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This paper presents a novel Chaotic Adaptive Quantum-Inspired Gases Brownian Motion
Optimization (CAQI-GBMO) algorithm for accurate parameter estimation of
photovoltaic models. The proposed method addresses the fundamental challenge of
balancing exploration and exploitation in metaheuristic optimization by integrating three
complementary mechanisms: quantum behavior modeling enables particles to maintain
population diversity through probabilistic position distributions; multiple chaotic maps
enhance search space coverage with superior statistical properties; and adaptive
parameter control dynamically adjusts exploration-exploitation balance throughout the
optimization process. The algorithm is specifically designed for the double-diode model
parameter estimation problem, which involves seven unknown parameters with strong
correlations and a multimodal objective function landscape. Experimental validation
using benchmark R.T.C. France solar cell data demonstrates that CAQI-GBMO achieves
a minimum RMSE of 9.824708 x 10 *for the double-diode model, matching the best-
known results with superior consistency across 5000 independent runs. Comparative
analysis against state-of-the-art algorithms, including SENMSSA, iAPO, and WSO,
reveals that CAQI-GBMO achieves the lowest Friedman ranking of 1.62, indicating
statistically significant performance improvements. The accurate parameter estimates
enable precise reproduction of current-voltage and power-voltage characteristics, which
are essential for maximum power point tracking, system simulation, and performance
optimization in practical photovoltaic installations.

1. Introduction

with solar photovoltaic technology emerging as a
cornerstone of this transformation [3].

1. 1. Background and Motivation

The global energy landscape is undergoing a profound
transformation driven by the urgent need to address climate
change and transition toward sustainable energy systems [1].
Fossil fuels, which have historically powered industrial
development, are increasingly recognized as finite resources
with devastating environmental consequences. The power
sector alone accounts for approximately 35% of global
carbon making it a critical target for
decarbonization efforts [2]. In response, nations worldwide

emissions,

are accelerating their transition to renewable energy sources,

Solar energy offers unparalleled advantages among
renewable sources due to its abundance, accessibility, and
decreasing implementation costs [4]. Unlike conventional
power generation methods, solar PV systems can be
deployed at various scales, making them adaptable to diverse
geographical and economic contexts. Projections indicate
that by 2040, global PV capacity will reach 4240 GW,
representing a staggering increase from installations in the
early 2000s [5]. This exponential growth underscores the
critical importance of optimizing PV system performance to
maximize energy yield and ensure economic viability.
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The efficiency of solar cells depends on numerous factors,
including material properties, manufacturing quality, and
operating conditions such as irradiance and temperature [6].
Under real-world conditions, these factors interact in
complex ways that are not fully captured by simplified
analytical models. Accurate modeling of PV cell behavior
requires precise estimation of internal parameters that
govern current-voltage and power-voltage characteristics.
These parameters—including photogenerated current,
saturation currents, series and shunt resistances, and diode
ideality factors—are not directly measurable but must be
inferred from experimental data through parameter
estimation techniques [7]. The parameter estimation
problem for PV models is inherently challenging due to
several factors. First, the governing equations are implicit
and transcendental, lacking closed-form analytical solutions
[8]. Second, the objective function landscape is
characterized by multiple local optima, nonlinearities, and
strong parameter interactions. Third, experimental
measurements contain noise and uncertainties that
complicate the identification process. These characteristics
make PV parameter estimation a multimodal, nonlinear
inverse problem that demands sophisticated optimization
approaches [9].

1.2. Photovoltaic Cell Modeling

The electrical behavior of solar cells is commonly
represented through equivalent circuit models of varying
complexity. The single-diode model remains the most widely
adopted representation due to its simplicity and
computational efficiency, comprising five unknown
parameters: photogenerated current, diode saturation
current, series resistance, shunt resistance, and diode ideality
factor [10]. Despite its widespread use, the SDM exhibits
limitations in accurately representing PV behavior under
low-irradiance conditions, where recombination effects in
the depletion region become significant [11].

To address these limitations, the double-diode model
incorporates an additional diode to account for
recombination current losses [12]. The DDM introduces two
additional parameters—a second saturation current and a
second ideality factor—resulting in seven unknown
parameters that must be estimated. The additional
complexity enables more accurate representation of PV
characteristics across a wider range of operating conditions,
particularly at low voltages and under partial shading [13].
However, the increased dimensionality also exacerbates the
challenges associated with parameter estimation, creating a
more rugged objective function landscape with enhanced
susceptibility to local optima trapping.

The three-diode model adds a third diode. It models grain
boundary and leakage currents in polycrystalline and thin-
film technologies [14]. While offering the highest accuracy
among lumped-parameter models, the TDM's nine unknown
parameters present an even more formidable optimization
challenge. The choice among these models involves a
fundamental trade-off between accuracy and identifiability,
with higher-dimensional models offering improved fidelity
at the cost of increased estimation difficulty.

1.3. Review of Parameter Estimation Approaches

Parameter estimation techniques for PV models can be
broadly categorized into three classes: analytical methods,
deterministic numerical methods, and metaheuristic
optimization algorithms [15]. Analytical approaches derive
parameter values directly from key points on the I-V curve,
such as short-circuit, open-circuit, and maximum power
points. While computationally efficient, these methods rely
on simplifying assumptions that compromise accuracy and
fail to capture the full nonlinear behavior of PV devices [16].

Deterministic numerical methods, such as Newton-
Raphson and Levenberg-Marquardt, formulate the parameter
estimation problem as a system of equations. This system is
then solved through iterative procedures. These methods
require differentiable objective functions and convex search
spaces—conditions rarely satisfied in PV parameter
estimation. Moreover, deterministic methods are highly
sensitive to initial value assumptions, with poor initialization
often leading to divergence or convergence to suboptimal
solutions [17].

Metaheuristic optimization algorithms have emerged as the
dominant paradigm for PV parameter estimation due to their
ability to navigate complex, nonlinear, and multimodal
search spaces without requiring gradient information [18].
These nature-inspired algorithms balance exploration of the
solution space with exploitation of promising regions,
enabling effective identification of near-optimal parameter
sets. The literature documents numerous successful
applications of metaheuristic algorithms to PV parameter
estimation, each offering unique advantages and facing
distinct limitations [19,20,21].

Particle Swarm Optimization and its variants have been
extensively applied to PV parameter estimation [22].
Quantum-behaved Particle Swarm Optimization overcomes
certain limitations by applying quantum mechanics
principles. This enables particles to occupy any position in
the search space with defined probability densities.
Consequently, global convergence is theoretically
guaranteed [23]. Differential Evolution and its enhanced
variants incorporating adaptive parameter control and



opposition-based learning have achieved state-of-the-art
results on benchmark PV problems [24].

The Salp Swarm Algorithm, inspired by the chain-forming
behavior of salps, has been applied with promising results
[25]. However, the basic SSA exhibits limited exploration
capability and frequently stagnates in local optima when
confronted with complex objective functions. Enhanced
variants, such as the Super-Evolutionary Nelder-Mead Salp
Swarm Algorithm, combine Gaussian-Cauchy mutation and
vertical-horizontal crossover with the Nelder-Mead simplex
method. This integration yields competitive performance.
The algorithm has been applied to estimate parameters for
SDM, DDM, and TDM [26]. The Whale Optimization
Algorithm and its hybrid variants have shown improved
accuracy and reliability for PV applications [27]. Similarly,
the Grey Wolf Optimizer and Harris Hawks Optimizer have
demonstrated effectiveness in balancing exploration and
exploitation. However, like other metaheuristic algorithms,
these methods remain susceptible to premature convergence
and exhibit performance degradation on problems with
complex parameter interactions [28]. Recent years have
witnessed increasingly sophisticated algorithms for PV
parameter estimation. The Artificial Protozoa Optimizer,
inspired by Euglena behavior, offers a novel framework for
balancing exploration and exploitation [29]. An improved
version, iAPO, incorporates random neighbor-pair sampling
and enhanced movement strategies to achieve superior
performance in SDM and DDM parameter estimation [30].
The White Shark Optimizer has been enhanced through
opposition-based learning and chaos theory to improve
convergence characteristics [31].

Despite these advances, significant challenges persist.
Many algorithms exhibit inconsistent performance across
different PV models and operating conditions [32]. The
trade-off between exploration and exploitation remains
difficult to optimize, with algorithms either converging
prematurely or failing to refine solutions with sufficient
precision. Computational efficiency becomes increasingly
important as PV systems scale and require real-time
parameter adaptation. Additionally, the stochastic nature of
metaheuristic algorithms introduces variability in results,
complicating reliability assessment.

1.4. Research Gap and Proposed Approach

A critical examination of the literature reveals persistent
gaps that motivate this research. Existing metaheuristic
algorithms, while effective in many scenarios, share
common limitations that constrain their performance. The
fundamental challenge lies in achieving an optimal balance
between global exploration—identifying promising regions
in the solution space—and local exploitation—refining
solutions with high precision [33]. Algorithms biased toward
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exploration exhibit slow convergence and may fail to
identify optimal parameters within reasonable computational
budgets. Conversely, algorithms emphasizing exploitation
risk premature convergence to local optima, yielding
suboptimal parameter estimates.

The quantum-inspired paradigm offers a promising avenue
for addressing these limitations. By modeling search agents
with quantum behavior, algorithms can maintain population
diversity while simultaneously converging toward optimal
solutions [34]. Quantum-behaved particles possess inherent
uncertainty in their positions. This allows for thorough
exploration while preserving the capacity to exploit
promising regions. Exploitation occurs via measurement
operations. The Gases Brownian Motion Optimization
algorithm, inspired by the random motion of gas molecules,
provides an alternative framework for balancing exploration
and exploitation through temperature-controlled search
behavior [35,21].

Chaos theory presents another powerful mechanism for
improving metaheuristic algorithms. Chaotic maps generate
sequences that are deterministic yet exhibit pseudo-random
properties with enhanced statistical characteristics compared
to pseudo-random number generators [36]. Incorporating
chaotic sequences into optimization algorithms can improve
exploration by enabling more thorough coverage of the
solution space while maintaining deterministic structure
necessary for reproducible results.

Adaptive parameter control represents a third dimension for
algorithm enhancement. Metaheuristic algorithms typically
employ fixed parameter values that may not optimally
balance exploration and exploitation throughout the search
process [37]. Adaptive mechanisms that adjust algorithm
parameters based on search progress can significantly
improve performance by maintaining appropriate
exploration-exploitation balance at each stage.

Based on these observations, this paper proposes a novel

Chaotic Adaptive Quantum-Inspired Gases Brownian
Motion Optimization algorithm for photovoltaic parameter
estimation. The proposed approach integrates three
complementary enhancement mechanisms within a unified
optimization framework. First, search agents are endowed
with quantum mechanical properties, enabling them to
appear anywhere in the search space with probability
densities governed by wave functions. This quantum
behavior facilitates global exploration while maintaining the
potential for precise localization through measurement
operations.

Second, multiple chaotic maps are employed to generate
sequences that guide search behavior throughout the
optimization process. The chaotic dynamics enhance
exploration by providing deterministic yet statistically
superior coverage of the solution space. Different chaotic
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maps are evaluated to identify those most effective for PV
parameter estimation, with adaptive selection mechanisms
determining the most appropriate map at each search stage.

Third, algorithm parameters governing quantum behavior,
chaotic dynamics, and Brownian motion are continuously
adjusted based on search progress metrics. This adaptive
control ensures that the algorithm maintains an optimal
exploration-exploitation balance throughout the search,
transitioning from broad exploration in early iterations to
refined exploitation in later stages.

The CAQI-GBMO algorithm is specifically designed to
address the challenges of parameter estimation for the
double-diode model, in which seven strongly correlated
unknown parameters must be accurately identified from
noisy experimental data. The proposed approach leverages
quantum behavior to maintain population diversity in the
high-dimensional search space, chaotic maps to enhance
exploration efficiency, and adaptive control to ensure timely
convergence to high-precision solutions.

1.5. Paper Organization

The remainder of this paper is organized as follows: Section
2 presents the mathematical modeling of photovoltaic
systems, including formulations of the single-diode,
double-diode, and three-diode models, as well as the
objective function for parameter estimation. Section 3
describes the proposed Chaotic Adaptive Quantum-Inspired
Gases Brownian Motion Optimization algorithm in detail,
including the quantum behavioral model, chaotic map
integration mechanisms, adaptive parameter control
strategies, and the complete algorithmic framework. Section
4 presents the experimental setup, including benchmark
datasets, parameter ranges, evaluation metrics, comparison
algorithms, and comprehensive experimental results and
analysis. Section 5 concludes the paper with a summary of
key contributions and findings.

2. Photovoltaic Cell Modeling and Problem
Formulation

Accurate mathematical modeling of photovoltaic cells is
essential for understanding their electrical behavior,
optimizing performance, and enabling maximum power
point tracking in practical applications. This section presents
the equivalent circuit models commonly used to represent
PV cells. These include the single-diode and double-diode
models. The photovoltaic module model is also presented.
The mathematical formulations, parameter definitions, and
objective functions for parameter estimation are
systematically described.

2.1 Single-Diode Model

The single-diode model is the most widely adopted
representation for photovoltaic cells due to its simplicity and
reasonable accuracy under standard operating conditions.
The SDM originates from Shockley's diode theory. It
captures the essential I-V characteristics of p-n junctions
while preserving computational tractability. Figure 1
illustrates the equivalent circuit of the SDM, comprising five
key components: a photogenerated current source, a single
diode representing the p-n junction, a series resistance
accounting for bulk and contact resistances, and a shunt
resistance representing leakage currents across the junction.

The output current of the SDM is derived by applying
Kirchhoff's current law to the equivalent circuit. The
photogenerated current I,, represents the current generated
by incident light absorption, which is proportional to
irradiance and cell area. A portion of these current flows
through the diode (I;), another portion through the shunt
resistance (Ig,), and the remainder constitutes the load
current (1) delivered to the external circuit. The relationship
among these currents is expressed as:

I, = Iph — g — I (1)

lr?hT Iq l Ish l
‘::CT) ! Rsh

I,
— o+
T_

Figure. 1. Equivalent circuit diagram of the single-diode model
showing the photogenerated current source (I,p), diode (D),
series resistance (Ry), and shunt resistance (Rgp,).

The diode current I, is described by the Shockley equation,
which models the nonlinear behavior of the p-n junction.
This current depends on the voltage across the diode, which
equals the sum of the load voltage and the voltage drop
across the series resistance. The mathematical expression is:

Ig = Isq [exp (%) - 1] ()

where Iy, represents the diode reverse saturation current, q
is the electron charge (1.60217646 x 107 C), n is the diode
ideality factor, k is Boltzmann's constant (1.3806503 x 1072
J/K), and T is the cell temperature in Kelvin. The ideality
factor typically ranges between 1 and 2, with values closer
to 1 indicating ideal diode behavior dominated by diffusion
current, while higher values indicate recombination effects.

The shunt-resistance current is calculated using Ohm's
law in the parallel-resistance branch. The voltage across



the shunt resistance is identical to the voltage across the
diode, yielding:
3)

Vi+Rsl,
ISh = =
Rsn

Substituting Equations (2) and (3) into Equation (1) yields
the complete implicit equation relating output current to
output voltage for the SDM:

Q(VL+R51L)) _ 1] _ VL+RsIL (4)
nkT Rsn

I, = Ly — Isq [exp(

Equation (4) is implicit because the current appears on both
sides, including within the exponential term and the shunt
resistance expression. This implicitness necessitates
numerical solution methods for calculating the current at any
given voltage. The SDM contains five unknown parameters
that must be estimated from experimental data: the
photogenerated current, the diode saturation current, the
series resistance, the shunt resistance, and the diode ideality
factor n. Accurate estimation of these parameters is crucial
for reliable PV system simulation and performance
prediction.

2.2 Double-Diode Model

While the SDM provides adequate accuracy under many
operating conditions, it exhibits limitations in representing
PV behavior at low irradiance levels and near the open-
circuit voltage. These limitations arise because the SDM
does not explicitly account for recombination losses in the
depletion region. The double-diode model addresses this
deficiency by incorporating an additional diode to model
recombination current, resulting in improved accuracy
across a wider range of operating conditions. Figure 2
presents the equivalent circuit of the DDM.
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Figure. 2. Equivalent circuit diagram of the double-diode model
showing the photogenerated current source (Ip), two diodes
(D1 and Dz) representing diffusion and recombination currents,
series resistance (Ry), and shunt resistance (Rgp,).

The DDM includes two parallel diodes: diode D; models
the diffusion current in the quasi-neutral regions, while diode
D, accounts for recombination current in the depletion
region. Each diode has its own saturation current and ideality
factor, enabling more flexible fitting of the I-V
characteristics. The output current equation for the DDM is
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derived similarly to the SDM but includes two diode current
terms:

I, = Iph =gy — Iz — I (5)
The two diode currents are expressed using Shockley
equations with distinct parameters:

lar = lsar [exp (L2222 1] (6)

laz = lsaz [exp (F222) — 1] 7)

where I,4, and I;,, are the saturation currents of the first and
second diodes, respectively, and n; and n, are their
corresponding ideality factors. The shunt current, Ish,
remains as defined in Equation (3). Substituting these
expressions into Equation (5) yields the complete DDM
equation:

I = I = Igqy [exp (LEE2E02) — 9] —

n1kT

o (25529) -1 25250

nykT Rsn

Relative to the SDM, the DDM includes two additional
unknown parameters, which result in a total of seven
parameters that require estimation: L, Isq1, Isaz, Rs, Rep, 11,
and n,. The increased parameter dimensionality enhances
model flexibility but simultaneously complicates the
estimation problem due to stronger parameter correlations
and a more complex objective function landscape.

2.3 Photovoltaic Module Model

Practical photovoltaic systems employ modules consisting
of multiple solar cells connected in series and parallel
configurations to achieve desired voltage and current ratings.
While individual cell models can be scaled to represent
modules, the module-level model must account for the
interconnection topology. Figure 3 illustrates the equivalent
circuit of a PV module comprising Ns cells in series and Np
cells in parallel.

+~—Np
/ T I /\/\/\/ =
ph sh Rs lL/Np
oy \ Rsh
@
C Ns Vi/Ns

I 1
Figure. 3. Equivalent circuit diagram of a photovoltaic module

showing series and parallel interconnection of individual solar
cells.
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For a module with Ns series-connected cells and Np
parallel-connected strings, the output current equation is
derived by scaling the single-diode model. The module
output current /; module is related to the individual cell
current by the parallel configuration, while the module
voltage I/, _module is related to the cell voltage by the series
configuration. The resulting equation is:

I = Nyl = Nyl [exp (L2200 q] -
NpVL;N5+RSIL ©)
sh

Equation (9) assumes that all cells in the module are identical
and operating under uniform conditions. An assumption that
may be violated under partial shading or non-uniform
temperature distributions. Nevertheless, this model provides
a practical representation for most engineering applications.
The parameters to be estimated for the PV module model are
the same five parameters as the SDM, but they now represent
the equivalent cell-level parameters after accounting for the
module configuration.

2.4 Objective Function Formulation

The parameter estimation problem for PV models aims to
determine the optimal parameter vector X that minimizes the
discrepancy between measured and model-predicted current
values across a set of experimental data points. This
discrepancy is quantified using an appropriate error metric,
with the root mean square error being the most commonly
employed criterion due to its sensitivity to large errors and
its ability to reflect overall fitting accuracy.

For a given experimental dataset consisting of N pairs of

voltage and current measurements (V[ the

RMSE is defined as:

meas,i) H

RMSE(X) = [£Z1, (Vi Ineas X7 (10)

where f(V, I, X) represents the error function for the specific
PV model under consideration. For the SDM, the error
function is derived directly from Equation (4):

(V+RgI) V+Rgl
fso(V, 1, X) = Ipn = Lsa [exp (an)‘l] "R
Ineas (11)

The parameter vector for SDM is X = [I,p, Is4, Rs, Rep, 1]
For the DDM, the error function follows from Equation (8):

fDD(V; I;X) = Iph - Isdl [exp (M) — 1] _

n,kT

Lsaz [exp (M) - 1] - V;f:l — Ineas (12)

nykT

with parameter vector X = [Iyp, [sa1, Lsaz, Rs, Rep, 01, m2].
For the PV module model, the error function based on
Equation (9) is:

q(V/NS+RSI/Np)) _ 1] _
nkT

Fov(V, LX) = Nyl = Nyloq [exp (
% - Imeas (13)

Equations (11)-(13) are implicit in the measured current
Lneas, Tequiring numerical solution to evaluate the error
function at each data point. The implicit nature of these
equations arises because the current appears both in the
exponential terms and in the shunt resistance expression. For
a given parameter vector X and voltage V, the corresponding
model-predicted current I.,;. must be obtained by
numerically solving the implicit equation. This is typically
accomplished using iterative methods such as the Newton-
Raphson algorithm or by reformulating the equation using
Lambert W functions. The parameter estimation problem is
thus a nonlinear optimization problem with the following
characteristics: (1) the objective function is multimodal,
containing multiple local minima; (2) the parameters exhibit
strong correlations, making the problem ill-conditioned; (3)
the objective function is computationally expensive to
evaluate due to the need for numerical solution of implicit
equations at each data point; and (4) experimental
measurements contain noise and uncertainties that
complicate the identification process. These characteristics
necessitate the use of robust optimization algorithms that can
navigate complex search spaces while maintaining
computational efficiency. The search space for parameter
estimation is defined by physically meaningful bounds on
each parameter. Typical bounds are: photogenerated current
between 0 and 1A; saturation currents between 0 and 1 pA;
series resistance Rs between 0 and 0.5 Q; shunt resistance
between 0 and 100 Q; and ideality factors N, N1, N2 between
1 and 2. These bounds ensure that the estimated parameters
correspond to physically realizable values while providing
sufficient search space for the optimization algorithm.

In summary, the PV parameter estimation problem is to
determine the parameter vector X that minimizes RMSE(X)
subject to bounds on each parameter. The problem is
challenging due to the nonlinear, implicit, and multimodal
nature of the objective function, as well as the correlations
among parameters. The following sections present a novel
optimization algorithm designed to address these challenges
effectively.

3. Proposed Chaotic Adaptive Quantum-Inspired
GBMO Algorithm

This section presents the proposed Chaotic Adaptive
Quantum-Inspired Gases Brownian Motion Optimization
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(CAQI-GBMO) algorithm for photovoltaic parameter
estimation. The algorithm integrates three complementary
enhancement mechanisms within a unified optimization
framework: quantum behavior modeling, chaotic map
integration, and adaptive parameter control. Each
mechanism is designed to address specific limitations of
conventional metaheuristic algorithms, particularly the
challenges of premature convergence and inadequate
exploration-exploitation balance in complex multimodal
search spaces.

3.1 Foundation of Gases Brownian Motion Optimization

The Gases Brownian Motion Optimization algorithm is
inspired by the random motion of gas molecules within a
confined space. In kinetic theory, gas molecules move
randomly. They collide with each other and with the
container walls. These collisions gradually bring the system
to equilibrium states. This behavior offers a useful metaphor
for optimization. Molecules represent candidate solutions.
They explore the search space through Brownian motion.
They interact with each other via collision dynamics. In the
standard GBMO framework, each gas molecule is
characterized by its position vector X; = (X}, X2, X2, ..., XP)
in a D-dimensional search space, In the standard GBMO
framework, each gas molecule is characterized by its
position vector in a D-dimensional search space, where D is
the number of parameters to be estimated. The molecules
also possess velocity vectors V; that determine their
movement. The temperature T of the system controls the
intensity of molecular motion, with higher temperatures
promoting exploration and lower temperatures favoring
exploitation. The movement of molecules is governed by
Brownian motion principles, where each molecule's position
update incorporates both deterministic and stochastic
components. The temperature parameter decreases
progressively  throughout the optimization process,
analogous to annealing in physical systems, enabling the
transition from global exploration to local exploitation.
However, the standard GBMO algorithm exhibits limitations
in maintaining population diversity and may converge
prematurely when applied to complex multimodal problems
such as PV parameter estimation.

3.2 Quantum Behavior Modeling

The first improvement to the GBMO framework integrates
the principles of quantum behavior into molecular dynamics.
In classical mechanics, particles follow deterministic
trajectories determined by initial conditions and forces. In
contrast, quantum mechanics introduces inherent
uncertainty, with particles described by probability density
functions rather than definite positions. This quantum

Running Title/First Author, et al

uncertainty provides a powerful mechanism for maintaining
population diversity and enabling escape from local optima.

In the proposed CAQI-GBMO algorithm, each gas
molecule is treated as a quantum particle characterized by a
wave function y(x,t) rather than a definite position. The
probability density of finding a quantum particle at position
x is given by |y(x,t)*. Drawing on quantum-behaved particle
swarm optimization, we model quantum behavior using a
Delta potential well. Each molecule oscillates in a well
centered at an attractor pi, it blends the individual's best and
the swarm's best.

The wave function for a quantum particle in a one-
dimensional delta well can be solved analytically, yielding
an exponential probability distribution. For
multidimensional problems, the position of each quantum
particle is updated using the Monte Carlo method:

Lt 1
Xt =ptxim(2) a4

where u is a random number uniformly distributed in (0,1),
and the sign = is chosen randomly with equal probability.
The parameter Lidetermines the search range of the quantum
particle and is calculated as:

Li = 2pm; — X{| (15)

where P is the contraction-expansion coefficient, and mfis
the mean best position computed as the average of all
personal best positions:

1
m =23, pt (16)

The attractor point pfis a stochastic combination of the
particle's personal best and the global best:

t t
t P1Di+P29
t — 21Pi7P29
Pi P1tP2 ( 7)

where ¢1 and ¢ are random numbers uniformly distributed
in (0,1), pf is the personal best position of particle i, and g'is
the global best position found so far.

The quantum behavior mechanism enables particles to
appear anywhere in the search space with probability
densities that favor regions near the attractor while
maintaining a nonzero probability of exploring distant
regions. This property is crucial for escaping local optima
and maintaining population diversity throughout the
optimization process.

3.3 Integration of Chaotic Maps

The second enhancement involves incorporating chaotic
maps to improve the algorithm's exploration efficiency and
convergence characteristics. Chaotic  systems are
deterministic dynamical systems that exhibit pseudo-random
behavior and sensitive dependence on initial conditions.
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Chaotic maps produce sequences with superior statistical
properties compared to pseudo-random number generators.
These sequences exhibit better uniformity. They also have
higher entropy. Furthermore, they show a greater ability to
escape cycles. In the CAQI-GBMO algorithm, multiple
chaotic maps are employed to generate sequences that guide
various stochastic processes within the optimization
framework. The choice of a chaotic map can significantly
influence algorithm performance, and we evaluate several
well-known maps to identify those most effective for PV
parameter estimation.The logistic map is one of the simplest
and most widely studied chaotic systems, defined as:

Zipr = 12z (1 = 2,) (18)

where z; € (0,1) and p is the control parameter. For p =4, the
system exhibits fully chaotic behavior, generating sequences
that uniformly cover the interval (0,1). The tent map is
another piecewise linear chaotic map defined as:

:—@ 2, < 0.7

Gl =

The tent map produces sequences with good statistical
properties and is computationally efficient.

The sine map is defined as:
Zew = 5 5in(17;) (20)

where a is a control parameter typically set to 4 to achieve
chaotic behavior. The Gaussian map is defined as:

Zkrn = exp(— azg) +{ (21)

where o and { are parameters controlling the chaotic
dynamics. In the proposed algorithm, chaotic sequences
replace pseudo-random numbers. This replacement occurs in
critical stochastic operations. These operations include the
initial setting of particle positions. They also include the
generation of quantum probabilities. Furthermore, they
include the selection of mutation strategies. For each
operation, a specific chaotic map is selected based on its
statistical properties and suitability for the task. The chaotic
sequences are generated as:

Ziv1 = CM (2, 1) (22)

where CM represents the chosen chaotic map with control
parameter A. The chaotic variable z,is then mapped to the
desired range using appropriate transformations.

The integration of chaotic maps enhances the algorithm's
ability to explore the search space thoroughly while
maintaining deterministic reproducibility—an important
property for algorithm validation and comparison. The
chaotic dynamics introduce structured randomness that
improves coverage of the solution space compared to purely
stochastic approaches.

3.4 Adaptive Parameter Control Mechanism

The third enhancement introduces adaptive control of key
algorithm parameters to maintain optimal exploration-
exploitation balance throughout the optimization process.
Fixed parameter settings, even when carefully tuned, cannot
optimally adapt to the varying requirements of different
search stages. Early iterations benefit from extensive
exploration to identify promising regions, while later
iterations require focused exploitation to refine solutions
with high precision. In the CAQI-GBMO algorithm, three
parameters are adaptively controlled: the contraction-
expansion coefficient 3 governs quantum behavior, the
temperature parameter T controls the intensity of Brownian
motion, and the chaotic map selection determines the
stochastic dynamics. The contraction-expansion coefficient
B is adapted based on population diversity metrics. When
diversity is high, B is reduced to promote convergence; when
diversity is low, P is increased to encourage exploration. The
adaptation mechanism is:

BHl = Bmin + (Bmax — Bmin) 'DDmai (23)

max~Dmin

where S, and Sacare predefined bounds (typically 0.5
and 1.0), and D'is the current population diversity measured
as:

1 _
D= 22N, [E00xf — )2 (24)

with (JZJF) representing the mean position of the population
in dimension j.

The temperature parameter T follows a chaotic annealing
schedule rather than a simple linear or exponential decay.
The temperature update incorporates chaotic dynamics to
introduce controlled fluctuations that can help escape local
optima:

TH! = Trin + (Tnax — Timin) * Z+1 (25)

where z,.,,is generated by a chaotic map, Ty,,4x,and Ty, pare
the maximum and minimum temperature bounds. This
chaotic annealing schedule maintains higher temperatures
for extended periods when beneficial while still ensuring
eventual convergence. The selection of chaotic maps for
different stochastic operations is also adaptively controlled.
Initially, multiple chaotic maps are assigned to different
operations, and their performance is monitored through a
sliding window of fitness improvements. Maps that
consistently contribute to better solutions receive higher
selection probabilities in subsequent iterations. The selection
probability for map j is updated as:

t
pt+l — Sjte
J L (SE+e)

(26)
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where Sfis the cumulative success score of map j over recent

iterations, M is the number of candidate maps, and ¢ is a
small constant preventing zero probabilities.

3.5 Complete Algorithm Framework

The complete CAQI-GBMO algorithm integrates the three
enhancement mechanisms within a coherent optimization
framework. The algorithm initializes the population, chaotic
sequences, and adaptive parameters. Subsequently, it iterates
through quantum position updates, fitness evaluation,
personal and global best updates, temperature adaptation,
and chaotic map selection until termination criteria are
satisfied.

Running Title/First Author, et al

Algorithm 1: Chaotic Adaptive Quantum-Inspired
GBMO

Initialize population size N, maximum iterations Cpax ,
dimension D

Initialize bounds Bnin » BmaxsImin> Imax»> chaotic map set
M

Generate initial chaotic seeds z3,for each map m € M

Initialize particle positions Xrandomly within search
bounds

Initialize personal best positions p{ = X}
Evaluate fitness f(X?) and determine global best g°
Set iteration counter t = 0
while t < Ty, 4, do
Compute population diversity D*using Equation (24)

Adapt contraction-expansion coefficient Btusing
Equation (23)

Compute mean best position m*using Equation (16)
for each particle i =1 to N do

Select chaotic map for quantum update based on
probabilities P}

Generate chaotic number u using selected map
Compute attractor pfusing Equation (17)
Compute Liusing Equation (15)
Update particle position using Equation (14)
Apply boundary constraints to Xf*?
Evaluate fitnessf (Xf+1)
if f(X{™1) < f(pi) then

£+l = ye+l

Update personal best p;

if f(pf*") < f(g") then
Update global best gt+* = pf*!
end if

else

t+1

pbi = pit
end if
end for

Update temperature T**! using chaotic annealing
Equation (25)

Update chaotic map selection probabilities using
Equation (26)

Update chaotic sequences for all maps using respective
map equations

t=t+1
end while

Return global best solution g7, ,,and its fitness value

3.6 Application to PV Parameter Estimation

The CAQI-GBMO algorithm is specifically tailored for the
PV parameter estimation problem described in Section 2.
The dimension D of the search space corresponds to the
number of unknown parameters in the chosen PV model: D
=5 for SDM, D = 7 for DDM, and D = 9 for TDM. Each
particle position X, represents a candidate parameter

vector, with each dimension bounded by physically
meaningful limits. The fitness function f(X) is the RMSE
defined in Equation (10). Since a numerical solution must be
obtained for each data point, the computational cost of
evaluating the fitness function is substantial. The CAQI-
GBMO algorithm's enhanced exploration efficiency is
particularly valuable in this context, as it reduces the number
of fitness evaluations required to achieve high-quality
solutions. The quantum behavior mechanism maintains
population diversity throughout the search, preventing
premature convergence to local optima—a common issue in
PV parameter estimation due to the multimodal objective
function. The chaotic maps enhance exploration by
providing superior coverage of the search space, while the
adaptive control ensures that the algorithm transitions
smoothly from exploration to exploitation as the
optimization progresses.

4. Experimental Results and Analysis

This section presents a comprehensive experimental
validation of the proposed Chaotic Adaptive Quantum-



International Journal of Industrial Electronics, Control and Optimization (IECO). yyyy, *(*)

10

Inspired Gases Brownian Motion Optimization algorithm for
photovoltaic parameter estimation. The experimental setup,
benchmark datasets, evaluation metrics, and comparison
algorithms are first described. Subsequently, detailed results
are presented for the single-diode model, double-diode
model, and photovoltaic module model, including statistical
analysis, convergence characteristics, and comparative
performance assessment against state-of-the-art
metaheuristic algorithms.

4.1 Experimental Setup
4.1.1 Benchmark Datasets

The performance of the CAQI-GBMO algorithm is
evaluated on three well-established benchmark datasets
commonly used in the PV parameter estimation literature.
The first dataset corresponds to a commercial silicon R.T.C.
France solar cell with a diameter of 57 mm, operating at
33°C under 1000 W/m? irradiance. This dataset contains 26
pairs of current-voltage measurements spanning from short-
circuit to open-circuit conditions, providing comprehensive
coverage of the cell's operating range. The R.T.C. France cell
is widely used as a benchmark due to its well-documented
characteristics and extensive comparison results available in
the literature.

4.1.2 Parameter Search Ranges

The boundaries of the search space in parameter estimation
are determined by the physically interpretable limits
assigned to each parameter. These bounds ensure that
estimated parameters correspond to realistic solar cell
characteristics while providing sufficient search space for
the optimization algorithm. Table I presents the lower and
upper bounds for each parameter in the SDM, DDM, and PV
module models. The photogenerated current I, is bounded
above by twice the short-circuit current Ig,, reflecting the
physical relationship between these quantities. Saturation
currents are constrained to reasonable ranges based on
typical silicon solar cell characteristics. Series resistance
bounds represent the low ohmic values typical of high-
quality cells. Shunt resistance bounds cover the high parallel
resistance stemming from negligible leakage current.
Ideality factors are constrained between 1 (ideal diode
behavior) and 4 (significant recombination effects).

PARAMETER UNIT LOWERBOUND UPPER BOUND

Ipn A 0 1

Isa, Isa1, Isaz HA 0 1
R, Q 0 0.5
Ry Q 0 100

N, Ni, N2 - 1 2

TABLE I Lower and upper bounds for photovoltaic model
parameters.

4.1.3 Algorithm Parameter Settings

The pseudo-code of the proposed CAQI-GBMO algorithm
is presented below: B,;,= 0.5 and B,q,= 1.0. Temperature
bounds are T,,;;,, = 0.01 and T,,,,= 1.0. Four chaotic maps
are employed: logistic map (n = 4), tent map, sine map (o =
4), and Gaussian map (0. =5, {=0.5).

For fairness, all compared algorithms use 50 population
members and the same iteration limit as CAQI-GBMO.
Algorithm-specific parameters are set according to
recommendations in their respective original publications.
Each experiment is independently run 5000 times to account
for randomness. Statistical outcomes—RMSE minimum,
mean, maximum, and standard deviation—are documented.

4.1.4 Evaluation Metrics

The primary performance metric is the root mean square
error defined in Equation (10), which quantifies the
discrepancy between measured and model-predicted current
values. Lower RMSE values indicate better parameter
estimation accuracy and closer agreement with experimental
data.

Additional statistical metrics include:

- Minimum RMSE: The best solution found across 5000
independent runs, representing the algorithm's optimization
capability.

- Mean RMSE: The average of the best solutions across runs,
indicating typical performance.

- Maximum RMSE: The worst solution among runs,
reflecting algorithm robustness.

- Standard deviation: The variability of results across runs,
measuring consistency and reliability.
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Convergence characteristics are evaluated through
convergence curves showing the evolution of best and mean
RMSE values over iterations. Statistical significance of
performance differences is assessed using the Wilcoxon
signed-rank test at a 0.05 significance level, with symbols +,

-, and = indicating that CAQI-GBMO is significantly better,

Running Title/First Author, et al

4.2.2 Statistical Performance Analysis

Table III provides comprehensive statistical results for the
SDM parameter estimation across 5000 independent runs.
Compared to the other algorithms evaluated, CAQI-GBMO

stands out with a standard deviation of 2.13 x 1078
confirming its superior consistency and dependability. The
mean RMSE (9.860011 x 10™*) indicates that the
algorithm reliably achieves near-optimal solutions in every
run. In contrast, the maximum RMSE (9.860011 x 107%)
confirms that even the worst-case performance matches the
best solutions of other algorithms.

significantly worse, or statistically equivalent to competing
algorithms.

4.2 Results for Single-Diode Model
4.2.1 Parameter Estimation Accuracy

Table II presents the optimal parameter values and
RMSE achieved by the proposed CAQI-GBMO algorithm
for the R.T.C. France solar cell SDM, compared against
state-of-the-art algorithms including SENMSSA, iAPO,
ISCA, GWOCS, DE/BSA, and the basic GBMO. The results
demonstrate that CAQI-GBMO achieves the lowest RMSE
among all compared algorithms, with a minimum RMSE of
9.860011 x 107*, matching the best-known results in the
literature while providing additional precision in decimal

The Wilcoxon signed-rank test confirms the statistical
superiority of CAQI-GBMO over the basic GBMO
algorithm (p < 0.05). Furthermore, CAQI-GBMO is
statistically equivalent to the best-performing enhanced
algorithms. However, it provides more precise decimal
places in the estimated parameters.

TABLE III Statistical comparison of RMSE for R.T.C. France

places. The estimated parameters show excellent consistency solar cell SDM across 5000 runs

with physical expectations. The photogenerated current L,

= 0.760772 A closely matches the short-circuit current of < E Z E = Z = E E
. . 7] Z > 7] =
0.321921A, as expected. The series resistance Rg % SR Zz = E 5 &
c g . . . = = = = >
0.0363301€Q indicates low internal losses, while the high = 2 = g S z
. . Z
shunt resistance Ry, = 53.71901Q confirms minimal leakage =
current. The ideality factor n = 1.481193reflects moderate
recombination effects, typical for silicon solar cells. GBMO MR SIS CRIERIOL = OQRIRIO S I0® Lm0
10
TABLE II Optimal parameter estimates and RMSE for R.T.C.
SENMSSA | 9.86021 x 10  9.8707 x 10~ 9.87922 x 10 3.25x 107
France solar cell SDM.
[26]
ALGORITHM  Ipy Igq Ry Ry (Q) N RMSE IAPO [30] | 9.86021877 x  9.86021878x10  9.86021878 1.9948 x10-17
(A) My (@) 10+ - x10
076078 031874  0.03642 533627  1.47984 9.816018 x 0.8733982x10%  1.2148040x10°  1.6603689x10°  1.6884x10
7 >
GBMO DE [41]
SENMSSA [26] 0.76078 3.2302 0.03637 53.718 1.4812 9.8602x10"* CAQI- 9.8600112x10* 9.8600113x10*  9.8600119x10"*  2.13 x 10®
x107 7 GBMO
0.76077 0.323020 0.03637 53.7185 1.4811835 9.86021877
IAPO [30] 6 80 70 23 9 » o
4.2.3 Convergence Characteristics
0.76077 0.323017 0.03638 53.7182 1.4812 9.8602x10* . . .
1SCA [38] s Figure 4 illustrates the convergence behavior of CAQI-
GBMO compared to other algorithms for the SDM
0.7607 0.32192 0.0363 53.632 1.4808 9.8607 . .
GWOCS [39] 73 9 %10+ parameter estimation problem. The figure shows both the
best-found RMSE and the average RMSE across 5000 runs
DE/BSA [40] 0.76077 0.323020 0.03637 53.7185 1.4811835 9.86021877 as functlons Of lteration number' The 'convergence C.quV.eS
demonstrate that CAQI-GBMO achieves faster initial
5 8 7 u 9 <10 convergence than the basic GBMO while maintaining steady
CAQI-GBMO | 07607  0.32192  0.0363 53719 148119  9.860011 improvement throughout the optimization process. The
quantum behavior mechanism enables effective exploration
72 1 301 01 3 x107*

in early iterations, while the adaptive parameter control
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ensures precise exploitation in later stages. The chaotic
annealing of temperature prevents premature stagnation,
allowing the algorithm to escape local optima that trap other
methods.

Best RMSE
9.00E-03
8.00E-03 P
7.00E-03 CAQH-GEMO
6.00E-03
&
E 5.00E-03
= 4.00E-03
u
83 3.00E-03
2.00E-03 L\
1.00E-03 (a)
0.00E+00
0.00E+00 LOOE+03  2.00E+03 3.00E+03  4.00E+03  5.00E+03
Iteration
Average RMISE
9.00E-03
8.00E-03
——GBMO
7.00E-03
iy —— CAQGBMO
6.00E-03
& S.00E-03
% 400E-03
3 300E03
= 2.00E-03
L.00E-03 (b)
0.00E+00

0.00E+00 LO0E+03  LOOE+03  3.00E+03  4.00E+03 £.00E+03
Iteration

Figure. 4. Convergence curves for SDM parameter estimation:
(a) best RMSE and (b) average RMSE across 5000 runs.

4.2.4 1-V and P-V Characteristic Fitting

A comparison between the experimental measurements and
the I-V and P-V characteristics fitted with estimated
CAQI-GBMO parameters is presented in Figure 5. The close
agreement between simulated and measured data validates
the accuracy of the estimated parameters.

LV Characteristi
0.8 2 Jractenstic 0.4 (B) P-V Characteristic

0.6

0.4 ®  Experimentl | = 02
. CAQI-GBMO =
z
&

02

Current (A)

o

®  Experimental
CAQI-GBMO
-0z 02 - -
-02 o 02 0.4 -0.2 o 0.2 0.4
Voltage (V) Voltage (V)

Figure.5. Comparison of experimental and simulated
characteristics for SDM: (a) I-V curve and (b) P-V curve.

The absolute errors between measured and simulated
currents are consistently below 2.5 x 1073 A across the entire
voltage range, with most errors below 1.0 x 107 A. The
power errors remain below 1.5 x 107 W, confirming that the
estimated parameters accurately reproduce the cell's
electrical behavior.

4.3 Results for Double-Diode Model

4.3.1 Parameter Estimation Accuracy

The double-diode model presents a more challenging
optimization problem due to its seven unknown parameters
and stronger parameter correlations. Table IV presents the
optimal parameter values and RMSE achieved by CAQI-
GBMO for the R.T.C. France solar cell DDM, compared
against state-of-the-art algorithms.

The CAQI-GBMO algorithm achieves an RMSE of
9.824708 x 107*, matching the best-known results in the
literature while providing additional precision in parameter
values. The estimated parameters satisfy physical
constraints, with n; = 1.451017 representing diffusion-
dominated current and n,= 2.00000 representing
recombination-dominated current, consistent with the
physical interpretation of the two-diode model.

TABLE IV Optimal parameter estimates and RMSE for R.T.C.

ALGORI Iy Lo Lz Rs (® Ry Ni N RMSE
THM (A) (MA)  (MA) @)
o = = o & = -
Q2 i = = 'S o
GBMO N > o O < S 4 5 35 ° wn J x ©
= @ a X S g R Py
N S - 0 IS ) - - 3
B
? u-
1 2
SENMSS 3 x 8 PN X5 Xin . Y
[ L
2 % 3% 3 Zfz & 3 o
< e s <= E 3 = S X %
3 3 R = 3 =) S = 8
A [26] L&
= = = = o
DE/BSA 3 3 8 s o = 5
=N ™ N @ 'S 'S 8 o
= S P =Y 3 o 8 X S0
N Y ° 3 n - V-4 -5
® b 3 = = SR
[40] %
= > > wn I N
> b ~ P
MAFCS 3 3 N s o s & 3
S 2 s s "8 g B -
® kel & ~ N S @ 5
O [42]
o o o o & = 0
IAPO 2 N 2 = w & B o °
=N B ™ @ & D 0 = h
=2 oD a8 S K =% (- S X R
N ) P Q b > S = 5
® N & N 2 = S s 5
[30] iR
s = e ° @ = VI
CAQI- 3 5 2 3 e 5 28 Zx%
=2 Al o - bl = S =*®x
~3 =3 @ ~ h =3 =3 i 3
* 3 X N 2 = S =]
GBMO

France solar cell DDM.

4.3.2 Statistical Performance Analysis

Table V presents statistical results for DDM parameter
estimation across 5000 independent runs. CAQI-GBMO
achieves a low standard deviation and a near-minimum mean
RMSE. This demonstrates excellent consistency. The
standard deviation of 8.94 x 1077 is lower than all competing
algorithms, indicating superior consistency and robustness.
The maximum RMSE remains below 9.85 x 107,
confirming that even in worst-case runs, CAQI-GBMO
achieves excellent accuracy.
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TABLE V Statistical comparison of RMSE for R.T.C.
France solar cell DDM across 5000 runs.

>

2 2 : s g

s B Z Z 2z £z

z 7] =2 = 7] 2 3 =4

= = =} z = = 5 ;

E = 4 = Z IS
GBMO 9.8252 x 10 9.8431 x 10+ 9.8602 x 10 1.08 x 10°¢
SENMSSA 9.8248 x 10+ 9.8321 x 10+ 9.8609 x 10 1.22 x 10
TAPO [30] 9.8248 x 10 9.8321 x 10+ 9.8609 x 10 1.22 x 10
CAQI- 9.824708 x 9.828647 x 9.848732 x 10 8.94 x 1077
GBMO 10+ 10+

4.3.3 Convergence Characteristics

The convergence behavior of the algorithms for DDM
estimation is shown in Figure 6. Increased dimensionality
reduces the convergence speed of CAQI-GBMO compared
to SDM. Nonetheless, CAQI-GBMO remains superior to the
other competing algorithms.

Best RMSE
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Figure. 6. Convergence curves for DDM parameter estimation:
(a) best RMSE and (b) average RMSE across 5000 runs.

The quantum behavior mechanism proves particularly
valuable for the DDM problem, maintaining population
diversity in the seven-dimensional search space and
preventing premature convergence to local optima. The

Running Title/First Author, et al

chaotic maps enhance exploration efficiency, while adaptive
control ensures timely transition to exploitation.

4.3.4 I-V and P-V Characteristic Fitting

Figure 7 presents the fitted I-V and P-V characteristics for
the DDM. The excellent agreement with experimental data
confirms that the additional complexity of the DDM,
combined with accurate parameter estimation, provides
improved representation of solar cell behavior.

The absolute current errors are below 2.6 x 102 A and
power errors below 1.5 x 107 W, demonstrating that CAQI-
GBMO successfully captures the cell's electrical
characteristics across the entire operating range.

(b) P-W Characteristic

(a) I-¥ Characteristic 0.4
0.34
06
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= g4 ®  Experimertal | =
= CAQI-GBMO s
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S 02 £ 4
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F L = CAQI-GBMO
0.2 0.2

-0z 0 04 -0.2 0 0.4

02 0.2
Voltage (V) Voltage (V)

Figure. 7. Comparison of experimental and simulated
characteristics for DDM: (a) I-V curve and (b) P-V curve.

4.6 Discussion

The experimental results demonstrate that the proposed
CAQI-GBMO algorithm effectively addresses the
challenges of PV parameter estimation. The quantum
behavior mechanism maintains population diversity
throughout the search, preventing premature convergence to
local optima that frequently trap conventional algorithms.
The integration of multiple chaotic maps enhances
exploration efficiency, providing superior coverage of the
solution space compared to purely stochastic approaches.
The adaptive parameter control ensures optimal balance
between exploration and exploitation as the search
progresses, enabling both rapid initial convergence and
precise final refinement.

The statistical analysis confirms that CAQI-GBMO
achieves consistently superior performance across all
benchmark problems, with lower RMSE values and reduced
variability compared to state-of-the-art algorithms. The
Friedman ranking test places CAQI-GBMO significantly
ahead of competing methods, validating the effectiveness of
the proposed enhancements.

The successful application to both cell-level and module-
level problems demonstrates the algorithm's versatility and
practical utility. The accurate parameter estimates enable
precise reproduction of I-V and P-V characteristics, which is
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essential for maximum power point tracking, system
simulation, and performance optimization in real-world
photovoltaic installations.

5.Conclusion

This paper has proposed a Chaotic Adaptive Quantum-
Inspired Gases Brownian Motion Optimization algorithm for
photovoltaic parameter estimation, addressing the critical
challenge of accurately extracting unknown parameters from
experimental current-voltage data. The CAQI-GBMO
algorithm integrates three complementary enhancement
mechanisms within a unified optimization framework:
quantum behavior modeling that maintains population
diversity through probabilistic position distributions inspired
by quantum mechanics; multiple chaotic maps that enhance
search space coverage with superior statistical properties
compared to pseudo-random number generators; and
adaptive parameter control that dynamically adjusts the
exploration-exploitation balance based on population
diversity and search progress metrics.

Experimental validation on benchmark R.T.C. France solar
cell data demonstrates that CAQI-GBMO achieves
exceptional performance for both single-diode and double-
diode models. For the single-diode model, the algorithm
attains a minimum RMSE of 9.860011 x 10~* with a
standard deviation of 2.13 x 107'%, indicating remarkable
consistency across 5000 independent runs. For the more
challenging double-diode model involving seven correlated
parameters, CAQI-GBMO achieves a minimum RMSE of
9.824708 x 10*with a standard deviation of 8.94 x 107,
outperforming  state-of-the-art  algorithms including
SENMSSA, iAPO, and IWSO in terms of both accuracy and
reliability. The Friedman ranking test confirms the statistical
significance of these improvements, with CAQI-GBMO
achieving the lowest average rank of 1.62 across all
benchmark problems.

Future work will extend the CAQI-GBMO framework to

three-diode models. Partial shading conditions will also be
considered in future investigations. Long short-term memory
(LSTM) networks will be integrated for environmental
parameter  prediction.  Additionally,  multi-objective
formulations will be developed to optimize multiple
performance criteria simultaneously. Finally, the approach
will be validated on diverse photovoltaic technologies,
including thin-film and emerging perovskite cells. The
adaptive control mechanisms and chaotic map selection
strategies also warrant further investigation to optimize
performance across different problem domains.
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