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Abstract

This paper evaluates the efficacy of the Black-Winged Kite Algorithm (BKA) for parameter
estimation in single-, double-, and triple-diode photovoltaic (PV) models. This study targets
key electrical parameters, including photocurrent, reverse saturation current, series, and
shunt resistances, and diode ideality factor(s) using experimental I-V data from an RTC
France silicon cell. Performance is assessed using the root mean square error (RMSE) and
convergence behavior and benchmarked against established metaheuristics including the
Whale Optimization Algorithm (WOA), Genetic Algorithm (GA), and Ant Lion Optimizer
(ALO). The results show that BKA achieves competitive RMSE values with stable conver-
gence for the investigated dataset. BKA employs coupled exploration and exploitation
updates inspired by hunting and migration behaviors, and its limited number of control
parameters supports straightforward deployment in nonlinear PV identification tasks. The
results support BKA as a viable optimization option for PV model fitting in this setting,
while also reflecting the typical trade-offs between search diversity and computational
effort inherent to population-based methods.

Keywords: PV modeling; parameter estimation; Black-Winged Kite Algorithm

1. Introduction

Photovoltaic power generation has proven to be one of the most prospective substi-
tutes for fossil fuels. Cheap and efficient photovoltaic (PV) systems are necessary for the
utilization of solar energy [1]. The photovoltaic array is a collection of PV modules that
generates electricity from sunlight. The current-voltage (I-V) characteristic curves of a PV
module are nonlinear and strongly depend on environmental parameters such as solar
radiation and temperature. Thus, maximum power point tracking (MPPT) is required for
effective operation of a photovoltaic system.

Accurate characterization and parameter estimation for PV systems are activities of
high importance in their design and assessment [2,3]. Reliable prediction models which
reproduce the current-voltage characteristics of PV systems are also useful to evaluate their
performances [4]. There have been a number of models developed for PV cells including
physical models and empirical models [5,6]. The model complexity, inputs, and estimation
algorithms need to be taken into account when selecting the model, and are not trivial.
However, with fine models there may be large errors in, for example, the estimation of
model parameters and performance numbers such as efficiency and energy yield. Such an
issue is especially critical in accurately evaluating the feasibility of large-scale PV invest-
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ment. PV is the key to sustainable energy transitions as well as efficient, environmentally
friendly, and economically viable power generation in many applications [7,8].

Among the many benefits of PV systems are their dependability, low maintenance
requirements, and ease of use [9]. This rule is intended to provide consideration of the
property characteristic data for the design of PV systems. Photovoltaic systems display a
nonlinear relationship between current and voltage characteristics. This is influenced by
environmental factors such as temperature and solar irradiation. With the rapid expansion
of photovoltaic systems, the parameters of the PV arrays must be evaluated to obtain
accurate evaluations of their performance. Early and correct fault detection reduces energy
losses, which is highly critical to have precise these days [10].

That is why parameter estimation optimization techniques are important in calculating
parameters for PV models. They achieve this by tuning model parameters to fit the observed
behavior and minimizing the error between simulated and experimental current-voltage
(I-V) characteristics. Traditional optimization methods include analytical approaches, fit-
ting methods, and numerical methods, such as Newton-based algorithms [11]. However,
traditional methods tend to have many limitations in effectively coping with the highly
nonlinear, multimodal, and multivariable character of bounded PV parameter estimation
tasks, such as the influence of initial parameter estimates, susceptibility to local optima,
and convexity and differentiability of the objective function. To address these difficulties, it
has become popular to use natural process-based optimization metaheuristics. Some of
these population-based stochastic optimization methods are Genetic Algorithms (GA), Par-
ticle Swarm Optimization (PSO), Differential Evolution (DE), and novel algorithms [12-14]
such as the opposition-based exponential distribution optimizer (OBEDO) need no gradient
information and can perform global searches, trading off exploration and exploitation to
prevent the algorithm from prematurely converging to one of the local minima [15].

Several optimization techniques have been used for parameter estimation in PV
models such as WOA (Whale Optimization Algorithm), GA (Genetic Algorithm), BBO
(Biogeography-Based Optimization), ALO (Ant Lion Optimizer), and the recently devel-
oped BKA (Black-Winged Kite Algorithm) [16-18].

Recently, several studies have revisited the PV parameter identification problem with
a focus on improving both accuracy and computational efficiency. A hybrid analytical-
metaheuristic framework has been proposed in which the diode ideality factor, saturation
current, and photocurrent are obtained from closed-form relations, while only the series
and shunt resistances are optimized using a suite of population-based optimizers, thereby
reducing the decision space from five to two parameters without degrading the quality
of the I-V/P-V fit [19]. In a complementary direction, a hybrid secant-Newton-Raphson
procedure combines an initial secant-based estimate of the series resistance with a refined
Newton-Raphson iteration, yielding a simple and fast numerical scheme that remains accu-
rate under varied irradiance and temperature conditions [20]. To further enhance the search
capability of evolutionary algorithms, an enhanced differential evolution (EDE) strategy
with stage-specific mutation and crossover control has been developed, achieving very low
RMSE values for single-, double-, and triple-diode models of several benchmark cells and
modules by adaptively balancing exploration and exploitation during the optimization
process [21].

Beyond purely algorithmic improvements, recent works have also refined the underly-
ing PV models and the way parameters are extracted. A voltage-dependent single-diode
model has been introduced in which all five parameters are allowed to vary with operating
voltage; by segmenting the I-V curve into three regions and applying a hybrid analytical-
numerical identification in each segment, this SDMvd formulation significantly reduces the
modeling error compared with conventional voltage-independent single-diode models [22].
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A metaheuristic based on the Improved Dwarf Mongoose Optimization (IDMO) algorithm
has been proposed for parameter extraction of single-, double-, and triple-diode models as
well as module-level generators, demonstrating consistently lower RMSE and extremely
small run-to-run variability relative to other state-of-the-art approaches [23]. In parallel,
a systematic comparison of several analytical and iterative schemes for single-diode param-
eter estimation has shown that both categories can reproduce the I-V and P-V characteristics
with high fidelity under STC, while also highlighting that some classical analytical formulas
underestimate the power around the MPP [24].

These algorithms have certain advantages as well as disadvantages when applied to
complex nonlinear PV parameter estimation problems [25]. GA and some other traditional
methods, leveraging crossovers and mutations, understand the PV properties well and
maintain the diversity of their populations. While they are efficient and appropriate for
large-scale search, they generally suffer from slow convergence and can get trapped in
a local minimum [26]. Although BBO and ALO are capable of searching the space and
clustering, keeping the population in balance, they are not robust when optimizing process,
and can easily result in low and premature convergence in the complex problems. WOA is
a simple method and accomplishes considerable exploration at the early stage of the search,
but it is less efficient in exploiting the search space, so it results in poor solutions [19]. These
recent advances confirm the importance of combining physically informed formulations
with robust optimization, but they also indicate that there is still room to design new
metaheuristic frameworks that offer high accuracy across single- and multi-diode models,
reduced computational cost, and robust performance under diverse operating conditions
motivating the BKA-based approach proposed in this work.Compared with existing BKA-
based or biology-inspired approaches, the present work makes three specific contributions.
First, it provides a unified and statistically rigorous assessment of the BKA on single-,
double-, and triple-diode PV models using the same experimental dataset and search
conditions, whereas most previous studies consider only a single model or synthetic
benchmarks. Second, the BKA is systematically benchmarked against several state-of-
the-art metaheuristics using multiple performance indicators (RMSE, absolute current
and power errors, convergence behavior, stability, and computational cost), revealing a
distinctive combination of accuracy and robustness that has not been reported in earlier PV
parameter-identification studies.

However, the proposed BKA manifests numerous improvements in comparison.
The Black-Winged Kite Algorithm uses two movements (exploration and exploitation)
which are inspired by the hunting and migration behaviors of black-winged kites. Its
exploitative behavior provides robust searching behavior in promising areas, and its global
search mechanism helps to explore the whole search space, which may enable escape from
local optimum. The diversity mechanism guarantees the uniformity and efficiency of the
searching process, which can achieve faster convergence and higher accuracy in parameter
estimation. In addition, the BKA needs fewer control parameters, and it is much easier to
use when a misconfiguration occurs.

Despite these advances, existing BKA-based PV studies and other bio-inspired ap-
proaches typically address only a single PV model or rely on heterogeneous datasets,
parameter bounds, and stopping criteria. As a result, it is still difficult to assess in a fair
and systematic way how the BKA behaves as model complexity increases from single- to
double- and triple-diode formulations, or how its convergence speed, run-to-run variability,
and computational cost compare with alternative metaheuristics under identical conditions.
There is therefore a clear need for a unified and statistically rigorous assessment of the
BKA for PV parameter identification that can provide practical guidance to designers of PV
modeling and MPPT algorithms.
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To address this gap, the present work makes the following scientific contributions:
(1) We formulate parameter estimation for the single-, double-, and triple-diode PV mod-
els as a unified optimization problem with consistent, physically meaningful parameter
bounds derived from the RTC France silicon cell data and prior PV studies. (2) We adapt
the standard single-objective BKA to this unified framework and perform a statistically
rigorous evaluation over 30 independent runs per model, reporting not only the best RMSE
but also the mean, worst-case, standard deviation, and absolute errors in current and
power, together with convergence behavior and CPU time. (3) We carry out a head-to-head
comparison with several widely used metaheuristics (GA, WOA, TSA, BBO, ALO, and DA)
under the same population size, iteration budget, and search space, and we show that BKA
achieves comparable or lower RMSE with fewer control parameters and competitive run-
time across all three PV models. Collectively, these results clarify under which conditions
BKA is advantageous for PV parameter estimation and establish a benchmark reference for
future hybrid or multi-objective extensions.

2. Modeling of the PV Cell

A photovoltaic cell is a device that absorbs the light of the sun and converts it to
electricity. There are two general methods for creating electrical power from the sun:
photovoltaic and solar thermal. Photovoltaic cells promise numerous advantages including
very good reliability. They do not make noise and vibration as in solar thermal systems [27].
Some of the key parameters to measure for PV systems are maximum power output, short-
circuit current, open-circuit voltage, fill factor (FF), and efficiency. The MPP is shown in
both I-V and P-V curves on a PV cell or module and it indicates one point of maximum
power output of the cell or module [28]. The MPP depends on the operating conditions of
irradiance and temperature of sunlight; consequently, MPPT algorithms are required to be
employed in order to continually maximize the extraction of the incident energy.

Photovoltaic models can be classified into two types in general: the physical model
and the empirical model. In the former approach, the operation of the photovoltaic cell
has been described based on the properties of the semiconductor material, electric circuit
elements, and the geometry of the construction. By contrast, physical models draw current
and voltage measurements and then fit mathematical equations that explain how a cell
is going to behave. Empirical models are often preferred for MPPT algorithm design
and real-time calculation due to their simplicity and cost-effectiveness [29]. The five
parameters in the empirical model of the single-diode model are the saturation current
(Ls), the ideality factor (1), the series resistance (R;), the shunt resistance (Ry), and the
photocurrent (I,;). The prediction accuracy for the model handling also gets further
improved today by applying a double-diode model and triple-diode model. These models
incorporate additional parameters to handle the effects of recombination loss and non-ideal
diodes [16]. Therefore, they are suitable for detailed modeling and performance analysis
at various conditions and states. The empirical model serves for characterizing behavior
by I-V factorization. Because of the advantages of easy-to-use and simple in form of the
empirical model, compared with physical models, it is more suitable for analysis and
implementation of MPPT algorithm.

2.1. Single Diode Model (1DM)

The so-called single-diode model is a simplified equivalent circuit used to describe the
I-V characteristics of PV cells. It includes, as described above, a current source Ly, repre-
senting the photocurrent, a diode D representing the p-n junction, and various resistors
that account for losses. Apart from these, the 1DM is introduced, containing the R; series
resistance to model losses in the cell and the Ry, parallel resistance to model the shorting
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of the cell. As a result, Figure 1 is a 1DM circuit comprising equivalent current source I,
representing the photocurrent, a diode, and the so-called voltage—current shunt resistance
Ry, with the resistor R, [16].
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Figure 1. Equivalent circuit of 1DM solar cell.

Equations (1)—(4) follow the standard single-diode photovoltaic model widely used in
PV parameter identification studies [30,31].

Equation (1) expresses the output current I} of the single-diode model as the balance
between the photocurrent, diode diffusion current, and shunt leakage current.

I =Ty — Ijn — L 1)

where [, denotes the photocurrent generated by the cell, and the shunt current branch is
modeled in Equation (2), given by the following equation:

. Vi + ILRs

Ish - Rsh (2)

I; denotes the diode current and is modeled in Equation (3) using the classical Shockley
diode expression to represent recombination effects.

where I, is the reverse saturation current, V is the output voltage, n; is the ideality factor,
and V; = % is the thermal voltage. K is the Boltzmann constant 1.3806503 x 10-23 J, g is the
elementary charge 1.60217646 x 1071 C, and T is the temperature in Kelvin. Combining
Equations (1)—(3) gives a comprehensive expression for the output current as shown in

VL + IR Vi + IR
IL_Iph—Is(eXp<Lan§s> _1> _LT;ZLS (4)
S

Equation (4):

Five unknown parameters are determined in addition to the known ones: Iph, L4, R,
Ry, and n.

2.2. Double Diode Model (2DM)

The double-diode model is an expansion of the single-diode model, designed to
accurately describe I-V characteristics of photovoltaic cells, especially when they are not
ideal. Figure 2 represents this kind of model. It consists of two diodes [16]. The major
equations are as follows for the double-diode model:
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Figure 2. Equivalent circuit of 2DM solar cell.

The output current Iy, for the double-diode model can be expressed by Equation (5):

Vi + IR Vi + IR VL+ IR
=t ta(op(M) 1) siefew () 1) S e
S

where I;; and I, are the reverse saturation currents, V} is the output voltage, V; = %, and
T is the temperature in Kelvin. Diode D; models the ideal behavior of the p-n junction and
diode D, accounts for recombination losses within the junction. n; and 7, are the ideality

factors for each diode.

2.3. Triple-Diode Model (3DM)

The triple-diode model is a valuable tool for achieving higher accuracy in modeling
PV cells. It not only meets the high-precision needs of simulator designers but also has
served as an excellent base to improve upon modeling [32]. Figure 3 represents this kind
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Figure 3. Equivalent circuit of 3DM solar cell.

The output current I, for the three-diode model [16] is given by Equation (6):

Vi + IL.R; VL + ILRs
IL:Iph—Isl exp W —1) —Ip|exp W —1

VL —+ ILRS VL + ILRS
_ JLTLRs ) ) VLT ILRs
oo (M) 1) -

©)

Diode 1 (D7) models the diffusion current. Diode 2 (D;) accounts for recombination
current. Diode 3 (D3) represents leakage currents due to grain boundaries and other
imperfections. n1, np, and n3 are the ideality factors for each diode.
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2.4. Problem Formulation

The procedure for searching the unknown parameters for all photovoltaic cell models
and modules is referred to as optimization, while the calculated data will be driven to
the measured values through the optimization process that minimizes the difference and
involves the characteristics of the models. The objective function used to estimate the
optimal model parameters is defined in terms of the root mean square error (RMSE), as
given in Equation (7) [33]:

N
RMSE(X) = $ S L fulVi I, X)2 7)
i=1

X = [Xipm, Xopm, X3pm]

where N represents the collected experimental data, V; and I} are the solution vector X,
and fy is the error function, which is defined for the different PV models in the following
manner [16]:

2.4.1. For the Single Diode Model

The output current for the single-diode model is expressed in Equation (8):

Vi + IR Vi + IR
=t (oo (Mg) <) -t ®
S

X = [Iph/ Isq, Rs, Rgp, Tl}

2.4.2. For the Double Diode Model
For the double-diode model, the output current is defined by Equation (9):

Vi + IR Vi + IR Vi + IR
S

X = [Ipn, L1, Isao, Rs, Ry, 111, 12

2.4.3. For the Triple Diode Model
The output current for the triple-diode model is defined in Equation (10):

Vr + 1R Vi + IR
It = Ly — Lt <eXp<antS) — 1) — L <exp<nths -1

B ox Vi 4+ ILR; 1) - Vi + ILRs
53 P n3 Vi Rgp

(10)

X = [Iph/ Isdlf IstI Isd3/ Rs, Rsh/ ny, ny, 1’13]

The objective function is the root mean square error (RMSE) for 1DM, 2DM, and 3DM:

N

1
RMSE = J N l; (Ip — Ie(Vi, Iy, X) )2 (11)

3. Metaheuristic Algorithm for PV Model (BKA)

The Black-Winged Kite Algorithm (BKA) is a metaheuristic nature-inspired optimiza-
tion algorithm that incorporates the hunting method by black-winged kites, a species of
hawks belonging to the family of Accipitridae that can be found in Europe, North Africa,
and the Middle East. These birds work together in groups to forage, for safety as well
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as accuracy and efficiency. Some common operations on the BKA are the same as those
in other bio-inspired algorithms, such as initialization, fitness evaluation, and position
updating. The location of each solution is then adjusted until the stopping criterion is
reached (i.e., maximum number of iterations). The operations included in the algorithm
are as follows: initialization, tracking prey, searching prey, and evaluation [16].

In the present work, we employ the standard single-objective formulation of the BKA
described in [34], without modifying its internal search operators or introducing additional
control parameters. The role of the BKA here is to act as a general optimizer that searches
the space of PV model parameters, while the main adaptations are problem-oriented.
Specifically, the position of each kite encodes a complete candidate vector of PV parameters
associated with the single-, double-, or triple-diode PV models discussed in the previous
section; the quality of each candidate is quantified using the RMSE-based objective function
defined for fitting the measured I-V characteristics; and all decision variables are restricted
to physically meaningful ranges derived from datasheet information and prior studies.

3.1. Mathematical Modeling

It is imperative to acquire a founded understanding of the relevant theoretical knowl-
edge, which includes the fundamental definitions of Black-Winged Kite Algorithm (BKA)
and the core principles of the multi-objective optimization; Figure 4 shows the flowchart of
the algorithm. The mathematical model of the proposed optimization problem is illustrated
as follows:

.
- . [ Problem Definition ]
[ ]

x*

Initialization of Population

—————

select leader and evaluate fitness

|

NO ¥

_— -{ Iterations Left ]r‘ —
yes
*
[ Attacking Behavior ]
|
|
s
— — No
Yes —t09 _—
K .
[ Attack Exploration ] [ Adttack: Exploitation ]
L‘{ Migration }‘— —
l
[ Boundary checking ]
[ Update Solutions }
’{_ Returm Best Solution l
—

Figure 4. Flowchart of BKA algorithm.

3.1.1. Initialization Stage

A random initial set of solutions is generated, where each individual, a black-winged
kite, represents a possible solution within the feasible region of the problem. Each indi-
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vidual’s position is updated based on its previous position and is followed by another
individual chosen at random to simulate the effect of light winds on bird movement. This
mechanism aims to gradually explore the search region to reach the optimal solution.

X = {xl,xz,...,xN}

Represents the population of N black-winged kites, where each kite x; is a potential
solution to the optimization problem. The position of each kite x; is initialized randomly
within the feasible search space [34]. The initialization of each kite’s position is defined by
Equation (12):

Xj = Xpin + 1 (Xmax — Xpin) (12)

where x,;, and x4y are the lower and upper bounds of the search space, and 7 is a vector
of uniformly distributed random numbers in the range [0, 1]. The fitness of each kite f(x;)
is evaluated using the objective function f(-), which quantifies the quality of the solution
x; in terms of its ability to approach the optimal solution.

3.1.2. Attacking Behavior
Attack Intensity Coefficient:

=005 x e 2<(%)’ (13)
This controls attack vigor, decreasing exponentially over iterations to balance ex-
ploration and exploitation. This mimics the kite’s reducing energy expenditure as hunt-
ing progresses.
Direct Attack (Exploration): When p < 7, the prey’s position (p) falls within the kite’s
attack radius (r), and the predator initiates a high-velocity assault. The position update
during this aggressive maneuver follows the following equation:

Xt+l = X;+ (Tl(l -+ sin(r)) X Xt) (14)

where the locations of the black-winged kite in the t and (f 4 1) iterations are indicated
by X; and X;. 1, respectively, p is an integer valued at [0, 1], and 7 is a stochastic constant
inside the interval [0, 1]. T represents the maximum amount of iterations, whereas ¢ is the
amount of iterations that have been completed to date.

Scanning Behavior (Exploitation): When p > r, the most recent formula for the
black-winged kite’s attack state position, when it is hovering in midair, is as follows:

X1 = Xp+n(2r —1) x X (15)

This models random search patterns during prey detection and represents the kite’s
hovering and observational phase. The attacking phase of the Black-Winged Kite Algo-
rithm (BKA) is mathematically represented by Equations (13)—(15). The attack intensity
coefficient n, introduced in Equation (13), decreases exponentially to regulate the balance
between exploration and exploitation as the iterations progress. Equations (14) and (15)
describe two dynamic movement strategies employed during predation: the direct attack
mechanism, which is activated when the prey lies within the kite’s strike radius, and the
scanning behavior, which is used when the prey is outside this radius. Taken together, these
equations provide a biologically inspired framework that governs the search dynamics of
the optimizer, capturing the adaptive transition between aggressive pursuit and controlled
hovering around promising regions of the search space.
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This behavioral model illustrates the transition from surveillance to attack, demon-
strating how these birds of prey optimize their hunting efficiency through biomechanical
adaptations and calculated movement patterns. The kinematic precision of their aerial
attacks reflects evolutionary adaptations for successful predation in open habitats.

3.1.3. Migration Behavior

This stage of the Black-Winged Kite Algorithm consists of two sub-stages: search
with diminishing exploration and search with incremental exploration. For each kite,
the position is updated within a randomly selected rectangular region, whose dimensions
depend on the number of wings of the bird. The update is performed using the following
equations when the corresponding value is less than or equal to x;:

Migration Coefficient (m):

m = 2-sin(r + 2m) (16)

These equations periodically modulate migration distance.
Cauchy-Distributed Jumps:

cauchy_value = tan((rand(1,nVar) —0.5) - ) (17)

Search Using Decreasing Exploration (Leader Following): The kite focuses on intensi-
fying its search around promising areas. The position is updated by the following equation:

x;(t +1) = x;(t) + cauchy_value - (xprey — X;(t)) (18)

where xpyey is the position of the prey (the best solution found so far).
Search Using Increased Exploration: The kite explores new regions of the search
space more broadly. The position update is given by the following equation:

xi(t+1) = x;(t) + cauchy_value - (X,5,4 — (m X x;(t))) (19)

where X,,,,4 is a randomly selected position within the search space.

The migration process of the Black-Winged Kite Algorithm (BKA) is defined by
Equations (16)-(19), which model how the kites alternate between wide-range exploratory
movement and concentrated local search. The migration coefficient m, which periodi-
cally modulates the magnitude of the position updates, is introduced in Equation (16).
Equation (17) incorporates a Cauchy-distributed perturbation, enabling long jumps that
prevent premature convergence by encouraging exploration of distant regions in the
search space. Equations (18) and (19) distinguish between decreasing-exploration (leader-
following) and increasing-exploration behaviors, respectively: the former guides each
kite toward the current best solution, while the latter promotes diversification by moving
toward randomly sampled locations. Together, these equations form a biologically inspired
migration model that balances exploitation of promising regions with global exploration.

4. Results and Discussion

This section uses the Black-Winged Kite Algorithm (BKA) to estimate the character-
istics of three photovoltaic (PV) versions of the RTC France solar cell that are available.
The single-diode model (1DM), two-diode model (2DM), and three-diode model (3DM)
circuits are used to describe the PV modules. Since the BKA has a stochastic character, its
performance in estimating unknown parameters was examined by running the method
30 times separately for each model. Using a maximum of 1000 iterations and a population
size of 50, 26 pairs of voltage and current samples were obtained from a 57 mm diameter
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RTC France silicon solar cell at 33 °C as well as 1000 W/m? solar irradiance in order to
extract the unknown parameters of three models (1DM, 2DM, and 3DM). A variety of
metrics are used to examine the performance, including the worst (max) RMSE, the best
and average (mean) RMSE, and the standard deviation (STD). Additionally, a convergence
curve was used to compare each algorithm’s rate of convergence, and the computational
cost was assessed in terms of the amount of time needed to get the best result. In this
study, we use an analytic method that derives the I-V model parameters from the man-
ufacturer’s datasheet values (Voc, Isc, Vinp, Imp), adopting the same RTC France cell data
reported in [35].

For each PV model, the proposed BKA is executed with the same population size and
iteration budget (50 individuals and 1000 iterations). The initial population is generated
uniformly within the parameter bounds listed in Table 1. The internal control parame-
ters of the BKA follow the configuration recommended in its original description: the
attack-intensity coefficient is initialized at #y = 0.05 and decreased over the iterations to
shift the search from exploration to exploitation, while a migration term together with a
Cauchy-distributed local perturbation around the current best solution is used to diversify
the kites” positions. For a fair comparison, all benchmark optimizers are run under the
same population size, maximum number of iterations and search space as BKA, and their
remaining algorithm-specific coefficients are kept at the standard default values given in
their original papers.

The parameters’ lower and upper limits (LLs; ULs) for each of the three models are
shown in Table 1.

The lower and upper bounds reported in Table 1 were selected to be physically mean-
ingful for the RTC France silicon cell and consistent with the ranges commonly adopted
in the PV parameter-estimation literature. In particular, the bounds for Ly, are centered
around the measured short-circuit current; the diode saturation currents are constrained
to small positive values that match typical single-, double-, and triple-diode models; the
series and shunt resistances are restricted to realistic intervals (low series resistance and
high shunt resistance); and the ideality factors are limited to a range compatible with
semiconductor device physics. These constraints ensure that the search space encompasses
all physically plausible solutions while excluding non-physical parameter combinations.

Every experiment was carried out on a PC running 64-bit Windows 10 Professional,
with 32 GB of RAM, and a 2.40 GHz Intel(R) Core(TM) i7-4700MQ CPU. Every algorithm
was implemented using MATLAB R2019a.

Table 1. The lower and upper limits of the parameters for the three distinct models.

Model Limits Iyn Ly Lo | R Ry,
1DM IIEII: (1) 1x (1)0*6 i i 0(.)5 180
2DM LLIIi 2 1x 20*6 1x 2076 i 0(.)5 180
SbM ILJIﬂ (1) 1x 20—6 1x 20—6 1x ?0—6 0(.)5 180
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4.1. One-Diode Model (1DM)

The objective for the single-diode model (1DM) is to estimate five unknown parame-
ters: Iy, LIsg, Rs, Rsp, and n. Table 2 shows the results of the BKA algorithm for estimating
these parameters and compares them with alternative approaches for determining the
optimal RMSE.

The BKA algorithm achieved the best RMSE of 9.8603 x 10~4, as indicated in bold in
Table 2. The BKA is comparable to TSA, GA, WOA, and BBO, and outperforms the other
algorithms across all performance metrics. This superiority is attributed to the exploitation
improvement mechanism in the BKA, which enhances the search around the best-so-far
solution and accelerates convergence compared to other algorithms.

Table 2. Results of parameter values selected for the 1DM model.

Algorithm Ly (A) L1 (A) R; (QY) Ry, () ny RMSE

Proposed 0.76078 3.2382 x10~7 0.036367 53.7661 1.4814 9.8603 x10*
TSA 0.76076 3.2683 x10~7  0.03633 54.1189 1.4824 9.8629x10~*
GA 0.76236  3.1803x10~7  0.036562 47.131 1.4795 1.3516x103
ALO 0.7612  3.4241x1077 0.036041 49.5507 1.4872 1.0446x1073
BBO 0.761 3517x10~7  0.036178 57.2013 1.4897 1.0452x103
DA 0.76107 4.2497x1077  0.035173 55.6897 1.5094 1.1577x1073
WOA 0.76078 3.2184x1077 0.036391 53.6027 1.4808 9.8605x10*

The best values of the identified parameters for the 1DM adopted models of the RTC
France silicon solar cell are presented. Figures 5 and 6 illustrate the I-V characteristic of the
solar PV cell, where I. and P are the current and power calculated using the BKA, and I,
and P,, are the measured current and power, respectively. The simulation results closely
match the measured data, as shown in the figures, confirming the efficacy of the BKA-based
1DM parameter estimation. The output current and power relative to the measured voltage
can be determined after the model parameters for the RTC France silicon solar cell have
been identified.

08 1-V Characteristic Curve
- T T

I-V Characteristic Curve
075 T '

Current (A)
o
T

0.65

04 I I I I 1 I I 1
-0.3 0.2 -0.1 0 0.1 0.2 0.3 0.4 0.5 0.6
Voltage (V)

Figure 5. Curves I-V with the measured and estimated data for 1DM.
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Figure 6. Curves P-V with the measured and estimated data for 1DM.

The statistical results from the BKA and other algorithms, including BBO, ALO, DA,
WOA, TSA, and GA, are shown in Table 3 to assess the robustness and dependability of
the suggested method. The RTC France silicon solar cell’s 1DM statistical results include
the lowest RMSE value (RMSE,;;,,), the average RMSE value (RMSE;eq,), the worst RMSE
value (RMSE;;4x), the running time (CPU), and the standard deviation of the RMSE values
(STD), indicating the algorithm’s reliability.

Table 3. Optimal solution obtained by the BKA method for 1DM.

Algorithm Min Mean Worst STD

WOA 9.8605 x10~4 2.6976x103 4.1205x102 7.2869x103
TSA 9.8629x10* 1.3406x 1073 2.448x1073 4.173x10~%
ALO 1.0446x1073 2.5586x103 5.1560 %103 1.2186x1073
BBO 1.0452x1073 1.9832x1073 3.6423x1073 6.2481x10*
DA 1.1577x1073 4.7057x1073 2.5945x 102 45802x103
GA 1.3516x1073 2.2319x103 4.9906x103 8.0095x10*
Proposed 9.8603 x10~%  1.2171 x10~3  2.2079 x10~3  2.914 x10~*

The statistical performance of the BKA for the 1DM is summarized in Table 3, where
the RMSE has a mean value of 1.2171 x 10~% and a maximum value of 2.2079 x 10~3. The
most computationally efficient run required 999 iterations, with a CPU time of 7.8575 s and
an RMSE standard deviation of 2.914 x 10~%. These results indicate that, for the single-diode
model, the BKA yields highly accurate and statistically consistent parameter estimates.

Figure 7 shows the convergence characteristics of the five algorithms for the 1DM.
Among them, the BKA exhibits the fastest and most stable convergence behavior, maintain-
ing a smooth descent toward the global optimum and reaching an RMSE on the order of
1073 within the first few iterations. This rapid decrease in error demonstrates the BKA’s
strong exploitation capability and its effectiveness in locking onto the optimal region of the
search space.
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Figure 7. The convergence curves for 1DM of all algorithms.

By contrast, WOA and TSA show slower convergence rates and exhibit several
plateaus that indicate stagnation. This behavior reflects weaker exploitation strategies and
a tendency to linger in suboptimal regions before making further progress. Although BBO
also converges, its trajectory displays noticeable oscillations, indicating a less stable search
process and increased sensitivity to parameter settings. Among all the tested approaches,
GA performs the worst. Its noisy convergence trajectory suggests poor consistency and
premature convergence, and its convergence curve remains at a relatively high RMSE level
throughout all iterations. This pattern is usually linked to insufficient population diversity
and a higher likelihood of becoming trapped in local minima.

Overall, the results in Figure 7 show that the BKA is superior in both convergence
speed and solution stability for the single-diode PV model, and it achieves the lowest final
RMSE value with minimal oscillations.

An alternative metric for comparing the effectiveness of the implemented algorithms
is the convergence curve. The convergence curves for 1DM are shown in Figure 7, and the
BKA is clearly one of the more effective algorithms when compared to the others. Al-
gorithms such as WOA, TSA, and BBO, on the other hand, show greater variability,
with poorer worst-case RMSE values and significantly larger standard deviations. The GA,
on the other hand, performs the poorest; its excessive unpredictability and noticeably
higher RMSE values make it less dependable.

Figures 8 and 9 present the absolute power and current error distributions for the
1DM across the measured voltage range. The BKA achieves consistently low error values
in both plots, with the minimum absolute power error reaching 1.97 x 10~ W and the
minimum current error reaching 8.50 x 10> A. The errors remain small over most of
the operating region, increasing only near the open-circuit point where nonlinearities are
strongest. These results confirm that the BKA maintains high fitting accuracy for both
P-V and I-V characteristics, demonstrating strong reliability and numerical stability in
parameter estimation.
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error (IAE) for I-V for 1DM.

All performance measures show that the BKA had the smallest standard deviation
of RMSE at 2.914 x 10~ and had a significant lead over TSA RMSE 4.173 x 10~%. It had
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the lowest average RMSE of 1.2171 x 1073, approximately 9% less than its closest rival,
TSA at 1.3406 x 1073, and clearly below WOA at 2.6976 x 10~3. Regarding the minimum
individual RMSE values, we obtained 9.8603 x 10~ for the BKA, which is almost the same
as WOA at 9.8605 x 10~%. With respect to the processing time, the proposed algorithm
converged in approximately 8.53 s, which is more efficient than BBO (15.36 s) and GA
(6.76 5). WOA (3.14 s) performed slightly better in terms of speed, but its accuracy and
stability were extremely low, leading to the conclusion about the good convergence speed.

4.2. Double-Diode Model (2DM)

For the double-diode model, the goal is to estimate seven parameters: Iy, Isg1, Lo,
Rs, Rgpy, 11, and np. Accurate estimation of these parameters is crucial for modeling PV cell
behavior under varying conditions. The BKA achieved the lowest RMSE of 9.8349 x 1074,
as highlighted in Table 4, outperforming other contemporary optimization algorithms such
as ALO, WOA, GA, TSA, DA, and BBO. The ranking based on minimum RMSE values
confirms the BKA as the most effective method for parameter extraction in the 2DM context.

Table 4. Results of parameter values selected for the 2DM model.

Algorithm Iph (A) L (A) Ligo (A) R (Q) Ry, (Q) ny ny RMSE

Proposed 0.76077 2.4058 X107 4.5629 x10~7  0.036645 55.03 1.4569 1.9216 9.8349 x 102
TSA 0.76071 22941x1077  7.6082x10~7 0.036672 56.4934 1.4525 2.0 9.8381x10*
DA 0.76117 2.2617x107 1.0x107° 0.035646 55.2797 1.4564 1.9319 9.8489x10~*
ALO 0.76067 4.8667x1078%  3.3265x1077 0.036205 56.6167 1.4845 1.9621  9.9292x10~4
GA 0.76105 2.1282x1077  4.2574x1077 0.036617 55.102 1.4495 1.8078  1.0077x103
BBO 0.76058 3.1815x1077  1.3196x107 0.037743 52.8433 1.6884 1412 1.1135x1073
WOA 0.76076 2.829x1077  3.4786 x10~7  0.036435 55.3885 1.4703 2.0 1.1973 x10~3

To validate the accuracy, the I-V and P-V characteristics were computed and compared
with experimental data from the RTC France silicon solar cell. Figures 10 and 11 illustrate
the I-V and P-V characteristics of the 2DM solar PV cell.
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Figure 10. Curves I-V with the measured and estimated data for 2DM.
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Figure 11. CurvesP-V with the measured and estimated data for 2DM.

Algorithms such as TSA and WOA show greater variability, with poorer worst-case
RMSE values and significantly larger standard deviations. The GA and BBO, on the other
hand, perform the poorest; their excessive unpredictability and noticeably higher RMSE
values make them less dependable. The convergence curves for the 2DM, based on the
estimated parameters from the BKA with the best RMSE, are shown in Figure 12. All things
considered, the BKA successfully balances mathematics and precision. Figures 13 and 14
show the absolute error (IAE) of current and of power where the lowest absolute current
error was 2.4792 x 107% A, and the lowest absolute power error was 5.0997 x 10~/ W.
In addition, the small peaks near the open-circuit voltage are expected, since the cell carries
almost no current in this high-voltage region, and even tiny mismatches between the
measured and estimated current become more visible while remaining negligible compared
with the short-circuit current and the rated maximum power.

Convergence Curves of 2DM
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Figure 12. The convergence curves for 2DM for all algorithms.
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Figure 14. Absolute error (IAE) for current and voltage for 2DM.

The BKA reached its optimal solution within 996 iterations, with a CPU time of 9.7 s.
The standard deviation of the RMSE was 8.437 x 1074, indicating consistent and reliable
performance across multiple runs. These results are summarized in Table 5. The optimal

parameter values extracted by the BKA for the 2DM are presented in Table 4. To validate the
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accuracy, the average RMSE was 1.9943 x 103, and the maximum RMSE was 4.5862 x 1073,

demonstrating the high precision of the BKA in estimating 2DM parameters.

Table 5. The optimal solution obtained by the BKA method for the 2DM.

Algorithm Min Mean Worst STD

ALO 9.9292x10~* 2.8439x1073 5.4233x1073 1.1317x1073
BBO 1.1135x1073 2.3054x103 3.7046x1073 6.6955x10~*
WOA 9.8489x10~* 1.4532x1073 3.6818x1073 6.6079x10~*
DA 1.1973x1073 5.4322x1073 2.0352x102 4.6415x103
TSA 9.8381x10~* 1.3387x1073 2.448x1073 2.9958x 104
GA 1.0077x1073 2.2545%x103 3.3486x1073 6.0769x 104
Proposed 9.8349 x10~%  1.9943 x10~3  4.5862 x10~3  8.437 x10~*

BKA convergence has reached the highest level on all of these indicators listed above.
The RMSE of 9.8349 x 10~* can pull well ahead of most methods out there. This is 1.5%
less than current worst RMSE of 2DM modeling using the TSA algorithm, 9.8381 x 10~%.
The minimum absolute error in current was far less than any other algorithm, 2.4792 x 1070,
so basic estimation of electrical current of the model accuracy shows remarkable improve-
ments. The BKA’s RMSE is 2.2191 x 107, showing higher fidelity than those from GA
which weighed at 8.6342 x 10~ and TSA at 7.5432 x 10°. While the BKA showed a
somewhat high standard deviation of 8.437 x 104, somewhat higher than TSA whose
figure is 2.9958 x 1074, it is still within an acceptable range and quite stable over several
experiments. The BKA took 9.7 s to process, less than BBO (18.3 s), so it can be considered
a kind of balance of speed and accuracy. Convergence rates show that the number of
iterations needed to achieve the optimal solution using the BKA algorithm (approximately
996 iterations) are close to those for WOA and TSA algorithms.

4.3. Triple-Diode Model (3DM)

The triple-diode model requires estimation of nine parameters: Iy, Iss1, a2, Lsas,s
Rs, R4y, 11, 3, and n3. Accurate determination of these parameters is essential for high-
fidelity simulations, particularly where recombination losses are significant. The BKA
achieved a best RMSE of 9.8234 x 1074, outperforming algorithms such as TSA, GA, WOA,
and BBO, as highlighted in Tables 6 and 7. This performance reflects the BKA’s effective
balance between exploration and exploitation, allowing efficient navigation of the higher-
dimensional parameter space.

Table 6. Results of parameter values selected for the 3DM model.

Algorithm Iph (A) Isdl (A) Isd2 (A) Isd3 (A) R, (Q) Rsh (Q) n np ns RMSE
Proposed  0.76079 5.9567 X107  2.426 X10~7  2.4606 x10~7 0.036668 55.2331 19976 1.4569 3.1671 9.8234 x10~*
TSA 0.76078  2.1918x1077  8.0654x1077  45003x10~8  0.036774 55.6143  1.4485 2.0 49996  9.825x10°*
WOA 0.76074  2.4289x10~7  6.3122x1077  3.4295x10~7  0.036641 56.1576  1.4572 2.0 48468  9.8318x10*
GA 0.76045  1.771x1077  23615x1077  9.9463x10~7  0.036467 56.5685 1.6941 14592 3.0662  1.0019x10~3
BBO 0.76095  2.4144x10%  3.3128x1077  1.0089x10~7  0.036323 54.7024 19282 1484 25727 1.0117x1073
ALO 0.76157  4.8748x10°%  29083x10~7  4.7366x1078  0.036326 44.4477 1.6892 14734 4.8838  1.1400x10°3
DA 0.76145  1.6847x1077  3.9522x1077  7.9019x10~7  0.035275 554341 1.4424 17035 2.0325 1.3750x10°3

To validate the extracted parameters, simulated I-V and P-V characteristics were
created and compared with experimental data from the solar cell. The I-V and P-V charac-
teristics of the 3DM solar PV cell are illustrated in Figures 15 and 16.
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Figure 15. Curves for I-V with the measured and estimated data for 3DM.
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Figure 16. Curves for P-V with the measured and estimated data for 3DM.
Table 7. The optimal solution obtained by the BKA method for the 3DM.
Algorithm Min Mean Worst STD
WOA 9.8318x10~* 1.3971x1073 3.2085x102 4.7605x10*
ALO 1.1400x 1073 5.6592x103 1.3377 %102 2.8619x1073
BBO 1.0117x1073 2.9968x103 5.9545x103 1.0979x 1073
DA 1.3750x 1073 7.0364x1073 2.6435x102 6.9649x103
TSA 9.825x104 1.4419x1073 2.4522%x1073 3.9094x 104
GA 1.0019x103 2.4689x103 3.4897x103 6.6615x10~4
Proposed 9.8234 X104 1.5 X103 3.0465 X10~3  5.4285 x10~*

In the context of optimizing the three-dimensional model (3DM), several well-known
optimization algorithms were evaluated including WOA, TSA, GA, and BBO alongside
the proposed BKA algorithm. Based on multiple experimental results, the academic points

of superiority of the proposed algorithm are evident. Figure 17 shows the convergence
curves for the 3DM. The BKA achieves the lowest final RMSE (9.8234 x 10~%) with a low
standard deviation across runs (5.4285 x 10~%), indicating stable and reliable convergence.
TSA and WOA reduce the RMSE at a similar rate during the early iterations, but their
curves plateau at higher error levels, whereas the BKA continues to improve and ultimately

converges to the best solution among the tested algorithms. Figures 18 and 19 illustrate
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the absolute error of current and absolute error of power. The lowest absolute current
error was 4.678 x 107 A, and the lowest absolute power error was 9.6226 x 10~7 W. These
values are around 95% less than the errors achieved by WOA and GA algorithms. In both
Figures 18 and 19, the small peaks near the open-circuit voltage are expected, as they arise
in a high-voltage, low-current region where very slight mismatches between the measured
and estimated current become more visible but remain negligible compared with the rated
maximum power and short-circuit current.
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Figure 17. Convergence curves for 3DM in different algorithms.

For the 3DM, the BKA converged to its optimal solution in 999 iterations, with a
CPU time of 31.0063 s. The standard deviation of the RMSE was 5.4285 x 10~4, and the
maximum RMSE was 3.0465 x 1073, confirming the high fidelity of the BKA-extracted
parameters, indicating robust and consistent convergence to high-quality solutions. The av-
erage iterations to best solution were comparable with other algorithms, which indicated it
has the nature of result the optimal solution in a reasonable time.

From an algorithmic perspective, the observed behavior aligns with each method’s
inherent search mechanisms. The smooth convergence and narrow gap between the best,
mean, and worst RMSE achieved by the BKA can be attributed to the combination of global
migration and Cauchy-distributed local perturbations, which preserve diversity around
promising regions, while the decreasing attack-intensity coefficient gradually strengthens
exploitation. As the number of parameters increases from 1DM to 3DM, the WOA and TSA,
which rely more heavily on leader-based position updates, reduce the RMSE rapidly in the
early iterations but tend to lose diversity and plateau at higher error levels. In comparison
to the BKA, the GA, BBO, and DA exhibit more oscillations and variability, suggesting
greater sensitivity to population initialization and control settings, as well as a higher
tendency to become trapped in local minima. Taken together, these trends show that the
proposed BKA produces the most accurate parameter estimates, with very low absolute
errors in current and power, high stability over multiple runs, and a favorable trade-off
between computational time and accuracy, making it a strong candidate for further research
and practical PV modeling applications.
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Figure 18. Absolute error (IAE) for current and power for 3DM.
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5. Conclusions

In this paper, the Black-Winged Kite Algorithm (BKA) was employed to estimate the
parameters of three widely used photovoltaic models—the single-diode (1DM), double-
diode (2DM), and triple-diode (3DM) models—using experimental I-V data from an RTC
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France silicon solar cell measured at 33 °C and 1000 W/m?. All competing algorithms were
tested under identical parameter bounds, population sizes, and iteration limits, and each
configuration was executed over 30 independent runs to ensure a fair comparison and to
assess statistical robustness.

Across all three PV models, the BKA consistently achieved the lowest or among the
lowest root mean square error (RMSE) values while maintaining a manageable computa-
tional burden. In addition to exhibiting very low absolute current and power errors, the
BKA attained the best RMSE and the smallest RMSE standard deviation for the 1DM, indi-
cating both high stability and excellent accuracy. For the 2DM and 3DM, the BKA reached
best-case RMSE values and very small absolute errors in current and power, with conver-
gence behavior that remained comparable to the fastest competing metaheuristics. Taken
together, these results indicate that the BKA offers a favorable balance between accuracy,
robustness, and execution time for multidimensional PV parameter estimation when com-
pared with established bio-inspired optimizers such as the WOA, GA, TSA, BBO, ALO,
and DA. At the same time, several limitations of the present study should be acknowl-
edged. First, the analysis was restricted to a single silicon cell type and to one operating
condition (fixed irradiance and temperature), so the behavior of the BKA across different
PV technologies, module configurations, and broader environmental conditions remains
to be quantified. Second, only noise-free laboratory measurements with 26 I-V points
were considered; the performance of the BKA under measurement noise, ageing effects,
or partial-shading scenarios was not examined. Third, the formulation adopted here is
single-objective and based solely on RMSE, without explicitly incorporating multi-objective
trade-offs (for example, between accuracy, computation time, and parameter regularity) or
hybridization with local search strategies.

Future research should expand the evaluation of the BKA across diverse PV technolo-
gies and realistic conditions, such as partial shading and signal noise. Integrating the BKA
into hybrid schemes with gradient-based refinement and adopting multi-objective formula-
tions could further optimize the balance between accuracy and computational speed. Addi-
tionally, incorporating non-parametric statistical validations, like Wilcoxon or Friedman
tests, will provide more robust verification of algorithmic rankings. Ultimately, embedding
the BKA into real-time MPPT, online monitoring, and fault-diagnosis frameworks will be
vital to demonstrating its practical utility in industrial PV control applications.
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