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Abstract—The performance and efficiency of photovoltaic (PV)
modules are significantly impacted by their operating temperature.
Therefore, accurately estimating the PV module temperature (Tm)
is a crucial factor in the assessment of PV systems. This article
introduces a hybrid model for Tm estimation that combines both
physical and data-driven modeling. The primary objective of our
research is to enhance long-term Tm estimation, a domain where
steady-state physical models are conventionally applied. Model
parameters are extracted for poly-Si modules using Bayesian op-
timization. The adaptivity of our approach is validated using data
from three distinct PV plants, each featuring different installation
types and operating under different climatic conditions. To evaluate
the effectiveness of our model, we compare its results with two
widely used models for Tm estimation: the Sandia and Faiman
models. The comparative analysis further confirms that our model
provides more accurate Tm estimations. Our model shows a mean
absolute error (MAE) of 2.44 °C, surpassing the 3.82 °C and
4.14 °C MAE values obtained using Faiman and Sandia models,
respectively. The results suggest a superior Tm estimation even
in scenarios of short-term irradiance variations. Model validation
demonstrates its potential to improve the accuracy of PV conver-
sion efficiency estimation by up to 1.05% compared with reference
models.

Index Terms—Dynamic thermal model, machine learning (ML),
photovoltaic (PV) hybrid models.

I. INTRODUCTION

PHOTOVOLTAIC (PV) efficiency and performance are in-
tricately linked to the PV module operating temperature

(Tm). As Tm increases, PV efficiency decreases, impacting
electricity production [1]. For instance, crystalline silicon PV
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modules exhibit an efficiency reduction of approximately 0.5%
for every 1 °C increase in the PV cell operating temperature [2].
Accurate Tm estimation is crucial for designing and operating
PV systems, as inaccuracies can lead to overestimation or un-
derestimation of PV output power, directly affecting financial
outcomes of PV investments.

Three common approaches for modeling the PV operat-
ing temperature include physics-based, data-driven, and hybrid
models. The industry commonly employs steady-state physical
models for modeling Tm in new PV systems and for time
horizons of a day ahead and longer [2]. However, these models,
which do not account for transient climatic conditions, can
deviate by up to 25 °C from actual conditions [3]. Physics-based
transient models offer a more precise simulation of the thermal
behavior of PV modules, with an accuracy improvement ranging
between 1.2 °C and 2 °C compared with steady-state models [4].
One main advantage of dynamic models is their superior respon-
siveness under varying weather conditions, even in the face of
abrupt changes in solar irradiance and wind speed. Various stud-
ies have explored different approaches to implementing tran-
sient models for Tm estimation [5]. These approaches include
considering the influence of wind [2], accounting for the PV
module layers [6], assessing Tm during irrigation cycles [7], and
addressing modules equipped with Sun-tracking systems [8].
However, a constraint associated with physical models is the
requirement for parameters that are either not readily available
or difficult to measure [9]. Typically, this challenge is addressed
by resorting to mathematical approximations, which can limit
the model accuracy.

Data-driven models avoid the complexity of physical model-
ing, as they do not require information on PV modules and utilize
data without considering the inherent mathematical relation-
ships within input parameters. Various machine learning (ML)
techniques have been employed for Tm estimation [10], [11],
[12]. However, these models may struggle to properly interpret
the physical interactions of the input parameters concerning Tm

[13]. Many of these models use steady-state physical models as
benchmarks [9], [14], leading to potentially unfair comparisons.
Physical models are recommended for long-term estimations,
whereas ML models tend to excel when trained with local data
and for short-term forecasting. Furthermore, physical models
distinguish between values of Tm, PV cell temperature, back
surface module temperature, wind speed measurement, and the
PV configuration, details sometimes neglected in certain ML-
based works.
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Hybrid1 models combine both physics-based and ML model-
ing, presenting a promising strategy that harnesses the accuracy
of data-driven models and the interpretability and generalization
ability of physics-based models. In [15], a hybrid model is pro-
posed, coupling a steady-state physics model with a radial basis
function artificial neural network to estimate cell temperature. In
[16], a hybrid stepwise linear regression is presented, enhancing
the accuracy of a thermal-optical simulation to estimate Tm.
In [17], Tm is modeled using an adaptive neural fuzzy inference
system, considering variations in weather conditions. Addition-
ally, a hybrid thermal model is developed in [3], extending
steady-state models with an exponential smoothing kernel to in-
clude the heat capacity effect. This model, featuring optimizable
parameters, enhances performance by nearly half compared with
the steady-state model. Similarly, Prilliman et al. [4] introduced a
transient thermal modeling approach, which involved weighting
and averaging steady-state estimations from previous timesteps
to estimate Tm at finer time scales. These hybrid models out-
performed the physics-based models, demonstrating improved
performance.

Although hybrid models for estimating PV temperature show
potential advantages over traditional physics-based and purely
data-driven models, current methodologies have limitations.
These approaches often fall short of capturing the dynamic
behavior of PV systems, merely offering incremental improve-
ments to existing simplified models. To elaborate, the few
physic-guided hybrid models for Tm estimation found in lit-
erature rely on simplified thermal expressions. As demonstrated
in [18], these expressions can be expressed as linear equations
representing Tm as a function of meteorological factors. The use
of ML to determine the terms of a linear function often results
in these hybrid models resembling linear regressions more than
true hybrid models. Moreover, these methods are frequently
validated within a constrained scope of data, commonly confined
to single-site evaluations over limited periods, which does not
adequately address seasonal variability. Therefore, there is a
clear necessity for the development of more robust models
capable of reliably describing Tm across diverse conditions and
over extended timescales.

To address the aforementioned challenges, this study presents
a novel hybrid model for long-term estimation of Tm. Our con-
tributions are threefold. First, we build upon the works outlined
in [3] and [4] by introducing a more comprehensive physics
dynamic thermal PV model. This model is grounded in a series of
expressions detailing the electro-thermal processes, considering
specific module characteristics. Second, we employ Bayesian
inference to estimate unknown parameters within the thermal
model, thereby enhancing the precision of our estimations.
Third, we validate our model by evaluating its performance
across three distinct PV plants, each featuring different con-
figurations and climatic conditions. The results demonstrate a
strong model resilience to incident irradiance fluctuations, such

1The term hybrid models in this work refers to models that combine physics-
based and ML modeling, although the term is often referred to in the literature
as an ensemble of different ML models.

Fig. 1. Flowchart of the hybrid data-driven model training and test.

as those resulting from cloud movement. The research outcomes
indicate a step forward in accurate Tm modeling and estimation.

The rest of this article is organized as follows. Section II
provides a detailed presentation of the dynamic thermal PV
model. The utilization of Bayesian inference for determining
the model’s parameters, along with a description of the data
and the adopted performance indices are given in Sections III
and IV, respectively. Section V presents a comparison of the
estimated results with the measurements and the benchmark
models. Finally, Section V concludes this article.

II. THERMAL MODEL

The methodology employed in this study begins with the
description of the thermal model, outlined in this section. Further
methodological steps are elucidated in Section III, encompass-
ing the details of Bayesian inference, and in Section IV, covering
both data preprocessing and postprocessing, as well as the model
accuracy analysis used to assess its performance. An overview
of the methods is provided in Fig. 1.

Since heat is dissipated from the PV module’s front and back
surfaces, a temperature gradient in the direction of the heat flow
is observed inside the module. Consequently, the daytime back
surface module temperature (Tb) is typically lower than the PV
cell temperature (Tc) [19]. However, the discrepancies between
Tc and Tb are on the order of 1 °C, well below the uncertainty
level of around 5 °C associated with physical models for PV
module temperature estimation [20]. One of the widely used
approaches aiming for field applicability and accuracy is to
consider the PV module as a single block of materials in thermal
equilibrium. Since the PV module thickness is nearly 5 mm, it
can be modeled as a concentrated component with the same
temperature, Tm, for its entire extension.

We present a semiempirical 1-D transient model based on
the energy balance of the PV system. The term transient, often
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Fig. 2. Energy balance of a free-standing PV system.

overlooked in earlier studies, is incorporated in the energy
balance equation, providing a better response to solar irradiance
variations. Fig. 2 visually illustrates the PV energy balance. The
proposed model is designed specifically for poly-Si modules and
incorporates the following considerations.

1) The PV module operates under normal conditions, devoid
of shading, dust, or any other agents affecting its absorp-
tivity.

2) The PV module is treated as a block of materials with
homogeneous temperature and average thermal charac-
teristics.

3) The system operates under a time-dependent regime.
4) The ambient temperature (Ta) around the PV module is

uniform and equal to the ground temperature.
5) The fraction of solar irradiance fraction absorbed by

the PV cell, not converted into electricity is transferred
through the following.

a) Radiation heat transfer between the PV module front and
backside and the environment.

b) Natural and forced convection heat transfer between the
PV module front and backside and the environment.

c) Conduction in the PV module layers is neglected, with
layers properties considered in the thermal capacity (Cm).

The energy balance in the module, outlined in (1), leads to
a differential equation with Tm on both sides, as the cooling
because of convection and thermal emission, and the output
power depend on Tm itself

Cm
dTm

dt
= qs − qconv − qrad − Pout. (1)

Here, Cm represents the heat capacity of the PV module, dTm

dt
denotes the time derivative ofTm, and qs symbolizes the solar ir-
radiance absorbed by the module, as expressed in the following:

qs = GAmαs. (2)

Here, G denotes the incident solar irradiance, Am represents
the PV module area, and αs stands for the solar absorptance.
While some studies use a transmittance-absorptance product
(τα) to represent the module absorptance, it represents the
effective absorptance of a thermal absorber in a cover system

with multiple reflections [21]. However, within a PV module, the
cover is part of the absorber, and the heat absorbed by all layers
contributes to the module’s heating. Therefore, employing only
the absorptance nomenclature is deemed more appropriate [20].

The term qconv in (1), as defined by (3), represents the convec-
tive heat transfer between the PV module and the surrounding
air. Its primary tendency is to increase as Tm rises above Ta

qconv = hAm(Tm − Ta). (3)

Here, h denotes the module convective heat loss coefficient,
which encompasses both natural convection (hnat) and forced
convection (hforc), the latter being linked to the local WS . We
assume the representation of h as a linear function of WS (4),
where the terms a and b are empirically determined [22]. The
hnat coefficient is assumed constant and is incorporated in b

h = aWS + b. (4)

The term qrad in (1) represents the heat loss by radiation at the
PV module’s top and back-side, as expressed in the following:

qrad = σAm(εp(Tm + 273.15)4 − Ft,skyεskyT
4
sky

− Fb,roofεr(Ta + 273.15)4). (5)

Here, σ represents the Stefan–Boltzmann constant, εp is the
emissivity of the PV module, considering both front and back-
side emissivities. Additionally, εsky and εr denote the emissiv-
ities of the sky and roof, respectively. Ft,sky and Fb,roof stand
for view factors from the top of the PV module to the sky and
from the module back-side to the roof, as expressed in (6) and
(7) [21]. Tsky is the sky temperature (K), estimated according to
(8) [23]

Ft,sky =
1 + cosθ

2
(6)

Fb,roof =
1 − cos(π − θ)

2
(7)

Tsky = 0.0552(Ta + 273.15)1.5. (8)

The angle θ in (6) and (7) represents the inclination of the module
to the horizontal. Finally, Pout in (1) denotes the PV module
output power, expressed by the following:

Pout = GAmη. (9)

Here, η represents the module efficiency, dependent on β (the
temperature coefficient of the PV module), and module effi-
ciency at standard test conditions (STC), as indicated in (10).
Tstc is equivalent to 25 °C

η = ηstc[1 − β(Tm − Tstc)]. (10)

In this work, we adjust η based on the linear annual reduction
specified by the manufacturer, as this parameter was determined
for older PV modules operating at temperatures well above
25 °C.
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III. BAYESIAN INFERENCE OF THE THERMAL

MODEL PARAMETERS

Knowing the values of the physical parameters is a crucial
step in solving the thermal model. Some of these parameters,
such as Am, β, ηstc, and the view factors depend on θ, are well
known and determined by module specifications, or installation
configuration. On the other hand, values for αs, εp, εsky, and
εr are typically assumed from scientific literature, referencing,
for instance, the physical properties of common glass for the
module top. Consequently, uncertainties may arise in the model
because of potential variations in the physical properties of the
PV module materials compared with literature values.

Bayesian inference is a learning procedure that integrates data
and explicit prior knowledge to infer the parameters of a model.
Based on Bayes’ rule, the learning process involves estimat-
ing the distribution of the unknown parameters (posterior) by
considering the discrete thermal model, the prior probabilities
reflecting the uncertainty of the unknown parameters, and the
data

posterior ∝ likelihood × prior. (11)

The fitting of the unknown parameters in the model, derived
from (1), is accomplished through Bayesian Inference. The
primary objective is to infer the optimal values for the unknown
physical parameters: Cm, αs, εp, εsky, εr, and the terms a and
b from the convection coefficient, as expressed in (4). These
depend on both the characteristics of the PV system and the
prevailing local meteorological conditions. The likelihood is
formulated based on (1), and the set of priors for the unknown
parameters is derived from expert knowledge and the solar panel
manufacturer’s datasheet.

A. Discrete Model

To numerically solve the dynamic model outlined in (1),
incorporating instantaneous values ofG,Ta, andWS , we employ
the Euler scheme to discretize the time derivative. The current
state is updated from the previous state based on dynamic
equations using the data to account the inertia effect, with
the initial condition of Tm(t0) = Tm,0. For discrete time steps
tn = nΔt+ t0, where dt → Δt, this results in the simplest
discretization (explicit Euler scheme: approximation of y by a
piecewise linear curve)

Tm,n+1 = Tm,n + C−1
m Δt(qs − qconv − qrad − Pout). (12)

It is important to note that the Euler method has limitations
regarding the maximum allowable time step for convergence of
the numerical solution. Conversely, the time step size should not
be too small to prevent computational burden but must ensure
good agreement with the training data. Applying the discrete
Euler model requires the module temperature at the initial instant
of operation. However, this temperature is not always a param-
eter measured in PV plants. Therefore, the sunrise condition is
assumed as the initial condition, a period during which the PV
module is in thermal equilibrium with the environment. Conse-
quently, the ambient temperature becomes the initial value for

Tm. The likelihood is then defined asTm,n+1 ∼ normal(Tm,n +
C−1

m Δt(qs − qconv − qrad − Pout, δ), where δ denotes the scale
parameter of the normal distribution.

B. Bayesian Estimator and Priors

To estimate these uncertain parameters from the likelihood
and priors, we employ Bayesian Inference with the No-U-Turn
Sampler, a type of Markov chain Monte Carlo (MCMC) al-
gorithm extension that requires no tuning parameters and can
sample from distributions with correlated parameters. Thus,
it is an example of a Bayesian inference application that en-
ables working at the model level without implementing the
MCMC algorithm itself [24]. This technique requires defining
a prior probability distribution to represent the uncertainty of
the parameter values being estimated. Two types of distribution
are adopted for the priors: Gaussian (normal) distribution and
uniform distribution. Reference values from the literature are
used to represent the uncertainty of each unknown parameter, as
defined as follows.

a) Cm: This parameter values typically falls within the range
of 15 000 and 30 000 J/K. An optimum value of 22 280 J/K
is proposed for crystalline silicon (cSi), polymer laminate and
glass modules in [25]. Other studies point to best results with
values between Cm 20 and 22 kJ/K [26], [27]. Considering
these variations, we assume Cm to follow a Gaussian distribu-
tion around the optimum values proposed in previous research,
Cm ∼ normal(25 000, 10 000).

b) αs: The module absorptance, varies according to the spec-
tral content and module materials [28]; however, αs is usually
assumed to be constant with an optimal value of 0.92 for a
polycrystalline module [29]. Common values in literature range
from 0.7 to 0.97 [27], [30], [31], [32], [33]. As there is no
clear value for αs, and these values can slightly vary according
to the module material, we consider αs to follow a Uniform
distribution αs ∼ uniform(0.7, 0.97).

c) εp: The radiative heat capacity of the PV module is com-
monly assumed to be close to 0.9 [34]. Similarly to the parameter
αs, we found no clearly predominating value for εp and it varies
according to the module material. Therefore, we consider εp to
follow a uniform distribution εp ∼ uniform(0.85, 0.98).

d) εsky: Common values for εsky range between 0.95 and 1,
with variations depending on the sky condition [25]. We consider
εsky to follow a uniform distribution εsky ∼ uniform(0.85, 1).

e) εr: The εr is influenced by the roof cover material; in this
case concrete. We consider εr to follow a uniform distribution
εr ∼ uniform(0.60, 0.90).

f) a, b: Parameters of the linear model representing wind
influence (a, b) vary widely in the literature. Furthermore, wind
direction incidence influences convective heat loss, even with
the same wind velocity, making these parameters difficult to
define. As a result, we define a vague prior for these parameters,
following a half-normal distribution with a criterion greater than
zero: a, b ∼ half-normal(0, 1).

Table I summarizes the constant and unknown parameters
adopted for fitting the thermal model.
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Fig. 3. Three PV plants under consideration in this study. (a) Fortaleza PV Plant 1: Free-standing mounted. (b) Fortaleza PV Plant 2: Open rack roof-mounted.
(c) Cologne PV Plant: Open rack ground-mounted.

TABLE I
DEFAULT PARAMETER VALUES OF THE THERMAL MODEL

IV. DATA AND EXPERIMENTAL SETTINGS

A. Training Data

The training data employed for fitting the thermal model orig-
inated from a monitoring campaign conducted at a PV plant in
the Northeast Region of Brazil (3.74 S, 38.57 W). The intrahour
dataset includes solar irradiance (W/m2) both horizontal and in
the plane of the PV array, wind speed (m/s) at the PV array level,
and ambient and PV module temperature (°C), recorded at one-
minute intervals. This data was obtained by an IoT-embedded
system developed in a prior research [35]. The PV plant, referred
to as Plant 12 of LEA-UFC, consists of 12 polycrystalline silicon
330Wp modules mounted on an open rack inclined at 10° facing
north [see Fig. 3(a)]. Considering the transient behavior of the
module and the need to account for the prior state, days with
missing data exceeding two consecutive hours are removed from
the dataset to ensure the continuity of time series, and prevent
temperature analysis disruption. Because of the physics of the
analyzed problem, all the data was confined to daylight hours.

B. Thermal Model Evaluation

To evaluate the thermal model’s accuracy, we utilize new data
from the same PV plant used for parameter calibration. Addi-
tionally, to gauge the model’s generalizability, we incorporated

2The experiments took place at the Laboratório de Energias Alternativas
(LEA) of the Federal University of Ceará (UFC).

data from two distinct polycrystalline silicon PV plants. The first,
LEA-UFC’s Plant 2, is situated in the same city as the calibration
site but features a different installation type, being roof-mounted.
The model is tested using one-year data, encompassing both
typical climates in Fortaleza, including a rainy season from
February to May and a dry period in the second semester of the
year. The second, Cologne PV Plant, is a ground-mounted PV
system located in Cologne, Germany, characterized by climate
conditions distinct from the model’s training environment. Refer
to Fig. 3 for visual representations of the site installations. The
collected data per case study used in this work, for training and
testing purposes, is summarized in Table II.

C. State of Art Models

The thermal model results are compared with two well-
established models in the literature: the Sandia model [36] and
the Faiman model [37]. These models are widely utilized for
Tm estimation in both industry and scientific applications. The
Sandia model defines Tm as

T Sandia
m = G(ea+bWs) + Ta (13)

where a = −3.56 and b = −.0750 for Glass/cell/polymer sheet
modules with open rack mounting.

The Faiman model describes Tm as

T Faiman
m = Ta +

G

Uo + U1Ws
(14)

where U0 = 25W/m2K and U1 = 6.84W/m3sK.
The evaluation metrics used to assess the models’ perfor-

mance include the mean absolute error (MAE), rooted-mean-
square error (RMSE), and the R-squared score.

V. EXPERIMENTAL RESULTS

In this section, we analyze the proposed model for Tm esti-
mation, considering the estimation of model parameters and its
applicability to different PV installation types across different
sites.
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TABLE II
SUMMARY OF THE DATA

Fig. 4. Posterior and prior distributions of the thermal model optimized parameters.

A. Evaluation of the Optimized Parameters

After fitting the thermal model using Bayesian inference with
the training data described in Section IV, the posterior of the
unknown parameters, including αs, Cm, the emissivities εp,
εsky and εr, as well as the hforc terms a and b, are identified.
The summary and the associated distributions are depicted in
Fig. 4. The mean values obtained by Bayesian optimization are
as follows:αs value of 0.97;Cm equal to 24 250.98 J/K; εp, εsky,
and εr of 0.98, 0.85, and 0.60, respectively; a and b values of
0.10 and 24.57, respectively.

From the analysis of the energy balance optimized parameters,
the following can be concluded.

1) Except for a slightly higher value of αs compared with
common thermal models values, all physical parameters
(αs, Cm, εp, εsky, and εr) are within ranges found in
literature and summarized in Table I.

2) a and b values lead to hforc = 0.1Ws + 24.57. Given that
Ws values in PV Plant 1 surroundings are usually lower
than 3 m/s, it indicates a low influence of the wind com-
pared with b, which remains constant.

B. PV Module Temperature Estimation

To assess the performance of the thermal models, the mean
parameter values are used to compose (1). The model is initially

evaluated on the test data of LEA 1 Plant, and the results are
presented in Fig. 5(a). This figure displays a snapshot of seven
days of Tm model estimation alongside the reference values
measured by the PV module temperature sensor. The model
demonstrates its capability to estimateTm in minute scales, even
in the case of fast irradiation fluctuations caused by clouds. In
comparison with reference models in Fig. 5(b), our proposed
model exhibits a superior response to swift fluctuations of
Tm, suggesting its potential suitability for hourly and intrahour
forecasting.

A snapshot of seven days’ results for the second test site, the
LEA 2 Plant, is depicted in Fig. 6(a). A behavior similar to that
of LEA 1 is observed, where the thermal model captures the
variance and tendency of the reference data at minute scales,
despite the training data being from a PV plant with a different
installation type. Upon comparison with the reference models in
Fig. 6(b), it becomes evident that the proposed model responds
better to rapid fluctuations in Tm.

In both plants in Fortaleza, the estimated values from the
proposed model closely align with the measured ones when
compared with benchmark models. As previously shown in [38,
Ch. 2], some well-established PV temperature models do not
perform well for Tm estimations in Fortaleza, given the city’s
proximity to the equator line and its location in the intertropical
convergence zone (ITCZ) with characteristics such as clouds,

Authorized licensed use limited to: Wageningen UR. Downloaded on May 22,2024 at 06:39:51 UTC from IEEE Xplore.  Restrictions apply. 



494 IEEE JOURNAL OF PHOTOVOLTAICS, VOL. 14, NO. 3, MAY 2024

Fig. 5. Performance evaluation of the proposed hybrid model in LEA 1 PV plant: (a) against empirical data; (b) benchmarked with the reference models.

Fig. 6. Performance evaluation of the proposed hybrid model in LEA 2 PV plant: (a) against empirical data; (b) benchmarked with the reference models.

Fig. 7. Performance evaluation of the proposed hybrid model in Cologne PV plant: (a) against empirical data; (b) benchmarked with the reference models.

trade winds, and rapid fluctuations in environmental param-
eters. The proposed model, as demonstrated by Figs. 5 and
6, effectively captures the internal behaviors under fluctuating
environments, with only minor deviations observed for short
periods. Furthermore, in Figs. 5(b) and 6(b), it is apparent that,
when compared with the reference values, the estimations from
the Faiman model apparently overestimateTm, while those from
the Sandia model seem to underestimate it in Fortaleza. This
behavior may be attributed to the model expressions, as Ws

appears in the exponential that multipliesG in the Sandia model,
whereas in the Faiman model, it appears in the denominator of
G, opposite algebraic effects for the same parameter.

To assess the model’s generalization ability for a new PV
plant, we test it with data from the Cologne PV Plant, which
features distinct climate conditions. In Fig. 7(b), seven days of

the Tm models estimation are compared with reference values.
By comparing the proposed model with reference models in
Fig. 7(b), it is evident that the Sandia and Faiman models in
Cologne present less variance around the reference values on
days with no rapid irradiance variation. Consequently, steady-
state model results are closer to the curve of the proposed model.

The error metrics between estimated and measured Tm values
in the three analyzed PV plants are presented in Table III. The
proposed model exhibits the smallest MAE when compared
with the average temperature measurements of the three PV
plants: 2.44 °C, 2.66 °C, and 2.85 °C for PV plants 1 and 2 in
Fortaleza and Cologne PV plant, respectively. Compared with
the Faiman model, our model shows an MAE improvement of
41.1% at Fortaleza PV plant 1, 49.7% at Fortaleza PV plant 2,
and 39.1% in Cologne, respectively. When compared with the
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TABLE III
EVALUATION OF ACTUAL AND ESTIMATED Tm IN TERMS OF MAE, RMSE, AND R2 ON DATA OF PLANTS 1 AND 2 IN FORTALEZA AND COLOGNE

Fig. 8. Estimation error of each model for PV plant.

Sandia model, our model demonstrates an MAE improvement
of 36.1% at Fortaleza PV plant 1, 54.0% at Fortaleza PV plant 2,
and 46.3% in Cologne. The same pattern is observed in terms of
RMSE for the three PV plants, with values of 3.17 °C, 3.35 °C,
and 3.53 °C for PV plants 1 and 2 in Fortaleza, and Cologne’s PV
plant, respectively. In terms ofR2, the proposed model archieves
a value of 0.97, 0.91, and 0.93 for PV plants 1 and 2 in Fortaleza,
and Cologne’s PV plant, respectively. In Fig. 8 is shown a
boxplot of the estimation error in the mentioned PV plants: In
all three locations, the error metric using the proposed model
is closest to zero compared with Faiman and Sandia models.
Moreover, the proposed model demonstrates a reduction in vari-
ance, especially in PV Plant 1 in Fortaleza, where the data was
used to train the model. The majority of the model temperature
estimations fall within 5 °C. Considering the uncertainty of the
benchmark models, these results are within a satisfactory range
to be trusted in energy performance calculations.

Utilizing the improvements in MAE of the proposed model,
as shown in Table III, and assuming a temperature coefficient
for power production of −0.4%/°C, leads to estimated energy
accuracy improvements ranging from 0.55% for a module in
PV plant 1 in Fortaleza, 0.73% for the Cologne PV plant, to
1.05% in PV Plant 2 in Fortaleza. This result is an improvement
compared with the hybrid model provided by Prilliman et al. [4].
Performance gains of this scale can have a significant impact on
the design of PV systems.

This analysis underscores the usefulness of the proposed
model, enhancing the accuracy of existing steady-state models
without requiring complex empirical analysis or black box mod-
els. It is important to note that the proposed model was tested
using a large dataset compared with the training data (i.e., 30 000
instances of only one plant) and demonstrated good performance
and ability to estimate Tm under varying environmental and

operating conditions, affirming the model’s effectiveness in
characterizing the PV module’s internal behavior. This outcome
highlights the benefits of employing hybrid models. By leverag-
ing the universality of physics, these models demonstrate good
generalization ability and require a low amount of training data.
On the other hand, the data-driven approach enables the model to
incorporate effects, such as weather patterns, that purely physics
models might not account for.

VI. CONCLUSION

This article introduces a hybrid model for long-term Tm

estimation, which considers the PV module dynamics and en-
hances the accuracy of thermal steady-state models. The model
relies on assessing PV temperature through a physical model
that considers both module characteristics and heat exchange.
In this model, environmental parameters and the PV module
installation configuration serve as inputs for Tm estimation.
The proposed hybrid model relies on a data-driven approach
to capture weather patterns and mitigate uncertainty associated
with physical parameter values, which are determined using
Bayesian inference.

The adaptivity and robustness of the proposed approach are
validated using data from three PV plants: the same PV plant
(LEA 1 plant) used for model training, a PV plant at the same
site but with a different installation type, and a PV plant with a
different weather conditions. The proposed model demonstrates
higher accuracy compared with well-known steady-state mod-
els, commonly applied for long-term estimations, even under
different weather conditions and installation configurations. For
the LEA 1 plant, the model shows an MAE of 2.44 °C, outper-
forming the Faiman and Sandia models with MAEs of 3.82 °C
and 4.14 °C, respectively. Despite employing a data-driven
approach, the model remains fundamentally physical and is
suitable for estimating PV generation throughout a project’s life-
time. The proposed model is robust, grounded in a solid physical
theoretical basis, and offers high accuracy and applicability.

Future work will focus on refining the physical-based model
by exploring different considerations, while elaborating the
energy balance and its mathematical solution. The Bayesian
optimization adopted in this work was trained on a dataset
from one PV plant and one PV technology, then applied to
different plants with the same technology but different types of
installation and weather conditions. Although the model showed
a good regional generalization ability in the obtained results,
incorporating data from various PV plants and different PV
technologies into the training set could further enhance its gener-
alization. Furthermore, as the model parameters differ according
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to the module’s material, future works may explore providing
different coefficients per module and/or installation type. De-
spite its focus on long-term estimations, the model has shown
good performance in short time intervals, warranting further
studies to explore its application across different time horizons.
Lastly, the proposed model can be coupled with other models in
physical model chains to calculate the power output, providing
an assessment of the temperature impact on PV power output.
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