Further NOCT value is measured
with a PV module in an open circuit, yet it doesn’t include any infor-
mation about the mounting configuration [83].

3.3. Three variable-based thermal models

Faiman model, Sandia model, and Duffie and Beckman model are

some of the most famous models adopted by several commercial PV
software tools and recommended by the standard IEC TS 61724 [84].
Moreover, among the continuous efforts that focus on improving ther-
mal modeling, Keddouda et al. [85] recently developed a modification
based on mathematical formula of Sanida model. These models have
three meteorological variables: plane of array irradiance, ambient
temperature, and wind speed.

o Faiman model:

Faiman model [86] was developed based on the hypothesis of
considering the PV module is a flat-plate solar-thermal collector under
conditions of steady-state using Hottel-Whillier-Bliss equation [87].
The electrical efficiency of the module was considered from an energy
balance point of view. The model was built based on the experimental
examination of mec-Si and pc-Si cells with front glass covers and Tedlar
back operating in maximum power conditions at Sede Boger in the
Negev Desert - East Sinai Peninsula. The Faiman model can be expressed
as follows:

1=, + Gl =) “
Where:

U,: Coefficient describing the effect of the radiation on the module
temperature [W/m2°C].

Uy: Coefficient describing the cooling by the wind [W.s/m>.°C].

a: Module absorption coefficient ~ 0.9 [88].

n,: the electrical efficiency of the module at maximum power point

As U, and U, coefficients are very sensitive to the installation
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configuration, several studies [22,38] specified these coefficients for
selected technologies of PV modules, which can be selected for rooftop
monofacial PV modules to be (U, = 25 W/m2°C, U,=12W s/m>.°C).

¢ Exponential thermal models

There are some thermal models where the dependency on wind
speed is expressed by an exponential function; in Eq. (5), the general
expression is reported in two possible forms:

T =c1-Tq + C2-Gpop-€*” = ¢1-Tq + Gpop-€“7%7 ()

Where Ty, is the module temperature, the following sections present the
Sandia and Keddouda models, as described in equation (5).

e Sandia model

Sandia model [26] is a simplified empirical thermal model developed
in Sandia National Laboratories. It is worth mentioning that the thermal
model was developed based on an energy balance considering the
thermal mass of the PV module and better consideration for the thermal
analysis, yet no mention of the electrical connection condition of the PV
module, whether it’s electrically loaded or not [89]. The module tem-
perature of the PV module estimated by this model depends on the main
meteorological parameter, as can be seen in the following equation [90]:

Tm = Ta + GPOA'eaer.w10 (6)
H. ¢

W10 =@+ (ﬁl(}) @)

Where:

Tm: The module temperature, [°C].

10 The wind speed corrected to 10m height or to the height that is
relevant to the power model [m/s].

®: The measured wind speed (2 m above the ground or 0.5 m above
the module) [m/s].

Hjo: The height used by the performance model (typically 10m) [m].

H: The above grade anemometer height [m].

& The resistance coefficient for ground cover or the Hellmann
exponent

a: Empirically determined coefficient establishing the upper limit for
module temperature

b: Empirically determined coefficient establishing the rate at which
module temperature drops as the wind speed increases.

For an open rack-mounted monofacial PV module (Glass/cell/poly-
mer sheet), the coefficients a and b are —3.56 and —0.075, respectively.
Sandia model can provide the anticipated Ty, with an accuracy of around
5 °C, which proves the flexibility and appropriation for system engi-
neering and design objectives [23].

While the Sandia model directly calculates the module temperature
(Tm), the PV cell temperature (T.) is the temperature of the solar cells
inside the module, which can be determined using a simple heat balance
equation. This equation accounts for the conductive temperature drop
across the PV module and is expressed as follows: [49], given the Tp,:

GPOA

Te=Tn+ AT.IOOO

(€))

Where AT is the temperature difference between the cell and module
back surface in the level of irradiance of 1000 W/m?. Its value is very
sensitive to the type of module and the mounting. For the open rack
installation of the Glass/cell/Polymer sheet module, AT = 3 °C.
Recently, Keddouda et al. [85] performed a modification on the
thermal model that follows the exponential mathematical formula as the
Sandia model. The thermal models developed based on comprehensive
three-dimensional CFD simulation of poly-Si photovoltaic modules, as
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can be seen in Eq. (9). It was reported that the developed models have
more accuracy compared to Ross [91], King [26], and Skoplaki [92]
models. The experimental validation conducted at El Oued University,
Algeria, over a three-day period, confirms the accuracy of the developed
coefficients. The wind speed used in Eq. (9) was measured at a height of
2 m above the ground or 0.5 m above the module, ensuring consistency
with the modeling assumptions.

T,y =0.905T, + 0.0291Gpope 203 ©

e Duffie and Beckman model

In this approach, thermal modeling is based on an energy balance
between the parameters affecting the changing of the module temper-
atures. The solar energy absorbed by a module is converted to thermal
and electrical energy, which is removed from the cell through the
external circuit. An energy balance on a unit area of a module while
considering the thermal losses by convection, conduction, and radiation.
It is worth mentioning that such a thermal model is adopted via the SAM
simulation software tool. The cell temperature of the PV module can be
expressed as the following [20,93]:

9.5 Gpoa
5.7+ 38w

T.=T,+ < (Tenocr — Tanocr) <1 - ZT;) (10)

GPOA,NOCT

Where o is the measured wind speed (2 m above the ground or 0.5 m
above the module), [m/s] and za: product of transmissivity and absor-
bance coefficients ~ 0.9 [94].

According to the literature, it can be reported that all stated thermal
models have been developed and tested under the assumption that the
PV modules operate at the maximum power point in the models where
the electrical efficiency is considered (Faiman and Duffie&Beckman); it
is considered constant and calculated under standard test conditions
(STC). This means that such models have to be specifically tested to
verify their precision under different electrical operating conditions. The
extension of Faiman and Duffie&Beckman models at short circuit and
open circuit conditions is obtained, imposing an electrical efficiency
equal to zero (7, = 0). In the next paragraphs, the precision of the
considered models (with and without the assumption about the elec-
trical efficiency) is verified experimentally. A summary of the examined
thermal models in the present studies is presented in Table 3

3.4. Statistical evaluation

To evaluate the precision of the mentioned models against the
experimental measurements with different electrical operating points in
real-use conditions, statistical metrics are introduced [95]. The Mean
absolute error (MAE), Root Mean Square error (RMSE), and Mean Ab-
solute Percentage Error (MAPE) are utilized for error estimation, as can

Table 3
Summary of examined thermal models in the current study.

Thermal Ref. Eq. Equation coefficients
model No.
NOCT [80]  Eq. Tenocr — Tanoct -
model T T G ()
Faiman [27]1 Eq. aGpoa(1 —1,) U. =250,
Te = To+ — o
model 4 U. +Uyo =1.2
Sandia [26] Eq. T = Ta+ Gpoa-e®t@10 a=—3.56
model 6) b=-0.075
Keddouda [85]  Eq. T = 0.905T, + 0.0291Gpose 0031 —
model (C)]
Duffie and [20] Eq. T, =Tq+ -
Beckman 10) 9.5 Gpoa T
model (57 + 3A8~(u) GPOAANOCT( eNoer =

Ta nocr) (1 - Z*;)
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be expressed in the following formula [96,97].

mE:%i}yi.m_yi,J (11)
i=1
71 = im — Yic
MAPE =" ; o 12)
RMSE=[1 3" (yin ~yic)” a3

i=1

where y;, and y;. are the measured and calculated temperatures,
respectively. On the other hand, n is the number of samples.

4. Results and discussion

The monitoring of the thermal and electrical performance took place
over four months, from March to June 2024. The recording interval is
30 s, which has been averaged on a 5-min basis. For system reliability
before starting the analysis, the three PV sets were operating in an open
circuit to confirm the consistency between the sensor readings installed
in the three sets. The electrical and thermal measurement, including
temperature sensor readings and thermal images, confirms the reli-
ability and consistency of the three PV sets. It is also worth mentioning
that measurements of the short-circuited PV set 1 took place on some
selected days to avoid permanent faults that could affect the health of
the modules.

4.1. Thermal assessment of PV systems with different electrical operating
statuses

During four months-monitoring of the thermal performance pre-
senting in the module temperature of the PV sets operating at OC, SC,
and MPP operation is summarized in Fig. 4, presenting the daily
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monthly module temperature with the corresponding irradiance. It can
be seen that the short-circuited PV set 1 has the highest module tem-
perature (Tp.sc) compared to the other two situations (open-circuited
PV set 2 module temperature (Tp.oc) and temperature of PV set-3
module operates in MPP (Ty,.vpp)). Depending on the received irradi-
ance and ambient condition, the temperature of the short-circuited PV
module is 4.30 °C-9.35 °C higher than the module operates in MPP. In
comparison, the temperature of the open-circuited PV module is
2.16 °C-4.35 °C higher than the MPP operating one, as can be seen in
Fig. 4.

To explore the thermal performance at different electrical operating
statuses, a sample of the measurements taken during the monitoring
period is examined closely. A clear sky day in a continental climate
location has been considered to examine the thermal response of such
phenomena. Records captured during the 18th of May representing the
meteorological variables and the corresponding thermal response of the
PV sets operating at OC, SC, and MPP operation presented in Fig. 5. The
measured meteorological variables show that the elevated plane of array
irradiance reaching the maximum value of 917 W/m? with an average
ambient temperature of 18.90 °C and wind speed around 1 m/s during
that day. In Fig. 5, it can noticed that PV set-3 operating at MPP has a
comparatively lower module temperature, especially at a high level of
radiation. The daily average of the Ty, g¢ is 46.63 °C, while for the Tp.oc
is 42.91 °C. However, PV set-3 operating at MPP has an average module
temperature of Ty ypp = 39.71 °C. This means that on a daily basis,
considering only solar hours, when the PV module operates at MPP, the
mean module temperature is 17.41 % less than a short-circuited PV
module and 8.01 % less than the open-circuited module. It can also be
observed that, regardless of the electrical operating state, the module
temperature at night is consistently lower than the ambient temperature
by approximately 2-4 °C. This phenomenon can be attributed to radi-
ative cooling during cloudless nights. In the absence of incoming solar
radiation to counterbalance the thermal radiation emitted by the PV
modules toward the cold sky, the module temperature drops below the
ambient temperature. This highlights the interaction between PV
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Fig. 4. Monthly average of daily irradiance (Gpoa) and the measured PV module temperature that operates in short circuit (SC), open circuit (OC), and maximum
power point (MPP) conditions including the standard error of the temperature measurements in each bar.
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peratures at SC, OC and MPP operating conditions.

modules and their thermal environment, underscoring the importance of
accounting for nocturnal radiative heat exchange in thermal modeling
and energy yield assessments.

By taking a closer look at the thermal response of the PV modules
operating in different electrical statuses with respect to various in-
tensities of received irradiance, see Fig. 6. It can be noticed that for
levels of radiation lower than 200 W/m?, the PV module temperatures
with different electrical operation statuses have a similar value with an
insignificant variation. Moreover, for levels of radiation higher than 200
W/m?, a liner increment in the module temperature with different slops
with respect to the electrical operating status of the PV module, espe-
cially during the heating up of the module. At a high level of irradiance
reaching 900W/m?, the temperature difference between the sets,

relative to the MPP operating PV set, can reach 10 °C. While during the
cooling down (the reduction of the solar irradiance intensity from the
solar noon to the sunset), the temperatures of both short-circuited
module and open-circuited module exhibit more similar values than
the PV module operates at MPP achieve a lower temperature for the
same level of radiation.

Such temperature variation between the PV sets with different
electrical operating statuses can be explained by an energy balance as in
eq. (2). For the short-circuited PV set 1 and open-circuited PV set 2, no
electrical energy is extracted from the system, meaning that all of the
radiation energy is converted to a thermal one. Moreover, for PV set 1,
the maximum value of current (Isc) flows through the PV module ter-
minals, facing the resistance of the PV cells themselves, which in turn
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Fig. 6. Measured module temperature of PV sets against their corresponding radiation.

10



A. Osama et al.

significantly increases the cell temperature. This can explain the
elevated module temperature of PV set-1 compared to open circuit ones
in PV set-2. As for PV set-3, converting the received solar radiation with
an electrical efficiency of around 12 % (depending on the module itself)
and absorbing the maximum electrical power possible from the PV
system significantly helps reduce thermal conversion.

While it’s known that a module temperature represents the tem-
perature of a point in the PV module, there is a nonuniformity temper-
ature distribution across the active area of the module. Nevertheless, the
hot spot is rarely captured by a temperature sensor. Thus, an infrared
thermal image of the three sets is introduced in Fig. 7. It can be seen that
there is a difference in the temperature between the three sets where PV
set-3 has a more uniform yellowish color, presenting the lowest tem-
perature between the sets. Moreover, the open-circuited PV set-3 has a
uniform orange color along the modules’ of the set, presenting a more
elevated temperature. However, in the short, circuited PV set-1, a clear
sign of hot spots (radish and while cells) is formed in both modules of the
set. This thermal image is a clear sign of the hazard of short-circuited PV
modules compared to the other electrical status examined.

4.2. Thermal models assessment to various electrical operating statuses

The thermal models have been introduced to estimate the module
temperature in case of the nonavailability of a temperature sensor and in
the software tools for performance evaluation due to the vital rule of the
module temperature in estimating the output power. Hence, the most
common thermal models have been investigated against different elec-
trical operating statuses considering short circuit, open circuit, and
maximum power point. Some models, such as the NOCT model, Faiman
model, and Duffie & Beckman model, estimate cell temperature (T,),
while others, such as the Sandia model and Keddouda model, directly
predict module temperature (Ty,).

For the thermal model assessments, temperature measurements were
taken from the back surface of the PV module, providing the actual
module temperature. To ensure a fair comparison, models that predict

Short-circuited
Set 1

Set 2

open-circuited
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module temperature were directly compared with the measured values.
Meanwhile, thermal models estimating cell temperature were integrated
with Eq. (8), which converts cell temperature to module temperature.

During the experimentation period, the module temperature was
calculated for the corresponding meteorological condition considering
the commonly used thermal coefficients in the literature, see Table 3,
and compared with the relative measured module temperature for the
three sets of PV systems operating at different electrical operating sta-
tuses. The calculated module temperature, using the aforementioned
five thermal models to verify their behavior, for the sample day
mentioned in Fig. 5 has been presented in Fig. 8.

It can be seen that the daily module temperature estimated by Duffie
and Beckman was 44.45 °C, which suffers from the overestimation
relative to the temperature of the MPP operating module. Moreover, it’s
so sensitive to the wind speed that it undergoes great fluctuation for
wind gestures, as can be seen in Fig. 8. Simplifying Duffie&Beckman’s
model to a formula similar to Faiman models indicated that the wind
speed coefficient (U, = 11.61 [W/m2°C]) is significantly higher than the
one considered in PVsyst (Uy = 1.2 [W/m2°C]). This can explain the high
sensitivity to the wind speed, which in turn produced a highly fluctuated
estimation that can be missed with its average precision. A high level of
accuracy was found in the module temperature calculated by the Ked-
douda model during the day, as can be seen in Fig. 8 relative to the
temperature of the MPP operating module, with a daily average value of
39.71 °C.

While calculated temperature via the Sandia model and Famian
model achieved a reasonable agreement with the module temperature
operating at MPP, especially at high levels of radiation, the NOCT model
tends to overestimate it. NOCT model was found to provide better pre-
cision to the measured open-circuited module temperature for high
levels of radiation during the solar noon. It is noticed that at a low level
of radiation, a minimum deviation in module temperature estimation
using different models was found; nevertheless, it’s electrical operating
status.

For better evaluation of the thermal models’ response to the different

-50.0

Fig. 7. Infrared thermal image of the three sets examining the three status of electrical connection (Gpos = 819 W/m?, Ta = 22.1 °C).
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Fig. 8. Example of daily measured variables (5 min) time step: ambient variables (ambient temperature, wind speed, and POA irradiance) and PV module tem-
peratures: measured at SC, OC, and MPP operating conditions and calculated by thermal models.

electrical operating statuses, a temperature difference between the
measured module temperature and the modeled one was considered
during the 4 months of monitoring for short-circuited PV system MPP
operated system, and open-circuited one as can be seen in Fig. 9. It worth
mentioning that evaluating thermal models is preferred in clear sky
steady conditions to avoid the miscalculation resulted from the delay in
the thermal response.

The analysis reveals that the Faiman model, while considering n =0,
showed the best precision, relative to the other models examined, in
estimating the short-circuited PV module with a daily monthly average
temperature deviation between +2.72 °C and —2.3 °C, see Fig. 9-a.
Moreover, the Keddouda model provides a high level of accuracy in
estimating the module temperature operating at MPP status with an
average daily overestimation of 1.67 °C. It can also be noticed that the
examined thermal models tend to overestimate the module temperature
that operates at MPP, as can be spotted in Fig. 9-b. This can be explained
by the neglect of the thermal capacitance of the module itself and the
lack of development of the proper thermal coefficients that acknowledge
the new module technologies, their higher electrical efficiency, and
installation solutions.

Both the Sandia and NOCT thermal models show better accuracy in
estimating the temperature of an open-circuited PV module, with
average overestimations of 0.60 °C and 2.4 °C, respectively. In contrast,
for the PV module operating at MPP, the overestimations increase to
2.67 °C and 4.48 °C, respectively. This pattern is confirmed by the daily
and monthly deviations observed during the monitoring period, as
shown in Fig. 9-c. Duffie and Beckman provides the worst result in
evaluating the module temperature considering the three electrical
operating statuses with temperature overestimation reaches over than
14 °C on daily basis which is not recommended compared to the other
models. Such evaluation was confirmed by the statistical analysis
considering as can be seen in Fig. 10.

The deviations observed in April and June can be attributed to some
instability and unpredictable weather conditions during these months.
Specifically, April experienced significant rainfall, which aligns with the
city’s typical climate, characterized by wetter conditions in the spring.
In contrast, June was much drier with warmer ambient temperatures,
with average highs around 30 °C. The errors vary across thermal models

12

due to their varying sensitivities to electrical operating conditions and
their responses to climatic variables. These factors—such as solar radi-
ation, ambient temperature, and wind speed—have distinct impacts on
the predicted module temperature, leading to greater deviations in
certain months, especially when unexpected weather patterns occur.

A recalibration of the thermal model coefficients has been per-
formed, taking into account the three examined electrical operating
conditions. The coefficients for both the Faiman and Sandia thermal
models were developed using separate datasets for a PV system oper-
ating under open-circuit, MPP, and short-circuit conditions, as shown in
Table 4. A comparison with the literature coefficients for both models
highlights the necessity of providing updated empirical coefficients for
these conditions. Additionally, it underscores the lack of adaptability
and the variation in accuracy relative to different electrical operating
conditions.

4.3. Thermal models sensitivity to the environmental variables

For a better insight into the thermal model’s accuracy evaluation, the
precision of the thermal models examined has been considered with
respect to the various environmental variables that have a direct influ-
ence on the thermal behavior of the module temperature and, hence, the
thermal model accuracy. The sensitivity of thermal models to key
environmental variables—plane of array irradiance, ambient tempera-
ture, and wind speed—under different electrical operating conditions of
the PV module is presented as follows.

e Precision assessment of irradiance sensitivity

Fig. 11 presents the error precision of the thermal models compared
to the actual measurement of short-circuited PV modules (PV set-1). A
clear underestimation can be noticed, especially for levels of radiation
higher than 300 W/m?2. An underestimation of up to 20 % has been
found, especially in the Sandia and Keddouda models. On the other
hand, the NOCT model achieved a better underestimation. Duffie and
Beckman not only overestimated the module temperature at short cir-
cuit status but also suffered from multiple fluctuations for the same level
of radiation relative to the corresponding wind speed considered.
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of this article.)

When considering the evaluation of these thermal models against the
temperature of an open-circuited PV module (PV set-2), see Fig. 12, a
better precision can be noticed with a slight underestimation/over-
estimation precision ranging from —13 % to +10 %. After Gpoa of 400
W/m?, the accuracy of the thermal models is very similar for higher
levels of radiation, while the NOCT and Duffie and Beckman models
tend to overestimate the open-circuited PV module temperature. As for
the accuracy validation of these thermal models relative to the measured
temperature of the PV module operating on MPP (PV set-3), see Fig. 13,
the thermal models tend to overestimate the module temperature,
especially for the low level of radiation GPOA<400 W/m?2. Moreover,
increasing the level of radiation has a positive impact on the precision of
these models by around 20 %. Keddouda model has the best accuracy
compared to other examined thermal models, especially for high levels
of irradiance, as can be seen in Fig. 13.

The underestimation of the module temperature of the short-
circuited PV module by these models can be referred to as the main
assumption adopted by the models that take into account a part of the
received radiation is lost from the system in the form of electrical en-
ergy; nevertheless, the internal resistance of the cells itself that worked
as an internal heat source. The better precision in estimating the open-
circuited PV module temperature can be explained by the fact that
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these models assume the PV module behaves like a flat plate solar col-
lector. Additionally, the electrical efficiency used in their formulas to
estimate the coefficients was much lower compared to modern modules.
Furthermore, these thermal models lack clear information about the
electrical connection status of the examined PV module. As a result, the
models tend to overestimate the temperature of the module operating at
MPP.

Analyzing the available records taken during the 4 months of
monitoring according to grouped levels of irradiance is presented in
Fig. 14. Such analysis reveals that around 40 % of the available irradi-
ance records are below 300W/m?, while high levels of irradiance be-
tween 700 and 1100 W/m? represents about 38 % of the database.

The mean of thermal models’ precision for grouped levels of irradi-
ance can give a better comprehension of the impact of the irradiance
sensitivity considering different electrical operating statuses. The per-
centage deviation of thermal model predictions from experimentally
measured PV module temperatures across the plane of array irradiance
ranges (<100-1100 W/m?) and electrical operating conditions (short-
circuit, maximum power point operation, and open-circuit) is presented
in Fig. 15 a, b, and c respectively. Positive deviations indicate over-
estimation of temperature, while negative values reflect underestima-
tion. This analysis explores the performance of five models—Duffie and
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Table 4 mentioned models tend to have a low precision between 15 % and 18 %,
able

Optimized thermal coefficients of different extreme electrical operating
conditions.

Thermal model Thermal coefficients

Faiman model Uc W/m2°C Uv W.s/m3.°C
Present work MPP 33.1848 2.2733

ocC 26.204 3.4028

SC 22.3035 3.1976
Literature [27] 25 1.2

Sandia model a b

Present work MPP —3.7448 —0.0646
ocC —3.5123 —0.1128
SC —3.3535 -0.1214

Literature [26] —3.56 —0.075

Beckman, NOCT, Faiman, Sandia, and Keddouda—under these varying
scenarios.

It can be seen in Fig. 15-a for short-circuited PV that increasing the
level of irradiance improves the accuracy of NOCT and Faiman-n =
0 thermal models (1.71 % and 3.48 %, respectively, for irradiance be-
tween 700 and 900W/m>2). Yet Sandia and Keddouda’s models tend to
underestimate the short-circuited system, especially for high levels of
radiation.

It can be seen in Fig. 15-b that all examined thermal models tend to
overestimate the temperature of a PV module operating in MPP for all
levels of radiation. The Keddouda model has the highest precision for all
levels of irradiance examined compared to the other mentioned models.
Yet For low levels of radiation (100-300 W/mz), the accuracy of the
Duffie and Beckman model is around 24.39 %. The accuracy of both
Sandia and Faiman has a similar response of around 10 % for levels of
radiation >300W/m?2. NOCT model has a similar accuracy of around 15
% for all different levels of irradiance.

The radiation sensitivity of the thermal model accuracy in estimating
the open-circuited PV module temperature is presented in Fig. 15-c. It
can be seen that for lower levels of radiation of 300W/m2 the
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yet Keddouda provides an improved evaluation from 9.45 % to 2.45 %.
On the other hand, with a higher level of irradiance of 300 W/m?, both
Keddouda and Sandia tend to underestimate the open-circuited module
with a reasonable level of accuracy that doesn’t exceed +2.6 %. Both
Faiman-n = 0 and NOCT models follow the same pattern of increasing
their accuracy of anticipating open-circuited PV module temperature
with increasing the level of radiation>300 W/m?2.

e Precision assessment of ambient temperature sensitivity

Ambient temperature is a crucial environmental factor that directly
influences the increase in module temperature. Although the examined
thermal models assign a unity coefficient to ambient temperature, its
sensitivity can vary across different models and electrical operating
conditions. An analysis of the ambient temperature values in the avail-
able dataset, as shown in Fig. 16, reveals that temperatures between 20
and 25 °C account for approximately 50 % of the recorded measure-
ments. In contrast, only 6 % of the dataset corresponds to ambient
temperatures lower than 15 °C.

Fig. 17 depicts the percentage deviation of thermal model pre-
dictions from experimentally measured PV module temperatures across
ambient temperature ranges (5-30 °C) and electrical operating condi-
tions (short-circuit, maximum power point operation, and open-circuit).
Positive deviations indicate overestimation of temperature, while
negative values reflect underestimation. This analysis explores the per-
formance of five models—Duffie and Beckman, NOCT, Faiman, Sanida,
and Keddouda—under these varying scenarios.

Generally, it can be observed that, regardless of the electrical oper-
ating conditions, all examined thermal models exhibit very low accuracy
at low ambient temperatures (5 °C < Tm < 10 °C), which typically occur
during the early morning hours. Increasing the ambient temperature has
a positive impact on the accuracy of the thermal models, see Fig. 17.
When the PV system is operating in short circuit conditions, the preci-
sion deviation of Duffie and Beckman reduced from 79 % at (Tomp =
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Fig. 12. Thermal model precision relative to open-circuited PV module (PV set 2).

5-10 °C) to around 1 % at (Tamp = 25-30 °C), see Fig. 17-a. Both NOCT
and Faiman models have the same performance pattern that achieved
high precision with minimum deviation, 2 %, and 3 %, respectively,
from the measured short-circuited PV module temperature at Tymp =
25-30 °C. Moreover, Sandia and Keddouda have an underestimation
prediction for Tayp < 15 °C.

Thermal modeling of an MPP operating system can achieve a high
level of accuracy with the Keddouda model, particularly at high ambient
temperatures (Tamp = 25-30 °C); see Fig. 17-b. On the other hand, the
Duffie and Beckman model exhibits the worst performance, with an
error estimation of approximately 96 % at low ambient temperatures
(Tamb = 5-10 °C). Both Faiman and Sandia models exhibit a similar error
pattern, with accuracy improving as ambient temperature increases,
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reducing the estimation error from 53 % to 8 % for Tomp = 5-30 °C.
Similarly, the NOCT model shows comparable performance, with its
estimation error decreasing from 55 % to 11 % over the same temper-
ature range.

Under open-circuit conditions, where no electrical current flows,
thermal models generally exhibit higher deviations at lower ambient
temperatures Ty, = 5-15 °C. Although the Duffie and Beckman model
shows a 72 % deviation in this temperature range, indicating unac-
counted variables such as convective cooling or irradiance effects, it
achieves a highly accurate estimation with only a 3 % error at Tomp =
20-25 °C. Both the NOCT and Faiman models follow a similar perfor-
mance pattern, achieving high precision with minimal deviations of 7 %
and 9 %, respectively, from the measured open-circuit PV module
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Fig. 14. Statistical analysis of the dataset according to irradiance ranges.

temperature at T,mp = 20-25 °C. Furthermore, the Keddouda model,
remaining the most stable, demonstrates the best estimation accuracy
among all examined thermal models, with its overestimation error
decreasing from 29 % at low ambient temperatures to an underestima-
tion error of just 1 % at (Tymp = 20-30 °C).

Thermal model accuracy is highly sensitive to ambient temperature
and electrical operating conditions. In temperate climates (5-15 °C), the
Keddouda model is the optimal choice, particularly for open-circuit or
MPP systems. In hotter regions (25-30 °C), both the Keddouda and
Sandia models are indispensable, while models like Duffie and Beckman

16

should be avoided due to their tendency for risky overestimation. These
findings highlight the importance of context-aware model selection and
the need for empirical frameworks validated against real-world oper-
ating data.

e Precision assessment of wind speed sensitivity
While wind speed has a decreasing influence on module tempera-

ture, the sensitivity of each thermal model varies significantly depend-
ing on the electrical operating conditions, making it an essential factor
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to investigate. Based on the available dataset, a wind speed distribution
has been introduced along with its weighted percentage to provide
better insight, as shown in Fig. 18. The data reveals that stagnant wind
conditions were predominant at the experimental location, with
approximately 55 % of recorded values around 1 m/s. In contrast, only 5
% of the dataset includes wind speeds in the range of 3-5 m/s.

The sensitivity of the examined thermal models to wind speed under
different electrical operating conditions is shown in Fig. 19. When the
PV system operates under short-circuit conditions (Fig. 19-a), the Duffie
and Beckman model tends to underestimate the module temperature by
5-23 % for high wind speeds (1-5 m/s). In contrast, the NOCT model,
which does not account for wind speed, overestimates the temperature
by up to 12 %. The Faiman model shows an average overestimation of
approximately 5-7.5 % for wind speeds between 0 and 5 m/s. The
Sandia model generally underestimates the module temperature by
3-5.6 % for wind speeds between 1 and 5 m/s, although it achieves high
precision at wind speeds below 1 m/s.

The thermal models tend to overestimate the module temperature
under maximum power point (MPP) conditions (Fig. 19-b). However,
the Duffie and Beckman model shows underestimation in the range of
2-13 % for wind speeds of 2-5 m/s, while it significantly overestimates
the temperature at wind speeds below 1 m/s. This variation in perfor-
mance highlights the model’s high sensitivity to wind speed. The NOCT
model demonstrates a significant overestimation of 10-26 % at higher
wind speeds. Both the Faiman and Sandia models exhibit similar over-
estimation trends, with the Sandia model showing slightly better
accuracy.

Among the examined thermal models, the Keddouda model gener-
ally provides accurate modeling performance, particularly at wind
speeds of 1-2 m/s, where it achieves an accuracy deviation of just 1.38
%. However, for the Keddouda model, increasing wind speed negatively
impacts the accuracy of module temperature predictions when the PV
system operates at maximum power point (MPP) conditions, as observed
in Fig. 19-b.

In the case of open-circuited PV systems, the behavior is similar to
that observed in MPP and short-circuit conditions. The Duffie and
Beckman model tends to underestimate the module temperature by

0.5-17 % as wind speed increases from 1 to 5 m/s (Fig. 19-c). On the
other hand, the Sandia model demonstrates better accuracy in modeling
the module temperature of an open-circuited PV system, with an error
ranging from 6 % to 2 % as wind speed increases from O to 5 m/s. The
NOCT model shows an overestimation deviation of approximately 6-21
% as wind speed increases from 1 to 5 m/s, while the Keddouda model
presents a more moderate overestimation deviation, ranging from 3.5 %
to 7 %.

5. Conclusion

The evaluation of the impact of the electrical operation conditions on
the thermal performance of a rooftop monofacial PV system is con-
ducted in the present work. During four months, the thermal perfor-
mances of three PV sets, each operating in different statuses: short-
circuited (PV set-1), open-circuited (PV set-2), and maximum power
point (MPP) (PV set-3) have been monitored, and the recorded data
analyzed. PV module thermal models alongside their commonly cited
coefficients, namely the Faiman model, NOCT model, Sandia model,
Duffie and Beckman model, and Keddouda model have been evaluated
against the different electrical operating statuses. Furthermore, a sen-
sitive evaluation of these thermal models against different levels of
irradiance is performed for better insight. In summary, the current work
developed the following observations:

Thermal performance of the PV module temperature at different
electrical operating conditions.

o Depending on the received irradiance and ambient conditions, the
average daily temperature of a short-circuited PV module is
4.30 °C-9.35 °C higher than that of a module operating at MPP.

e The temperature of an open-circuited PV module is elevated by
2.16 °C-4.35 °C which is approximately 8.01 % higher compared to
an MPP-operating system.

e Short-circuited PV modules develop multiple hotspots, posing a
significant risk to module health.

e Open-circuited PV modules exhibit a more uniform but elevated
temperature distribution relative to the system operating at MPP.
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Thermal models performance for short-circuited PV systems.

The Faiman model (with n = 0) and the NOCT model demonstrate
relatively high precision in estimating short-circuited PV module
temperatures, with an underestimation of 1-2 °C.

Under short-circuit conditions, most models tend to underestimate
temperatures. The Duffie and Beckman model underestimates by
5-23 % at high wind speeds, while the NOCT model tends to over-
estimate by up to 12 %.

Thermal models performance for (MPP) Operation.

The Keddouda model demonstrates the highest precision in esti-
mating MPP module temperature, with a mean deviation of less than
3 %. Its accuracy improves at higher irradiance levels.

The NOCT model tends to overestimate the module temperature at
MPP by an average of 15.33 %, while the Faiman model over-
estimates by 16.65 %.

Most thermal models overestimate module temperature. However,
the Duffie and Beckman model behaves differently, underestimating
at higher wind speeds (2-5 m/s) and overestimating at lower wind
speeds (<1 m/s).

Thermal model performance for open-circuited PV systems.

The Sandia model provides the closest estimation of open-circuit
module temperature, with an RMSE of 3.17 °C and an MAE of
2.19°C.

o At lower irradiance levels (300 W/mz), most models exhibit low
precision, with errors ranging between 15 % and 18 %. The Ked-
douda model demonstrates improved accuracy, reducing errors from
9.45 % to 2.45 %. At higher irradiance levels (>300 W/mz), both the
Keddouda and Sandia models tend to slightly underestimate the
open-circuited module temperature but maintain a reasonable ac-
curacy within +2.6 %.

Effect of environmental conditions on the thermal model’s accuracy.

20

e As ambient temperature increases, model accuracy improves, with
significantly reduced errors for all models at T, = 25-30 °C.

e The Duffie and Beckman model exhibits high sensitivity to wind
speed, leading to large fluctuations and temperature deviations of up
to 15-20 °C, regardless of the system’s electrical operating status.

e The Keddouda model provides the most accurate predictions at wind
speeds of 1-2 m/s but loses accuracy as wind speed increases.

e The Sandia model demonstrates better accuracy for open-circuited
PV systems.

Recommendations for different climates.

In temperate climates (5-15 °C), the Keddouda model is recom-
mended due to its superior accuracy. While in hotter conditions
(25-30 °C), both the Keddouda and Sandia models provide reliable
temperature predictions.

The Keddouda model is the most stable and accurate across different
conditions, particularly at higher temperatures.

Accordingly, improving existing thermal models and their recali-
brating empirical coefficients for different electrical operating condi-
tions is crucial—not only for the reliable monitoring of a healthy PV
system operating at maximum power point (MPP) conditions but also for
enhancing their sensitivity to different electrical operating states. Future
work will focus on refining thermal models to incorporate input data
related to the system’s electrical operating point. This advancement will
provide deeper insights and more accurate modeling for monitoring and
assessing system performance.
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