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 A B S T R A C T

This work aims to develop and integrate three sub-models into a simplified multi-physics tool for simulating 
bifacial PV (bPV) devices. While similar tools exist, they often rely on complex modeling. In contrast, this 
study investigates a simpler approach that achieves comparable accuracy. The proposed models are also 
experimentally validated under a specific case study: a Vertical Bifacial PV (VBPV) installation. This setup 
is relatively novel and provides valuable insights into the feasibility of VBPV systems for agricultural and 
space-constrained applications, highlighting the strong dependence between environmental conditions and PV 
module performance.

For the optical model, a 2D View Factor method is implemented, demonstrating high sensitivity to 
the module’s surroundings. Results show that this simplified approach can achieve errors below 5%. The 
electrical modeling is the core of this study. Two parameter estimation methods are applied: a traditional 
experimental data-fitting approach and a data-driven stochastic method based on Particle Filtering. The latter 
is an innovative technique for this type of estimation. Three different electrical models for bPV are numerically 
solved and compared, showing good accuracy, with errors below 4%. Notably, a newly proposed circuit model 
outperforms the other two. A simplified 0-D lumped thermal model is developed and validated to complete 
the multi-physics framework, showing deviations of up to 7% in temperature estimation.

The integration of the best-performing electrical model with the optical and thermal sub-models results in 
a comprehensive tool capable of estimating power and energy with errors of 5% and 2%, respectively. These 
findings demonstrate that a simplified approach could support the estimation of PV performance based on 
field measurements and weather data for VBPV installations.
1. Introduction

Accurate modeling of photovoltaic (PV) systems is essential to 
evaluate the overall benefits of PV installations in terms of energy 
yield, reduction of carbon emissions, and payback time. Emerging 
technologies, such as bifacial PV (bPV) modules, introduce new com-
plexities that require specific modeling approaches. The advantages of 
bPV technology are well-established, including lower levelized costs of 
electricity [1,2] and improved performance compared to monofacial PV 
(mPV) systems [3]. However, the accurate modeling of bPV generators 
in outdoor conditions remains an ongoing issue.

The primary challenge lies in accurately calculating the global solar 
irradiance on the bPV module face not affected by direct irradiance. 
Two main approaches suitable to address this issue are: the View Factor 
(VF) method and the ray tracing method. The VF method, while less ac-
curate, is more straightforward to implement and has been extensively 
studied [4,5]. In contrast, ray tracing offers higher precision, but it 
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comes with the drawbacks of increased computational complexity and 
simulation time, limiting its widespread application [6,7].

The second important problem is the electrical modeling of bPV 
systems, which requires representing all electrical effects related to 
the incident solar irradiance on both sides of the bPV cells. Early 
studies suggested modeling the electrical output as a superposition 
of front (the side with the higher conversion rate) and rear (the 
side where the junction box is placed) contributions [8]. However, 
most researchers have adopted an approach based on the IEC 60904-
1-2 standard [9], where the bPV module is treated similarly to an 
mPV system exposed to an equivalent irradiance represented as the 
weighted sum of front and rear in-plane irradiance. Studies comparing 
bPV models demonstrate that various approaches can achieve good 
agreement with experimental data but often necessitate more intensive 
development [10]. Despite recent proposals, empirical models are data-
fitting tools that do not capture the governing physics, limiting their 
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transferability [11]. Additionally, beyond the electrical model itself, the 
procedure for determining the parameters involved is not well-defined 
and requires further investigation. Finally, their thermal behavior is 
more complex due to non-uniform heat distribution caused by variable 
rear-side illumination and albedo effects [12]. Several thermal models 
have been developed to predict the operating temperature of bPV 
modules, ranging from empirical correlations to detailed heat transfer 
modeling. Empirical models, such as the modified Nominal Operating 
Cell Temperature (NOCT) model and Sandia model, often oversimplify 
heat transfer mechanisms, leading to inaccuracies under varying en-
vironmental conditions. More advanced approaches, such as physical 
models, provide higher accuracy by resolving radiative and convective 
cooling effects. Nevertheless, most existing models lack seamless inte-
gration with optical and electrical models, which is critical for holistic 
bPV performance prediction. A key research gap remains in developing 
a user-friendly yet accurate thermal model that efficiently couples with 
optical and electrical sub-models while accounting for bifacial-specific 
thermal effects. Such a model should reduce computational overhead 
without sacrificing precision, enabling broader adoption in PV system 
design and energy yield forecasting. These coupled gaps, namely, the 
need for a lightweight yet integrated optical–electrical–thermal treat-
ment under rear-side illumination and albedo-driven non-uniformities, 
motivate our focus on Vertical Bifacial PV Systems (VBPVs) and frame 
the objectives detailed below.

In this context, this research focuses on VBPVs because their in-
stallation conditions accentuate exactly the phenomena highlighted 
above (rear-side irradiance, albedo sensitivity, and non-uniform ther-
mal behavior), thus providing a stringent testbed for an integrated 
yet simplified multi-physics approach. Beyond their scientific interest, 
VBPVs are also gaining traction in land-constrained and agrivoltaic 
settings, where vertical layouts can mitigate land-use competition while 
exploiting seasonally varying diffuse and reflected components for 
energy production [13–15].

Accordingly, this study aims to develop and validate a simplified 
multi-physics tool for predicting bPV output power—integrating opti-
cal, electrical, and thermal sub-models—with a specific focus on VBPVs 
installations, in which optical, electrical, and thermal couplings are 
most pronounced, thereby creating a coherent bridge to the study 
objectives.

While similar tools exist, such as the one proposed by Gu et al. [16] 
or the one from commercial software such as PVsyst [17] or SAM [18], 
this work presents a comparative analysis of two optical models, three 
electrical models, and a thermal simplified model, addressing gaps in 
the literature and advancing limited research in modeling this technol-
ogy. In particular, from the optical point of view, the novel based on 
the albedo variable model is developed and validated. Additionally, 
from the electrical point of view, this paper presents an innovative 
electrical equivalent model for the bPV technology. Besides, the Particle 
Filter (PF) algorithm for estimating electrical parameters is presented 
here, enhancing the accuracy and robustness of the model. Finally, an 
extensive experimental validation of the proposed multiphysics model 
was performed over 12 days, showing different seasonal and weather 
features.

This paper is organized as follows: Section 2 details the development 
of a multi-physics model for bPV systems, integrating optical, electrical, 
and thermal sub-models. A 2D View Factor method estimates front and 
rear in-plane irradiance, while two established electrical models and 
a newly proposed one compute the module’s electrical output. A 0-
D lumped thermal model accounts for temperature effects. The model 
is validated using real-world data from a VBPV installation described 
in Section 3. Independent validation, results, and comparisons with 
experimental data are presented in Section 4, with key conclusions and 
future developments discussed in Section 5.
2 
2. Proposed models

This contribution targets a compact formulation that integrates mea-
surements and enables fast simulations for screening and control, em-
phasizing an adequate accuracy/cost trade-off. The bPV multi-physics 
model consists of three interacting sub-models for optical, electrical, 
and thermal simulation. A schematic overview of the complete model 
is presented in Fig.  1.

As illustrated in Fig.  1, the optical sub-model takes the Global 
Horizontal Irradiance (GHI) and the Diffuse Horizontal Irradiance (DHI) 
as data input and generates as outputs the global irradiance on the two 
sides of the bPV module, which in turn are part of the set of inputs for 
the electrical and thermal models, together with the air temperature. 
The output of the multi-physics model is the bPV module’s I–V curve, 
from which the maximum power output is calculated.

For the optical and electrical sub-models, different modeling criteria 
have been evaluated. The optical sub-model is based on a 2-D approach, 
and both the constant albedo and the variable albedo scenarios have 
been assessed. The electrical sub-model is based on the most suitable 
of three equivalent circuits. Finally, the thermal model is based on a 
0-D energy balance.

2.1. Optical models

Two optical models have been analyzed in the following subsec-
tions. The nomenclature for the electrical models is reported in (see 
Table  1).

2.1.1. Optical model – OPT1
The proposed optical model uses meteorological data, system ge-

ometry, and ground reflectivity to compute the total irradiance on the 
module surfaces. It is a simplified version of the well-known View 
Factor (VF) method commonly found in heat transfer textbooks in [19] 
and applied in the bPV field in [4,5,16]. The model considers a single, 
infinitely long row of PV modules and adopts the following simplify-
ing assumptions: a two-dimensional geometric projection with a 2-D 
view-factor formulation; Lambertian (isotropic) reflection from the illu-
minated ground; isotropic diffuse sky irradiance; a ground surface that 
is purely reflective (non-emitting); and a negligible contribution of sky-
reflected radiation on the illuminated ground. The ground surface is 
divided into three portions: two are directly illuminated (𝑔1) and (𝑔3), 
and the other, which is shadowed by the module (𝑔2), as shown in Fig. 
2. For each portion, a view factor coefficient for both the front (𝑓 ) 
and rear (𝑟) surfaces of the module is computed, given the geometrical 
configuration.

The in-plane irradiance components are calculated starting from 
the global horizontal irradiance, 𝐺𝐻𝐼 , diffuse horizontal irradiance, 
𝐷𝐻𝐼 , and direct normal irradiance, 𝐷𝑁𝐼 ., As shown in Eq. (1), direct 
irradiance, 𝐺𝑑𝑖𝑟, is obtained from basic theory on sun position over a 
generic fixed surface, tilted of the angle 𝛽, oriented with the azimuth 
𝛼, using the incidence angle, 𝜃𝑠, and zenith angle 𝜃𝑧, with 𝑛𝑠 being the 
orthogonal direction on the surface [20]. Fig.  3 shows how the different 
angles are involved in the system.

Diffuse irradiance on front and rear surfaces (𝐺𝑑𝑖𝑓 ) is calculated 
from sky view factors (𝐹𝑣𝑠𝑘𝑦) as shown in Eq. (2). Finally, the irradi-
ance on the front and rear surfaces that is reflected off the ground (𝐺𝑟𝑒𝑓 ) 
is calculated for each 𝑖th portion of the ground, as in Eq. (3) as the 
product of the global irradiance incident on the ground by the ground 
albedo (𝜚) and the corresponding view factor (𝐹𝑣𝑔𝑖 ) between the 𝑖th 
portion of the ground and the receiving surface (front or rear). To 
determine view factors, a 2-D projection using Hottel’s crossed-string 
method [21] determines the relationship between radiation reaching a 
given surface and that emitted from another.

𝐺𝑑𝑖𝑟,𝑠 =

{

𝐷𝑁𝐼 ⋅ cos(𝜃𝑠), if − 90◦ ≤ 𝜃𝑠 ≤ +90◦,
(1)
0, otherwise
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Fig. 1. Model flow diagram.
Fig. 2. Coordinate system representing the simulated setup.

𝐺𝑑𝑖𝑓 ,𝑠 = 𝐷𝐻𝐼 ⋅ 𝐹𝑣𝑠𝑘𝑦,𝑠 (2)

𝐺𝑟𝑒𝑓 ,𝑠,𝑔𝑖 = 𝐺𝐻𝐼 ⋅ 𝜚 ⋅ 𝐹𝑣𝑠,𝑔𝑖 = (𝐷𝑁𝐼 ⋅ 𝑐𝑜𝑠(𝜃𝑍 ) +𝐷𝐻𝐼) ⋅ 𝜚 ⋅ 𝐹𝑣𝑠,𝑔𝑖 (3)

where the subscript 𝑠 indicates the side of the module: 𝑠 = 𝑓 stands 
for front side and 𝑠 = 𝑟 stands for rear side. It is worth noting that, in 
Eq. (1), 𝜃𝑟 = 𝜃𝑓 + 180◦. Front and rear irradiance components are: 

𝐺𝑓 = 𝐺𝑑𝑖𝑟,𝑓 + 𝐺𝑑𝑖𝑓 ,𝑓 +
3
∑

𝑖=1
𝐺𝑟𝑒𝑓 ,𝑓 ,𝑔𝑖 (4)

𝐺𝑟 = 𝐺𝑑𝑖𝑟,𝑟 + 𝐺𝑑𝑖𝑓 ,𝑟 +
3
∑

𝑖=1
𝐺𝑟𝑒𝑓 ,𝑟,𝑔𝑖 (5)

For 𝑔1 and 𝑔3 ground portions, the diffuse irradiance in Eq.  (3) is 
considered negligible due to the ground properties, namely 𝐷𝐻𝐼 = 0
for the ground reflected irradiance calculation, both on front and rear 
surfaces. In this work, both scenarios with constant and variable albedo 
have been considered.

2.1.2. Optical model – OPT2
The second optical model is based on the Type 16 from the Tran-

sient System Simulation Tool (TRNSYS18) [22,23]. Like OPT1, OPT2 
takes 𝐺𝐻𝐼 and 𝐷𝐻𝐼 as inputs and computes in-plane components 
at each time step. The sun’s position in the sky is determined simi-
larly to the previous model, leading to similar results in direct irradi-
ance. The diffuse irradiance is instead calculated based on the Perez 
model [24]. This model accounts for circumsolar, horizon brighten-
ing, and isotropic diffuse radiation by empirically derived ‘‘reduced 
brightness coefficients’’.

The contribution of reflected irradiance on a tilted surface is calcu-
lated by assuming the ground acts as an isotropic reflector and defining 
3 
Table 1
Optical models parameters.
 Symbol Name Unit  
 𝐺𝐻𝐼 Global Horizontal Irradiance W/m2 
 𝐷𝐻𝐼 Diffuse Horizontal Irradiance W/m2 
 𝐷𝑁𝐼 Direct Normal Irradiance W/m2 
 𝐺𝑑𝑖𝑟 In-plane direct irradiance W/m2 
 𝐺𝑑𝑖𝑓 In-plane diffuse irradiance W/m2 
 𝐺𝑟𝑒𝑓 In-plane reflected irradiance W/m2 
 𝛽 Tilt angle rad  
 𝜃𝑧 zenith angle rad  
 𝜃𝑠 Surface incidence angle rad  
 𝛼 Surface azimuth angle rad  
 𝐹𝑣 View factor coefficient –  
 𝜚 Albedo –  
 𝑅𝑟 Reflected radiation ratio –  

𝑅𝑟 as the ratio of reflected irradiance on a tilted surface to the total 
irradiance on a horizontal surface as: 
𝑅𝑟 = 0.5 ⋅ (1 − 𝑐𝑜𝑠(𝛽)) ⋅ 𝜚 (6)

𝐺𝑟𝑒𝑓 = 𝐺𝐻𝐼 ⋅ 𝑅𝑟 (7)

Also in this model, the albedo can be treated as either constant or 
variable during the simulation.

The total irradiance on the surface is given by the contribution of 
direct, diffuse, and reflected radiation.

2.2. Electrical models

Conventional electrical modeling approaches for simulating the be-
havior of mPV devices are primarily based on the single-diode and 
double-diode models. For bPV modules, these models are extended to 
account for rear-side irradiance effects, which contribute additional 
photocurrent generation and influence both the thermal and electri-
cal operating conditions. In the literature, two main approaches are 
commonly used to model bPV modules, resulting in different circuit 
topologies, both derived from the one-diode equivalent model. One of 
them represents the bifacial cell as a parallel connection of two mPV 
cells, each representing the contributions of front and rear irradiance, 
respectively; the parameters of each sub-model are therefore deter-
mined through mPV tests, in which one side of the module is exposed 
to irradiance while the other side is covered with a non-reflective 
black-cover. The other modeling approach introduces an additional 
current source into the conventional mPV cell model to account for the 
photogenerated current due to the rear-side irradiance; the parameters 
of the passive elements within the equivalent circuit—such as series and 
shunt resistances, as well as diode characteristics—are then calibrated 
to represent the electrical behavior of a bPV module.

In this work, three distinct electrical models have been defined and 
compared to identify the best-performing equivalent circuit; a summary 
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Fig. 3. Angles of radiation for a generic tilted surface.
Fig. 4. Parallel model equivalent circuit.

of these approaches is provided in the following paragraphs. The list of 
parameters of each equivalent circuit is presented in Table  2.

2.2.1. Electrical model – EL1
The first model, hereinafter referred to as EL1 or as the Parallel 

Model, represents the bPV cells as two mPV cells, one for the front 
and one for the rear side, connected in parallel. The resulting equiv-
alent circuit is represented in Fig.  4. This modeling approach, which 
represents the bifacial module as two mPV cells connected in parallel, 
is widely reported in the literature [25] and is also used in various 
simulation software packages [26]. Although this model exhibits lower 
performance compared to other approaches [27], it is still investigated 
both to assess its accuracy and for its ease of characterization, as it 
inherits all the well-established procedures used for mPV modules. 
Indeed, the Parallel Model requires independent characterization of the 
front and rear surfaces to extract two distinct sets of five parameters. 
The equation that relates the voltage and current at the terminals of 
the bPV module is: 

𝐼 = 𝐼pv,f − 𝐼0,𝑓

(

𝑒
𝑉 +𝐼 ⋅𝑅𝑠,𝑓

𝑛𝑓 𝑉𝑡 − 1

)

−
𝑉 + 𝐼 ⋅ 𝑅𝑠,𝑓

𝑅𝑠ℎ,𝑓
+

+
(

𝐼𝑝𝑣,𝑟 − 𝐼0,𝑟

(

𝑒
𝑉 +𝐼 ⋅𝑅𝑠,𝑟

𝑛𝑟𝑉𝑡 − 1
)

−
𝑉 + 𝐼 ⋅ 𝑅𝑠,𝑟

𝑅𝑠ℎ,𝑟

)

(8)

2.2.2. Electrical model – EL2
The second model, hereinafter referred to as EL2, is a new proposal 

in the field of bPV modeling. This approach extends the modeling 
criterion for mPV cells under partial shading [28] to bPV cells, ac-
counting for irradiance mismatch caused by the unequal illumination 
of the front and rear faces. Unlike the EL1 model, which treats the 
two faces as separate PV cells connected in parallel, this proposed 
modeling framework considers the physical configuration of the bPV 
4 
Table 2
List of the electrical model parameters.
 Symbol Name Unit 
 𝐼𝑝𝑣,𝑓 Front photo-generated current A  
 𝐼𝑝𝑣,𝑟 Rear photo-generated current A  
 𝐼𝑝𝑣,𝑏𝑖 Bifacial photo-generated current A  
 𝐼0,𝑓 Front reverse saturation current A  
 𝐼0,𝑟 Rear reverse saturation current A  
 𝐼0,𝑏𝑖 Bifacial reverse saturation current A  
 𝑅𝑠,𝑓 Front series resistance 𝛺  
 𝑅𝑠,𝑟 Rear series resistance 𝛺  
 𝑅𝑠,𝑏𝑖 Bifacial series resistance 𝛺  
 𝑅𝑠ℎ,𝑓 Front shunt resistance 𝛺  
 𝑅𝑠ℎ,𝑟 Rear shunt resistance 𝛺  
 𝑅𝑠ℎ,𝑏𝑖 Bifacial shunt resistance 𝛺  
 𝑛𝑓 Front diode ideality factor –  
 𝑛𝑟 Rear diode ideality factor –  
 𝑛𝑏𝑖 Bifacial diode ideality factor –  

cell, characterized by a single PN junction and, therefore, a single 
junction voltage. The resulting equivalent circuit is represented in 
Fig.  5, together with its simplified version arising from the parallel 
equivalents of circuit elements.

The resulting model can be classified as a dual-diode configuration, 
and the equation that relates the voltage and current at the terminals 
of the bPV module is: 

𝐼 = 𝐼𝑝𝑣 − 𝐼0,𝑓

(

𝑒
𝑉 +𝐼 ⋅𝑅𝑠,𝑓

𝑛𝑓 𝑉𝑡 − 1

)

− 𝐼0,𝑟

(

𝑒
𝑉 +𝐼 ⋅𝑅𝑠,𝑟

𝑛𝑟𝑉𝑡 − 1
)

−
𝑉 + 𝐼 ⋅ 𝑅𝑠

𝑅𝑠ℎ
(9)

where the series resistance (𝑅𝑠), the shunt resistance (𝑅𝑠ℎ) and photo-
generated current (𝐼𝑝𝑣) are: 

𝑅𝑠 =
𝑅𝑠,𝑓 ⋅ 𝑅𝑠,𝑟

𝑅𝑠,𝑓 + 𝑅𝑠,𝑟
(10)

𝑅𝑠ℎ =
𝑅𝑠ℎ,𝑓 ⋅ 𝑅𝑠ℎ,𝑟

𝑅𝑠ℎ,𝑓 + 𝑅𝑠ℎ,𝑟
(11)

𝐼𝑝𝑣 = 𝐼𝑝𝑣,𝑓 + 𝐼𝑝𝑣,𝑟 (12)

The EL2 equivalent circuit can also be obtained from the EL1 
equivalent circuit by introducing a short-circuit connection between 
the anode of the diodes included in the front and rear face equivalent 
circuits, thereby setting a single voltage across the PN junction within 
the bPV cell. This circuit-theory-based approach outlines how to corre-
late the EL2 model parameters with those of the EL1 model. Although 
several methods exist in the literature to derive double-diode model 
parameters from the front and rear cell models [25,29], in this work, 
the EL2 parameters are obtained by combining those of the EL1 model 
as in (10), (11), and (12).

2.2.3. Electrical model – EL3
The third model, hereinafter referred to as EL3, uses the single-diode 

model, representing the bPV module as an equivalent mPV module. 
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Fig. 5. Equivalent circuit EL2: (a) equivalent circuit derived from the modeling criterion and (b) 2-diode equivalent circuit after substituting the series and 
parallel equivalents of resistances and the current sources.
This approach is specified in the IEC 60904-1-2 standard [9], is widely 
adopted in the literature, and is generally considered the most accurate. 
To account for the irradiance on both sides of a bPV module, this 
approach defines an equivalent irradiance as the weighted sum of the 
front and rear irradiance; the weighting reflects the different conversion 
efficiencies of the two surfaces. The equivalent irradiance is calculated 
using Eq. (13) where the Bifaciality Factor (𝐵𝐼) is the ratio of the rear-
side efficiency to the front-side efficiency, measured under Standard 
Test Conditions (STC). 
𝐺𝑒𝑞 = 𝐺𝑓 + 𝐵𝐼 ⋅ 𝐺𝑟 (13)

The equation that relates the voltage and current at the terminals 
of the bPV module is: 

𝐼 = 𝐼𝑝𝑣 − 𝐼0 ⋅
(

𝑒
𝑉 +𝑅𝑠 ⋅𝐼
𝑛⋅𝑉𝑡 − 1

)

−
𝑉 + 𝑅𝑠 ⋅ 𝐼

𝑅𝑠ℎ
(14)

The equivalent circuit is the one shown in Fig.  6, and requires 
only five parameters. For a mPV module, the model parameters are 
calculated under STCs, whereas for a bPV module, there is no well-
defined irradiance configuration for parameter extraction; the standard 
IEC 60904-1-2 references only the equivalent circuit, and in the litera-
ture, only a few approaches are currently available, typically based on 
combinations of parameters related to mPV operation [25,27].

2.2.4. Parameter estimation and their variation with temperature and irra-
diance

The different parameters of the electrical models have been es-
timated by using two methods: Fitting and PF. Furthermore, some 
comments on the influence of environmental conditions are included.
Parameter estimation – Fitting. The circuit model parameters can be 
determined using two main approaches [30]: by leveraging datasheet 
values through the solution of appropriate nonlinear systems, or by 
fitting experimental data. In this work, the latter approach, based 
on experimental data, is adopted. For the electrical model EL1—and 
consequently EL2, which uses parameter combinations derived from 
EL1—curve fitting, is applied to the equation Eq. (14) to identify the 
5 
Fig. 6. Bifacial model equivalent circuit.

set of parameters that best fits the experimental I–V curves of the front 
and rear surfaces under mPV operating conditions. A nonlinear least-
squares fitting method is applied. Then, the specific parameters of each 
test are adjusted to represent the operation in STC using Eqs. (19)–(21).

Parameter estimation – Particle filter. The PF approach has been pro-
posed in [31] for mPV modules. In this work, the PF has been extended 
to a bifacial module and applied to EL3 only. Unlike the Fitting method, 
which can be applied to a few measurements, the PF approach needs 
to be conducted on a dataset with measurements from the entire ex-
perimental campaign. This method is based on Sequential Monte Carlo 
simulation [32], where parameter estimation is achieved by assigning 
likelihood weights to each of the 𝑝 possible parameter sets (also called 
particles). These weights, obtained by comparing the model’s power 
output with the experimental data, refine the parameter estimation. 
The problem needs to be discretized into 𝑘 steps, and a Monte Carlo 
scheme numerically approximates the parameters. An initial state is 
assumed and iteratively updated based on the previous parameter 
estimation to enhance convergence. 

𝜙 = 𝜙 + 𝜀 𝑖 = 1,… , 𝑝 (15)
𝑘,𝑖 𝑘−1,𝑖 𝑘−1,𝑖
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The non-linear model, in this case the electrical model, is described by 
G and depends on the set of five parameters 𝜙 and on the environmen-
tal conditions 𝑏. The model is also characterized by the noise presented 
by 𝜁 . 
𝑃𝑚𝑎𝑥,𝑘 = G(𝜙𝑘, 𝑏𝑘, 𝜁𝑘) (16)

By calculating the modeled power and comparing it with the exper-
imental value, it is possible to obtain a weight, 𝜔, for each of the 
particles based on a Gaussian likelihood distribution, . 

𝜔𝑘,𝑖 =
𝑘,𝑖

∑𝑝
𝑖=1 𝑘,𝑖

(17)

Finally, for each step, the estimation of the most probable state is 
calculated by the sum of each particle solution multiplied by its weight. 
The process is repeated for the next step. 

𝜙𝑘 =
𝑝
∑

𝑖=1
𝜔𝑘,𝑖 ⋅ 𝜙𝑘,𝑖 (18)

Irradiance and temperature influence on equivalent-circuit parameters. For 
all models, the parameters used in the equivalent circuits need to 
be corrected to account for actual operative conditions in terms of 
front and rear irradiances, as well as cell temperature 𝑇𝑐 . In the 
electrical model, the cell temperature is denoted 𝑇𝑐 . We couple the 
electrical and thermal models by setting 𝑇𝑐 = 𝑇pv. This choice follows 
the lumped assumption, whereby 𝑇pv is representative of the module 
(and thus of the cell). STCs are chosen as a reference considering the 
mPV operation with a front side irradiance of 1000 W/m2 and a cell 
temperature of 25 ◦C. Since PV modules generally operate under non-
standard conditions, it is necessary to include in the PV cell electrical 
model the dependence of its parameters on both irradiance and PV cell 
temperature. The literature presents different approaches—sometimes 
exhibiting opposite trends—regarding the dependence of equivalent 
circuit parameters on temperature and irradiance [33]. Furthermore, 
different sets of electric model parameters might lead to very similar I–
V curves [34], making the most accurate set of equations for correcting 
the parameters with respect to irradiance and temperature dependent 
on the method used to extract them at STC.

Among the available sets of equations for adjusting the PV cell 
electrical model parameters with respect to both irradiance and cell 
temperature, the following set has been applied to all the electrical 
models used in this work: 
𝐼𝑝𝑣 = 𝐼𝑝𝑣,𝑟𝑒𝑓 ⋅

𝐺
𝐺𝑟𝑒𝑓

⋅
(

1 + 𝛼𝑝𝑣 ⋅
(

𝑇𝑐 − 𝑇𝑐,𝑟𝑒𝑓
))

(19)

𝐼0 = 𝐼0,𝑟𝑒𝑓 ⋅
(

𝑇𝑐
𝑇𝑐,𝑟𝑒𝑓

)3
⋅ 𝑒

(

𝐸𝑔
𝑛⋅𝑘⋅𝑇𝑐,𝑟𝑒𝑓

⋅
(

1− 𝑇𝑐
𝑇𝑐,𝑟𝑒𝑓

))

(20)

𝑅𝑠ℎ = 𝑅𝑠ℎ,𝑟𝑒𝑓 ⋅
𝐺𝑟𝑒𝑓

𝐺
(21)

𝑅𝑠 = 𝑅𝑠,𝑟𝑒𝑓 (22)

𝑛 = 𝑛𝑟𝑒𝑓 (23)

Previous studies [30] have already shown that this set of equa-
tions generates accurate results when applied together with the STC 
parameter extraction methods used in this work.

2.3. Thermal model – TH

The thermal balance of a bPV includes the simultaneous presence 
of longwave and shortwave radiative heat exchanges and convective 
heat exchanges between the external environment and both rear and 
front surfaces of the bPV module. In addition, the heat introduced from 
both bPV module sides is transferred by heat conduction through the 
module. In the approach proposed, a detailed modeling of the surface 
heat exchanges between each surface and the environment is applied, 
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and to maintain model simplicity, a 0-D lumped thermal model is 
developed for the heat conduction, assuming negligible temperature 
variation through the module’s thickness, with cell and surface tem-
peratures considered equal. The nomenclature for the thermal model is 
reported in Table  3. Modeling of convective and radiative heat transfer 
processes is adapted from the mPV model in [35]. The thermal balance 
model is reported in Eq. (24): 

𝛥𝐸̇𝑛 = 𝐸̇𝑖𝑛 − 𝐸̇𝑜𝑢𝑡 (24)

The thermal power entering the system 𝐸̇𝑖𝑛 is the solar irradiance 
on both sides of the bPV module, while the thermal power leaving 
the system 𝐸̇𝑜𝑢𝑡 is the convective and radiative heat exchanges due 
to the interaction with the environment. The difference between these 
contributions results in the time derivative of the thermal energy stored 
inside the bPV module, 𝛥𝐸̇𝑛, which is dependent on the bPV module’s 
equivalent thermal capacity, 𝐶𝑇 , due to the contribution of each layer. 
The front and rear surface properties, as well as the air temperature 
and wind velocity, are used to calculate convective and radiative heat 
transfer coefficients, ℎ𝑐𝑜𝑛 and ℎ𝑟𝑎𝑑 , respectively. The explicit form of the 
thermal balance is: 
𝐶𝑇

𝛥𝑡
(

𝑇𝑝𝑣(𝑡 − 1) − 𝑇𝑝𝑣(𝑡)
)

= 𝐴𝑝𝑣
(

(𝜏𝛼)𝑓𝐺𝑓 + (𝜏𝛼)𝑟𝐺𝑟
)

− 𝐴𝑝𝑣

[

ℎ𝑟𝑎𝑑,𝑠𝑘𝑦,𝑓 (𝑇𝑝𝑣 − 𝑇𝑠𝑘𝑦) + ℎ𝑟𝑎𝑑,𝑠𝑘𝑦,𝑟(𝑇𝑝𝑣 − 𝑇𝑠𝑘𝑦)

+ ℎ𝑟𝑎𝑑,𝑔,𝑓 (𝑇𝑝𝑣 − 𝑇𝑔) + ℎ𝑟𝑎𝑑,𝑔,𝑟(𝑇𝑝𝑣 − 𝑇𝑔)

+ ℎ𝑐𝑜𝑛,𝑓 (𝑇𝑝𝑣 − 𝑇𝑎) + ℎ𝑐𝑜𝑛,𝑟(𝑇𝑝𝑣 − 𝑇𝑎)
]

− 𝑃max.

(25)

In Eq. (25), 𝑇pv denotes the PV temperature representative of the 
module/glass-cover/lumped temperature of the 0-D thermal model. In 
the previous electrical modeling, the cell temperature is denoted 𝑇𝑐
and is assumed equal to 𝑇pv (𝑇𝑐 = 𝑇pv), consistent with the lumped 
assumption that 𝑇pv represents the entire module. In general, 𝑇c is 
experimentally measurable (e.g., surface thermocouples on the glass 
cover or IR thermography); however, within the 0-D formulation, it 
is the unknown lumped state obtained by solving the energy balance 
in Eq. (25). In addition, 𝑡 is the time, 𝐴𝑝𝑣 is the module surface and 
(𝜏𝛼) is the factor that represents the surface’s optical properties. The 
convective heat transfer coefficient is calculated by the superposition 
of natural and forced convection, given the wind speed and air temper-
ature [36]. The radiative heat transfer coefficient is computed using 
Eq. (26) linearization of the longwave radiative heat exchanges and, 
consequently, simplifying thermal balance (𝜖 is the surface emissivity, 
𝜎 the Stefan–Boltzmann constant). 

ℎ𝑟𝑎𝑑 = 𝐹𝑣 ⋅ 𝜎 ⋅ 𝜖 ⋅ (𝑇 2
𝑝𝑣 + 𝑇 2

𝑏 ) ⋅ (𝑇𝑝𝑣 + 𝑇𝑏) (26)

𝑇𝑠𝑘𝑦 is the sky temperature, 𝑇𝑔 is the ground temperature. The sky 
temperature is determined by the Swinbank equation [37]. The ground 
surface temperature is equal to the air temperature. The electrical 
power 𝑃max generated by the bPV module is neglected since the module 
is not in operation during the case study. While optical–electrical-1D 
thermal (O–E–T) models (e.g., Gu et al. [16]) can resolve through-
thickness gradients and certain dynamic effects, a direct, like-for-like 
comparison requires a dedicated 1-D implementation with harmonized 
inputs and parameters, which is not yet available from the authors and 
will be developed in follow-up work.

3. Experimental setup

The experimental setup is based on a 345 W bPV module mounted 
on a dedicated structure designed to avoid partial shading on both 
surfaces of the bPV module.

The module involved in this experimental campaign is the 3S DUAL 
72N by Enel Green Power 3SUN®, of which the electrical characteristics 
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Fig. 7. Vertical setup of the module.
Table 3
Thermal model parameters.
 Symbol Name Unit  
 𝐸𝑛 Energy Wh  
 𝐶𝑇 Thermal capacity J/(m2 K)  
 𝑡 Time s  
 𝑇𝑐 Cell temperature K  
 𝑇𝑝𝑣 Photovoltaic temperature K  
 𝑇𝑎 Air temperature K  
 𝑇𝑠𝑘𝑦 Sky temperature K  
 𝑇𝑔 Ground temperature K  
 ℎ𝑐𝑜𝑛 Convective heat transfer coefficient W/(m2 K) 
 ℎ𝑟𝑎𝑑 Radiative heat transfer coefficient W/(m2 K) 
 (𝜏𝛼) Transmission factor –  
 𝜎 Stefan–Boltzmann constant W/(m2K4) 
 𝜖 Emissivity –  
 𝐹𝑣 View factor coefficient –  
 𝐴𝑝𝑣 Photovoltaic area m2  

Table 4
3S DUAL 72N bifacial module—STC data.
 Modules Parameters and specifications
 Module type 3SBA345A

 Maximum power 𝑃𝑚𝑎𝑥 345 W  
 Voltage at maximum power 𝑉𝑚𝑝𝑝 39.30 V  
 Current at maximum power 𝐼𝑚𝑝𝑝 8.78 A  
 Open-Circuit voltage 𝑉𝑜𝑐 47.90 V  
 Short-Circuit current 𝐼𝑠𝑐 9.18 A  
 Module efficiency 𝜂 17.4%  
 Bifaciality factor 𝐵𝐼 85.7%  
 𝐼𝑠𝑐 temperature coeff. 𝛼𝑝𝑣 0.048%/◦ C 

are listed in Table  4. The module is mounted vertically (tilt angle 𝛽 = 
90◦). The front face looks East; the module azimuth 𝛼 = −90◦ (relative 
to South) as presented in Fig.  7. This setup simulates the basic element 
of a bPV generator in the agricultural PV application.

A total of 12 days are collected throughout a year, including dif-
ferent seasonal (i.e., Spring and Summer) and weather conditions: 
cloudy, variable, and sunny. The environmental parameters, such as the 
irradiance components, wind speed, and air temperature, are collected 
using 𝑆𝑜𝑙𝑎𝑟𝑇 𝑒𝑐ℎ𝐿𝐴𝐵 [38] weather station, while the PV module-specific 
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Table 5
Metrological characteristics of measuring instruments.
 Device Parameter Symbol Accuracy 
 
HT I-V500w Solar02

Max DC Power 𝑃𝑚𝑎𝑥 ±1%  
 Cell Temperature 𝑇𝑐 ±1%  
 Front irradiance 𝐺𝑓 ±3%  
 Rear irradiance 𝐺𝑟 ±3%  
 
Weather station

Global irradiance 𝐺𝐻𝐼 ±0.1%  
 Diffuse irradiance 𝐷𝐻𝐼 ±0.1%  
 Air Temperature 𝑇𝑎 ±0.1%  
 Wind speed 𝑢𝑤𝑖𝑛𝑑 ±0.1%  

parameters such as cell temperature, output power, and in-plane front 
and rear irradiance are measured using HT® I-V500w and HT® Solar02 
with a Resistance Temperature Detector (RTD). Two reference cells as 
specific to the location, solar radiation sensors are installed on the 
PV module frame as shown in Fig.  7. Measurements and devices are 
summarized in Table  5.

3.1. Electrical circuit parameters and models validation procedures

The parameter estimation has been performed with the bPV module 
in vertical position, facing south, and parameters have been calculated 
in different time frames with similar weather conditions, as much 
as possible closer to the STC ones. The whole procedure follows the 
accuracy requirements and a preliminary set-up of the instrument of 
measurement, in compliancy with the IEC 60904-1-2 standard [9] as 
summarized in Table  6.

In addition, for the OPT, EL, TH, and Multi-physics models valida-
tion, the experimental activity followed the steps listed below:

1. Check instrumentation, according to the requirements shown in 
Table  6

2. Positioning of bPV module in east–west orientation (azimuth = 
−90◦)

3. I–V curve weather parameters recording every 5 min
4. Inversion of albedometer at noon (rotated vertically by 180◦)
5. Deployment of model under validation to simulate the quantity 
of interest (i.e., MPP)
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Table 6
Experimental data recording and checks summary compliant with IEC 60904-
1-2.
 Experimental Requirements and Checks
 Sensors ∙ I–V: uncertainty at 𝑉𝑂𝐶 , 𝐼𝑆𝐶 < 0.2%

∙ Temperature: uncertainty < 1◦C
∙ Irradiance (RD): Pyranometer

 

 Setup TD–RD co-planarity: ±2◦  
 C1: Irradiance 
Components and 
Uniformity

(Subscripts: d=diffuse, r=rear-side, f=front-side)
✓ 𝐺𝑑,𝑓 < 0.3𝐺𝑓
✓ 𝐺𝑟 < 3W∕m2

✓ 𝐺 = 𝐺𝑟𝑒𝑓 ± 20%

 

 C2: Irradiance 
Stability

✓ 𝛥𝐺
𝐺(𝑡0)

=
𝐺(𝑡𝑁 ) − 𝐺(𝑡0)

𝐺(𝑡0)
< 1%  

 C3: Reporting/Post-
processing

✓ 𝑇𝑅𝐷(𝐼𝑠𝑐 ) differs > 2◦C from calibration
✓ 𝑇𝑅𝐷(𝑃𝑚𝑎𝑥) differs > 0.5◦C
✓ 𝑇𝑇𝐷 differs > 1◦C from reported 𝑇
✓ 𝐺 differs > 0.5% from reported 𝐺
✓ Spectral response difference (RD–TD)

 

 Notation ∙ 𝑇 : junction temperature
∙ TD: test device (DUT)
∙ RD: reference device (irradiance sensor)

 

6. Calculation of the error metrics between the model estimation 
and the actual parameter value

4. Model validation and results

The data collected during the experimental campaign consisted 
of input and output data for the specific sub-models, allowing their 
independent validation to evaluate the accuracy of each sub-model. The 
proposed 0-D thermo–electrical workflow is validated experimentally 
using measurement campaigns, including synchronized module-surface 
temperatures and electrical outputs under varied irradiance, wind, 
and ambient conditions; metrics are reported against the measured 
variables.

Regarding the optical models, the comparison between the proposed 
VF factor model (OPT1) and the TRNSYS model (OPT2) supports the 
close dependence between optical model sensitivity and environmental 
factors. Furthermore, the validation of the electrical model is required 
to address the most suitable model among the three presented.

The validation process is mainly based on the Root Mean Square 
Error (RMSE). It is calculated by taking the square root of the squared 
differences between the observed values (𝑦) and the predicted values 
(𝑦̂) divided by the number of samples (𝑚). In addition, the normalized 
RMSE is calculated by dividing the previously calculated RMSE by the 
maximum value in the interval (𝑦𝑚𝑎𝑥): 

𝑅𝑀𝑆𝐸 =

√

∑

(𝑦 − 𝑦̂)2

𝑚
(27)

𝑛𝑅𝑀𝑆𝐸 = 𝑅𝑀𝑆𝐸
𝑦𝑚𝑎𝑥

(28)

Secondly, 𝑅2 is used; it is based on a statistical approach and 
indicates the size of the simulated residuals compared to those of a 
null model where all predictions are equal to the mean value. High 𝑅2

values are preferable, with the two extreme values of 0 and 1 indicating 
the worst and perfect models, respectively. 

𝑅2 = 1 −
∑

(𝑦 − 𝑦̂)2
∑

(𝑦 − 𝑦̄)2
(29)

To better understand the accuracy of the model, the error is defined 
as in Eq.  (30) to quantify the deviation of simulated data from the 
expected value. Moreover, the relative error 𝜀𝑟 is calculated following 
Equation (31). 
𝜀 = 𝑦̂ − 𝑦 (30)
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Table 7
Optical models accuracy comparison on the whole period of analysis.
 Error Constant 𝜚 Variable 𝜚
 OPT1 OPT2 OPT1 OPT2

 Front Rear Front Rear Front Rear Front Rear  
 𝑅𝑀𝑆𝐸 [W/m2] 51.4 81.6 67.6 66.0 28.8 60.3 61.8 51.3  
 𝑛𝑅𝑀𝑆𝐸 [%] 7.5% 11.0% 9.8% 8.9% 4.2% 8.1% 8.9% 6.9%  
 𝑅2 [–] 0.939 0.887 0.881 0.856 0.966 0.907 0.928 0.901 

𝜀𝑟 =
𝑦̂ − 𝑦
𝑦

(31)

Additionally, the results from the multi-physics model are also 
analyzed with the Mean Absolute Error (MAE) and Mean Bias Error 
(MBE). They are described by Eqs. (32) and (33). 

𝑀𝐴𝐸 = 1
𝑚

⋅
∑

|𝑦̂ − 𝑦| (32)

𝑀𝐵𝐸 = 1
𝑚

⋅
∑

(𝑦̂ − 𝑦) (33)

4.1. Optical model validation

Fig.  8 shows the front and rear in-plane irradiance on July 29, 2024; 
the experimental data and model results, computed with Eqs. (1)–(7), 
are compared. This day is chosen as an example, and identical analyzes 
were developed for all other days of the experimental campaigns. The 
figure shows that both optical models can follow the specific irradiance 
on the site with low divergence from the real irradiance. Table  7 shows 
a quantitative comparison between the two optical models for the 
whole period of analysis. The TRNSYS model (OPT2) is more consistent 
between the front and rear sides, while the model developed in this 
work (OPT1) is less accurate on the rear side.

A qualitative comparison across different days reveals that sunny 
days, such as July 29, 2024, or April 11, 2025, which are dominated by 
direct irradiance, exhibit higher accuracy (𝑛𝑅𝑀𝑆𝐸 = 6%). In contrast, 
cloudy and variable days, such as July 8, 2024, result in greater 
deviations (𝑛𝑅𝑀𝑆𝐸 = 21%). This increased deviation can be attributed 
to the dominance of diffuse irradiance, where lower measurement 
values amplify relative errors. Furthermore, site-specific factors, such 
as reflections from nearby buildings or objects, can alter the irradiance 
reflected to the module. These observations suggest a strong correlation 
between site conditions and model performance.

All previous results from the optical models were obtained by fixing 
the value of albedo, 𝜚, to 0.1. Given the high deviation, the scenario 
with a variable albedo is taken into consideration. The magnitude of 
albedo for each sample is calculated by rewriting Eqs. (4) and (5) start-
ing from experimental data. The obtained value is clamped between 0 
and 1 to obtain physical solutions. Fig.  9 reports the comparison of the 
two models with the experimental data using a variable albedo. The 
numbers in Table  7 confirm, for both models, the improvement using 
a variable albedo.

4.2. Electrical models validation

The validation of electrical models involves two parts: the first con-
sists of validating the parameters of the circuit elements that constitute 
them, and then the circuits themselves with the aim of identifying the 
best one.

The validation of the parameters is carried out with reference to 
a single day by comparing a few key points of the measured and 
calculated IV characteristics.

The maximum power points, normalized over the maximum values, 
of all the I–V curves calculated with the two parameter estimation 
procedures (Fitting and PF) are plotted against the recorded ones in 
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Fig. 8. Front and rear in-plane irradiance collected on July 29, 2024, considering a constant albedo.
Fig. 9. Front and rear in-plane irradiance collected on July 29, 2024, considering a variable albedo.
Fig.  10 on July 29, 2024. The graph on the left demonstrates that 
all three electrical equivalent models (EL1, EL2, and EL3) show ex-
cellent agreement with experimental measurements, with data points 
clustering tightly around the bisector line within a ±10% tolerance 
band. This suggests that parameter estimation through the fit function 
is robust across different model architectures for standard operating 
conditions. The right graph focuses specifically on the bifacial model 
EL3 with parameters derived from a PF approach, showing similarly 
strong correlation, but with a slightly wider ±15% tolerance band. The 
comparable performance between Fitting methods validates the relia-
bility of both parameter estimation techniques, though the fit function 
approach appears to yield marginally tighter predictions across the 
model ensemble.

Here, among the different values of the I–V curves, only the Maxi-
mum Power Points are shown as they are the quantity of main interest 
for most applications and also because a large number of instruments 
process this important data.

The second step compares EL1, EL2, and EL3 to identify the best-
performing model in terms of power and energy accuracy. To do 
so, both power and energy estimation accuracy are compared to the 
experimental values.

The power curve, obtained by the models on July 29, 2024, is shown 
in Fig.  11. It highlights that each model performs similarly overall, with 
certain regions where one model aligns more closely with experimental 
data and others where deviations appear. Considering the error metrics 
of power for the whole period in Table  8, the EL1 and EL2 are the 
ones that perform better with a value of 𝑅2 of 0.996 compared to 
0.990 for the Bifacial models (EL3), while EL2 is only slightly better 
in RMSE/nRMSE.

Evaluating the energy estimation capability of the models, the EL2 
better approximates the measured 11.77 kWh with a value of 11.65 
kWh. The Parallel model (EL1) underestimates the output with 11.63 
9 
Table 8
Comparison of the electrical models. Power accuracy evaluated in the whole 
period of the experimental campaign.
 Error EL1 EL2 EL3  
 𝑅𝑀𝑆𝐸 [W] 5.60 5.59 9.08  
 𝑛𝑅𝑀𝑆𝐸 [%] 2.44% 2.43% 3.95% 
 𝑅2 [-] 0.996 0.996 0.990  

kWh, while the Bifacial model (EL3) overestimates the energy with a 
production of 12.31 kWh.

Performing a qualitative comparison with environmental factors for 
each day of measurements, the models are less responsive on cloudy 
days and tend to diverge more from the real power curve. In contrast, 
on sunny days, the correspondence is much better. This observation can 
have two main reasons: the quality of measurements on cloudy days, 
where weather stability can affect the collected data, and the other is 
related to some hypotheses that neglect mismatch effects between cells 
in the module.

4.3. Thermal model validation

The temperature estimation was also performed on July 29, 2024 by 
the thermal model (TH). The TH estimation accuracy shows an 𝑛𝑅𝑀𝑆𝐸
of 6.93%. Possible temperature deviations are due to the simplifications 
made in the TH model and to environmental-specific characteristics. 
This simplified thermal model allows for gross estimation of the temper-
ature, which is used by the multi-physics approach, aiming at providing 
the electrical power output of the bPV module.

4.4. Multi-physics model

The proposed Multi-physics model is made of the best, indepen-
dently validated optical and electrical models, namely OPT1, EL2. 
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Fig. 10. Electrical model validation and comparison. Left: Three models with parameters from the fit function. Right: Bifacial model with parameters from Particle 
Filter.
Fig. 11. Power curves obtained by using the different electrical models on July 29, 2024.
The thermal model TH has been added as well. The proposed Multi-
physics model is evaluated on different days. For completeness, both 
the constant albedo and variable albedo scenarios are considered.

Figs.  12 and 13 show the power curve obtained on July 29, 2024, 
and on April 11, 2025, respectively. Both days are sunny: July 29, 2024, 
represents summer conditions, while April 11, 2025, represents spring 
conditions with lower air temperature. It is possible to see that for the 
scenario with constant albedo, the orange curve, the 𝑛𝑅𝑀𝑆𝐸 result is 
about 10.67% and 𝑅2 = 0.834 for July 29, 2024, and the 𝑛𝑅𝑀𝑆𝐸 result 
is about 8.23% and 𝑅2 = 0.901 for April 11, 2025. When considering 
the albedo variable, the yellow curve, the power estimation results in 
an 𝑛𝑅𝑀𝑆𝐸 of 4.27% with 𝑅2 equal to 0.973 on July 29, 2024, and in 
an 𝑛𝑅𝑀𝑆𝐸 of 4.97% with 𝑅2 equal to 0.938 on April 11, 2025.

The energy estimation from the model resulted in 1.48 kWh and 
1.36 kWh considering constant albedo, and 1.44 kWh and 1.33 kWh 
for the scenario with variable albedo.

Table  9 shows the error trend in terms of power of all the periods of 
the measurement campaign when considering the multi-physics model 
in the scenario with a variable albedo. In addition, the columns with 
daily mean air temperature (𝑇̄𝑎), the daily mean global horizontal solar 
irradiance ( ̄𝐺𝐻𝐼), and the relative error on the daily energy (𝜀𝑟) are 
included. The most remarkable result is that, on the whole period, the 
𝑛𝑅𝑀𝑆𝐸 is 8.6% with an 𝑅2 of 0.932, showing a good performance of 
the proposed multi-physics approach in the chosen bPV layout.

According to Table  9, there is not a consistent linear relationship 
between mean daily temperature and 𝑛𝑅𝑀𝑆𝐸: high mean air tem-
perature values can correspond to both high and low 𝑛𝑅𝑀𝑆𝐸. Daily 
mean GHI appears to have a weak inverse relationship with 𝑛𝑅𝑀𝑆𝐸: 
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in general, higher GHI tends to correspond to lower 𝑛𝑅𝑀𝑆𝐸, possibly 
due to more stable solar irradiance patterns on sunny days. However, 
𝑛𝑅𝑀𝑆𝐸 is likely influenced by multiple interacting factors, not just 
GHI or air temperature alone. The mean error 𝑛𝑅𝑀𝑆𝐸 of power 
calculated for each typology of daily weather is reported in Table  10.

Therefore, it can be inferred that Sunny days have the lowest 
average 𝑛𝑅𝑀𝑆𝐸, indicating better model performance under stable, 
predictable solar conditions. Cloudy and variable weather yield higher 
𝑛𝑅𝑀𝑆𝐸, likely due to irregular irradiance patterns and increased 
model uncertainty. This shows a clear correlation between weather 
typology and 𝑛𝑅𝑀𝑆𝐸—the more stable the weather, the lower the 
𝑛𝑅𝑀𝑆𝐸.

Additionally, the error distribution of the multi-physics model with 
constant and variable albedo over the entire period is shown in Fig.  14. 
The multi-physics model demonstrates significant improvement when 
albedo correction is applied. This is well highlighted by the shape of the 
two error distributions: Fig.  14(b) (variable albedo) shows a narrower, 
more peaked error distribution than Fig.  14(a).

This adjustment accounts for site-specific characteristics and in-
directly addresses factors neglected in the simplified optical model 
(OPT1).

5. Concluding remarks and future outlook

The research conducted in this study validates a new simplified 
multi-physics approach for modeling bPV modules through an ex-
perimental campaign with a Vertical Bifacial PV (VBPV) installation. 
The proposed optical model (OPT1), despite site-specific sensitivity 
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Fig. 12. Power curve of the multi-physics model (OPT1 + EL2 + TH) on July 29, 2024. 
Fig. 13. Power curve of the multi-physics model (OPT1 + EL2 + TH) on April 11, 2025. 
Table 9
Error metrics on different days considering a variable albedo.
 Daily Features Power Energy 
 Date Weather type 𝑇̄𝑎 [◦ C] ̄𝐺𝐻𝐼 [W/m2] RMSE [W] nRMSE [%] R2 [–] 𝜀𝑟 [%] 
 08/07/2024 Cloudy 25.23 272.7 27.42 13.92 0.789 24.5  
 09/07/2024 Sunny 27.49 283.77 21.69 9.80 0.843 10.8  
 25/07/2024 Variable 30.34 401.49 20.61 9.41 0.870 12.1  
 26/07/2024 Variable 28.94 289.27 19.13 8.90 0.882 13.5  
 29/07/2024 Sunny 29.57 306.86 9.54 4.27 0.973 1.8  
 31/07/2024 Variable 29.8 336.51 16.67 10.01 0.807 11.7  
 01/08/2024 Cloudy 29.52 255.92 13.07 6.65 0.942 1.7  
 02/08/2024 Sunny 28.51 285.44 13.35 5.81 0.960 2.6  
 10/04/2025 Sunny 15.41 261.6 11.25 5.76 0.964 5.2  
 11/04/2025 Sunny 16.22 269.51 13.27 4.97 0.938 4.9  
 29/04/2025 Sunny 20.51 299.38 28.59 13.82 0.693 12.4  
 15/05/2025 Sunny 21.08 331.65 27.06 12.16 0.785 14.5  
 Total – – – 19.80 8.60 0.932 8.7  
Table 10
Average nRMSE of power by weather typology.
 Weather type Days count 𝑛𝑅𝑀𝑆𝐸 [%] 
 Sunny 8 7.92%  
 Variable 3 9.44%  
 Cloudy 2 10.29%  

and errors ranging from 4% to nearly 11% under variable conditions, 
achieves realistic estimations suitable for preliminary assessments. The 
11 
models were implemented in MATLAB/Simulink® for reproducible I–V 
and MPP computations.

Comparisons among the three electrical models reveal that the 
Bifacial model (EL3), based on IEC 60904, exhibits lower accuracy. This 
outcome is likely due to the chosen parameter estimation approach, 
which is less robust and not yet well-established as an alternative 
method. In contrast, EL2 (dual-diode, single-junction) and EL1 (Paral-
lel) models demonstrate better suitability for modeling bPV, achieving 
power and energy errors below 3% and 2%, respectively.

Electrical models that use parameters from the Fitting approach 
show the highest accuracy, with the best-performing model (EL2) 
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(a) 

  
(b) 

 

Fig. 14. Multi-physics model error (𝜀) distribution, MAE and MBE in the scenarios with constant (a) and variable (b) albedo. 
achieving an almost zero energy deviation, 11.65 kWh modeled versus 
11.77 kWh measured, resulting in a relative error of only −1.03% 
over the entire campaign. The well-known parallel model (EL1) follows 
closely, while the third model (EL3), which employs the PF algo-
rithm for parameter estimation, is slightly less accurate but simpler 
to implement. Overall, all models demonstrate high accuracy, with 𝑅2

values close to unity, indicating minimal differences in performance. 
However, further investigation is needed to refine parameter estimation 
methodologies and assess their impact on model accuracy.

The thermal model (TH) shows a 93% accuracy in cell temperature 
calculation. Like the optical model, it suffers from the environmental 
influence of the sites and simplification assumptions.

The multi-physics model resulting from the coupling of the optical 
model (OPT1), thermal model (TH), and Series electrical model (EL2) 
achieves power estimations within a 14% deviation when considering 
constant albedo. It effectively responds to environmental factors such 
as irradiance, temperature, and wind speed. A correction of the optical 
model with a variable albedo is considered. This new model better 
accounts for the environmental influence and significantly improves 
the simulation. It reaches errors lower than 5% for power and 2% for 
energy estimation.

The simplified model shows promising results for the simulation 
of the VBPV installation, but is constrained by the assumptions in the 
optical and thermal models. Future work should validate the proposed 
models across diverse configurations—varying tilt angles, climates/lo-
cations, and module technologies—to provide stronger evidence of 
robustness.

Beyond simple parametric sweeps, subsequent studies should either 
perform a systematic sensitivity/parameter–influence analysis and in-
crease model fidelity by adopting a 1-D thermal formulation, thereby 
improving environmental representation and output accuracy.

An explicit benchmark is also required: the present, experimen-
tally validated optical-electrical-0D thermal model should be compared 
against established optical–electrical-1D thermal frameworks for PV 
modules (e.g., the only software validated optical–electrical-1D thermal 
approach of Gu et al. [16]). It is expected that 1-D physics improves 
accuracy by resolving through-thickness thermal gradients and un-
steady heat-storage effects under rapid irradiance and wind transients, 
whereas 0-D models retain advantages in computational efficiency and 
parameter parsimony for design-space screening and real-time appli-
cations. To this end, a rigorous 0-D vs 1-D thermal comparison on a 
shared experimental dataset, reporting standard accuracy metrics and 
computational-cost indicators, should be carried out.
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