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ABSTRACT: Photovoltaic (PV) equivalent-circuit models are widely used for performance evaluation and diagnostics,
but their usefulness relies on both accurate calibration and interpretable understanding of how parameters shape
current-voltage (I-V) behavior. For nonlinear and strongly coupled PV models, conventional global sensitivity analysis
can be computationally demanding and offer limited insight into effect direction and operating-point dependence.
This study presents an method-oriented framework that integrates nature-inspired optimization with surrogate-based
explainable global sensitivity analysis under a specified operating condition. The Starfish Optimization Algorithm
(SFOA) is first used for parameter identification by searching for the optimal parameter set that minimizes the
discrepancy between measured and model-predicted I-V data for the Single-Diode Model (SDM) and Double-Diode
Model (DDM). A Random Forest (RF) surrogate is trained to approximate the mapping from voltage and parameters to
output current. Its accuracy is evaluated on an independent test set, achieving RMSE/R* of 0.001331/0.999366 for SDM
and 0.003090/0.999394 for DDM. Sensitivity is quantified primarily using Shapley Additive Explanations (SHAP), with
mean decrease in impurity (MDI) and one-factor-at-a-time (OFAT) analysis used for cross-validation. Under identical
settings, SFOA achieves the best accuracy among competing optimizers, with best root-mean-square error (RMSE)
values of 0.0008818 for SDM and 0.0008811 for DDM. The integrated SHAP, MDI, and OFAT analyses yield consistent
importance structures, and the overall ranking for DDM follows the same trend as that for SDM. Within the examined
+5% neighborhood around the calibrated optimum, the photocurrent is the dominant factor governing I-V behavior,
whereas diode-branch parameters show secondary and condition-dependent effects, and resistive parameters mainly
contribute fine-scale adjustments within the examined neighborhood. Overall, the proposed framework provides
accurate calibration and interpretable global sensitivity insights that can support a practical workflow for model-based
PV analysis under the considered condition.

KEYWORDS: Photovoltaic; parameter identification; sensitivity analysis; starfish optimization algorithm; random
forest; nature-inspired algorithms

1 Introduction

Driven by the global energy transition and net-zero emission targets, photovoltaics (PV) has become
a key technology for decarbonizing the power sector. The performance of PV devices is jointly determined
by multiple physical and manufacturing parameters, including the photocurrent, saturation current, diode
ideality factor, and the series and shunt resistances. Variations in these parameters alter the shape of
the current-voltage (I-V) curve and consequently affect efficiency, process stability, and aging behavior.
Because measurement and manufacturing inevitably introduce uncertainties, quantitatively under-standing
the influence of each parameter is essential for model calibration, design optimization, process control,
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and fault diagnosis. This consideration motivates the workflow adopted in this study, where parameter
identification is performed prior to sensitivity analysis.

PV cells are commonly represented by equivalent-circuit models to describe their electrical behavior
with improved fidelity. Widely used formulations include the Single-Diode Model (SDM), Double-Diode
Model (DDM), and Three-Diode Model (TDM), all of which consist of multiple diode branches and
can effectively characterize I-V characteristics [1]. Increasing the number of diode branches may capture
underlying physical mechanisms more accurately, but it also increases computational complexity. This
complexity primarily arises from the larger number of unknown parameters, the implicit relationships
induced by strong coupling among electrical variables, and the exponential terms in the governing equations
that intensify nonlinearity. These factors make accurate modeling and numerical solving more difficult and
may reduce computational efficiency.

Parameter optimization plays a crucial role in improving PV system efficiency and model reliability.
Recent work [2] has pursued iteration-free yet physics-consistent evaluation of the single-diode equa-
tion for real-time emulation and controller verification. For example, Lambert-W explicit solvers were
derived to avoid root-finding iterations while preserving the SDM nonlinearity, and were validated in PV
emulator/MPPT testing scenarios. By identifying parameters such as reverse saturation currents, series
and shunt resistances, and photo-current, the model can better reflect real device behavior and maintain
stable performance under varying irradiance, load conditions, and ambient temperature [3]. However,
accurate parameter extraction remains challenging. Existing approaches can be broadly categorized into
conventional numerical optimization and metaheuristic optimization. Conventional numerical methods
are typically deterministic and gradient-based, such as the Newton-Raphson method [4], Gauss-Seidel
method [5], and the Levenberg-Marquardt algorithm [6]. Although these methods can converge rapidly
near a local optimum, they are sensitive to initial conditions and may be trapped in local minima in
multimodal landscapes, which is common in highly nonlinear and strongly coupled PV models. Moreover,
their reliance on derivative information limits applicability to non-differentiable or discontinuous objectives.
In contrast, metaheuristic methods do not require gradient information and can perform global search in
complex spaces, making them more suitable for high-dimensional, nonlinear, and multimodal PV parameter
estimation problems. In recent years, a substantial body of research has applied various metaheuristic
algorithms to photovoltaic (PV) cell model parameter identification. Representative approaches include
the genetic algorithm (GA) [7], particle swarm optimization (PSO) [8], whale optimization algorithm
(WOA) [9], artificial bee colony (ABC) [10], honey badger algorithm (HBA) [11], puma optimizer (PO) [12]
and grasshopper optimization algorithm (GOA) [13]. These methods demonstrate superior convergence
stability and parameter estimation accuracy compared with conventional analytical techniques.

Sensitivity analysis (SA) is an essential tool for investigating how parameters influence PV model behav-
ior. Early studies commonly employed the one-factor-at-a-time (OFAT) approach, where one parameter
is perturbed while all others are held fixed to observe the output response. Although OFAT is intuitive,
it cannot capture parameter interactions and is most informative only under near-linear conditions [14].
To better handle nonlinearity and multi-parameter interactions, the Morris method has been widely
adopted as a low-cost screening technique for global sensitivity analysis [15], providing useful indications of
nonlinear or interaction effects with relatively limited computational effort. However, Morris primarily yields
relative rankings and coarse interaction clues, and it does not quantify interaction contributions explicitly.
Consequently, more advanced studies have used Sobol variance decomposition [16], which partitions output
variance into main and interaction effects to quantify the contribution of each parameter and provide a more
complete global picture.
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Despite their value, conventional SA methods remain limited in efficiency and accuracy when ap-plied
to PV models that are typically high-dimensional, strongly interactive, and highly nonlinear. Moreover,
existing literature that directly addresses high-dimensional nonlinear interactions among PV device-level
physical parameters is still relatively scarce. To overcome these limitations, this study develops an integrated
framework that couples PV parameter identification with global sensitivity analysis by combining calibra-
tion, surrogate modeling, and multi-indicator sensitivity evaluation. Specifically, core parameters of the
Single Diode Model (SDM) and Double Diode Model (DDM) are first identified using an optimization-based
calibration procedure, and global SA is subsequently performed using a surrogate model, thereby reducing
the computational burden associated with conventional SA and im-proving practical feasibility. However,
two practical gaps remain. First, calibration and sensitivity analysis are often treated as separate steps, so
sensitivity conclusions may not be consistent with a well-calibrated and physically plausible parameter
neighborhood. Second, variance-based SA in strongly coupled SDM/DDM settings is computationally
intensive and provides limited interpretability regarding effect direction and operating-point dependence,
which motivates an integrated and explainable workflow.

In this work, Random Forest (RF) [17] is adopted as a surrogate model for PV behavior because
it can capture complex nonlinearities and interaction effects with strong robustness, while substantially
reducing the computational cost within a physically plausible parameter neighborhood. Building on the
tree-based structure, Shapley Additive Explanations (SHAP) [18] are further incorporated, together with
permutation importance and bootstrap confidence intervals, to provide more robust neighborhood-based
sensitivity indicators. This design addresses key limitations of OFAT, Morris, and Sobol methods in terms
of interaction interpretation, effect directionality, and uncertainty quantification. Overall, the proposed
SHAP-driven global sensitivity analysis for multi-parameter SDM and DDM reveals marginal effects and
interaction couplings around the calibrated optimum, offering quantitative insights that can support PV
design, process control, and aging diagnostics. Recent studies [19] have also explored physics-informed
surrogate modeling for PV performance prediction across irradiance-temperature conditions. For example,
PILoN develops a physics-informed logistic nonlinear surrogate by constructing compact proxy formula-
tions for key points (e.g., V,. and I;) and using bounded logistic mappings to preserve physical limits and
irradiance-temperature coupling. While PILoN mainly targets module-level performance modeling and
generalization over wide operating ranges, this study focuses on equivalent-circuit calibration (SDM/DDM)
and sensitivity interpretation. Accordingly, the RF surrogate here is used as a fast local approximator
around the calibrated optimum to enable efficient SHAP/MDI/OFAT-based sensitivity analysis, rather than
tull-range performance forecasting.

This study investigates five parameters in the single-diode model (SDM) and seven parameters in
the double-diode model (DDM) [20], and employs a Random Forest as a surrogate of the PV physical
model to improve analysis efficiency. We perform systematic sampling within a physically feasible parameter
domain and compute the corresponding currents using the PV model to construct the training dataset,
enabling the surrogate to learn the mapping between parameters and output current. While preserving
physical consistency, this approach substantially reduces the computational burden of global sensitivity
analysis, allowing SHAP to be used to interpret marginal contributions, effect directions, and interactions
among parameters.

Existing PV sensitivity studies largely focus on system-level energy yield or power prediction, whereas
studies that handle high-dimensionality, nonlinearity, and interactions at the device-parameter level remain
relatively limited. To address this gap, we propose a surrogate-based sensitivity analysis framework that inte-
grates Random Forest and SHAP, offering both efficiency and interpretability. The framework complements
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prior work under multi-parameter interaction settings and provides quantitative evidence for understanding
parameter mechanisms.

Traditional sensitivity analysis methods include one-factor-at-a-time (OFAT), Morris, and Sobol.
Among them, OFAT perturbs one parameter at a time while fixing the others at baseline values to quantify
each parameter’s influence on the model output and identify key input factors. Its sensitivity can be expressed
as:

Py
Ai=—"F—— (1)

xlmax _ ximzn
here, x/"%* and x!"'" denote the upper and lower bounds of the parameter x;, respectively. Likewise, y7** and
y™Mi" represent the model outputs obtained by setting x; to x/"** and x; to x"'", respectively, while keeping
all other parameters fixed at their baseline values. The normalized sensitivity Ai is defined as the resulting

increment in the target variable Y corresponding to a standardized change in the range of the feature x;.
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i

However, the one-factor-at-a-time (OFAT) approach is limited to local perturbations and cannot
capture interactions among input factors. In highly nonlinear models, one-factor-at-a-time (OFAT) analyses
are inherently local around the chosen baseline and cannot account for interactions, making them inadequate
for deriving a representative global ranking of parameter influence [21]. As model complexity increases,
OFAT is commonly combined with the Morris method, which serves as a low-cost screening tool for global
sensitivity analysis and can reveal signals of nonlinearity or interactions. The Morris method is a sampling-
based global sensitivity approach. By computing elementary effects along multiple random trajectories, it
can rapidly identify influential parameters under a limited number of model evaluations and provide a
preliminary indication of interaction effects [22].

In contrast, Sobol-based global sensitivity analysis decomposes the output variance into variance
shares attributable to individual input parameters and their higher-order interactions. However, Sobol
analysis is computationally expensive, and the required sample size increases rapidly in high-dimensional
settings, which often becomes a practical bottleneck for PV problems involving many parameters and
strong interactions.

With improved data availability and computing resources, machine learning (ML) has increasingly been
adopted as an auxiliary tool for PV modeling and sensitivity analysis, particularly in scenarios characterized
by nonlinearity, high dimensionality, and pronounced interaction effects. Prior studies report that ensemble
methods such as RF have been widely applied to solar irradiance forecasting, current-voltage (I-V) curve
modeling, fault diagnosis, and module health assessment.

From an interpretability perspective, Mean Decrease in Impurity (MDI) can serve as a built-in feature-
importance measure in RF to provide a global ranking, but it may be biased by feature scaling and
multicollinearity. By contrast, SHAP [18], grounded in cooperative game theory, decomposes an individual
prediction into a baseline value plus additive feature contributions, while also providing directionality, local
consistency, and interaction-related cues. This makes it better suited to capture the nonlinear coupling
and operating-point dependence commonly observed in PV models. Consequently, surrogate-based SHAP
analysis has emerged as an effective approach for sensitivity assessment of high-dimensional nonlinear
models, preserving interpretability while reducing the heavy repeated-evaluation cost required by traditional
Sobol or Morris analyses.
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Although ML, surrogate modeling, and SHAP have been widely adopted across many fields, existing
PV studies remain largely focused on system-level outputs such as power or energy prediction, and ML-
based sensitivity analyses often emphasize environmental variables such as irradiance and temperature. In
comparison, sensitivity analyses at the device-parameter level, including parameters such as photocurrent,
saturation currents, diode ideality factors, and series and shunt resistances, remain relatively scarce. This
gap is more pronounced for multi-parameter, strongly coupled, and highly nonlinear equivalent-circuit
models such as the SDM and DDM, where an integrated framework that combines surrogate modeling,
global sensitivity analysis, and interpretable explanations is still lacking. Moreover, parameter calibration and
sensitivity analysis are often treated as separate steps, making it difficult to ensure that sensitivity conclusions
are drawn within a physically consistent and well-calibrated parameter neighborhood. To address these
limitations, this study integrates parameter identification, RF-based surrogate modeling, and SHAP-based
interpretation to establish a sensitivity analysis workflow capable of handling multi-parameter nonlinearity,
providing effect directionality, and revealing interaction couplings, thereby overcoming the limitations of
conventional sensitivity analysis in efficiency, resolution, and interpretability.

2 Methodology

Photovoltaic (PV) physical models often involve high-dimensional and strongly coupled parameters,
making conventional sensitivity analysis computationally expensive and limited in characterizing inter-
action effects. To address these issues, this study proposes an integrated framework that links parameter
identification and sensitivity analysis in a single workflow, ensuring that sensitivity conclusions are drawn
from a calibrated physical model and remain within a physically plausible and engineering-relevant
parameter space.

First, parameter identification is conducted for the Single-Diode Model and the Double-Diode Model
using measured V-I data. To effectively address the multimodal and nonlinear characteristics of the param-
eter extraction problem, the Starfish Optimization Algorithm is employed. The algorithm demonstrates
enhanced global exploration capability owing to its multiple exploration strategies, which enable adaptive
modulation of search dynamics and improve the robustness of the identification process. This calibration
step not only improves the reconstruction accuracy of the I-V and P-V curves, but also establishes the
baseline parameters and a credible neighborhood for subsequent sensitivity analysis, thereby avoiding
unrealistic parameter combinations that may arise from overly broad search domains. Second, to enable
large-scale sampling and sensitivity evaluation under a controllable computational budget, a Random
Forest (RF) surrogate is constructed to learn the nonlinear mapping from voltage and the parameter
vector to the output current. Once trained, the surrogate can be evaluated repeatedly within the physically
plausible neighborhood, substantially reducing the time required by repeated solutions of the PV governing
equations. Finally, SHAP are adopted as the primary sensitivity indicator to provide interpretable importance
ranking and effect direction. In addition, SHAP enables sample-level analysis that reveals nonlinear and
condition-dependent behaviors, complementing variance-based methods that are less informative in terms
of directionality and local interaction patterns. The overall workflow is illustrated in Fig. 1.
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Figure 1: Overall workflow.

A suitable mathematical model is required to analyze the output characteristics of photovoltaic systems.
A PV cell can be regarded as a diode-like device with photo response. This study considers two equivalent
circuit models, namely the SDM and the DDM [20]. The following subsections present the governing
equations and define the objective function used for parameter identification, which serves as the theoretical
basis for subsequent calibration and characterization.

2.1.1 Single Diode Model

The SDM is one of the most widely used representations in PV studies. It describes the dominant
electrical behavior of a PV cell in a relatively compact form while accounting for current losses induced
by material defects and non-ideal effects, leading to predictions that better reflect practical operation. The
output current I is computed using Eq. (2).

Iy =1Ipp = Ipy — Isp (2)
Vi + IR
Ip = Iai | exp w ~1 3)
YllkT
Vi + IR
Iy = Y1t iRs (4)
Rsh

In the SDM, I,;, denotes the photocurrent, Ip is the diode current, and I is the current through
the shunt branch. The diode current I, follows the Shockley diode equation, as given in Eq. (3), and the
shunt current I is expressed in Eq. (4). Here, I 4 is the reverse saturation current, g is the elementary
charge (1.608 x 107'? C). V; is the terminal voltage, and I} is the output current. The series resistance R;
represents the equivalent resistance introduced by electrodes and interconnections, while the ideality factor
n, characterizes the deviation from an ideal diode. The Boltzmann constant is denoted by k (1.6 x 107> J/K).
T is the absolute cell temperature, and Ry, models leakage paths inside the cell. The parameters to be
identified in the SDM are (I, L1, Ry, Rgp, m1]. Fig. 2 illustrates the SDM equivalent circuit.
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Figure 2: SDM equivalent circuit diagram.

2.1.2 Double Diode Model

Compared with the SDM, the DDM introduces an additional branch in parallel with the diode to
represent extra current loss induced by recombination mechanisms. It becomes more pronounced under
low-irradiance conditions. Although the DDM has a more complex structure, it typically provides higher
modeling accuracy. The output current of the DDM is given in Eq. (5).

Iy =Ipy —Ip, —Ip, — I 5)
q (VL +1ILRg)

Ip = 1. L TILRS) )y 6

Dy = Lsan [GXP( kT (6)
q (VL +1ILRg)

Ip, = 4TINS )

Dz sd2 [eXp ( nsz (7)

I, 4 and I,4, denote the reverse saturation currents associated with diffusion and recombination effects
in the two diode branches, respectively, while 7, and n, characterize the corresponding ideality levels of these
mechanisms. The parameters to be identified in the DDM are [Ip,, Rs, Ryps Lsars Isazs 11, 12]. The equivalent
circuit is shown in Fig. 3.

/
¢t o

llsm \Llsdz \l//sh Rs

/ph Rsh VL

Figure 3: DDM equivalent circuit diagram.

In practical PV engineering, equivalent-circuit models such as the SDM and DDM are widely used
for module characterization and model-based diagnostics. In PV system design, calibrated parameters
support performance prediction under varying irradiance and temperature and are commonly embedded
in simulation workflows for energy-yield estimation and operating-point analysis. In diagnostics, parameter
deviations from baseline are often interpreted as fault or degradation signatures. For example, an increase
in series resistance is linked to contact or interconnect degradation, a decrease in shunt resistance suggests
leakage paths, and changes in diode-branch parameters can indicate recombination-related effects that are
more pronounced under low-irradiance conditions. These practical roles motivate our focus on accurate
calibration and interpretable parameter influence for both SDM and DDM.
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2.2 Nature-Inspired Calibration: Starfish Optimization Algorithm

Metaheuristic algorithms are often inspired by biological behaviors in nature and design search
mechanisms by mimicking actions such as foraging and predation. They typically involve two stages,
exploration and exploitation. This study adopts the SFOA proposed by Changting Zhong et al. [23].
In SFOA, the exploration stage simulates the foraging behavior of starfish, while the exploitation stage
combines predation and regeneration strategies to refine candidate solutions. The exploration mechanism
employs a hybrid search scheme and selects different position-update equations according to the problem
dimensionality. During exploitation, a bidirectional search guides the population toward better solutions,
and the regeneration strategy is triggered by the worst-performing individual to reduce the risk of being
trapped in local optima. The overall procedure is illustrated in Fig. 4.

SFOA / Exploration \

{v:,, = X, + @ (st = X[)c050,7, < 05

pim>5 | |Yip =Xl — a1 (Xfestp — Xip)sinb,z, > 0.5

Initialization q=Q2-rn-1)-1 ozg.ﬁ
X Xz - Xip F(X;)
x=|fa dm o M lep({(z)‘ ~
X1 Xnz o Xunlywp LFGRY)

¥ip = EeXiy + A1(Xi1p — Xip) + A2 (Xiop — XT)

{xi, = Ibj + 1 - (ubj — lby) Dim s

i=12,..,N,j=12,..,D

Tnax =T
Ep= el ocg
Tnax

K L Y, /
rand < Gp / i i
< = (s — Kp)m = 12,5 ] Exploitation

¥ = X[ +ndyp +15dsp
YI, <Y <ub
XM=, <

ub, Y >ub

&

i=N [ Y = exp(—T X N/Tyna) X

\ %

if Frew < poid
xpew = xT+

Figure 4: SFOA flow chart.

2.2.1 Initialization

At the beginning of the algorithm, the starfish population is initialized. The initialization matrix is given
in Eq. (8).

Xn X - Xip

X - *X.Zl X.zz X'ZD (8)
Xnt XNz o0 Xnply,p
F(X1)

Fo F(:Xz) )

F(XN)
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Xij: lbj+r1-(ubj—lbj) (10)
i=1,2,...,N,j=1,2,...,D

In Eq. (8), X denotes the starfish population, N is the population size, and D is the problem dimension-
ality. The initial position of each individual is generated by Eq. (10), where ub and Ib are the upper and lower
bounds, and r; is a random number in (0, 1). This formulation produces N candidate individuals within
the prescribed bounds. Subsequently, F in Eq. (9) stores the fitness values and is updated throughout the
iterations to record newly obtained fitness values.

2.2.2 Exploration Phase

The exploration phase simulates the foraging behavior of starfish within a local region. In SFOA, five
arms represent different search directions, and a hybrid strategy is employed by combining multidimensional
and one-dimensional searches. When the problem dimensionality D > 5, the search space becomes large,
and multidimensional updates are used to broaden exploration. When D < 5, one-dimensional updates are
applied to perform a more focused and efficient exploration.

T _ T T T
{Yi,p _Xi,p+a1 (X Xi,p)cose,rz <0.5 an

best,p
T _ T T T\ o
Yi’P—Xi,p—al (Xbest,P—Xi,p)smG,rz>0.5

T
best,p

represents the current best position in the p-th dimension. Here, p refers to five dimensions randomly
selected from the D-dimensional search space. The parameters «; and 6 are computed according to Eqs. (12)
and (13), respectively.

In Eq. (11), Yi)Tp denotes the updated position, X} » 1 the current position of the i-th starfish, and X

012(2‘7’3—1)'7'[ (12)
g7 T (13)
- 2 Tmax

In Eq. (13), T denotes the current iteration and T, is the maximum number of iterations. The sine and
cosine terms describe arm oscillations to the left or right, providing an approximately symmetric mechanism
for adjusting the search direction toward the food source. The parameter «; is randomly generated for each
search agent at each iteration, r; is a random number in (0, 1), and 6 varies with the iteration index. Together,
these parameters regulate the influence of the distance between the current position and the best position
during the update.

When the optimization problem has dimensionality lower than 5, SFOA switches to a simpler one-
dimensional search in the exploration phase. Specifically, two individuals are randomly selected from the
population, and their information along the p-th dimension is used to update the position by moving along
a single dimension. In Eq. (14), X le, ,and X o, » represent the p-th dimension positions of the two selected
individuals, and A; and A, are random numbers in [-1, 1] that control the update magnitude. The starfish

energy E; is computed by Eq. (15), and the one-dimensional update rule is given in Eq. (14).

YfP = EtXZp + A, (XkTLp - X}fp) +A, (Xsz,p - XZP) (14)
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Tnax — T

E, =%~ .cos@ (15)
Tmax
T T

KT+ - Y, 1b, <Y, <ubp 16)
b XiT’p otherwise

The starfish energy E; is computed by Eq. (15), where 0 is obtained from Eq. (13). The value of E;
decreases as the iteration proceeds. After the position update in the exploration phase, SFOA applies Eq. (16)
to verify whether the new position violates the variable bounds, where ub, and Ib, are the upper and lower
bounds of the p-th dimension. The updated position is accepted if it remains within the bounds, otherwise
the original position is retained to preserve feasibility.

2.2.3 Exploitation Phase

In SFOA, predation and regeneration behaviors are incorporated into the exploitation phase, and two
corresponding strategies are adopted. The exploitation phase uses a parallel bidirectional search mechanism
that leverages both the current best solution and the positional information of other individuals. Specifically,
distances between the best individual and a set of individuals are computed, two directions are then randomly
selected from this distance set, and the selected directional information is used to update each starfish
position to accelerate convergence toward improved solutions.

dm’P = (Xgest,p_Xi,p)am =L2,...,5 17)

dp,p denotes the distance between the global best solution and the five randomly selected starfish individuals,
and X, » represents the positions of these individuals along the p-th dimension. The position update rule
under the predation strategy is given in Eq. (18).

Y = X[ +radyp +15ds, (18)

In Eq. (18), 4 and 75 are random numbers in (0, 1), and d;, and d,, are two distances randomly
selected from the five candidates. Under the parallel bidirectional search mechanism, some candidates move
toward the current best solution, while others may move away from it within the same iteration, which helps
maintain population diversity and reduces the risk of premature convergence to local optima.

In nature, starfish move slowly and may be vulnerable during predation, and they can detach an arm
to escape and later regenerate it. SFOA abstracts this behavior as a regeneration strategy, which is executed
only by the last individual in the population, corresponding to i = N in Fig. 4. Since regeneration takes time,
the algorithm mimics this period by reducing the movement speed, allowing the individual to update its
position with a smaller and more conservative step size. The regeneration update rule is given in Eq. (18).

Y! = exp(=T x N/ Tppax) X} (19)
Y, Ib<Y! <ub

X =11, vI<Ib (20)
ub, YiT > ub

In Eq. (19), T denotes the current iteration index, T, is the maximum number of iterations, and N
represents the population size. If the updated position obtained in the exploitation phase exceeds the variable
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bounds, boundary handling is applied according to Eq. (20). Specifically, values above the upper bound are
clipped to the upper bound, values below the lower bound are set to the lower bound, and positions within
the feasible range are accepted as the new solutions.

The selection of SFOA is motivated not only by final solution accuracy but also by its robustness
across repeated runs in the highly nonlinear and strongly coupled PV parameter space. The SDM and
DDM involve exponential terms and implicit relationships, leading to multimodal objective landscapes
with strong parameter interactions. Although some metaheuristics may converge faster in a single best
run, SFOA emphasizes stable mean-case performance by balancing exploration and exploitation through its
regeneration mechanism, thereby reducing premature convergence. As indicated by the convergence results,
SFOA is not always the fastest in best-case convergence, but it achieves superior mean RMSE and lower
variability across 30 independent runs. Under identical population and iteration settings, SFOA therefore
offers a favorable trade-oft between convergence speed, stability, and parameter estimation accuracy, making
it suitable for robust calibration of nonlinear PV models.

2.3 Algorithm Setting and Objective Function

During parameter identification, the algorithm iteratively updates the model parameters within a
predefined search space and substitutes the updated parameters into the objective function to compute the
corresponding model output current. The goal is to determine an optimal parameter set that minimizes the
discrepancy between the model output and the measured data. In this work, the root-mean-square error
(RMSE) is adopted as the objective function to quantify the error between the experimental current and the
model-predicted current, as defined in Eq. (21).

RMSE = \J Z cal = Toxp)’ (21)

here, N denotes the number of data points, I, is the calculated current, and I, is the measured
current. Table 1 lists the unknown parameters to be identified for the two models.

Table 1: Parameters to be determined.

Function Parameter Vector
fspm [(Lpn> Rss Rens Lsar, m1]
fDDM [Iph: Rs, Rp, Lsar, Lsaz, m, nal

To perform PV cell parameter identification, a commercial R.T.C France photovoltaic cell is used as
the test device. The measurements are conducted at an operating temperature of 303.15 K and an irradiance
of 1000 W/m?, and the specifications are summarized in Table 2. Based on this dataset, SDM and DDM
are employed for parameter calibration, and appropriate search ranges for the unknown parameters are set
according to the literature [24], as listed in Tables 3 and 4.
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Table 2: DDM parameter identification range [24].

Parameter Lower Bound Upper Bound
L (A) 0 1
R, (W) 0 0.5
Ry, (W) 0 100
Ly (mA) 0 1
Lz, (mA) 0 1
m 1 2
mny 1 2

Table 3: Internal control parameters of the compared optimizers.

Algorithm Key Control Parameters Settings
SFOA Gy 0.5
PSO Cl, O3 W ¢ =15 =2we[l, 4.36E-05]
WOA a; b ac[2,0];b=1
MGO a 2
JAYA none none

Table 4: Computational cost and interpretability comparison of calibration and sensitivity-analysis strategies.

Cost of Physical-Model

Component Method . Notes
Evaluations
. ] Deterministic Low to moderate Fast local; sensitive to initialization;
Calibration . . . .
(Newton-type, etc.) (iterative) local minimal risk.
Metaheuristics (PSO, High lati
etaheuristics (PSO '8 .(pop.u ation x Global search; evaluation-heavy.
WOA, etc.) iterations)
SFOA High (population x Balanced search; best
iterations) RMSE/runtime.
Sensitivity OFAT Moderate Local; no interactions.
Morris Moderate Screening; coarse interactions.
Sobol Very high Full effects; very expensive.
RF surrogate + MDI Low after training Fast ranking; bias risk; no direction.
Mean [SHAP| for ranking; SHAP sign
for directi d ting-point
RF surrogate + SHAP Low after training Of GUrection anc operating-potn

dependence; validated by MDI and
OFAT.
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This study compares SFOA with four widely used metaheuristic algorithms for parameter identification,
including particle swarm optimization, whale optimization algorithm, mountain gazelle optimizer, and the
JAYA algorithm. To ensure a fair comparison and improve reliability, all algorithms are configured with
the same population size, number of iterations, and control parameter settings. All implementations are
conducted in MATLAB 2024a and executed on a Windows 11 Pro workstation equipped with an Intel i9-
13950HX CPU and 48 GB RAM. All algorithms were implemented with a population size of 30 and a
maximum of 1000 iterations, and each experiment was repeated independently 30 times to ensure statistical
reliability. In this study, the Starfish Optimization Algorithm is adopted as a nature-inspired optimizer and is
empirically compared with widely used metaheuristics under identical settings (population size and iteration
budget), showing improved accuracy and runtime for both the Single-Diode Model and Double-Diode
Model in Section 3.1. To ensure a fair comparison, all optimizers are executed under identical experimental
settings in terms of population size, maximum iterations, and the number of independent runs. In addition,
we explicitly report the internal control parameters of each optimizer in Table 3, following common practice
in metaheuristic benchmarking.

2.4 Explainable Surrogate-Based Sensitivity Analysis

This section describes the overall workflow and methodology for sensitivity analysis. We first present
the data sources and the data generation process, including measured V-I data and a large set of simulated
samples generated within the feasible parameter domain using Latin Hypercube Sampling (LHS) [25]. The
simulated dataset provides a more uniform coverage of the multidimensional parameter spaces of the SDM
and DDM and improves the generalization of the surrogate model over the considered range.

We then describe the training procedure and parameter settings of the Random Forest model, including
input features, output variables, and training strategies used to enhance stability and predictive accuracy.
The RF model is treated as a surrogate that learns the input-output mapping of the PV physical model in a
data-driven manner, enabling subsequent sensitivity analysis under a more tractable computational budget.

Finally, we introduce the proposed sensitivity analysis framework and explain how feature-importance
measures are extracted from the RF model, including MDI and SHAP based on cooperative game the-
ory. Multiple importance measures are used for cross-validation to improve robustness, while providing
quantitative insights into effect direction, interactions, and uncertainty.

2.4.1 Sampling Strategy

For the SDM, the parameter vector is 6 = [I,, R, Rgp,, Lsa1, m1], which includes five parameters [20].
To construct a representative sample set around the calibrated solution and avoid unrealistic combinations
that deviate substantially from practical behavior, sampling is conducted within a +5 percent neighborhood
of each identified optimum 6i*. This setting supports surrogate model training and subsequent sensitivity
analysis. The +5 percent perturbation is designed to satisfy two requirements. It introduces sufficient
variation to examine how parameters affect the output current, while preventing excessive deviation from
the calibrated optimum that could cause large discrepancies between the surrogate-predicted current I,y and
the physically computed current I, thereby preserving physical consistency.

Within this multidimensional parameter space, LHS is used to generate 1000 parameter samples. LHS
partitions the sampling interval of each parameter into N equally sized strata, and this study sets N =
1000. One value is randomly drawn from each stratum to form a length-N sample sequence for every
parameter. The sampled values across parameters are then paired through random permutations to construct
N non-repeated multidimensional vectors, and the samples are linearly scaled to the physical ranges of the
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parameters. This procedure yields 1000 parameter vectors °), where k=1, . . ., 1000, and each vector contains
all parameters required by the PV model.

A total of 26 measured voltage-current pairs are obtained, denoted as {(v7, ngp)}, j=1 ... 26.
When constructing the surrogate training dataset, these 26 measured voltages are retained as shared voltage
coordinates. For each parameter vector 68X generated by LHS, the pair (V;, %) is substituted into the
SDM and DDM equations to compute the corresponding theoretical current. In other words, each 6® is
evaluated at the 26 voltage points V/, producing 26 simulated samples. Each sample uses the parameter
vector 6% together with a voltage V7 as the input of surrogate model, and the resulting theoretical current
I ; hys 3 the output of surrogate model. This procedure yields 26,000 simulated samples, which form the main
dataset for training the Random Forest surrogate and conducting the subsequent sensitivity analysis. In this
study, the 26,000 samples (26 x 1000) are used as the training set for fitting the RF surrogate. To evaluate
generalization within the same near-optimum domain, an additional independent test set is generated by
drawing 250 new LHS parameter vectors and evaluating them at the same 26 measured voltages, yielding
6500 test samples (26 x 250). This corresponds to an 80%-20% split between the training and test datasets.
By operating within the physically plausible neighborhood of the calibrated optimum, this design provides
sufficiently dense and uniform coverage in the local region, improving the stability of RF fitting and the
credibility of the sensitivity outcomes. Accordingly, the subsequent sensitivity results should be interpreted
as global sensitivity within this neighborhood. The surrogate accuracy reported in Section 3 is computed on
this independent test set, while SHAP/MDI are derived from the RF trained on the 26,000-sample training
set. We adopt a +5% neighborhood around the calibrated solution as a physically plausible parameter domain
for sensitivity evaluation. This range is consistent with the order of uncertainty commonly reported in field
I-V measurements and standard correction procedures [26-28], which are typically within a few percentage
points. Restricting the sampling to this interval helps avoid physically unrealistic parameter combinations
while maintaining the reliability and stability of the surrogate approximation.

2.4.2 Sensitivity Analysis Based on Random Forest

After generating the LHS samples and simulated data, this study employs a Random Forest as a surrogate
model to approximate the current-voltage relationship of SDM and DDM. RF is an ensemble learning
method [17] and consists of multiple decision trees trained on different bootstrap subsets, which reduces
the risk of overfitting in a single tree and improves stability and generalization. The final prediction is
obtained by averaging the outputs of T trees. In this work, RF is not intended to replace the physical
model, but to serve as a fast approximator within the feasible region constrained by the physical model
and the measurements, thereby supporting the large number of repeated evaluations required by global
sensitivity analysis. The SDM and DDM outputs exhibit strong nonlinearity with respect to 6 and V, and
the parameters are coupled through interactions. Decision trees act as piecewise models, and their ensemble
can approximate complex nonlinear mappings. Therefore, RF can capture nonlinearities and interactions
without increasing the structural complexity of the physical model, making it suitable as a surrogate. The LHS
sampling is intentionally restricted to a +5 percent neighborhood around the calibrated optimum so that the
surrogate is only used in a physically reliable region and the risk of extrapolation to low-credibility regions
is reduced. Model behavior outside this range is not included in the sensitivity conclusions of this study. In
this study, SHAP-based sensitivity analysis is performed on a dataset spanning the measured I-V curve by
evaluating each sampled parameter vector at all measured voltage points. This setup allows parameters to vary
simultaneously, thereby reflecting interaction effects, while the Random Forest surrogate captures nonlinear
and condition-dependent responses to enable efficient sensitivity evaluation. Strictly speaking, the surrogate
and all reported importance rankings are valid only within a physically plausible +5% neighborhood around
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the calibrated solution. Therefore, the results should be interpreted as global sensitivities conditional on this
local domain.

In this study, the physically computed current Iy, is treated as the reference of RF surrogate, and the
RE-predicted current I;¢ is evaluated by their discrepancy using the RMSE and coefficient of determination
(R?) as the primary metric. The RF hyperparameters were selected through validation within the considered
parameter neighborhood. For the SDM surrogate, the optimal configuration included 50 trees with a
maximum depth of 30. For the DDM surrogate, 750 trees were adopted to better accommodate the higher-
dimensional parameter space. In both cases, bootstrap sampling and squared-error criteria were used. The
RF model is positioned as a PV surrogate operating within a +5 percent neighborhood around the calibrated
optimum, where the sample coverage is sufficiently dense and its approximation quality has been verified
through error and stability checks. Under these conditions, the sensitivity results derived from RF using MDI
and SHAP can be interpreted as a physically plausible approximation of SDM and DDM behavior within the
considered domain, rather than purely empirical indicators from a black-box model.

2.4.3 Sensitivity Analysis Based on Feature Importance

To quantify the influence of parameters on the output current, feature-importance measures are com-
puted after training the RF surrogate, leveraging the structure of the tree ensemble to assess each parameter
contribution to the PV I-V behavior. This study adopts SHAP global importance as the primary sensitivity
metric and ranks features by their mean absolute SHAP values (mean |[SHAP|) across all samples [18], with
MDI as a supporting indicator. In addition, OFAT is employed as a cross-check to examine effect direction
and marginal trends.

SHAP originates from cooperative game theory and has been widely adopted for model interpretability
to attribute the contribution of each feature to a prediction. Its key idea is to decompose the prediction
for a given sample into a baseline value plus the sum of feature contributions, while satisfying additive
consistency and a principled allocation of contributions. For complex models, interpretability is as important
as predictive accuracy, and SHAP provides a unified explanation framework without sacrificing model
performance. For a single sample, the SHAP value represents how much a feature increases or decreases the
prediction, and it is defined as follows.

IS (IN] =S| - 1)!
SCN(i} IN|!

¢i= [f(Suii})-f(S)] (22)

here, ¢; is the SHAP value of feature i for a single sample, S denotes a feature subset that does not include
i, and N is the set of all features. The terms f(S) and f (Su{i}) represent the model prediction using
only the features in S, and the prediction after adding feature i to S, respectively. This formulation computes
the average marginal contribution of feature i over all possible subsets, and can be interpreted as the
expected increase or decrease in the model output caused by adding feature i. To obtain a global-level
importance ranking, this study adopts the mean absolute SHAP value across all samples, mean |¢;|, as the
sensitivity measure. Because the RF surrogate takes both voltage and model parameters as joint inputs,
SHAP values are computed at the sample level conditional on voltage. Each SHAP attribution therefore
corresponds to a specific voltage-parameter combination. The global rankings reported in this study are
obtained by averaging the absolute SHAP values across all samples within the +5% neighborhood around
the calibrated optimum. Accordingly, the presented importance structure represents a voltage-aggregated
global sensitivity profile over the entire I-V curve, while operating-point dependence is inherently reflected
in the SHAP distributions.
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In contrast, Sobol and Morris mainly provide global indices that quantify contributions to output
variance, and they are less informative for explaining why a particular sample yields a higher or lower output
at a specific operating point. In this study, the average effect magnitude of feature i across samples enables
near-optimum global importance ranking. This is particularly useful for highly coupled PV parameters.
Moreover, SHAP provides both direction and magnitude with distribution-based visualizations. Once the RF
surrogate is trained, SHAP values can be computed by traversing the tree structure for additive attribution,
avoiding the extensive repeated evaluations required by Sobol or Morris and offering improved efficiency
and local interpretability.

Another indicator is MDI, which is a commonly used built-in feature-importance measure in RE. MDI
aggregates the impurity reduction contributed by a feature over all split nodes across all trees, and the
accumulated reduction is used to quantify the importance of that feature. In this study, MDI is treated as a
supporting indicator to corroborate the near-optimum global importance ranking obtained from SHAP.

To validate the effect direction and marginal trends indicated by SHAP, an additional one-factor-
at-a-time (OFAT) analysis is conducted for comparison. OFAT varies one parameter while keeping the
others fixed, examines the resulting change in the RF-predicted current, and compares the trend with the
SHAP and MDI findings to check interpretive consistency. Overall, SHAP serves as the primary sensitivity
tool, and MDI together with OFAT provides cross-validation, improving the robustness and credibility of
interpretations regarding importance ranking, effect direction, and parameter interactions.

To further benchmark the proposed integrated pipeline against commonly used state-of-the-art prac-
tices, we summarize its computational complexity and interpretability in comparison with representative
calibration and sensitivity-analysis strategies. For parameter identification, conventional deterministic
solvers (for example, Newton-type or Levenberg—Marquardt schemes) can converge rapidly near a local
optimum but often require good initialization and may be trapped in local minima for multimodal PV
equivalent-circuit objectives. Metaheuristic optimizers alleviate this limitation by global exploration at the
cost of iterative physical-model evaluations.

For sensitivity analysis, variance-based methods such as Sobol estimate main and interaction effects by
repeated evaluations of the original physical model, which can be computationally demanding for nonlinear
PV models where each evaluation involves solving implicit I-V equations across multiple operating points.
Screening methods such as Morris reduce the evaluation budget but provide only coarse interaction
indications, while one-factor-at-a-time analysis is intuitive yet inherently local around a baseline and cannot
account for interactions. By contrast, the proposed approach shifts most computational burden to a one-time
data generation and surrogate training stage. After the Random Forest surrogate is trained within a physically
plausible neighborhood around the calibrated optimum, sensitivity quantification is performed efficiently
on the surrogate. Shapley Additive Explanations are used as the primary measure to provide both global
ranking via mean absolute SHAP values and sample-wise directional interpretation that reveals operating-
point-dependent effects. Mean decrease in impurity and one-factor-at-a-time analysis are additionally used
for cross-validation. Table 4 summarizes the comparison in terms of physical-model evaluation demand and
interpretability features.

3 Results and Discussion

This section validates the effectiveness of the proposed integrated framework and follows the workflow
order by presenting parameter identification first and sensitivity analysis second. For parameter identi-
fication, to evaluate the performance of the SFOA on the SDM and the DDM, SFOA is compared with
four representative metaheuristic algorithms. Its convergence behavior is examined using both the best
convergence curve and the mean convergence curve, and the results of multiple independent runs are used
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to compare accuracy, stability, and computational efficiency across algorithms. For sensitivity analysis, the
optimal parameters obtained from the calibration stage are used as the baseline, and a Random Forest
surrogate model is employed for global sensitivity evaluation within a +5 percent neighborhood around the
calibrated optimum. SHAP are adopted as the primary indicator, supported by MDI and OFAT analysis for
cross-validation, to quantify the relative contributions of parameters to the output current while interpreting
effect direction and condition-dependent behavior. This further verifies the consistency of the sensitivity
conclusions across different indicators and their physical plausibility.

3.1 Parameter Estimation

The convergence behavior of an algorithm reflects its capability to avoid being trapped in local
optima. Table 5 summarizes the identified the SDM parameter values obtained by the five algorithms,
including the best value, mean value, standard deviation, and the average runtime per independent run.
The results indicate that, for the SDM parameter identification, SFOA can effectively reduce computational
time while achieving a superior solution. Fig. 5 illustrates the convergence behavior of SFOA and the other
four algorithms for the SDM, showing that SFOA exhibits the best overall performance among the five
methods. Table 6 reports the identified DDM parameter values obtained by the five algorithms, together
with the best value, mean value, standard deviation, and the average runtime per independent run. These
results similarly show that, for DDM parameter identification, SFOA attains better solutions while reducing
the time cost. Fig. 6 presents the convergence behavior of the five algorithms for the DDM, where SFOA
again demonstrates the best performance. Figs. 7 and 8 show the I-V and P-V curves of the SDM and DDM
computed by SFOA, indicating an excellent agreement between the predicted curves and the experimental
measurements. Moreover, the best RMSE values achieved for both the SDM and DDM are comparable to
those reported in the literature under similar experimental conditions, further supporting the validity of the
proposed calibration results [12].

Table 5: The result of SDM model parameter identification.

PARAM/ALGO SFOA PSO WOA MGO JAYA
R (Q) 0.036967 0.036514 0.034921 0.036918 0.035369
Ry, (Q) 52.10636 55.30896 65.43351 52.4314 6711103
Ipp (A) 0.760815 0.760734 0.760453 0.760807 0.760241
Isg1 (HA) 0.291777 0.326324 0.439547 0.295393 0.42579
m 1.472317 1.483516 1.51418 1.473541 1.5109
Best 0.000881 0.000905 0.001299 0.000882 0.001157
Mean 0.000882 0.00124 0.012364 0.001441 0.001467
Std. 2.86E-08 0.000294 0.015128 0.000399 0.000163

meantime 0.61661 1.037474 0.871238 3.817108 0.709963
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Figure 5: Convergence curves of five algorithms for searching the SDM (a) best solution and (b) mean solution.

Table 6: The result of DDM model parameter identification.

PARAM/ALGO SFOA PSO WOA MGO JAYA
R (Q)) 0.037391 0.037582 0.036664 0.037132 0.035281
Ry, (Q) 53.98431 55.90443 45.25033 53.77203 64.20076
Ipn (A) 0.76081 0.760774 0.762312 0.760798 0.760834

Iig1 (HA) 0.736841 0.626686 0.583672 0.236258 0.431923
Lig> (UA) 0.194577 0.075592 0.04303 0.478508 0
m 1.97782 1.707572 1.619972 1.454813 1.512154
) 1.438589 1.376966 1.363745 2 1.960811
Best 0.000862 0.000864 0.001756 0.00087 0.00127
Mean 0.000939 0.001412 0.023748 0.001494 0.00203
Std. 0.000132 0.000306 0.038918 0.000472 0.000373
Meantime 0.533719 1.027467 0.914461 5.203869 1.026479
10° 10%
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Figure 6: Convergence curves of five algorithms for searching DDM (a) best solution and (b) mean solution.
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Figure 8: Comparison of the experimental values of DDM with the (a) I-V and (b) P-V curves calculated by SFOA.

Overall, the results demonstrate that SFOA achieves strong performance on both PV models, not only in
parameter identification but also in predicting the I-V and P-V characteristics. Moreover, SFOA completes
independent runs within a short time without compromising accuracy, suggesting high stability and further
confirming its suitability for PV model calibration.

3.1.1 SDM Calibration

In the SDM parameter identification, SFOA achieves the best RMSE of 0.0008818 among all compared
algorithms. In addition, SFOA requires only 0.61661 s on average, and it attains the lowest standard deviation
of 2.86E—-08, indicating excellent computational efficiency and strong stability. As shown in Fig. 7, the
resulting [-V and P-V curves closely match the experimental data, demonstrating that SFOA can accurately
identify the key SDM parameters and provide a reliable basis for subsequent analysis.
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3.1.2 DDM Calibration

In DDM parameter identification, SFOA achieves the best RMSE of 0.0008811, outperforming all
competing algorithms, as summarized in Table 6. In terms of computational efficiency, SFOA requires only
0.82585 s, which is substantially faster than the other methods, while its standard deviation of 2.33E-07
indicates high stability. As shown in Fig. 8, the parameters identified by SFOA vyield convergence curves
that closely match the experimental measurements, demonstrating strong accuracy for high-dimensional
calibration tasks in photovoltaic cell models.

To statistically verify whether the observed performance differences are significant, we further con-
ducted a nonparametric Wilcoxon rank-sum test on the results of 30 independent runs. The test indicates that
SFOA achieves significantly better identification accuracy than PSO, WOA, MGO, and JAYA for both SDM
and DDM (p < 0.05 in all pairwise comparisons). Moreover, the corresponding effect sizes are consistently
larger than 0.5, suggesting that the improvements are not only statistically significant but also practically
meaningful in magnitude.

3.2 Sensitivity Analysis

All importance rankings reported in this section are evaluated within a +5% neighborhood around
the calibrated optimum, and thus represent global sensitivity structures. On the independent test set (6500
samples), the RF surrogate achieved an RMSE of 0.001331 and R? = 0.999366 for the SDM, and an RMSE of
0.003090 and R? = 0.999394 for the DDM. The high R? values and low prediction errors indicate that the
RF surrogate accurately approximates the physical model within the considered neighborhood, providing a
reliable basis for subsequent sensitivity analysis.

To investigate how each parameter in the equivalent-circuit PV models influences the I-V charac-
teristics, sensitivity analysis is conducted to quantify the relative contribution of model parameters to the
output current. Rather than relying on a single measure, this study adopts three sensitivity indicators,
including SHAP, MDI, and OFAT, and compares their outcomes to improve the credibility and robustness
of the analysis. Global sensitivity analysis is performed for both the SDM and DDM to examine whether
consistent importance trends are observed across different methods. In addition, SHAP visualizations are
used to further interpret local sample-level behavior, providing deeper insights into effect direction and
nonlinear patterns in how parameters influence the output current. The optimal battery parameters used in
this experiment are derived from the values obtained from SFOA in Tables 5 and 6.

3.2.1 Global Importance Ranking for SDM (SHAP, MDI, OFAT)

In the SDM, five parameters are considered, including the photocurrent I, reverse saturation current
41, diode ideality factor ny, series resistance R, and shunt resistance Ry,. Table 7 summarizes the SDM
Sensitivity values under SHAP feature importance, OFAT, and MDI.

Table 7: Sensitivity analysis for SDM.

Parameter/Indicator SHAP MDI OFAT
R, (Q)) 0.0001 0.0036 0.0125

R, (Q) 0.0001 0.0035 0.0060

Iph (A) 0.0189 0.1703 0.0612

Iiq1 (HA) 0.0018 0.0084 0.0285

m 0.0022 0.0081 0.0285
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Although the three metrics in Table 7 are defined differently, they lead to highly consistent conclusions
for the SDM. Using the mean absolute SHAP value (mean |[SHAP|), the parameters can be categorized into
three tiers by order-of-magnitude differences. I, forms the first, dominant tier, with an importance about
8.6 times that of the next most influential parameter, #;. The second tier comprises n; and I;4;, which have
similar magnitudes and moderate effects. The third tier includes R, and Ry, whose importance is substantially
lower, at roughly 1/18 of I;4;. MDI reflects the dependence of the random forest on each feature during node
splitting, and it shows the same tiering trend. I, remains markedly larger than the other parameters, 7, and
Ii4 lie in a similar intermediate range, and R, and Ry, again fall into the lowest tier, contributing relatively
little to impurity reduction. OFAT evaluates output-current variation by perturbing one parameter while
holding the others fixed, and it yields the same hierarchical structure.

Taken together, the SHAP, MDI, and OFAT results consistently indicate that Ly is the key dominant
parameter governing SDM I-V behavior. n; and I provide secondary but non-negligible influences,
while R; and Ry, play only a fine-tuning role within the “best-solution +5%” neighborhood considered
in this study. The agreement in ranking and tiering across methods not only strengthens the credibility
of the sensitivity conclusions, but also supports the validity of using the RF surrogate for sensitivity
evaluation. The result provides a solid basis for further SHAP-based interpretation of effect direction and
condition-dependent behavior.

Fig. 9 presents the SHAP summary plot for the SDM, illustrating the distribution of SHAP values for
each parameter. The horizontal axis shows the SHAP value, which indicates both the magnitude and direction
of a parameter’s contribution to the model output. The vertical axis lists the parameter names. The color
encodes the relative feature value in each sample, ranging from low values in blue to high values in red.
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Figure 9: SHAP summary plot for the SDM.

First, I, exhibits the widest SHAP spread, with a noticeably larger horizontal range than the other
parameters, which is consistent with its highest global importance reported in the previous subsection. As
shown in Fig. 9, when I, takes larger values (red points), most samples fall in the positive SHAP region,
indicating an increase in the output current. Conversely, when I, is smaller (blue points), the points
concentrate in the negative SHAP region, suggesting a reduced current.

For n; and I;4;, although the SHAP magnitudes are clearly smaller than those of I, their distributions
still show a non-negligible spread, indicating that the diode ideality factor and the saturation current exert
secondary yet meaningful influences. Fig. 9 further shows that, for both #; and I;4;, SHAP values associated
with high and low feature values can appear on either the positive or negative side, implying nonlinear
and condition-dependent eftects. More specifically, for n, larger feature values are associated with positive
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SHAP values for most samples, suggesting that a higher #; tends to slightly increase the output current in
many cases. An opposite tendency is observed for I;4;. Larger values of I;;; are mostly linked to negative
SHAP values, implying that an increased saturation current generally decreases the output, while a small
number of samples still show positive contributions. Overall, both parameters exhibit a globally monotonic
tendency toward a dominant direction, yet the same feature value may lead to opposite effects under
different conditions. This behavior suggests that their influence on the output current is not purely linear,
but strongly depends on the instantaneous voltage and the configuration of other parameters. In contrast,
the SHAP values of R; and Ry, are highly concentrated around zero, with only a very narrow horizontal
spread, indicating that within the +5 percent perturbation range around the calibrated optimum, their small
variations contribute only marginally to changes in the output current.

Opverall, the SHAP distributions shown in Fig. 9 not only quantify the magnitude and direction of
each parameter’s contribution to the output current, but also provide sample-level details that conventional
sensitivity measures cannot readily offer. The resulting global ranking and directional patterns are highly
consistent with those from MDI and OFAT, further supporting the validity and reliability of using SHAP as
the primary sensitivity tool in this study.

3.2.2 Global Importance Ranking for DDM (SHAPB, MDI, OFAT)

For the DDM, seven parameters are identified, including the photocurrent Lons the reverse saturation
current of the first branch I, the ideality factor #;, the reverse saturation current of the second branch
I, the ideality factor n,, the series resistance R, and the shunt resistance R,. Similar to the SDM analysis,
the results are discussed from two perspectives, namely the global importance ranking and the SHAP
distribution within a +5 percent neighborhood around the calibrated optimum. Table 8 summarizes the
Sensitivity values under SHAP feature importance, OFAT, and MDI.

Table 8: Sensitivity analysis for DDM.

Parameter/Indicator SHAP MDI OFAT
R, (Q)) 0.0003 0.0038 0.0277

R, () 0.0002 0.0036 0.0197

Iph (A) 0.0187 0.0337 0.1193

a1 (pA) 0.0032 0.0054 0.0783

Iqs (HA) 0.0011 0.0040 0.0351

n 0.0035 0.0057 0.0517

ny 0.0014 0.0042 0.0293

In the global sensitivity results for the DDM, the three indicators use different metrics yet reveal a
highly consistent parameter-importance structure. From the SHAP results, I, is clearly larger than the other
parameters, forming the first-tier dominant factor. Its gap from the next most important parameter, 4,
reaches 0.0152, indicating an overwhelming impact on the output current. n; and I4 fall into the second tier
with similar magnitudes, suggesting that the ideality factor and saturation current in the first diode branch
jointly govern the major nonlinear behavior. The remaining parameters, n,, I;4, R;, and Ryj,, show relatively
low importance and belong to the third tier, mainly serving fine-scale corrections. The MDI results also
rank I, as the highest, and the gap to the next parameter Iy is about 0.028, exhibiting a tiering pattern
in which I, leads distinctly while the others are close in magnitude. This indicates that the random forest
relies heavily on Iph when splitting nodes, whereas the other six parameters are mostly secondary, with
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differences primarily reflected in their ability to fine-tune prediction errors. OFAT yields the same trend. I,
remains the parameter with the largest variation effect, followed by I;4; and n;. Although the second-branch
parameters (1, I4,) and the resistive terms (R, Ry,) are smaller in effect, they still contribute to some extent,
implying that the multi-branch structure and series-shunt resistances in the DDM mainly influence more
subtle operating regions.

Taken together, the three analyses (SHAP, MDI, and OFAT) show that the overall ranking in the DDM
follows a trend similar to that of the SDM within the examined +5% neighborhood, I, consistently remains
the most critical dominant parameter, followed by n; and I in the first diode branch. In contrast, the
second-branch parameters (1, I;4,) and R/Ryj, act largely as auxiliary adjustment factors. This suggests that,
even when the model is extended from the SDM to the DDM, the core sensitivity structure governing [-V
behavior is still dominated by the photocurrent and the first-branch diode parameters. The added branch
and resistive terms mainly compensate for finer curve shapes and local discrepancies, improving the model’s
descriptive capability in specific operating regions.

Fig. 10 illustrates the distribution of SHAP values for the DDM parameters. Overall, the SHAP point
cloud for I, exhibits the widest horizontal spread and extends markedly toward both positive and negative
sides, indicating that I, has the largest effect magnitude on the output current. In comparison, the SHAP
distributions of n; and I, as well as n, and I, also show a noticeable spread but with a smaller overall
amplitude than I,;, and can therefore be regarded as having a moderate level of influence. By contrast, the
point clouds for Ry, and Ry, are highly concentrated around zero and form an almost narrow band, suggesting
that their variations contribute only marginally to changes in the output current.
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Figure 10: SHAP summary plot for the DDM.

In terms of effect direction, I, exhibits a stable monotonic positive relationship. When I, takes larger
values, most samples fall in the positive SHAP region and increase the predicted output current. This
observation is consistent with the SDM results. High-value samples of n; and #, more frequently appear on
the positive side of the SHAP distribution, indicating that increasing the ideality factors generally leads to
a slight increase in current, although their contributions are markedly smaller than that of I,;. In contrast,
Is1 and I show a “high-value, negative-contribution” tendency. Larger saturation currents are mostly
associated with negative SHAP values and reduced output, whereas smaller values are more likely to yield
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positive contributions. Finally, R;, and R, vary only slightly near zero, suggesting that they mainly play a
fine-tuning role.

Overall, the SHAP summary plot for the DDM further corroborates the global sensitivity conclusions
reported in the previous section. I, remains the most critical dominant parameter, followed by the first-
branch diode parameters n; and I;4;. The added second-branch parameters n, and Iy, provide smaller yet
physically meaningful corrections, whereas the resistive parameters R;, and Ry, exhibit only very limited
effects under specific operating conditions. These results indicate that, even when the model is extended
from the single-diode to the double-diode form, the core sensitivity structure remains consistent, and SHAP
offers a clearer and more interpretable picture of how each parameter contributes to the model output.

4 Conclusion

This study develops and validates a comprehensive framework that integrates parameter identification
and global sensitivity analysis, improving both calibration accuracy and interpretability for equivalent-circuit
photovoltaic models.

For parameter identification, SFOA is employed to calibrate the SDM and DDM. The regeneration
mechanism enhances search flexibility, while the adaptive exploration regulation expands effective search
coverage and mitigates premature convergence. The experimental results indicate that SFOA outperforms
PSO, WOA, MGO, and JAYA in terms of RMSE, convergence stability, and computational efficiency. These
findings demonstrate its strong capability in addressing highly nonlinear and coupled optimization problems
in PV model calibration. Therefore, SFOA serves as a reliable foundational approach for parameter extraction
prior to global sensitivity analysis. For sensitivity analysis, to alleviate the high computational burden
of conventional approaches in high-dimensional parameter spaces, this study combines a RF surrogate
with SHAP-based interpretability, enabling efficient sensitivity estimation within a physically plausible
neighborhood. Therefore, the conclusions describe global sensitivities around the calibrated solution rather
than universal global rankings across the full parameter domain. The global sensitivity results consistently
indicate that the photocurrent I, is the dominant parameter for both SDM and DDM, followed by the
parameters of the first diode branch, while the resistive parameters exhibit limited influence within the +5
percent neighborhood around the calibrated optimum considered in this work. Compared with MDI and
OFAT, SHAP provides higher-resolution and more informative sensitivity interpretation in this study. MDI
can offer a fast global ranking, but it may be affected by tree-splitting mechanisms and feature scale, and
it does not directly convey effect direction. OFAT provides directional and marginal trends, yet it cannot
capture parameter interactions or nonlinear condition-dependent effects due to the assumption that other
parameters remain fixed. In contrast, SHAP delivers both near-optimum global importance ranking and
sample-level additive attribution, revealing how effect direction and magnitude vary across operating points
and highlighting conditional dependence. Its distribution-based visualizations further expose nonlinear
patterns and interaction cues. Moreover, once the RF surrogate is trained, SHAP values can be computed
efficiently by exploiting the tree structure, achieving strong interpretability without extensive repeated
evaluations. The high predictive accuracy of the RF surrogate, as verified by RMSE and R* on an independent
test set, further supports the reliability of the sensitivity conclusions.

This study applies SHAP to the Random Forest surrogate, so the sensitivity conclusions depend on
surrogate fidelity within the sampled neighborhood. Moreover, the analysis is confined to a +5 percent
region around the calibrated optimum to preserve physical plausibility, and the resulting rankings should
not be directly extrapolated to wider parameter ranges or markedly different operating conditions. For
more complex PV systems such as multi-module strings and arrays with mismatch or partial shading, the
dimensionality of parameters and operating points can increase substantially, raising both the computational
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cost and the interpretive complexity of SHAP-based analysis. Future work will explore scalable extensions,
including hierarchical or group-wise attributions, operating-region partitioning with piecewise surrogates,
and feature grouping to maintain interpretability for multi-module settings.

Future work will extend to wider parameter domains and assess ranking stability beyond the near-
optimum neighborhood. It should be noted that the present validation is conducted on a single R.T.C. France
PV cell under standard test conditions (303.15 K and 1000 W/m?). Therefore, the calibration accuracy and
sensitivity structures reported in this study are confined to this specific device and operating condition. While
the proposed framework is methodologically general under the considered condition, its cross-condition
and cross-device generalizability remains to be further verified. Overall, the proposed framework not only
provides high-precision calibration for PV devices, but also offers data-driven and physically consistent
sensitivity insights that support process optimization, fault diagnosis, and performance prediction with
quantitative and engineering-relevant evidence.
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