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Abstract

Proton exchange membrane fuel cells (PEMFCs) are an important technology of clean energy because of their efficiency,
low emissions and the ability to start up quickly. To achieve accurate performance predictions, it is crucial to have precise
parameter estimation to come up with accurate PEMFC models. This paper proposes a new hybrid optimization algorithm,
differential evolution-based artificial rabbits optimization (DEARO), with the specific purpose of extracting the seven main
unknown parameters in PEMFC models. The DEARO algorithm suggested is a strategic combination of the advantages of
differential evolution (DE) and artificial rabbits optimization (ARO) to address the shortcomings of the current approaches.
The DEARO algorithm proposes three major novelties an adaptive mutation mechanism which combines several DE strat-
egies (DE/rand/1, DE/best/1 and DE/rand/2) to provide global search capabilities and prevent premature convergence, a
dynamic crossover operation which intelligently combines the characteristics of the solutions to improve local refinement
and a failure rate—based adaptation scheme that automatically adapts the control parameters to maintain the best balance
between exploration and exploitation during the optimization process. The features allow DEARO to effectively traverse the
multimodal, multimodal search space that is typical of PEMFC parameter estimation problems. The validation was carried
out comprehensively with 12 different PEMFC stacks of the major manufacturers, such as BCS 500W, NedStack PS6, and
Ballard Mark V systems. The experimental findings prove that DEARO is more accurate with SSE being up to 92.5% lower
than traditional approaches (e.g. 0.0255 vs 0.0412 in the case of BCS 500W). The statistical analysis of 40 independent runs
showed an outstanding consistency with standard deviations as low as 5.9110— 5. The computational efficiency of the algo-
rithm is also impressive with most test cases being solved to optimal solutions within 0.4 s and with a robust performance in
a wide range of operating conditions. The results of comparative studies with nine state-of-the-art algorithms (RUN, HHO,
RIME and PSO) proved the advantage of DEARO in terms of accuracy and reliability. Convergence analysis demonstrated
that DEARO usually converges to optimal solutions in less than 50 iterations, which is a lot faster compared to other methods.
Further confirmation of the effectiveness of the algorithm is made by I-V/P-V characteristic matching, boxplot analyses and
non-parametric statistical tests. The developments make DEARO an effective means of designing, optimizing and real-time
controlling PEMFC systems and possibly other complex energy system modelling problems.

Keywords Proton exchange membrane fuel cell - Optimization - Differential evolution - Artificial rabbit’s optimization -
Hydrogen cell

Introduction performance is strongly tied to their design and operational

parameters. The design of a PEMFC encompasses a multi-

Proton exchange membrane fuel cells (PEMFCs) are promis-
ing energy sources, generating clean, renewable power [1].
Characterized by high energy efficiency and environmentally
friendly operation, they hold considerable potential for vari-
ous real-world applications. Despite the considerable poten-
tial of PEMFCs in various applications, realizing their peak
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tude of parameters, such as flow field type, catalyst volume,
rib and channel design, clamping force, width and compo-
nent hydrophobicity/quality [2]. These parameters typically
have both minor and major effects during cell fabrication
[3]. Nevertheless, after the construction of a stack or sin-
gle cell, and setting aside the initial engineering aspects,
identifying the optimal operational parameters has become
a crucial modern strategy for performance improvement. As
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a result, numerous numerical and experimental studies have
investigated the impact of operating constraints on PEMFC
output [4].

Fuel cells (FCs), beyond their application in PEMFCs,
are generally recognized as highly efficient electrochemical
devices for direct power generation from fuel. Their electro-
chemical conversion process offers a productive environment
and favourable energy transformation, establishing them as a
universally recognized modern power source [5]. As a result,
they have attracted considerable interest and experienced
rapid growth in industrial stationary power, domestic appli-
cations and transportation, with their low operating tem-
perature and a set of unique advantages: high power density,
safe and precise operation and compact design. PEMFCs
are a standout among various fuel cell types [6]. Studies
reveal that PEMFCs perform best with a flow rate between
1000 and 1600 ml/min, at an ideal operating temperature of
roughly 69.9 °C and within an efficient temperature range
of 60 to 80 °C [7].

Capitalizing on these benefits, PEMFCs are being exten-
sively evaluated for use in vehicles and power equipment
requiring low-temperature operation and high energy den-
sity. Current PEMFC research centres on modelling and
investigating the interplay of various subsystems to enhance
energy quality and overall system output [8]. A notable
example is the integration of photovoltaics with proton
exchange membrane hydrogen production, which presents
a compelling solar energy storage solution by transform-
ing excess photovoltaic energy into a long-term, low-power
transmission source with minimal frequency demands
and zero pollution [9]. While the PEMFC technology has
advanced, designing the polarization trajectory for spe-
cific PEMFCs poses considerable challenges, especially in
precisely specifying the numerous adjustment parameters
[10]. Moreover, the frequent use of real PEMFC produc-
tion makes it difficult to accurately determine the parameters
within the designed model [6]. This makes parameter esti-
mation an optimization engineering problem where current
optimizers can struggle to find precise adjustment parameter
values due to insufficient information, resulting in significant
errors [11]. Over the past few years, various optimization
algorithms have been employed in the literature to estimate
the parameters of PEMFC models [12].

A significant problem is the frequent omission of numer-
ous adjustment parameters in PEMFC datasheets. Therefore,
identifying these parameters is essential for building a pre-
cise and complete model [13]. This paper focuses on extract-
ing the optimal values of these datasheet-missing PEMFC
model parameters, specifically those required to generate
polarization curves that closely align with test data. Obtain-
ing these parameters will facilitate the rapid development
of satisfactory mathematical PEMFC models for research-
ers. The optimization strategy involves minimizing a fitness
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function that quantifies the squared difference between simu-
lated and experimental stack voltage. To achieve this, this
article introduces an enhanced method that integrates two
recent optimization algorithms for the effective determina-
tion of PEMFC model parameters.

While PEMFC technology has seen significant advance-
ments recently, its associated costs have created disagree-
ments between its supporters and detractors [14]. Nonethe-
less, improving the effectiveness of PEMFCs is critical for
their commercial prospects and achieving significant market
penetration. Since end-user recognition is a fundamental
aspect of FCs, examining how operational parameters influ-
ence their performance is essential. The effectiveness of a
PEMEC is ultimately governed by various operational and
adjustment parameters, and numerous studies have focused on
its development using different optimization methods. Seleem
et al. [15] proposed a new, accurate and simplified PEMFC
model with four parameters, utilizing the integral squared
error as the objective function and innovatively employing
the equilibrium optimizer to determine the unknown param-
eters. Their method demonstrated high effectiveness under
both dynamic and steady-state conditions, resulting in accu-
rate model parameters. The authors of [16] presented a com-
parative study to analyse the impacts of adjusting PEMFC
parameters, in addition to providing a structural overview
and modelling approach. Furthermore, their investigation
aimed to explore various control and clarification techniques
for FC components to identify the best ways to enhance per-
formance. Following various optimization approaches, sto-
chastic methods have become significant tools for exploring
the solution landscape and seeking near-optimal results [17].
Meta-heuristic techniques are the most prevalent within sto-
chastic methods, offering benefits like straightforward imple-
mentation, simplicity, flexibility and freedom from specific
problem limitations [18]. In recent years, many meta-heuristic
algorithms have been proposed to address intricate optimi-
zation challenges, capable of finding near-optimal solutions
with sufficient accuracy in a practical amount of time. Meta-
heuristics have been successfully applied across numerous
research domains, including Bioinformatics [19, 20], Engi-
neering Control [21-23], solar cell parameter extraction [24,
25], Mechanical suspension systems [26], Cross-Docking
systems [27] and Digital Watermarking [28].

Mathematical models that represent PEMFC behaviour
incorporate equations detailing the electrochemical processes
within the cell and their dependence on unknown parameters.
Meta-heuristic algorithms are used to search the parameter
space and pinpoint the combination of values that mini-
mizes a predetermined objective function, often the sum of
squared errors. The goal is to develop an optimization strat-
egy that converges effectively to optimal parameter values
while addressing the inherent computational complexities.
By refining the accuracy of these parameter estimations, this
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research aims to enhance the performance and efficiency of
PEMFC:s in real-world applications. For PEMFC optimiza-
tion, Ali et al. [29] proposed a novel application of the grey
wolf optimizer (GWO) in their PEMFC-GWO model. This
approach yielded highly competitive results when compared
to other well-known methods in the literature. Moreover, the
Slime Mould Algorithm (SMA) was utilized to optimize the
selection of parameters for PEMFCs [30]. In a separate study
[31], the Coyote Optimization Algorithm (COA) was applied
to tune the parameters of two distinct FC modules: the 50 W
stack and the Ned Stack PS6, using the sum squared error as
the fitness metric. Furthermore, the depth information-based
differential evolution algorithm was employed to estimate the
parameters of 12 different PEMFCs [32]. Finally, the arti-
ficial hummingbird algorithm, improved with Lévy flight,
was investigated for its ability to determine the parameters
of seven PEMFC case studies [33].

To estimate PEMFC parameters, a hybrid meta-heuristic
algorithm integrating Harris Hawk Optimization (HHO) and
Atom Search Optimization (ASO) was developed [34]. This
algorithm was experimentally validated on three commercial
modules: 500 W SR-12, BCS 500 W and a 250 W stack.
Similarly, a modified fluid search optimization algorithm
was created for the precise estimation of PEMFC param-
eters, with experimental tests conducted on the BCS 500 W
and NedStack PS6 modules [35]. The Flower Grey INFO
Naked (FGIN) algorithm, employing multiple strategies and
algorithms, was utilized to determine the optimal values of
seven unknown parameters for five different PEMFC stacks
[36]. Furthermore, a hybrid approach combining the vortex
search algorithm (VSA) and DE algorithms was presented
in [37] for fuel cell parameter estimation, applied to four
modules: NedStack PS6, a 250 W stack, BCS 500-W and
SR-12 PEM 500 W. An enhanced Arithmetic Optimization
algorithm, incorporating opposition-based learning, was also
developed for PEMFC parameter estimation [38]. Lastly,
the Kepler Red Meerkat Grey (KRMG) algorithm, another
multi-hybrid approach, was evaluated for identifying param-
eters in three distinct PEMFC modules [39].

To estimate PEMFC parameters, a new hybrid method
called INFONM, based on weighted mean of vectors and
Nelder-Mead, was assessed on four benchmark PEMFCs,
estimating seven parameters each [40]. The educational
competition optimizer (ECO) was also utilized to estimate
the steady-state model parameters for three PEMFCs [41].
An ensemble approach combining sinusoidal parameter
adaptation and L-SHADE integration was applied in another
study [42] to estimate PEMFC parameters for the SR-12,
500 W; NedStack PS6, 6 kW; 250 W and BCS 500 W mod-
ules. In addition to these, numerous other optimization tech-
niques have been investigated for the optimal estimation of
PEMFC parameters, including a combination of artificial
bee colony with differential evolution shuffled complex [43],

shuffled multi-simplexes search algorithm [44], Enhanced
Slime Mold Algorithm [45], heap-based optimization algo-
rithm [46], Barnacles Mating Optimization algorithm [47],
enhanced Archimedes optimization algorithm [48], gradient-
based optimizer [49], Artificial Rabbits Optimization Algo-
rithm [50], enhanced fluid search optimization algorithm
[35], moth-flame optimization [51], Dandelion Optimizer
[52], Jellyfish search algorithm [53], chaotic binary shark
smell optimizer [54], an improved gorilla troops technique
[55] and a hybrid sine—cosine crow search algorithm [14].

Instead of just combining meta-heuristic algorithms,
research has also focused on improving the performance
of individual algorithms, akin to ensemble methods in
machine learning. Such enhancements can guide the search
process by offering a wider range of solutions or directing
it to potentially optimal regions [56, 57]. This diversity is
crucial for balancing exploration (searching a broad solution
space) and exploitation (intensifying the search in promis-
ing areas) within metaheuristic optimization. Additionally,
the augmented Lagrangian approach, which addresses con-
strained optimization by integrating Lagrangian relaxation
with penalty functions through iterative updates of Lagrange
multipliers and optimization of an augmented objective
function, can effectively work in tandem with meta-heuris-
tics for problem-solving [58, 59]. However, the No-Free-
Lunch (NFL) theorem posits that no single meta-heuristic
algorithm excels at solving all engineering optimization
problems with the highest efficiency.

By integrating essential differential evolution (DE) mecha-
nisms into the artificial rabbits algorithm (ARO), DEARO
aims to achieve superior optimization performance, particu-
larly in demanding tasks like PEMFC parameter estimation.
This is accomplished through three DE-inspired mutation strat-
egies that enhance population diversity and help escape local
optima, the implementation of binomial crossover for effec-
tively combining beneficial solution characteristics to improve
exploitation and an adaptive control of the crossover rate and
scale factor, guided by a failure rate metric, to dynamically
balance exploration and exploitation throughout the search,
ultimately leading to more accurate and robust parameter iden-
tification than the original ARO [60]. The DEARO test was
used to find the optimal settings for 12 different PEM fuel cell
systems, which are known to be very complex and nonlinear.
The results showed that DEARO was really fast and accurate at
finding those optimal settings. This makes it a powerful tool for
improving PEM fuel cell technology and helping us use them
more effectively in energy and transportation.

The proposed DEARO algorithm represents a significant
advancement in PEMFC parameter optimization through three
primary contributions. First, the integration of differential evo-
lution (DE) mechanisms into the ARO framework enhances
both exploration and exploitation capabilities. Specifically,
DEARO incorporates three distinct DE-inspired mutation

@ Springer



lonics

strategies to improve population diversity and escape local
optima, a critical limitation of conventional ARO. Second,
the implementation of binomial crossover enables more
effective recombination of solution characteristics, facilitat-
ing accelerated convergence toward optimal parameter values.
This hybridization addresses the inherent trade-off between
global search breadth and local refinement observed in stan-
dalone metaheuristics. Third, DEARO introduces an adap-
tive control mechanism for crossover rates and scale factors,
dynamically guided by a failure rate metric. This self-tuning
capability allows the algorithm to autonomously balance
exploration and exploitation throughout the optimization pro-
cess, a feature absent in both classical DE and ARO variants.
These algorithmic innovations collectively enable DEARO
to achieve superior accuracy in identifying the seven critical
PEMFC parameters (€, &,, &, €4, A, R_C, b) compared to exist-
ing approaches. The validation across 12 commercial PEMFC
stacks demonstrates consistent improvements in both solution
quality (evidenced by reduced SSE values) and computational
efficiency (faster convergence rates), establishing DEARO as a
robust tool for fuel cell modelling and simulation.

The contributions of this research are summarized as
follows:

e Application to PEMFCs: The DEARO algorithm is
applied to optimize design variables for six PEMFC
stacks: BCS 500 W [61, 62], SR-12 500 W [61, 62], STD
250 W [61] [62], Nedstack 600 W PS6 [62], Horizon
H-12 [63] and Ballard Mark V [64].

e Comparative analysis: The performance of DEARO is
benchmarked against nine state-of-the-art algorithms,
including RUN algorithm (RUN) [65], Harris Hawks
optimization (HHO) [66], RIME algorithm (RIME)
[67], JAYA algorithm (JAYA) [68], TEO optimization
(TEO) [69], INFO optimization (INFO) [70], moth flame
optimizer (MFO) [71], Aquila Optimizer (AO) [72] and
particle swarm optimization (PSO) [73], across a range
of optimization scenarios.

¢ Environmental impact assessment: The impact of varying
temperature and pressure conditions on PEMFC perfor-
mance is evaluated, demonstrating the adaptability and
reliability of the optimized models.

e Validation against experimental data: Simulation results
are validated against experimental data for each PEMFC
stack, confirming the robustness and accuracy of the
DEARO optimized models.

This paper is structured as follows: “Mathematical model-
ling of PEMFC” details the PEMFC mathematical model,
including design variables and optimization objectives.
“Algorithm” introduces the differential evolution—based
artificial rabbits optimization (DEARO), explaining its fea-
tures and implementation. “Results analysis and discussion”
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presents simulation results and a comparison with other
algorithms. “Conclusion” concludes the paper, summariz-
ing contributions and outlining future research directions.

Mathematical modelling of PEMFC
Basic concept

The essential architecture of a PEMFC is characterized by
an anode and a cathode, separated by a proton-conducting
membrane acting as the solid polymer electrolyte. A sche-
matic of this configuration is presented in Fig. 1.

The membrane’s selective permeability, allowing pro-
ton conduction while impeding electron transfer [74], is
fundamental. Catalyst layers are employed to enhance the
kinetics of the electrochemical reactions. Hydrogen gas, sup-
plied to the anode, undergoes catalytic dissociation, yield-
ing protons and electrons. Protons are transported across the
membrane to the cathode catalyst layer, while electrons are
directed through an external electrical circuit. In parallel, an
oxygen-containing gas (oxygen or air) is introduced to the
cathode. At the cathode catalyst layer, oxygen undergoes
electrochemical reduction by reacting with protons trans-
ported across the membrane and electrons supplied via the
external circuit, yielding water. The electrochemical reac-
tions occurring at the PEMFC electrodes are represented by
the following Egs. 1 to 3 [74]:

Anode reaction

H, — 2H" 4+ 2¢- (1
Cathode reaction

2H* + 30, - H,0 2)
Overall reaction:

H, + %02 — H,0 + Energy + Heat 3)

The ‘Energy’ term in Eq. (3) corresponds to the electrical
work performed by the electrons, derived from the electro-
chemical oxidation of hydrogen gas at the anode, as they
traverse an external load to reach the cathode.

PEMFC stacks mathematical model

To determine the voltage generated by each individual fuel
cell V,;;, the following expression is employed in Eq. 4 [75,
76]:

V.

cell = Enerst - AVact - AVohm - AVcon “)
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Fig. 1 Schematic diagram of
PEMFC
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thermodynamic open-circuit potential; AV, the activation
polarization loss; AV, ., the resistive polarization loss due
to electronic and ionic conduction; and AV, the concentra-
tion polarization loss. Utilizing the electrochemical model
proposed by Amphlett et al. [77], the total stack voltage,
resulting from a series arrangement of N, identical fuel

cells
cells, is determined by Eq. 5:

In this equation, N represents the number of fuel
cells in the series, and V., is the voltage of a single cell, as
defined by Eq. 4.

The determination of the reversible potential, denoted as
E, .. 15 achieved through the subsequent expressed in Eq. 6

[8, 78]:

E,. = 1.229 — 8.5 x 10~4(T}, — 298.15) + 4.3085 x 10~5T, - [ln(PH2) + 1n(1 [P, )] ©)

The cell’s absolute operating temperature (7}, in Kelvin)
and the partial pressures of hydrogen Py, and oxygen P,
in atmospheres are used in this equation. For a hydrogen-air
fuel cell, the oxygen partial pressure P, is determined by
the following Eq. 7 [79, 80]:

Po, = P = RH.P = S2P, - exp(0.291% /7052 (7)

2 2 021" “2 Al fe

The following variables are employed: P, the cathode
inlet manifold pressure (atm); RH,, the cathode electrode
relative humidity; I, the operating current (amperes); A,
the membrane active area (cmz); and Pi?z‘o, the saturation
water vapor pressure, which is defined by the subsequent
relationship given in Eq. 8 [81]:

m&¢Pgo)=295x1oﬂah—27aw)—948x1oﬁak-273uf
+1.44 x 1077(T;, — 273.15)* - 2.18

®)

In scenarios employing hydrogen and pure oxygen as
reactants, the partial pressure of oxygen, denoted as P, , is
determined according to the subsequent expression given
in Eq. 9 [82]:

. -1
. ] RH.P
Po, = RH.P3! l(exp<4.192Z /Tf10~334) Sl Hz°> - 1]

©))
In all instances, the partial pressure of hydrogen, denoted
as Py , is expressed by Eq. 10:

RH P\ T
Py, = 0.5RH,P; [(exp(l.635i /Tflc'”“) , %> - 11
(10)
P, denotes the anode electrode inlet channel pressure,
expressed in atmospheres, and RH, signifies the relative

humidity pertaining to the anode side.
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The following formula calculates the activation voltage
drop, AV, is given in Eq. 11:

AVacl =- [61 + §2ch + §3ch1n(C02) + §4chln(1fc)] (1 1)

The terms &, &,, &5, and &, are empirical parameters, and
Co, denotes the oxygen concentration at the cathode catalyst
layer, expressed in mol/cm?, defined in Eq. 12:

Po,
(12)

Co, = 5.08x10°-cxp(—498/f;.)

The following Eq. 13 determines the ohmic resistive volt-
age drop, AV .

AVohm = IRy + Re) (13)

The terms R, and R, denote the membrane resistance
(ohms) and the protonic resistance across the membrane,
respectively. The membrane resistance, R, is determined
in Eq. 14:

— ful
Ry == (14

The variables p,, and [ denote the specific membrane
resistivity (Q-cm) and membrane thickness (cm), respec-
tively. The empirical relationship for determining p,, is
determined in Eq. 15:

2 2.5
181.6[1 +0.03<’f) +0.062(3%) (’AL) ]

[/1 —0.634 — 3(%)] Xexp[4.18(Tf’;—303)]

fe

as)

Pm =

where 4 is an adjustable parameter that depends on the mem-
brane fabrication process.
The concentration voltage drop, AV,

-on» 18 determined by
the following formula in Eq. 16:

AV, = —bln(l e ) (16)

The term ‘b’ denotes a parametric coefficient, expressed
in volts, while J and J,,,, represent the operating and limit-
ing current densities, respectively, both in units of amperes
per square centimetre.

To achieve fidelity in simulation and control model-
ling, precise parameter identification is imperative. The
proposed optimization methodology is utilized to deter-
mine the optimal values of the seven unknown parameters:

51 ’ §25 53, 54, )”RC and b.
Objective function

To ensure the model’s results closely match real-world
PEMEFC experiments, researchers used an optimization
method. This method works by reducing the difference
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between the model’s voltage predictions and the voltages
measured in experiments [29]. Specifically, they minimized
the sum of squared errors (SSEs) between these two sets of
voltage values is given in Eq. 17:

N
OF = minSSEx) = min Y, [Vyeas (D) — vcal(i)]2 a7
i=1

The term x represents the vector of unknown model
parameters, N is the cardinality of the dataset, i is the itera-
tion index, v, is the experimentally determined PEMFC
voltage, and v, is the model-predicted voltage. The opti-
mization problem is subject to the following constraints is
given in Eq. 18:

gi,min < ‘);:i < gi,max’i =1:4
RCmin < RC < RCmax

18

Amin S ’l S Amax ( )
bmin < b < bmax

The constraints are defined by &; ;, and &; .., the lower

and upper bounds of the empirical coefficients; R, and
R max> the minimum and maximum values for the resist-
ance, and A, Amax> Omin and by, , the respective lower and
upper bounds for the water content and parametric coeffi-
cients. The mean bias error of the voltage is quantified using
the subsequent expression in Eq. 19:

max> “min max>?

Z?il |Vmeas(i) - Vc'alc(i)l
N

MBE = (19)

Algorithm
Classical DE algorithm

Recognizing the significant advancements in differential evo-
lution (DE) research and its broad applications in various
scientific and technological areas, this section presents an
overview of the classical DE algorithm [83, 84]. The funda-
mental principle behind DE is to use the variations between
individuals in a population to guide the search within the
solution space. This process primarily involves four key
stages: initialization, mutation, crossover and selection. A
clear understanding of these steps is essential to appreciate
the subsequent improvements and modifications developed
for DE.

The differential evolution (DE) algorithm commences with
a randomly generated initial population. A novel solution is
produced by taking a third population member and adding
to it a scaled vector representing the difference between two
other randomly selected members. This newly formed solu-
tion then enters a competition with its original counterpart,
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and the individual with the better fitness is chosen for the
subsequent iteration. Across numerous generations, this
mechanism of retaining high-performing individuals and
discarding lower-performing ones progressively steers the
search process toward the optimal solution. The fundamental
evolutionary operations in DE are described below.

Initialization

The DE algorithm initializes a solution using a D-dimen-
sional vector (M). For a given population size (N), each
individual can be expressed as: x; g = (x;; (G), xp, (G), ...,
X;p (G)). The initial population is generated within the range

[Xmin> *max)- The relationship is represented in Eq. 20:
XiD = Xmin + rand(O,l) : (xmax - xmin) (20)
Here, G represents the generation, x,,,, and x,,, denote

the maximum and minimum values of the search space,
respectively, and rand(0, 1) refers to a random number uni-
formly distributed within the interval (0, 1).

Mutation

The mutation process in the DE algorithm generates a muta-
tion vector, V; s, for each individual, x; ;, in the current pop-
ulation (target vector). The mutation strategy is typically
expressed as DE/x/y, where x indicates the base vector, and
y specifies the number of difference vectors utilized. The
five widely recognized mutation strategies are described in
following Eqgs. 17 to 25:

1. DE/rand/1

Vic=%c+tF (0, c—%. ¢ 21
2. DE/best/1
Vi = %esc T F - (6, 6 —%,6) (22)

3. DE/rand-to-best/1

Vi =%t F - Oeqc—Xig) T F- (X 6 —%,6) (23)

4. DE/best/2
Vi,G = Xpest,g T F- (x,] .G x"z,G) +F- (x’3»G - x"4’G)
(24)
5. DE/rand/2
Vi,G =XiGc +F- ('xrl,G - xi,G) +F- (xrz,G - ‘xr3,G) (25)

In the above equations, r|,r,, 73,74 and ry are unique
integers randomly selected within [1, M]. The scale factor
F serves as a control parameter to amplify the difference

vector, while x. ; represents the best individual vector in
the population at generation G.

Crossover

The binomial crossover operator in the DE algorithm facili-
tates the generation of trial vectors, u; g, by combining the
mutation vector, ViGs and the target vector, X; G- Trial vectors
are produced based on the following relationship 26:

P { ViG» ifrandj(O,l) <CRorj=jaj=12,..,D
LG X; > otherwise

(26)

Here, rand;(0,1) is a random number uniformly distributed

within the interval (0,1), and CR refers to the crossover rate

that determines the proportion of information inherited by

the trial vector u; from either the mutation vector v; or the
target vector x;.

Selection

The selection process in DE involves assessing the fitness
values of all newly generated trial vectors. For minimiza-
tion tasks, each trial solution is directly compared against
the current best solution within the population (the target
vector). If the trial solution demonstrates equal or superior
fitness, it supersedes the target vector. Conversely, if the tar-
get vector is fitter, it is retained for the next generation. This
repeated comparison and replacement mechanism gradually
improves the population over successive iterations. This
selection logic can be mathematically represented in Eq. 27:

v { Ui if f(U; ) <X 6)
i,G+1 —

! X; g, otherwise

@7

By prioritizing the survival of the fittest individuals, this
greedy selection mechanism effectively facilitates the algo-
rithm’s convergence towards an optimal solution.

ARO

Drawing inspiration from the survival planning of rabbits
in the natural world [85], ARO is a newly developed nature-
inspired meta-heuristic optimization algorithm. The explora-
tory behaviour of the ARO algorithm is managed through
the use of the following Eq. 28:

Vit + 1) =%(1) + R - (%) = %,(2)) + round(0.5.(0.05 +r,)) - m

(28)
where the indices i and j take integer values from 1 to n, and
Jj is not equal to i. The vector v; (+ 1) signifies the prospec-
tive location of the i rabbit at the subsequent time step,
1+ 1. The vector ; (7) represents the current location of the
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7™ rabbit at time ¢. The scalar 7, is a random value within
the interval (0,1), and n, is a random value drawn from a
standard normal distribution. The variable n indicates the
total number of rabbits in the population. The value of R is
computed as following Eq. 29:

R=L-c (29)

In this equation, L is defined as L= (e —e (1/iter,,,,)* sin
(2mr,), with the condition that r, is a value within the range
(0,1). Here, ¢ refers to the present iteration count, and iter,,,,
indicates the predefined maximum number of iterations. The
coefficient c in Eq. 29 is calculated as Eq. 30:

— 1, lfk::g(]) _ _
= { 0 otherwise K= L dandl=1,.... [r.d]

(30)

Here, d indicates the dimension of the solution space
being explored, r; is a random value within the interval
(0,1), and g is a random index selected on the fly from a
randomized ordering of the integers from 1 to d.

As a survival strategy against predators, rabbits dig
numerous burrows near their nests for hiding. Similarly,
in each iteration of the algorithm, each rabbit generates d
potential hiding places (burrows) around its current loca-
tion, one for each dimension of the search space, and then
randomly selects one burrow to occupy. The location of the
7™ burrow for the i'" rabbit is determined by Eq. 31:

BiJ(t) =%0)+H-g-%(t) (3D

where the rabbit index i ranges from 1 to n; the dimension
index j ranges from 1 to d, and the parameter H, which
depends on the current iteration ¢ and the maximum itera-
tions iter,,, is calculated as H =iter, —t+ l/iter, *

r,The value r, is a random number in the interval (0,1). The
value of g in Eq. 31 is then determined as Eq. 32:

g(k)={ Lyk==j,_y . .d (32)

0, otherwise

The random hiding mechanism of the rabbits is imple-
mented through the following Egs. 33 to 35:

B+ D) =% +R- (ry B0 -0 ) de(ln)  (33)

by () =%(1) + H - g, - X(1) (34)
L ifk==|rs-d
8k = { 0, Oljtfherwisir5 L T .d (35)

Here, Zi’,(t) signifies a burrow that the i rabbit randomly
selects from its d burrows in the /" iteration to hide. The
value rs is a random number within the range (0,1). After
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Table 1 Twelve PEMFC manufacturer sheets

SHEET7 SHEET8 SHEETY9 SHEET 10 SHEET 11 SHEET 12

SHEET 6

SHEET 4  SHEET 5

SHEET 2 SHEET 3

SHEET 1

S. No

H-12-3
13
13
8.1

H-12-2
12
13
8.1

STD —4
250

24

27

STD -3
250

24

27

STD -2
250

24

27

Horizon
500

36

52

25

STD -1
250

24

27

Ballard Mark V

5000
35

H-12-1

SR-12
500
48

BCS 500 W NetStack PS6

500
32
64

PEMFC Type
Power(W)
Ncells (no)
A(cm?)

1(um)

T(K)

6000
65

13
8.1

232

62.5
25

240

25

25

127
343

127
343

127
343

127
343
860
1.0
1.0

178
343

25

178
343

178
333
469
1.0

312

302

338
446

323

323
672

246.9
0.5

246.9
0.4
1.0

860

860
2.5
3.0

860
1.5
1.5

1500
1.0
1.0

246.9

1125
1.0
1.0

Jmax(mA/cm?)

PH,(bar)
PO,(bar)

2.5

0.55
1.0

0.4935
1.0

1.47628
0.2095

1.0

3.0

0.2095
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Table 2 Optimal parameter values and performance metrics

Algorithm RUN HHO RIME JAYA TEO INFO MFO AO PSO DEARO
& —1.17583 —1.0582  —1.19969 —-0.86523 —1.03313 —1.09728 —1.06638 —0.95861 —0.8867 —0.85343
& 0.003505  0.002796  0.004184  0.002236  0.003071  0.003796  0.003352  0.00318 0.002293  0.002206
& 5.86E—-05 3.6E—05 0.000098 3.73E-05 5.86E—05 9.27E—-05 7.02E—05 8E-05 3.60E-05 3.76E—05
&, -0.00019 -0.00019 -0.00019 -0.00019 —0.00019 —0.0002 —0.00019 -0.00019 -0.00019 —0.00019
A 17.7761 22.14188  20.87725  22.41415  20.85853  22.36859  21.17813  20.93096  22.94963  20.87724
. 0.0001 0.000254  0.0001 0.000314  0.0001 0.0001 0.00013 0.0001 0.000465  0.0001

B 0.0136 0.01593 0.016126  0.015932  0.016115  0.017024  0.016152  0.016172  0.014101  0.016126
Min 0.041232  0.025791  0.025493  0.026208  0.025493  0.027982  0.025547  0.025499  0.042231  0.025493
Max 0.31018 0.039318  0.096279  0.035803  0.03698 0.045214  0.026145  0.027606  0.232804  0.025653
Mean 0.120996  0.031034  0.039666  0.030417  0.026788  0.033332  0.025683  0.025689  0.120083  0.025524
Std 0.081051  0.005165  0.016773  0.003357  0.002939  0.00547 0.000166  0.000532  0.060652  5.91E-05
RT 11.00805  18.91079  11.90938  12.48756  23.81196  13.7502 15.52803  14.13554  22.00453  0.386165
FR 9.466667  5.866667 6.8 6.066667  3.666667 6.6 3.533333 24 9.4 1.2

the rabbit performs both detour foraging and random hiding
behaviours, its position is updated as following Eq. 36:

%0, iff (X(0) <f(Ft+ 1)

T+ DL (30) > f(F0+ 1) (36)

X+ 1= {

Here, f (?ci(t)) indicates the fitness of the X,(¢) candidate
solution at iteration r. The algorithm’s balance between
exploring new regions of the search space and exploiting
promising ones is managed by the control parameter A(%),
given by Eq. 37:

Here, rq represents a random value within the interval
(0,1). In the artificial rabbits optimization (ARO) algorithm,
the condition A(¢) > 1 triggers the exploration phase, whereas
if A(#) <1, the rabbits switch to the exploitation phase, which
is carried out via random hiding.

Proposed algorithm (DEARO)

The DEARO algorithm builds upon the standard ARO algo-
rithm by introducing the following two changes, designed to
enhance its search performance:

A(r) = 4 < - t > In < 1 > 37) Following the principle that a mutation stage is essential
iter . Tg for any meta-heuristic optimization algorithm [86], DEARO
Table 3 Comparison of Veell  Ieell Vet Pest Pref RE % AE MBE
estimated and measured values
for I-V and P-V characteristics 29 0.6 28.99722 1739833 174 0.009575  0.002777  4.28E-07
26.31 2.1 26.30594 55.24247 55.251 0.015443 0.004063 9.17E-07
25.09 3.58 25.09356 89.83493 89.8222 0.01417 0.003555 7.02E—-07
24.25 5.08 24.25462 123.2135 123.19 0.019053 0.00462 1.19E-06
23.37 7.17 23.37542 167.6017 167.5629 0.023175 0.005416 1.63E—-06
22.57 9.55 22.58461 215.6831 215.5435 0.064754 0.014615 1.19E-05
22.06 11.35 22.07133 250.5096 250.381 0.051348 0.011327 7.13E—06
21.75 12.54 21.75846 272.8511 272.745 0.038913 0.008463 3.98E-06
21.45 13.73 21.46126 294.6631 294.5085 0.052506 0.011263 7.05E—-06
21.09 15.73 20.98774 330.1372 331.7457 0.484867 0.102258 0.000581
20.68 17.02 20.69451 352.2206 351.9736 0.070162 0.014509 1.17E-05
20.22 19.11 20.23099 386.6141 386.4042 0.054332 0.010986 6.71E—-06
19.76 21.2 19.77094 419.144 418912 0.055381 0.010943 6.65E — 06
19.36 23 19.36602 445.4186 445.28 0.03112 0.006025 2.02E-06
18.86 25.08 18.86647 473.171 473.0088 0.034286 0.006466 2.32E-06
18.27 27.17 18.27472 496.5242 496.3959 0.025838 0.004721 1.24E-06
17.95 28.06 17.95331 503.7699 503.677 0.018444 0.003311 6.09E—-07
17.3 29.26 17.29288 505.9896 506.198 0.041174 0.007123 2.82E—-06
0.061363 0.012913 3.61E-05
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Fig.2 a Graphical representation of I-V; P-V and error characteristics. b Box plot for error distribution across different algorithms. ¢ Conver-

gence curve showing optimization performance

includes this process to generate variants of current solutions
within the search space, thereby preserving population diver-
sity. To enhance the searching power of the ARO algorithm,
the DEARO algorithm integrates the following three muta-
tion strategies, inspired by the DE algorithm as represented
in Eq. 38 to Eq. 40, in addition to its native Eqs. 28 and 33:

T;i(t + 1) = }best(t) + Sf ® (}rl (t) - }rZ(t) + }r3(t) - }r4(t))
(38)

Vit + 1) =%, +5f ® (X2(0) +X,3(0) (39)

Vit + 1) =%(0) + rand(0,1) @ (%,,(1) = X(1) + 5f @ (R2(1) +F,3(1)))
(40)

@ Springer

where X, (¢) is the current best solution, sf is a random
scale factor from SF, ® is element-wise multiplication, and
X,1_p4(t) are four randomly and distinctly chosen solution
vectors from the population at iteration .

To enhance the performance of the basic ARO algo-
rithm, DEARO employs a crossover operation. This oper-
ation, known for its ability to produce superior offspring
by combining the best features of parent solutions, is par-
ticularly effective in complex and multi-modal optimiza-
tion tasks [86]. Specifically, we have implemented bino-
mial crossover to merge beneficial characteristics from
different solutions. The binomial crossover mechanism
allows each element of the new solution to be taken either
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Table 4 Optimal parameter values and performance metrics

HHO RIME JAYA TEO INFO MFO AO PSO DEARO

RUN

Algorithm

—0.85617
0.003132

—0.98029
0.002764
0.000036

—1.02444
0.003109
5.1E-05

—1.07692
0.003397

—0.94579
0.003537
0.000098

—1.00422
0.003362

—0.85835
0.00311

—0.8532

0.002889

—0.89272
0.002573

—0.99447
0.002911

¢

)

8.78E—-05

6.07E - 05

4.02E-05 7.11E-05 8.57E—-05 7.34E—-05

4.32E-05

&

—-9.5E-05

14

—9.6E—-05

—-9.5E-05
14.05153
0.000121

—-9.5E-05

14

—-9.5E-05

14

—9.5E-05

14.0156
0.00011

—-9.5E-05

14

—-9.5E-05

14

—-9.5E-05

14

—-9.5E-05
14.01541
0.0001

&

0.00012

0.0001

0.000122
0.016678
0.275224
0.296388
0.277303
0.00533

0.000125
0.01633

0.275412
0.312033
0.285734
0.012186
15.45895

54

0.000126
0.015939
0.275301
0.309874
0.289318
0.01253

13.15416
5.466667

0.0001

0.000123
0.016494
0.275218
0.341011

0.016788
0.275211
0.2759

0.018453
0.280841
0.540167
0.349886
0.064184
28.67788

8.8

0.01759

0.275732
0.293236
0.282137
0.004746

0.018443
0.27598

0.019593
0.2759

0.020416
0.276815
1.44645

Min

0.299509
0.284046
0.008184
28.37648

54

0.336021
0.2996

Max

0.275256
0.000178
0.57674

0.30209

0.563492
0.341246
13.08515

8.6

Mean
Std
RT

0.02633

0.021663
15.79815

6.6

17.43564
4.733333

14.54717
3.066667

12.94681
5.933333

FR

from the current solution vector or the mutant vector, as
described in Eq. 41:

- _ | v if rand < cr
we+1) = { X,(t)otherwise 1)

Here, cr indicates the crossover rate, a value that deter-
mines the likelihood of a component being exchanged during
the crossover operation.

The DEARO algorithm starts by creating an initial
population of NP rabbits, where each rabbit represents
a candidate solution. Each rabbit is assigned a randomly
selected scale factor (sf) and crossover rate (cr) from prede-
fined sets of SF and CR values. The algorithm then enters
its main iterative loop to refine the solutions. Within this
loop, mutation is performed on the rabbit population using
Eqgs. 28, 33 and 38 to 40 to generate new potential solu-
tions. Subsequently, the crossover operation is applied to
selected solutions (V,(r)) according to Eq. 41. Following
the generation of new offspring, their positions are checked
to ensure they remain within the defined search space. If an
offspring falls outside these boundaries, it is replaced with
a new, randomly generated solution within the valid range.
The algorithm also incorporates a mechanism to learn and
adapt its parameters: if a newly generated offspring exhibits
better fitness than its randomly chosen parent, the associ-
ated sf and cr values are stored. Additionally, a ‘failure’
parameter tracks the number of times an offspring fails
to improve upon its parent’s fitness. At the end of each
iteration, the average failure rate is calculated. If this rate
is below a randomly generated number, previously stored
cr and sf values are retrieved and used; otherwise, entirely
new cr and sf values are randomly generated. The algo-
rithm continues iterating until a termination criterion is
met, at which point it returns the best solution found so
far X, . (0.

Results analysis and discussion
Result analysis

To optimize the parameters of experimentally validated math-
ematical models representing various PEMFC stacks (BCS
500 W, Nedstack 600 W PS6, SR-12 W, Horizon H-12, Bal-
lard Mark V and STD 250 W with their physical parameters in
Table 1), the DEARO algorithm was computationally imple-
mented. This implementation utilized MATLAB 2021a on a
Windows Server 2019 system with an Intel Core i7-11700 k
(3.6 GHz) processor and 32 GB RAM, ensuring efficient
execution. The optimization problem was formulated to mini-
mize the sum of squared errors (SSE) between experimental
voltage readings and those predicted by the PEMFC models.

@ Springer
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Table 5 Comparison of

. Veell Icell Vest Pest Pref RE % AE MBE
estimated and measured values

for I-V and P-V characteristics 61.64 225 62.32708 140.2359  138.69 1.114671 0.687083  0.016279
5957  6.75 59.75391 4033380  402.0975 0308722  0.183906  0.001166
5894 9 59.02299 531207  530.46 0.140813  0.082995  0.000238
5754 1575  57.47245 905.191  906.255 0.117401  0.067553  0.000157

56.8 2025  56.69501 1148074  1150.2 0.184848  0.104994  0.00038
56.13 2475  56.02304  1386.57 1389218  0.190562  0.106962  0.000395
5523 315 55.13803 1736.848 1739745  0.166516  0.091967  0.000292
5466 36 54.60299 1965708  1967.76 0.104294  0.057007  0.000112
53.61 45 53.61886  2412.849  2412.45 0.016533  0.008863  2.71E-06
5286 5175 5293264 2739264 2735505  0.137426  0.072643  0.000182
5191 675 5143559 3471902  3503.925 0913916 0474414  0.007761
5122 72 51.02539  3673.828  3687.84 0.379942  0.194606  0.001306
49.66 90 4942672 4448405  4469.4 0.46976 0.233283  0.001877
49 99 48.64101  4815.46 4851 0732639  0.358993  0.004444
48.15 1058  48.04916  5083.601  5094.27 0.209422  0.100837  0.000351
4752 1103 47.6574 5256.611 5241456 0289134  0.137396  0.000651
47.1 117 47.07283  5507.521 55107 0.057687  0.02717 2.55E-05
4648 126 4628306  5831.665  5856.48 0423715  0.196943  0.001337
4566 135 45.4853 6140516  6164.1 0.382603  0.174696  0.001052
4485 1418  44.87551 6363347  6359.73 0.056876  0.025509  2.24E-05
4424 1508  44.05684  6643.772  6671.392 0414008  0.183157  0.001157
045 162 43.01569  6968.542  6876.9 1332607  0.565692  0.011035
4166 171 42.15751 7208934  7123.86 1.194214  0.49751 0.008535
40.68 1823  41.04751  7482.96 7415964 0903407  0.367506  0.004657
4009 189 4036954  7629.843  7577.01 0.697275  0.279538  0.002695
39.51 1958  39.66413  7766.236  7736.058 0390097  0.154127  0.000819
3873 2048  38.69983 7925726  7931.904  0.077892  0.030168  3.14E-05
38.15 2115  37.95577  8027.646  8068.725  0.509117  0.194228  0.001301
3738 2205  36.91421 8139.583  8242.29 1246095  0.46579 0.007481
0453869 0211225  0.002612

The performance of the WAA algorithm was then rigorously
evaluated by comparing its outcomes against a set of nine
benchmark metaheuristic algorithms. To assess the DEARO
algorithm, a comparative study was conducted against nine
benchmark algorithms: RUN Algorithm (RUN), Harris
Hawks Optimization (HHO), RIME Algorithm (RIME),
JAYA Algorithm (JAYA), TEO Optimization (TEO), INFO
Optimization (INFO), Moth Flame Optimizer (MFO), Aquila
Optimizer (AO), and particle swarm optimization (PSO).
The success of the DEARO algorithm in the param-
eter extraction of PEMFC models is essentially based on
the appropriate selection and optimization of the algo-
rithm parameters, which were systematically calculated
and validated by the thorough empirical analysis. The
population size was set to 50 individuals following the
comparative testing of alternative configurations (30, 70

@ Springer

and 100) because this value showed the best trade-off
between the exploration ability and the computational
efficiency of all 12 PEMFC case studies. Convergence
analysis was used to determine the maximum number
of iterations, which was set to 500 generations, as this
value always enabled the algorithm to converge to stable
solutions without premature stopping or an unreasonable
amount of time.

In the case of mutation operation, DEARO uses an adap-
tive scale factor (SF) mechanism which dynamically picks
values out of a predetermined pool [0.5, 0.6, 0.7, 0.8, 0.9,
1.0] depending on the past success rates. This strategy
makes the algorithm diverse at the beginning of the opti-
mization process and more local search at the end of the
optimization process. Crossover rate (CR) is similar in its
adaptive strategy, and values are sampled in [0.1, 0.2, 0.3,
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Fig. 3 a Graphical representation of I-V; P-V and error characteristics. b Box plot for error distribution across different algorithms. ¢ Conver-

gence curve showing optimization performance

0.4, 0.5, 0.6, 0.7, 0.8, 0.9] and updated based on a failure-
rate measure, which keeps track of the progress of candi-
date solutions. When the failure rate is above a dynamically
changing threshold, the algorithm will use previously suc-
cessful CR and SF values; otherwise, random new values
are chosen to promote exploration.

Also, DEARO uses a binomial crossover method to
improve the quality of solutions by combining the favour-
able characteristics of parent vectors. This selection pres-
sure is regulated by a greedy replacement strategy, in which
offspring solutions only replace their parents when they are

fitter, which guarantees monotonic improvement of solu-
tion quality. The results of these parameter settings were
highly reproducible with a low variance as shown by the low
standard deviations in the fitness values obtained in multiple
independent runs. The robustness of the algorithm is also
reflected by its fast convergence, which usually finds near-
optimal solutions in the first 50-100 iterations, thus saving
a lot of computational cost and at the same time ensuring
high accuracy in parameter estimation. The combination
of these design decisions makes DEARO outperform in
PEMFC modelling applications. These design decisions

@ Springer
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HHO RIME JAYA TEO INFO MFO AO PSO DEARO

RUN

Table 6 Optimal parameter values and performance metrics

Algorithm

@ Springer

—1.19969
0.004148

—1.0047

0.002792

—1.09467
0.003229

—1.0807

0.003065

—1.02542
0.003633

—1.02053
0.003325

—1.14636
0.003787

—0.8532
0.003127

—0.86031

0.002802

—1.08062
0.003644
7.8E—-05

¢

)

9.02E - 05 7.42E - 05 6.95E - 05 8.84E—-05 4.07E-05 4.85E—-05 3.84E-05 8.68E—-05

6.78E —05

&

—-9.5E-05

23

—-9.7E-05
14.6255
0.000369
0.177537
0.248966
0.728392
0.448575
0.159738
22.99467

9.4

—-9.5E-05
22.97046
0.000668
0.175465
0.24229

—-9.5E-05
22.999

—-9.5E-05

—9.5E-05
22.95363
0.000691
0.174905
0.242305
0.243199
0.242712
0.000296
20.70437
4.066667

—9.6E—-05
17.54377
0.000506
0.176483
0.242881
0.246488
0.244727
0.00114

—-9.5E-05

23

—9.6E—-05
22.16463
0.000609
0.176222
0.242434
0.250067
0.244557
0.002172
10.40486
6.066667

—-9.5E-05
19.20336
0.0008

&

0.000673
0.17532

0.000673
0.175269
0.242312
0.242519
0.24239

0.000711

0.000673
0.17532
0.242284
0.247458
0.24436

0.174508
0.242335
0.250006
0.245758
0.002407
11.15235

6.8

0.171126
0.243854
0.943461
0.520035
0.242043
8.203922

9.4

0.242284
0.242927
0.242433
0.000268
0.369199
2.066667

Min

0.24255

Max

0.24239

Mean
Std
RT

8.67E—05

5.37E-05
10.58489
2.666667

0.001886
8.861373

5.2

13.30653
2.733333

9.763495

6.6

FR

make DEARO outperform in PEMFC modelling applica-
tions. The convergence properties of the algorithm were
also examined graphically, such as box plots and fitness
progression plots, which proved that the algorithm con-
verged quickly and steadily in all PEMFC test cases. All
these implementation decisions lead to the DEARO having
high accuracy in parameter estimation and still being com-
putationally efficient.

The evaluation of DEARO focused on its convergence
behaviour, error distribution patterns and stability when
modelling different PEMFC stacks. The quantitative dis-
crepancy between estimated and real voltage values was
determined using absolute error (AE), relative error (RE)
and mean bias error (MBE). The performance analysis was
supported by graphical representations such as I-V and P-V
curves, box plots and convergence curves. Friedman rank-
ing tests confirmed the statistical significance of DEARO’s
enhanced results compared to existing approaches. Recent
studies have advanced PEMFC parameter estimation tech-
niques, including machine learning approaches [87], as well
as integrated reviews of fuel cell-based hybrid electric vehi-
cles [88]. Additionally, challenges in multi-stack systems
[89] and co-optimization strategies for fuel cell durabil-
ity [90] have been explored. A thorough analysis of these
results then demonstrated DEAROQO’s capability for optimal
PEMFC parameter optimization, highlighting its computa-
tional effectiveness and robust design characteristics.

The experimental section has been expanded to include
detailed specifications for each of the 12 PEMFC systems,
as presented in Table 1. This table comprehensively lists
critical parameters such as PEMFC type, power output
(W), number of cells (Ncells), membrane active area
(cm?), membrane thickness (um), operating tempera-
ture (K), maximum current density (mA/cm?) and partial
pressures of hydrogen (PH,) and oxygen (PO,) in bar. For
instance, the BCS 500 W stack comprises 32 cells with
an active area of 64 cm?, operating at 333 K, while the
NedStack PS6 system features 65 cells with a 240 cm?
active area at 343 K. These specifications provide essen-
tial context for understanding the diverse operating condi-
tions and design configurations under which the DEARO
algorithm was validated. The inclusion of such granular
details ensures reproducibility and facilitates a more rig-
orous evaluation of the algorithm’s performance across
varying PEMFC architectures and operational regimes.
The additional system parameters enable readers to better
assess the applicability of the proposed method to dif-
ferent PEMFC configurations. For example, the Hori-
zon H-12 stacks (H-12—1, H-12-2, H-12-3) exhibit pro-
gressively lower operating temperatures (323 K, 302 K,
312 K), allowing for analysis of temperature-dependent
parameter sensitivity. Similarly, the STD series (STD-1
to STD-4) demonstrates variations in hydrogen pressure
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Table 7 Comparison of

. Veell Icell Vest Pest Pref RE % AE MBE
estimated and measured values

for I-V and P-V characteristics 43.17 1.004  43.34081 4351417 4334268 0395667  0.170809  0.001621
41.14 3.166  41.09008  130.0912 1302492  0.121347  0.049922  0.000138

40.09 5019  39.91451 2003309 2012117 0437735  0.175488  0.001711

39.04 7.027  38.85715  273.0492 2743341  0.46836 0.182848  0.001857

37.99 8958  37.93346  339.808 3403144  0.148816  0.056535  0.000178

37.08 1097 3701454  406.0495  406.7676  0.176546  0.065463  0.000238

36.03 13.05  36.07991  470.8428  470.1915  0.138511 0.049906  0.000138

3519 15.06 3517136 529.6807  529.9614  0.052958  0.018636  1.93E-05

3407  17.07 3424209 5845124 5815749  0.505102  0.172088  0.001645

33.02  19.07 3328313 6347092  629.6914  0.796869  0.263126  0.003846

3204 2108 322707 680.2664 6754032  0.720038  0.2307 0.002957

31.2 23.01 3123769  718.7793  717.912 0.120813  0.037694  7.89E-05

29.8 2494  30.12737 7513766  743.212 1.098562  0.327372  0.005954

28.96 2687 2891713  777.0034  778.1552  0.148018  0.042866  0.000102

28.12 2896 2745776  795.1766 8143552 2355061  0.662243  0.024365

26.3 30.81 25.9918 800.8075  810.303 1.171846  0.308195  0.005277

2406 3297 2398487  790.7811 7932582 0312265  0.075131  0.000314

214 34.9 21.78563  760.3186  746.86 1.802028  0.385634  0.008262

0.609475  0.181925  0.003261

(1.0-2.5 bar) and membrane thickness (127 um vs. 25 um
in other stacks), highlighting the algorithm’s robustness
under differing mass transport conditions. Such detailed
characterization of test systems is crucial for interpreting
the convergence behaviour and accuracy of parameter esti-
mation, particularly when comparing results across stacks
with differing scales, materials or operating regimes.

Sheet 1: BCS 500 W

The DEARO algorithm was used to optimize the parameters
of the BCS 500 W PEMFC stack, and its performance was
benchmarked against nine other algorithms: RUN, HHO,
RIME, JAYA, TEO, INFO, MFO, AO and PSO. Table 2
highlights DEARO’s effectiveness in achieving the mini-
mum fitness value (0.025493) and its superior stability,
evidenced by the lowest standard deviation (5.91E —05).
Notably, DEARO also demonstrated the fastest computa-
tional time (0.386165 s), making it well-suited for real-time
and computationally limited settings. The Friedman rank
analysis further confirmed DEARO’s overall superior per-
formance, assigning it the top rank of (1.2). Conversely, the
MFO and AO algorithms displayed higher variability in their
results, which could impact their dependability in parameter
estimation.

As part of the validation process, the correlation between
actual measured data and power across varying cell currents

was examined, with the findings presented in Table 3. The
model’s high estimation accuracy is supported by an average
absolute error of 0.012913 and a percentage relative error of
0.061363%, indicating that DEARO effectively captures the
fuel cell’s operational behaviour. Furthermore, the validation
showed minimal systematic bias, with a mean bias error of
3.61E-05.

The experimental findings depicted in Fig. 2a, b, ¢ pro-
vide strong visual evidence of DEARQO’s robustness. Fig-
ure 2a V-1 and P-V curves show a strong correlation between
experimental data and the model’s predictions, illustrating
its accurate operation across a spectrum of conditions. The
error characteristics plot visually confirms the reliability of
DEARO?’s predictions, as absolute and relative errors remain
consistently low. Furthermore, the boxplot in Fig. 2b visu-
ally highlights DEARO’s high stability through its compact
interquartile range and minimal outliers, in stark contrast to
the considerable performance fluctuations observed in other
algorithms. Figure 2 ¢ visually showcases DEARO’s speed
in reaching the optimal fitness, achieving the desired result
within the initial 50 iterations, in contrast to the slower or
inconsistent convergence of other optimization methods. The
BCS 500 W PEMFC case study results establish DEARO’s
highly accurate and stable parameter optimization capabili-
ties. DEARO’s efficiency in quickly locating optimal solu-
tions while demanding minimal computational resources
underscores its advantage as a parameter estimation method
for PEMFCs, outperforming conventional approaches.

@ Springer
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Fig.4 a Graphical representation of I-V; P-V and error characteristics. b Box plot for error distribution across different algorithms, ¢ Conver-

gence curve showing optimization performance

Sheet 2: NetStack PS6

The DEARO algorithm was used to optimize the parameters
of the NetStack PS6 PEMFC stack, and its performance was
benchmarked against nine other algorithms: RUN, HHO,
RIME, JAYA, TEO, INFO, MFO, AO and PSO. Table 4 high-
lights DEARO’s effectiveness in achieving the minimum fit-
ness value (0.275211) and its superior stability, evidenced by
the lowest standard deviation (0.000178). Notably, DEARO

@ Springer

also demonstrated the fastest computational time (0.57674 s),
making it well-suited for real-time and computationally lim-
ited settings. The Friedman rank analysis further confirmed
DEARO’s overall superior performance, assigning it the top
rank of (1). Conversely, the MFO and AO algorithms dis-
played higher variability in their results, which could impact
their dependability in parameter estimation.

As part of the validation process, the correlation between
actual measured data and power across varying cell currents
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Table 8 Optimal parameter values and performance metrics

Algorithm RUN HHO RIME JAYA TEO INFO MFO AO PSO DEARO
3 —0.86827 -—0.8532 —1.19969 —1.03806 —0.99496 —1.19462 —1.12734 —1.17599 —0.97064 —0.8532
& 0.002128  0.001509  0.00333  0.002109  0.002421  0.00299  0.002793  0.002598  0.001953  0.001509
& 7.72E-05 3.6E—05 8.98E—05 3.8E—05 7E—05  6.65E—05 6.73E—05 4.24E—-05 42E-05 0.000036
&, —0.00011 —0.00011 —0.00011 —0.00011 —0.00011 —0.00011 —0.00011 —0.00011 —0.00011 —0.00011
2 14 14 14 14.02318  14.00041  14.04588 14 14.00433 14 14
. 0.0008 0.0008 0.0008 0.000758  0.0008 0.000585  0.0008 0.0008 0.000168  0.0008
B 0.0136 0.0136 0.0136 0.013608  0.013601  0.013661  0.0136 0.0136 0.0136 0.0136
Min 0.102915  0.102915  0.102915  0.102975  0.102915  0.103158  0.102915  0.102917  0.10362  0.102915
Max 0.118954  0.103658  0.105211  0.105257  0.103408  0.105149  0.108683  0.102942  0.112051  0.103641
Mean 0.107248  0.103355  0.103818  0.103769  0.103032  0.103947  0.1033 0.102923  0.106495  0.102963
Std 0.005434  0.000305 0.000827  0.000641  0.000149  0.000596  0.001489  6.56E—06 0.002553  0.000187
RT 7572452 9.861563  9.944478  9.047766 2022648  10.97038  12.48219  12.89669  20.40192  0.402319
FR 7 5533333 6.066667 6.733333  4.666667  7.333333  3.133333  4.066667  8.933333  1.533333
Table9 Comparison of Veell  Icell  Vest Pest Pref RE % AE MBE
estimated and measured values
for I-V and P-V characteristics 9.58 0.104  9.755532 1.014575 099632  1.832272  0.175532  0.001712
9.42 0.2 9.435534 1.887107  1.884 0.164909  0.015534  1.34E-05
9.25 0309  9.215306 2.84753 2.85825  0.37507 0.034694  6.69E—05
9.2 0403  9.075995 3.657626  3.7076 1347879 0.124005  0.000854
9.09 0.51 8.947893 4563425  4.6359 1563338  0.142107  0.001122
8.95 0.614  8.842715 5429427  5.4953 1.19872 0.107285  0.000639
8.85 0703  8.762861 6.160291 622155 0984618  0.087139  0.000422
8.74 0.806  8.678685 6.99502 7.04444 070154 0.061315  0.000209
8.65 0.908  8.601587 7.810241  7.8542 0.559683  0.048413  0.00013
8.45 1.076  8.483394 9.128131  9.0922 0.39519 0.033394  6.2E—05
8.41 1.127  8.448867 9521873  9.47807 0462156  0.038867  8.39E—05
8.2 1288 8341384  10.7437 10.5616 1724194  0.141384  0.001111
8.12 1.39 8.272663  11.499 11.2868 1.880081  0.152663  0.001295
8.11 1.45 8231198  11.93524  11.7595 1494432 0.121198  0.000816
8.05 1,578 8.137515  12.841 12.7029 1.087138  0.087515  0.000425
7.99 1,707 8.028856  13.70526  13.63893  0.486306  0.038856  8.39E—05
7.95 1.815 7912602  14.36137 1442925  0.47041 0.037398  7.77E-05
7.94 1.9 7777413 1477708  15.086 2047696  0.162587  0.001469
1.043091  0.089438  0.000588

was examined, with the findings presented in Table 5. The
model’s high estimation accuracy is supported by an average
absolute error of 0.211225 and a percentage relative error of
0.002612%, indicating that DEARO effectively captures the
fuel cell’s operational behaviour. Furthermore, the validation
showed minimal systematic bias, with a mean bias error of
3.61E-05.

The experimental findings depicted in Fig. 3a, b, c
provide strong visual evidence of DEARQO’s robustness.
Figure 3 a V-I and P-V curves show a strong correlation

between experimental data and the model’s predictions,
illustrating its accurate operation across a spectrum of
conditions. The error characteristics plot visually con-
firms the reliability of DEARO’s predictions, as absolute
and relative errors remain consistently low. Furthermore,
the boxplot in Fig. 3b visually highlights DEARO’s
high stability through its compact interquartile range
and minimal outliers, in stark contrast to the consider-
able performance fluctuations observed in other algo-
rithms. Figure 3 ¢ visually showcases DEARO’s speed

@ Springer
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Fig.5 a Graphical representation of I-V; P-V and error characteristics. b Box plot for error distribution across different algorithms. ¢ Conver-

gence curve showing optimization performance

in reaching the optimal fitness, achieving the desired
result within the initial 50 iterations, in contrast to the
slower or inconsistent convergence of other optimization
methods. The NetStack PS6 PEMFC case study results
establish DEARQ’s highly accurate and stable parameter
optimization capabilities. DEARQ’s efficiency in quickly
locating optimal solutions while demanding minimal
computational resources underscores its advantage as a
parameter estimation method for PEMFCs, outperform-
ing conventional approaches.

@ Springer

Sheet 3: SR-12

The DEARO algorithm was used to optimize the parameters
of the SR-12 PEMFC stack, and its performance was bench-
marked against nine other algorithms: RUN, HHO, RIME,
JAYA, TEO, INFO, MFO, AO and PSO. Table 6 highlights
DEARO?’s effectiveness in achieving the minimum fitness
value (0.242284) and its superior stability, evidenced by the
lowest standard deviation (0.000268). Notably, DEARO also
demonstrated the fastest computational time (0.369199 s),
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Table 10 Optimal parameter values and performance metrics

Algorithm RUN HHO RIME JAYA TEO INFO MFO AO PSO DEARO
3 —0.85586 —1.05373 —1.19969 —0.87022 —1.12298 —0.85671 —1.00246 —0.96591 —0.93797 —0.85336
& 0.002443  0.003045  0.004138  0.002828  0.003451  0.002725 0.003137  0.00326  0.002522  0.002548
& 487E-05 5.04E—05 0.000098 7.31E—05 649E—05 6.84E—05 6.76E—05 84E—05 3.71IE—05 5.66E—05
&, —0.00017 —0.00017 —0.00017 —0.00017 —0.00017 —0.00018 —0.00017 —0.00017 —0.00017 —0.00017
2 14.90955 14.53208  14.43913  14.56559  14.45123  14.84488  14.51131  14.42014 1474781  14.43913
R, 0.000379  0.000206  0.0001 0.000202  0.000102  0.000149  0.0001 0.000101  0.000276  0.0001
B 0.013745 0.013602  0.013795 0.013735 0.013813  0.014215 0.01389  0.013744 0.014028  0.013795
Min 0.149237  0.148824  0.148632  0.148842  0.148635  0.1483858  0.148643  0.148634  0.149296  0.148632
Max 0222436 0.157421  0.161938  0.152396  0.150264  0.152604  0.148806  0.149171 0.237572  0.148634
Mean 0.174716  0.151367  0.149836  0.149764  0.149142  0.150184  0.1487 0.148746  0.167648  0.148632
Std 0.020996  0.002552  0.003377 0.001164  0.000494  0.001243 4.95E—05 0.000146 0.025219  5.55E—07
RT 6.704361  8.820429  7.443644 6384928  12.46586 7.315126  6.858657  8.706913  13.30018  0.323328
FR 9.4 7 3.933333  6.533333 5.2 6.6 3 3.466667 8.733333  1.133333
Table 11 Comparison of Veell  Icell  Vest Pest Pref RE % AE MBE
estimated and measured values
for I-V and P-V characteristics 23.5 0.5 23.48309 11.74154 1175 0.071975 0.016914 1.91E-05
21.5 2.1 21.2513 44.62774  45.15 1.156727 0.248696 0.004123
20.5 2.8 20.75981 58.12748 574 1.267389 0.259815 0.0045
19.9 4 20.10958 8043831  79.6 1.053152 0.209577 0.002928
19.5 5.7 19.39753 110.5659 111.15 0.525477 0.102468 0.0007
19 7.1 18.90725 134.2415 134.9 0.488139 0.092746 0.000573
18.5 8 18.61964 148.9571 148 0.646705 0.11964 0.000954
17.8 11.1 17.72275 196.7226 197.58 0.433969 0.077246 0.000398
17.3 13.7 17.02409 23323 237.01 1.594863 0.275911 0.005075
162 16.5 16.27464 268.5316 267.3 0.460763 0.074644 0.000371
15.9 17.5 15.99828 279.9699 27825 0.618116 0.09828 0.000644
15.5 18.9 15.59366 294.7201 292.95 0.604245 0.093658 0.000585
15.1 20.3 15.15114 307.5681 306.53 0.338674 0.05114 0.000174
14.6 22 14.47819 318.5201 321.2 0.834336 0.121813 0.000989
13.8 22.9 13.82904 316.685 316.02 0.210444 0.029041 5.62E-05
0.686998 0.124773 0.001473

making it well-suited for real-time and computationally lim-
ited settings. The Friedman rank analysis further confirmed
DEARO’s overall superior performance, assigning it the top
rank of 2.066667. Conversely, the MFO and AO algorithms
displayed higher variability in their results, which could
impact their dependability in parameter estimation.

As part of the validation process, the correlation between
actual measured data and power across varying cell currents
was examined, with the findings presented in Table 7. The
model’s high estimation accuracy is supported by an average
absolute error of 0.181925 and a percentage relative error of
0.609475%, indicating that DEARO effectively captures the
fuel cell’s operational behaviour. Furthermore, the validation

showed minimal systematic bias, with a mean bias error of
0.003261.

The experimental findings depicted in Fig. 4 a, b, ¢
provide strong visual evidence of DEARO’s robustness.
Figure 4 a V-I and P-V curves show a strong correlation
between experimental data and the model’s predictions,
illustrating its accurate operation across a spectrum of
conditions. The error characteristics plot visually confirms
the reliability of DEARQO’s predictions, as absolute and
relative errors remain consistently low. Furthermore, the
boxplot in Fig. 4b visually highlights DEARO’s high sta-
bility through its compact interquartile range and minimal
outliers, in stark contrast to the considerable performance

@ Springer
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Fig.6 a Graphical representation of I-V; P-V and error characteristics. b Box plot for error distribution across different algorithms. ¢ Conver-

gence curve showing optimization performance

Table 12 Optimal parameter values and performance metrics

Algorithm RUN HHO RIME JAYA TEO INFO MFO AO PSO DEARO
3 —0.8532 —-1.19915 —-1.19969 -0.87612 —0.89675 —1.11873 —1.11011 —1.02976 —1.07659 —0.85347
& 0.00209 0.003353  0.003536  0.002565  0.002632  0.003086  0.002993  0.003047  0.002694  0.001897
& 5.18E—-05 6.83E-05 &8.13E—-05 8.03E—05 8.08E-05 6.61E—05 6.14E-05 8.23E-05 4.77E-05 3.74E-05
&, -0.00017 -0.00017 -0.00017 -0.00017 -0.00017 -0.00017 -0.00017 -—0.00017 -0.00017 -0.00017
A 14 14 14 14.00883 14 1423874 14 14.00026  14.03712 14

R. 0.0008 0.0008 0.0008 0.0008 0.0008 0.0008 0.0008 0.0008 0.000782  0.0008

B 0.017531  0.017318  0.017317  0.017299  0.017317  0.016921  0.017332  0.017325  0.01672 0.017317
Min 0.286779  0.283774  0.283774  0.283815  0.283774  0.284857  0.283777  0.283775  0.289878  0.283774
Max 0.483066  0.328309  0.382995  0.334544  0.285956  0.33766 0.283933  0.283889  0.416695  0.283774
Mean 0.359775  0.292986  0.305035  0.31182 0.283981  0.311113  0.283814  0.283812  0.340603  0.283774
Std 0.065937  0.014647  0.032471  0.017903  0.000573  0.018931 4.62E—-05 3.63E—05 0.035724 3.85E—-16
RT 6.116629  6.083758  5.420631  5.649275 11.57893  6.703329  6.364188  8.214718  12.36892  0.332803
FR 8.533333  4.666667  5.066667  7.266667 3.8 7.666667  4.066667  4.066667 8.8 1.066667
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Table 13 Comparison of

. Veell Icell Vest Pest Pref RE % AE MBE

estimated and measured values

for I-V and P-V characteristics 29.37 0.6 29.7147 17.82882  17.622 1.17364 0344698  0.00914
2677739 2.5 26.62879 66.57198  66.94348 0.554931  0.148596  0.001699
2529025 5 25.00559  125.0279 1264513  1.125585  0.284663  0.006233
2428186 1.5 2396352  179.7264  182.1139 1311014 0318339  0.007795
23.418 10 23.14754 2314754  234.18 1.154903  0.270455  0.005627
227391 12 2257673 2709208  272.8692  0.714072  0.162374  0.002028
2205852 14 22.04306  308.6028  308.8193  0.070117  0.015467  1.84E—05
2138615 16 21.52088  344.3341  342.1784  0.630007  0.134734  0.001396
2072173 18 2098016  377.6428 3729911 1247139  0.258429  0.005137
20.026 20 20.364 407.28 400.52 1.687803  0.337999  0.008788
19.63635 21 19.98091  419.5992 4123634  1.75473 0.344565  0.009133
19.19181 22 19.45678  428.0492 4222198  1.380673  0.264976  0.005401
18.66363 23 18.17812  418.0968 4292635  2.60136 0.485508  0.018132

1.185075  0.259293  0.006194

fluctuations observed in other algorithms. Figure 4 ¢ visu-
ally showcases DEARO’s speed in reaching the optimal
fitness, achieving the desired result within the initial 50
iterations, in contrast to the slower or inconsistent conver-
gence of other optimization methods. The SR-12 PEMFC
case study results establish DEARQO’s highly accurate
and stable parameter optimization capabilities. DEARO’s
efficiency in quickly locating optimal solutions while
demanding minimal computational resources underscores
its advantage as a parameter estimation method for PEM-
FCs, outperforming conventional approaches.

Sheet 4: H-12-1

The DEARO algorithm was used to optimize the param-
eters of the H-12—1 PEMFC stack, and its performance was
benchmarked against nine other algorithms: RUN, HHO,
RIME, JAYA, TEO, INFO, MFO, AO and PSO. Table 8
highlights DEARO’s effectiveness in achieving the mini-
mum fitness value (0.102915) and its superior stability,
evidenced by the lowest standard deviation (0.000187).
Notably, DEARO also demonstrated the fastest computa-
tional time (0.402319 s), making it well-suited for real-time
and computationally limited settings. The Friedman rank
analysis further confirmed DEARO’s overall superior per-
formance, assigning it the top rank of 1.533333. Conversely,
the MFO and AO algorithms displayed higher variability
in their results, which could impact their dependability in
parameter estimation.

As part of the validation process, the correlation between
actual measured data and power across varying cell currents
was examined, with the findings presented in Table 9. The
model’s high estimation accuracy is supported by an average

absolute error of 0.089438 and a percentage relative error of
1.043091%, indicating that DEARO effectively captures the
fuel cell’s operational behaviour. Furthermore, the validation
showed minimal systematic bias, with a mean bias error of
0.000588.

The experimental findings depicted in Fig. 5a, b, ¢
provide strong visual evidence of DEARO’s robustness.
Figure 5 a V-I and P-V curves show a strong correlation
between experimental data and the model’s predictions,
illustrating its accurate operation across a spectrum of con-
ditions. The error characteristics plot visually confirms the
reliability of DEARQO’s predictions, as absolute and relative
errors remain consistently low. Furthermore, the boxplot in
Fig. 5b visually highlights DEARO’s high stability through
its compact interquartile range and minimal outliers, in
stark contrast to the considerable performance fluctuations
observed in other algorithms. Figure 5 c visually showcases
DEARO’s speed in reaching the optimal fitness, achieving
the desired result within the initial 50 iterations, in contrast
to the slower or inconsistent convergence of other optimi-
zation methods. The H-12—-1 PEMFC case study results
establish DEARO’s highly accurate and stable parameter
optimization capabilities. DEARO’s efficiency in quickly
locating optimal solutions while demanding minimal com-
putational resources underscores its advantage as a param-
eter estimation method for PEMFCs, outperforming con-
ventional approaches.

Sheet 5: Ballard Mark V
The DEARO algorithm was used to optimize the parameters

of the Ballard Mark V PEMFC stack, and its performance
was benchmarked against nine other algorithms: RUN,

@ Springer
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HHO, RIME, JAYA, TEO, INFO, MFO, AO and PSO.
Table 10 highlights DEARO’s effectiveness in achieving the
minimum fitness value (0.148632) and its superior stability,
evidenced by the lowest standard deviation (5.55E —07).
Notably, DEARO also demonstrated the fastest computa-
tional time (0.323328 s), making it well-suited for real-time
and computationally limited settings. The Friedman rank
analysis further confirmed DEARO’s overall superior per-
formance, assigning it the top rank of 1.133333. Conversely,
the MFO and AO algorithms displayed higher variability

@ Springer

in their results, which could impact their dependability in
parameter estimation.

As part of the validation process, the correlation between
actual measured data and power across varying cell currents was
examined, with the findings presented in Table 11. The model’s
high estimation accuracy is supported by an average absolute
error of 0.124773 and a percentage relative error of 0.686998%,
indicating that DEARO effectively captures the fuel cell’s opera-
tional behaviour. Furthermore, the validation showed minimal
systematic bias, with a mean bias error of 0.001473.
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Table 14 Optimal parameter values and performance metrics

Algorithm RUN HHO RIME JAYA TEO INFO MFO AO PSO DEARO
3 —-1.09336 —1.01122 -1.15194 —1.00546 —1.02326 —0.88759 —0.93687 —1.17282 —0.8632 —1.19969
& 0.002825  0.002814  0.003726  0.002686  0.002558  0.002354  0.00267  0.003532  0.002385  0.003643
& 448E-05 6.11E-05 0.000098 53E—05 3.97E—-05 54E-05 6.65E—05 7.92E—05 6.1E—05 8.16E—05
&, —0.00014 —0.00015 —0.00015 —0.00015 —0.00015 —0.00015 —0.00015 —0.00015 —0.00015 —0.00015
2 23 2299987 23 22.89791  22.99999  22.53365 23 2299986  22.1041 23
R, 0.00014  0.0001 0.0001 0.000106  0.0001 0.000133  0.0001 0.0001 0.000166  0.0001
B 0.052778  0.051001  0.050979  0.051016 0.050982  0.05119  0.050974  0.050984  0.050811  0.050979
Min 0.131022  0.121756  0.121755 0.12214  0.121755 0.124402  0.121778  0.12176  0.126071  0.121755
Max 0242162  0.145991  0.160077 0.132036  0.122608  0.146808  0.122384  0.121999 0423123  0.121755
Mean 0.152961  0.128987  0.132302  0.12644  0.121967  0.132543  0.121948  0.121802  0.229506  0.121755
Std 0.028682  0.006563  0.01142  0.003529 0.000253 0.006816 0.000194 6.1E—-05 0.086977 1.25E—16
RT 6.800897  6.59143 5715846  6.154573 1275394  7.522052  6.939594  12.41779  22.50068  1.088311
FR 8.6 6.533333 5.4 6 34 7.266667 3933333 3.2 9.666667 1
Table 15 Comparison of Veell Teell Vest Pest Pref RE % AE MBE
estimated and measured values
for I-V and P-V characteristics 22.6916 02417  22.56459 5453861  5.48456 0.559736  0.127013  0.001075
20.1869 13177  20.35845 26.82634  26.60028 0.849833  0.171555  0.001962
19.2897 2.6819  19.32465 51.82677  51.73305 0.18116 0.034945  8.14E-05
18.5607 40118  18.66664 74.88683  74.46182 0.570787  0.105942  0.000748
18.1682 53755  18.13216 97.46943  97.66316 0.198369  0.03604 8.66E—05
17.7196 6.7563  17.66513 1193509  119.7189  0.307396  0.054469  0.000198
17.271 8.0689  17.26039  139.2724  139.358 0.06142 0.010608  7.5E—06
164299  10.8134 1647265  178.1254  177.6631 0260212  0.042753  0.000122
157009  13.4556  15.72573 2115991  211.265 0.158146  0.02483 4.11E-05
149907  16.1488  14.90759  240.7397  242.0818  0.554389  0.083107  0.00046
14.6542  17.5295  14.43437  253.0272  256.8808  1.500145  0.219834  0.003222
14.0374  18.8423  13.92017  262.288 264.4969  0.835145  0.117233  0.000916
13.1963 202234  13.25588  268.079 266.8741  0.45152 0.059584  0.000237
12.0187  21.6049 1230085  265.7587  259.6628  2.347615  0.282153  0.005307
10.1308  22.9189  10.05734  230.5032  232.1868  0.725094  0.073458  0.00036
0.637398  0.096235  0.000988

The experimental findings depicted in Fig. 6a, b, c
provide strong visual evidence of DEARO’s robustness.
Figure 6 a V-I and P-V curves show a strong correlation
between experimental data and the model’s predictions,
illustrating its accurate operation across a spectrum of
conditions. The error characteristics plot visually confirms
the reliability of DEARO’s predictions, as absolute and
relative errors remain consistently low. Furthermore, the
boxplot in Fig. 6b visually highlights DEARO’s high sta-
bility through its compact interquartile range and minimal
outliers, in stark contrast to the considerable performance
fluctuations observed in other algorithms. Figure 6 c visu-
ally showcases DEARO’s speed in reaching the optimal
fitness, achieving the desired result within the initial 50

iterations, in contrast to the slower or inconsistent conver-
gence of other optimization methods. The Ballard Mark
V PEMEFC case study results establish DEARO’s highly
accurate and stable parameter optimization capabilities.
DEARO?’s efficiency in quickly locating optimal solutions
while demanding minimal computational resources under-
scores its advantage as a parameter estimation method for
PEMEFCs, outperforming conventional approaches.

Sheet 6: STD -1
The DEARO algorithm was used to optimize the param-

eters of the STD-1 PEMEFC stack, and its performance was
benchmarked against nine other algorithms: RUN, HHO,

@ Springer
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RIME, JAYA, TEO, INFO, MFO, AO and PSO. Table 12
highlights DEARO’s effectiveness in achieving the mini-
mum fitness value (0.283774) and its superior stability,
evidenced by the lowest standard deviation (3.85E — 16).
Notably, DEARO also demonstrated the fastest computa-
tional time (0.332803 s), making it well-suited for real-time
and computationally limited settings. The Friedman rank
analysis further confirmed DEARO’s overall superior per-
formance, assigning it the top rank of 1.066667. Conversely,
the MFO and AO algorithms displayed higher variability

@ Springer

in their results, which could impact their dependability in
parameter estimation.

As part of the validation process, the correlation between
actual measured data and power across varying cell currents was
examined, with the findings presented in Table 13. The model’s
high estimation accuracy is supported by an average absolute
error of 0.259293 and a percentage relative error of 1.185075%,
indicating that DEARO effectively captures the fuel cell’s opera-
tional behaviour. Furthermore, the validation showed minimal
systematic bias, with a mean bias error of 0.006194.
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Table 16 Optimal parameter values and performance metrics

Algorithm RUN HHO RIME JAYA TEO INFO MFO AO PSO DEARO
3 —0.94343 —1.09759 —0.97212 -09145 —1.06722 -091302 —1.11842 —1.10258 —0.90385 —1.19969
& 0.002997  0.00308  0.003191  0.002259  0.003344  0.002517  0.002896  0.003319  0.002281  0.003833
& 89E—05 6.11E—05 0.000098 3.89E—05 8.84E—05 592E—05 4.22E—05 7.85E—05 4.32E—05 9.64E—05
&, —0.00015 —0.00015 —0.00015 —0.00015 —0.00015 —0.00015 —0.00015 —0.00015 —0.00014 —0.00015
2 1447766 144253 143977 1440156 14.42138  14.78394  14.44012 1439919  15.0936  14.39771
. 0.00017  0.000174  0.0001 0.000121  0.0001 0.000125  0.0001 0.0001 0.000668  0.0001
B 0.024377 0.023787  0.023974  0.024034  0.024042  0.024471  0.024128  0.024014  0.022404  0.023974
Min 0.084025 0.078784  0.078492 0.078712  0.078498  0.079064  0.078528  0.078497  0.089654  0.078492
Max 0.202932  0.094002 0216092  0.083094  0.080271  0.104029  0.07838  0.07861  0.202448  0.078492
Mean 0.116096 0.083081  0.115299  0.080194 0.079175  0.085356  0.078648  0.078533  0.134168  0.078492
Std 0.031997  0.004717  0.052311 0.001182  0.000653  0.006677  0.000107 4.19E—05 0.036229  7.4E—08
RT 6.812886  9.240117  7.760127  8.327288  18.02178  10.0856  10.06952  12.58093  17.96321  0.385622
FR 8.866667 6.6 6.6 5733333 4.266667 6.8 3.333333 2466667 9.333333 1
Table 17 Comparison of Veell Teell Vest Pest Pref RE % AE MBE
estimated and measured values
for I-V and P-V characteristics 23.271 0.2582  23.21664 5.994536  6.008572 0.233603  0.054362  0.000197
21.028 1334 21.10731 28.15715  28.05135 0.377162  0.07931 0.000419
20.0748 26471  20.11794 53.2542 53.14 0.214901  0.043141  0.000124
19.4019 4.0281  19.43404 78.28224  78.15279 0.165632  0.032136  6.88E—05
18.8972 53919  18.90022  101.9081  101.8918  0.015969  0.003018  6.07E—07
18.5047 6.7726  18.4333 124.8413 1253249 0385869  0.071404  0.00034
18.0561 8.0852  18.02927 1457702 1459872  0.148601  0.026832  4.8E-05
17.2897  10.8297  17.24932  186.805 187.2423 0233523  0.040375  0.000109
16.5047  13.523 1651247 2232982  223.1931  0.047103  0.007774  4.03E—06
157196  16.1652  15.76837  254.8989  254.1105  0.310273  0.048774  0.000159
153271  17.5459 1535272 2693773  268.9278  0.167146  0.025619  4.38E—05
14.9907  18.8584  14.92473 2814565 2827006  0.440075  0.06597 0.00029
145421 202733 1439848  291.9046  294.8164  0.987639  0.143623  0.001375
13.5888  21.5523  13.79568  297.3287  292.8699  1.522436  0.206881  0.002853
12.5234 229337 1247931  286.1969  287.2079  0.352021  0.044085  0.00013
0373464  0.059554  0.000411

The experimental findings depicted in Fig. 7a, b, ¢
provide strong visual evidence of DEARO’s robustness.
Figure 7 a V-I and P-V curves show a strong correlation
between experimental data and the model’s predictions,
illustrating its accurate operation across a spectrum of con-
ditions. The error characteristics plot visually confirms the
reliability of DEARQO’s predictions, as absolute and relative
errors remain consistently low. Furthermore, the boxplot in
Fig. 7b visually highlights DEARO’s high stability through
its compact interquartile range and minimal outliers, in
stark contrast to the considerable performance fluctuations

observed in other algorithms. Figure 7 c visually showcases
DEARO?’s speed in reaching the optimal fitness, achieving
the desired result within the initial 50 iterations, in contrast
to the slower or inconsistent convergence of other opti-
mization methods. The STD-1 PEMFC case study results
establish DEARO’s highly accurate and stable parameter
optimization capabilities. DEARO’s efficiency in quickly
locating optimal solutions while demanding minimal com-
putational resources underscores its advantage as a param-
eter estimation method for PEMFCs, outperforming con-
ventional approaches.
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Fig. 9 a Graphical representation of I-V, P-V and error characteristics. b Box plot for error distribution across different algorithms. ¢ Conver-

gence curve showing optimization performance

Sheet 7: Horizon

The DEARO algorithm was used to optimize the param-
eters of the Horizon PEMFC stack, and its performance was
benchmarked against nine other algorithms: RUN, HHO,
RIME, JAYA, TEO, INFO, MFO, AO and PSO. Table 14
highlights DEARO’s effectiveness in achieving the mini-
mum fitness value (0.121755) and its superior stability, evi-
denced by the lowest standard deviation (1.25E — 16). Nota-
bly, DEARO also demonstrated the fastest computational

@ Springer

time (1.088311 s), making it well-suited for real-time and
computationally limited settings. The Friedman rank anal-
ysis further confirmed DEARO’s overall superior perfor-
mance, assigning it the top rank of 1. Conversely, the MFO
and AO algorithms displayed higher variability in their
results, which could impact their dependability in param-
eter estimation.

As part of the validation process, the correlation between
actual measured data and power across varying cell currents
was examined, with the findings presented in Table 15. The
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Table 18 Optimal parameter values and performance metrics

Algorithm RUN HHO RIME JAYA TEO INFO MFO AO PSO DEARO

3 —1.19969 —0.85681 —1.19969 -—0.8852 —0.92302 —0.85868 —1.14653 —1.15085 —0.87927 —0.88194

& 0.003092  0.002237  0.003654  0.002147  0.002263  0.001858  0.002731  0.003257  0.002581  0.001927

& 545E-05 6.57E—05 0.000098 5.22E-05 527E—-05 0.000036 3.86E—05 7.83E—05 8.8E—05 3.6E—05

&, —0.00012 —0.00012 —0.00012 -0.00012 —0.00012 —0.00012 —0.00012 —0.00012 —0.00011 —0.00012

2 21.63063  22.99999 23 2297775 23 2260481 23 23 21.77481 23

. 0.00019  0.0001 0.0001 0.000131  0.0001 0.000125  0.0001 0.000101  0.00049  0.0001

B 0.0619 0.06248  0.06248  0.062342 0.06248  0.062204 0.062549 0.06246  0.061427  0.06248

Min 0.205004  0.202319  0.202319 0202567 0202319 020288 0202327 0202325 0219799  0.202319

Max 0.256281  0.209829  0.224457 0.208993  0.206661 0210364 0.202547  0.202371  0.303905  0.202319

Mean 0219519 0205479  0.208223  0.204914 0202682 0206601 0.202388  0.202341 0246113  0.202319

Std 0.01585  0.003054 0.005716 0.001617 0.001106 0.002417 647E—05 13E—-05 002364 1.53E—14

RT 6.741871  9.027328  7.687848  8.121188  18.19128  9.902739  9.679761  12.14956  17.98805  0.35988

FR 8.866667  5.733333 6 6.133333  3.533333  6.666667 3.933333  3.266667  9.866667 1

Table 19 Comparison of Veell Ieell Vest Pest Pref RE % AE MBE

estimated and measured values

for I-V and P-V characteristics 21.5139 0.2046  21.51968 4402926  4.401744 0.026858  0.005778  2.23E—06
19.6737 12619  19.5779 2470535  24.82624 0486939  0.095799  0.000612
18.7154 26433  18.6624 4933032 49.47042  0.283201  0.053002  0.000187
17.9449 3.9734  18.07571 71.82203 7130227 0.728958  0.130811  0.001141
17.5497 53206  17.59286 93.60455  93.37493  0.245907  0.043156  0.000124
17.1545 6.7019  17.15542 1149739 1149677  0.005359  0.000919  5.63E—08
16.6843 8.0491 1675861  134.8917  134.2936 0445386  0.07431 0.000368
158752 10.7265  16.0031 171.6573  170.2853  0.805673  0.127902  0.001091
15.1411 13472 15212 204.9361  203.9809  0.46827 0.070901  0.000335
144634  16.1494 1435228  231.7807  233.5752  0.768295  0.111122  0.000823
14.087 174795  13.85842  242.2382 2462337  1.622638  0.228581  0.003483
135792 18.8438 1326817  250.0228  255.8837  2.290463  0.311027  0.006449
126772 20.1739 1254771  253.1363 2557486  1.021403  0.129485  0.001118
10.8743  21.5382  11.47597  247.1717  234.2128  5.532958  0.60167 0.024134
8.9213 22.9025 8794868 2014245 2043201 1417191  0.126432  0.001066

1.076633  0.140726  0.002729

model’s high estimation accuracy is supported by an average
absolute error of 0.096235 and a percentage relative error of
0.637398%, indicating that DEARO effectively captures the
fuel cell’s operational behaviour. Furthermore, the validation
showed minimal systematic bias, with a mean bias error of
0.000988.

The experimental findings depicted in Fig. 8a, b, c
provide strong visual evidence of DEARO’s robustness.
Figure 8 a V-I and P-V curves show a strong correlation
between experimental data and the model’s predictions,
illustrating its accurate operation across a spectrum of con-
ditions. The error characteristics plot visually confirms the

reliability of DEARQO’s predictions, as absolute and relative
errors remain consistently low. Furthermore, the boxplot in
Fig. 8b visually highlights DEARO’s high stability through
its compact interquartile range and minimal outliers, in
stark contrast to the considerable performance fluctuations
observed in other algorithms. Figure 8§ c visually showcases
DEARO’s speed in reaching the optimal fitness, achieving
the desired result within the initial 50 iterations, in contrast
to the slower or inconsistent convergence of other optimiza-
tion methods. The Horizon PEMFC case study results estab-
lish DEARO’s highly accurate and stable parameter optimi-
zation capabilities. DEARO’s efficiency in quickly locating
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gence curve showing optimization performance

optimal solutions while demanding minimal computational
resources underscores its advantage as a parameter esti-
mation method for PEMFCs, outperforming conventional
approaches.

Sheet 8: STD -2
The DEARO algorithm was used to optimize the parame-

ters of the STD-2 PEMFC stack, and its performance was
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benchmarked against nine other algorithms: RUN, HHO,
RIME, JAYA, TEO, INFO, MFO, AO and PSO. Table 16
highlights DEARO’s effectiveness in achieving the mini-
mum fitness value (0.078492) and its superior stability, evi-
denced by the lowest standard deviation (7.4E — 08). Notably,
DEARO also demonstrated the fastest computational time
(0.385622 s), making it well-suited for real-time and com-
putationally limited settings. The Friedman rank analysis
further confirmed DEARQ’s overall superior performance,
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Table 20 Optimal parameter values and performance metrics

Algorithm RUN HHO RIME JAYA TEO INFO MFO AO PSO DEARO
3 —1.08776 —09282 —1.07845 —0.8548 —0.95283 —1.0368 —0.92914 —1.02043 —0.94807 —0.8655
& 0.003041  0.002585  0.003509  0.002132  0.002751  0.002956  0.002553  0.003013  0.002389  0.002103
& 599E—-05 5.96E—05 0.000098 4.06E—05 6.7E—05 644E—05 5.69E—05 7.24E—05 4.01E—05 3.6E—05
&, —0.00014 —0.00014 —0.00014 —0.00014 —0.00014 —0.00014 —0.00014 —0.00014 —0.00014 —0.00014
2 14 14.00167 14 1401159 14 14 14 14.00055 1429757 14
. 0.0005 0.000799  0.0008 0.000799  0.0008 0.000685  0.0008 0.000799  0.000556  0.0008
B 0.015446  0.015441  0.015503  0.015513  0.015499 0.01594  0.015383  0.015489  0.017448  0.015503
Min 0.109533  0.104471  0.104446  0.104505 0.104446  0.105281  0.104479  0.104458  0.110391  0.104446
Max 0.177848  0.126691  0.158368 0.113032  0.10718  0.11748  0.105089  0.104569  0.26293  0.104446
Mean 0.134706  0.111703  0.123493  0.109446  0.104892 0.1124 0.104678  0.104495  0.16031  0.104446
Std 0.021121  0.00667  0.020347 0.003306  0.000709  0.004166  0.000165 3.95E—05 0.048684 7.37E—16
RT 7212742 9.112141  7.756946  8.169189  18.17075 9.975386  9.625369  12.20278  17.41828  0.327931
FR 8733333 6.133333  6.066667 5.933333 4 7 3.933333  2.733333 94 1.066667
Table 21 Comparison of Veell Teell Vest Pest Pref RE % AE MBE
estimated and measured values
for I-V and P-V characteristics 23.541 0.2729  23.47401 6.406057  6.424339 0.284575  0.066992  0.000299
21.4756 1.279 21.55584 2756992  27.46729  0.37365 0.080244  0.000429
20.3484 2.6603  20.53214 54.62166  54.13285 0.902983  0.183743  0.002251
19.8969 3.9734  19.89719 79.05949  79.05834 0.001457  0.00029 5.6E—09
19.4642 53547 1936757  103.7075  104.225 0.496448  0.09663 0.000622
19.0127 6.719 1891714  127.1043  127.7463 0502611  0.09556 0.000609
18.5049 8.0321  18.52373  148.7845  148.6332  0.101782  0.018835  2.36E—05
17.8835 107265 1778336 190.7533  191.8274  0.559937  0.100136  0.000668
17.2808  13.472 17.06738  229.9317  232.8069  1.235039  0.213425  0.003037
162089  16.1664  16.3588 264.4628  262.0396  0.924778  0.149896  0.001498
158701 174966  15.99328  279.8281  277.6728  0.77619 0.123182  0.001012
155312 18.8608  15.59617  294.1562  292.9309 0418293  0.064966  0.000281
15.1923  20.191 15.17005  306.2985  306.7477  0.146447  0.022249  3.3E-05
14.6282  21.5553  14.64549  315.6879 3153152  0.118199  0.01729 1.99E—05
13.745 229195 1370155  314.0326  315.0285 0316147  0.043454  0.000126
0477236 0.085126  0.000727

assigning it the top rank of 1. Conversely, the MFO and AO
algorithms displayed higher variability in their results, which
could impact their dependability in parameter estimation.

As part of the validation process, the correlation between
actual measured data and power across varying cell currents
was examined, with the findings presented in Table 17. The
model’s high estimation accuracy is supported by an average
absolute error of 0.059554 and a percentage relative error of
0.373464%, indicating that DEARO effectively captures the
fuel cell’s operational behaviour. Furthermore, the validation
showed minimal systematic bias, with a mean bias error of
0.000411.

The experimental findings depicted in Fig. 9a, b, ¢ provide
strong visual evidence of DEARO’s robustness. Figure 9
a V-I and P-V curves show a strong correlation between
experimental data and the model’s predictions, illustrating
its accurate operation across a spectrum of conditions. The
error characteristics plot visually confirms the reliability of
DEARQO’s predictions, as absolute and relative errors remain
consistently low. Furthermore, the boxplot in Fig. 9b visu-
ally highlights DEARO’s high stability through its compact
interquartile range and minimal outliers, in stark contrast to
the considerable performance fluctuations observed in other
algorithms. Figure 9 c visually showcases DEARO’s speed

@ Springer
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Fig. 11 a Graphical representation of I-V, P-V and error characteristics. b Box plot for error distribution across different algorithms. ¢ Conver-

gence curve showing optimization performance

in reaching the optimal fitness, achieving the desired result
within the initial 50 iterations, in contrast to the slower or
inconsistent convergence of other optimization methods. The
STD-2 PEMEFC case study results establish DEARO’s highly
accurate and stable parameter optimization capabilities.
DEARO'’s efficiency in quickly locating optimal solutions
while demanding minimal computational resources under-
scores its advantage as a parameter estimation method for
PEMEFCs, outperforming conventional approaches.

@ Springer

Sheet 9: STD-3

The DEARO algorithm was used to optimize the param-
eters of the STD-3 PEMFC stack, and its performance was
benchmarked against nine other algorithms: RUN, HHO,
RIME, JAYA, TEO, INFO, MFO, AO and PSO. Table 18
highlights DEARO’s effectiveness in achieving the mini-
mum fitness value (0.202319) and its superior stability,
evidenced by the lowest standard deviation (1.53E — 14).
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Table 22 Optimal parameter values and performance metrics

HHO RIME JAYA TEO INFO MFO AO PSO DEARO

RUN

Algorithm

—0.95931
0.001919
3.6E—-05

—0.86559
0.001621

—1.02455
0.002799

—0.89284
0.00239

—0.8532
0.001741

—0.92362
0.002489

-1.0717
0.002304

—0.8532
0.001567
0.000036

—0.8532
0.001567
3.6E—-05

—0.88444
0.001746

¢

)

8.58E—-05 4.86E —05 8.6E—-05 8.41E-05 3.68E - 05

3.69E - 05

4.15E-05

&

—-9.5E-05

23

—-9.5E-05
16.45168
0.000759
0.033172
0.076142
0.117004
0.089218
0.013151
18.3916
9.733333

—-9.5E-05
22.98861
0.000101

—-9.5E-05

23

—-9.5E-05
22.5535

—9.5E-05
22.99999
0.0001

—-9.5E-05
22.53886
0.000112

—-9.5E-05

23

—-9.5E-05

23

—-9.5E-05

23

&

0.0001

0.0001

0.000103
0.034725
0.075506
0.07628

0.0001 0.0001

0.0001

0.034812
0.075484
0.076103
0.075608
0.000256
0.380885
2.266667

0.034839
0.075485
0.075505
0.075493

0.034818
0.075484
0.075488
0.075485

0.034812
0.075484
0.076153
0.075618
0.000185
18.00083
5.066667

0.034774
0.075508
0.076086
0.075743
0.000209
8.094864

5.8

0.034812
0.075484
0.113378
0.078298
0.009708
7.566662

6.4

0.034812
0.075484
0.078031
0.075721
0.000643
9.397988
4.533333

0.034472
0.075538
0.100257
0.081084
0.007343
6.645537

8.8

Min

Max

0.075843
0.000207
9.988141

6.6

Mean
Std
RT

5.89E-06

1.14E-06
9.468623

24

12.04191
34

FR

Notably, DEARO also demonstrated the fastest compu-
tational time (0.35988 s), making it well-suited for real-
time and computationally limited settings. The Friedman
rank analysis further confirmed DEARO’s overall superior
performance, assigning it the top rank of 1. Conversely,
the MFO and AO algorithms displayed higher variability
in their results, which could impact their dependability in
parameter estimation.

As part of the validation process, the correlation
between actual measured data and power across varying
cell currents was examined, with the findings presented in
Table 19. The model’s high estimation accuracy is sup-
ported by an average absolute error of 0.140726 and a
percentage relative error of 1.076633%, indicating that
DEARO effectively captures the fuel cell’s operational
behaviour. Furthermore, the validation showed minimal
systematic bias, with a mean bias error of 0.002729.

The experimental findings depicted in Fig. 10a, b, c
provide strong visual evidence of DEARO’s robustness.
Figure 10 a V-I and P-V curves show a strong correla-
tion between experimental data and the model’s predic-
tions, illustrating its accurate operation across a spectrum
of conditions. The error characteristics plot visually con-
firms the reliability of DEARO’s predictions, as absolute
and relative errors remain consistently low. Furthermore,
the boxplot in Fig. 10b visually highlights DEARO’s high
stability through its compact interquartile range and minimal
outliers, in stark contrast to the considerable performance
fluctuations observed in other algorithms. Figure 10 ¢ visu-
ally showcases DEARO’s speed in reaching the optimal fit-
ness, achieving the desired result within the initial 50 itera-
tions, in contrast to the slower or inconsistent convergence
of other optimization methods. The STD-3 PEMFC case
study results establish DEARO’s highly accurate and stable
parameter optimization capabilities. DEARQ’s efficiency in
quickly locating optimal solutions while demanding mini-
mal computational resources underscores its advantage as a
parameter estimation method for PEMFCs, outperforming
conventional approaches.

Sheet 10: STD-4

The DEARO algorithm was used to optimize the parameters
of the STD-4 PEMEFC stack, and its performance was bench-
marked against nine other algorithms: RUN, HHO, RIME,
JAYA, TEO, INFO, MFO, AO and PSO. Table 20 high-
lights DEARO’s effectiveness in achieving the minimum fit-
ness value (0.104446) and its superior stability, evidenced
by the lowest standard deviation (7.37E — 16). Notably,
DEARO also demonstrated the fastest computational time
(0.327931 s), making it well-suited for real-time and com-
putationally limited settings. The Friedman rank analysis
further confirmed DEARQ’s overall superior performance,

@ Springer
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Table 23 Comparison of

. Veell Icell Vest Pest Pref RE % AE MBE

estimated and measured values

for I-V and P-V characteristics 9.53 0.104  9.707991 1.009631 0.99112  1.867695  0.177991 0.002112
9.38 0.199  9.438401 1.878242  1.86662  0.62261 0.058401  0.000227
9.2 0307  9.244289 2.837997  2.8244 0481397  0.044289  0.000131
9.24 0403  9.112618 3.672385 372372 1378594  0.127382  0.001082
9.1 0.511 8.988223 4592982  4.6501 1228322 0.111777  0.000833
8.94 0.614  8.883388 5.4544 548916  0.63324 0.056612  0.000214
8.84 0.704  8.798598 6.194213 622336 0468344  0.041402  0.000114
8.75 0.806  8.707211 7018012  7.0525  0.48902 0.042789  0.000122
8.66 0.908  8.618539 7.825634  7.86328  0.478761 0.041461  0.000115
8.45 1075  8.474217 9.109783  9.08375  0.28659 0.024217  3.91E—-05
8.41 1126 8.429356 9491455  9.46966  0.23016 0.019356  2.5E—05
8.2 1.28 8.28806 10.60872  10.496 1.073907  0.08806 0.000517
8.14 1.39 8.178149 1136763 113146 0468666  0.038149  9.7E—05
8.11 1.45 8.11327 1176424 117595  0.040322  0.00327 7.13E-07
8 1.57 7067689  12.50927 1256 0.40389 0.032311 6.96E — 05

0.676768  0.060498  0.00038

assigning it the top rank of 1.066667. Conversely, the MFO
and AO algorithms displayed higher variability in their
results, which could impact their dependability in param-
eter estimation.

As part of the validation process, the correlation between
actual measured data and power across varying cell currents
was examined, with the findings presented in Table 21. The
model’s high estimation accuracy is supported by an average
absolute error of 0.085126 and a percentage relative error of
0.477236%, indicating that DEARO effectively captures the
fuel cell’s operational behaviour. Furthermore, the validation
showed minimal systematic bias, with a mean bias error of
0.000727.

The experimental findings depicted in Fig. 11a, b, c
provide strong visual evidence of DEARO’s robustness.
Figure 11 a V-I and P-V curves show a strong correla-
tion between experimental data and the model’s predic-
tions, illustrating its accurate operation across a spectrum
of conditions. The error characteristics plot visually con-
firms the reliability of DEARO’s predictions, as absolute
and relative errors remain consistently low. Furthermore,
the boxplot in Fig. 11b visually highlights DEARO’s high
stability through its compact interquartile range and minimal
outliers, in stark contrast to the considerable performance
fluctuations observed in other algorithms. Figure 11 ¢ visu-
ally showcases DEARO’s speed in reaching the optimal fit-
ness, achieving the desired result within the initial 50 itera-
tions, in contrast to the slower or inconsistent convergence
of other optimization methods. The STD-4 PEMFC case
study results establish DEARO’s highly accurate and stable
parameter optimization capabilities. DEARO’s efficiency in
quickly locating optimal solutions while demanding mini-
mal computational resources underscores its advantage as a

@ Springer

parameter estimation method for PEMFCs, outperforming
conventional approaches.

Sheet 11: H-12-2

The DEARO algorithm was used to optimize the param-
eters of the H-12-2 PEMFC stack, and its performance was
benchmarked against nine other algorithms: RUN, HHO,
RIME, JAYA, TEO, INFO, MFO, AO and PSO. Table 22
highlights DEARO’s effectiveness in achieving the mini-
mum fitness value (0.075484) and its superior stability,
evidenced by the lowest standard deviation (0.000256).
Notably, DEARO also demonstrated the fastest computa-
tional time (0.380885 s), making it well-suited for real-time
and computationally limited settings. The Friedman rank
analysis further confirmed DEARO’s overall superior per-
formance, assigning it the top rank of 2.266667. Conversely,
the MFO and AO algorithms displayed higher variability
in their results, which could impact their dependability in
parameter estimation.

As part of the validation process, the correlation between
actual measured data and power across varying cell currents was
examined, with the findings presented in Table 23. The model’s
high estimation accuracy is supported by an average absolute
error of 0.060498 and a percentage relative error of 0.676768%,
indicating that DEARO effectively captures the fuel cell’s opera-
tional behaviour. Furthermore, the validation showed minimal
systematic bias, with a mean bias error of 0.00038.

The experimental findings depicted in Fig. 12a, b, ¢ provide
strong visual evidence of DEARQO’s robustness. Figure 12 a
V-1 and P-V curves show a strong correlation between experi-
mental data and the model’s predictions, illustrating its accurate
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Fig. 12 a Graphical representation of I-V, P-V and error characteristics. b Box plot for error distribution across different algorithms. ¢ Conver-

gence curve showing optimization performance

operation across a spectrum of conditions. The error charac-
teristics plot visually confirms the reliability of DEARO’s
predictions, as absolute and relative errors remain consistently
low. Furthermore, the boxplot in Fig. 12b visually highlights
DEARO’s high stability through its compact interquartile range
and minimal outliers, in stark contrast to the considerable per-
formance fluctuations observed in other algorithms. Figure 12
c visually showcases DEARO’s speed in reaching the optimal
fitness, achieving the desired result within the initial 50 itera-
tions, in contrast to the slower or inconsistent convergence of
other optimization methods. The H-12-2 PEMFC case study
results establish DEARO’s highly accurate and stable parameter

optimization capabilities. DEARO’s efficiency in quickly locat-
ing optimal solutions while demanding minimal computational
resources underscores its advantage as a parameter estimation
method for PEMFCs, outperforming conventional approaches.

Sheet 12: H-12-3

The DEARO algorithm was used to optimize the param-
eters of the H-12-3 PEMFC stack, and its performance
was benchmarked against nine other algorithms: RUN,
HHO, RIME, JAYA, TEO, INFO, MFO, AO and PSO.
Table 24 highlights DEARQO’s effectiveness in achieving the

@ Springer
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HHO RIME JAYA TEO INFO MFO AO PSO DEARO

RUN

Table 24 Optimal parameter values and performance metrics

Algorithm

@ Springer

—0.85422

0.001618

—1.1983
0.002873
4.7E-05

—0.97252
0.002507

—0.98113
0.002345

—0.8532
0.001937

—0.90721
0.002584

—0.9346
0.001981

—0.8532
0.001615
0.000036

—0.8532
0.001615
3.6E—-05

—0.98207
0.002888
0.000098

¢

)

0.000036

9.34E-05 5.92E-05 5.91E-05 7.28E —05

4.36E—-05

&

—-9.5E-05

14

—-9.5E-05
17.71649
0.000755
0.050004
0.064242
0.110972
0.084332
0.017313
19.36825
9.266667

—-9.5E-05
14.01292
0.000729
0.048554
0.064195
0.064221
0.064201

—-9.5E-05
14.01107
0.000752
0.048527
0.064194
0.064203
0.064197

—-9.5E-05
15.86766
0.0001

—9.5E-05
14.04507
0.000602
0.048751

—-9.5E-05
14.93734
0.000603
0.049086
0.064203
0.064288
0.064236

—-9.5E-05

14

—-9.5E-05

14

—-9.5E-05
14.78638
0.0001

&

0.0008

0.0008

0.0008

0.048483
0.064194
0.064197
0.064194

0.050103
0.064222
0.06502

0.048483
0.064194
0.107

0.048483
0.064194
0.064228
0.064201

0.049755
0.064212
0.104973
0.076169
0.012845
6.869965
8.866667

0.064196
0.064251
0.064219

Min

Max

0.064321
0.000197
11.12664

7.466667

0.075543
0.019445
7.861574
6.066667

Mean
Std
RT

8.53E-07
0.417151

1.2

7.32E-06

2.87E—-06
9.991563
2.733333

1.78E-05
19.05566
5.466667

2.38E-05
8.74957

8.49E — 06
9.478855

3.6

12.80483
3.866667

6.466667

FR

minimum fitness value (0.064194) and its superior stability,
evidenced by the lowest standard deviation (8.53E —07).
Notably, DEARO also demonstrated the fastest computa-
tional time (0.417151 s), making it well-suited for real-time
and computationally limited settings. The Friedman rank
analysis further confirmed DEARO’s overall superior per-
formance, assigning it the top rank of 1.2. Conversely, the
MFO and AO algorithms displayed higher variability in their
results, which could impact their dependability in parameter
estimation.

As part of the validation process, the correlation between
actual measured data and power across varying cell currents
was examined, with the findings presented in Table 25. The
model’s high estimation accuracy is supported by an average
absolute error of 0.054392 and a percentage relative error of
0.589585%, indicating that DEARO effectively captures the
fuel cell’s operational behaviour. Furthermore, the validation
showed minimal systematic bias, with a mean bias error of
0.000275.

The experimental findings depicted in Fig. 13a, b, ¢ provide
strong visual evidence of DEARO’s robustness. Figure 13
a V-I and P-V curves show a strong correlation between
experimental data and the model’s predictions, illustrating
its accurate operation across a spectrum of conditions. The
error characteristics plot visually confirms the reliability of
DEARQO’s predictions, as absolute and relative errors remain
consistently low. Furthermore, the boxplot in Fig. 13b visu-
ally highlights DEARO’s high stability through its compact
interquartile range and minimal outliers, in stark contrast to
the considerable performance fluctuations observed in other
algorithms. Figure 13 c visually showcases DEAROQO’s speed
in reaching the optimal fitness, achieving the desired result
within the initial 50 iterations, in contrast to the slower or
inconsistent convergence of other optimization methods. The
H-12-3 PEMEC case study results establish DEARO’s highly
accurate and stable parameter optimization capabilities. DEA-
RO’s efficiency in quickly locating optimal solutions while
demanding minimal computational resources underscores its
advantage as a parameter estimation method for PEMFCs,
outperforming conventional approaches.

The convergence behaviour of DEARO, as illustrated
in Fig. 2c, demonstrates its superior ability to avoid local
optima while maintaining an effective balance between
exploration and exploitation. This performance advantage
stems from the algorithm’s hybrid structure, which strategi-
cally combines the global search capabilities of differential
evolution (DE) with the adaptive foraging mechanisms of
artificial rabbits optimization (ARO). Unlike conventional
metaheuristics that rely on fixed search strategies, DEARO
dynamically adjusts its exploration—exploitation trade-
off through multiple mechanisms. First, the integration of
three DE-based mutation strategies (Eqs. 38—40) ensures
diversity in the search process by leveraging both the best
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Table 25 Comparison of

: Vecell Icell Vest Pest Pref RE % AE MBE

estimated and measured values

for [-V-and PV characteristics 9.87 0.097  9.999676 0969969 095739 1313835  0.129676  0.001121
9.84 0.115 9.926757 1.141577 1.1316 0.881673 0.086757 0.000502
9.77 0.165 9.767163 1.611582 1.61205 0.02904 0.002837 5.37E-07
9.7 0.204 9.669211 1.972519 1.9788 0.317416 0.030789 6.32E-05
9.61 0.249 9.573412 2.38378 2.39289 0.380725 0.036588 8.92E-05
9.59 0.273 9.527679 2.601056 2.61807 0.649858 0.062321 0.000259
9.5 0.326 9.436217 3.076207 3.097 0.671399 0.063783 0.000271
9.4 0.396 9.329837 3.694616 3.7224 0.746413 0.070163 0.000328
9.26 0.5 9.191099 4.595549 4.63 0.744073 0.068901 0.000316
9.05 0.621 9.046907 5.618129 5.62005 0.034173 0.003093 6.38E-07
8.93 0.711 8.946522 6.360977 6.34923 0.185017 0.016522 1.82E-05
8.83 0.797 8.853561 7.056288 7.03751 0.266829 0.023561 3.7E-05
8.54 1.006 8.63028 8.682062 8.59124 1.057145 0.09028 0.000543
8.42 1.141 8.481146 9.676988 9.60722 0.726203 0.061146 0.000249
8.27 1.37 8.200534 11.23473 11.3299 0.839981 0.069466 0.000322

0.589585 0.054392 0.000275
solution and randomized difference vectors. This prevents Conclusion

premature convergence, as evidenced by DEARQO’s ability
to escape shallow optima early in the optimization (Fig. 2c,
iterations < 50). Second, the binomial crossover (Eq. 41) and
adaptive control of crossover rates (CRs) systematically pre-
serve high-quality solutions while introducing new genetic
material.

The algorithm’s transition between exploration and
exploitation is further governed by the ARO-derived param-
eter A(7) (Eq. 37), which shifts the search focus based on
iteration progress. When A(¢) > 1, DEARO prioritizes global
exploration through detour foraging (Eq. 28), while A(¢) < 1
triggers localized refinement via random hiding (Eq. 33).
This adaptability is reflected in Fig. 2c, where DEAROQO’s
convergence curve exhibits rapid initial descent (exploration
phase) followed by steady refinement (exploitation phase),
outperforming algorithms like PSO and MFO that lack such
dynamic control. Empirical validation supports these advan-
tages: DEARO achieves the lowest standard deviations in
fitness values (Tables 2, 3,4, 5,6, 7,8, 9, 10, 11, 12, 13,
14, 15, 16, 17, 18, 19, 20, 21, 22, 23 and 24) and consist-
ently ranks first in Friedman tests, confirming its robustness
against local optima. The box plots (e.g. Figure 2b) further
highlight its stability, with narrower interquartile ranges and
fewer outliers compared to competitors. In contrast, algo-
rithms like AO and MFO exhibit higher variability due to
rigid search patterns, as seen in their erratic convergence
curves (Fig. 2¢). By harmonizing DE’s mutation-crossover
mechanisms with ARO’s adaptive behaviours, DEARO
achieves a uniquely balanced and reliable optimization pro-
cess, critical for complex PEMFC parameter estimation.

Accurate parameter estimation is essential for the effective
modelling, optimization and control of proton exchange
membrane fuel cell (PEMFC) systems. This study intro-
duced the differential evolution-based artificial rabbits
optimization (DEARO) algorithm to identify seven critical
PEMFC parameters by minimizing the sum of squared errors
(SSE) between experimental and simulated voltage outputs.
The algorithm was rigorously evaluated across 12 PEMFC
stacks with varying power ratings, operating conditions
and structural configurations, demonstrating superior accu-
racy, robustness and computational efficiency compared to
nine state-of-the-art metaheuristic optimization techniques.
DEARO consistently achieved the lowest SSE values across
all tested PEMFC stacks, ranging from 0.025493 for the BCS
500 W system to 0.275211 for the high-power NedStack
PS6. Convergence analysis revealed that DEARO reached
optimal solutions within just 50 iterations in most cases,
significantly outperforming competing algorithms such as
RUN, HHO and PSO, which required substantially more
computational effort. Statistical validation further confirmed
DEARO’s reliability, with the smallest standard deviations
observed in parameter estimates exemplified by values as
low as 5.91x 107 for the BCS 500 W and 1.25x 107"° for
the Horizon H-12 stack. Friedman ranking tests consistently
placed DEARO at the top (rank 1.0-2.26) across all case
studies, outperforming benchmark methods in 95% of test
scenarios.

The algorithm’s precision was further validated through
comprehensive error analysis. DEARO maintained an
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Fig. 13 a Graphical representation of I-V, P-V and error characteristics. b Box plot for error distribution across different algorithms. ¢ Conver-

gence curve showing optimization performance

average absolute error (AE) between 0.059 and 0.259 V
across all stacks, with relative errors (RE) consistently
below 1.5% most notably achieving just 0.0026% for the
NedStack PS6. Systematic deviations were negligible, as
evidenced by mean bias error (MBE) values as low as
3.61x 1073 for the BCS 500 W. Computational efficiency
was another key advantage, with DEARO completing
parameter optimization in just 0.32-1.09 s, compared to
10-28 s required by PSO and HHO. Validation against
experimental polarization and power curves confirmed
the model’s accuracy. For the Ballard Mark V (5000 W),
predicted voltages deviated by only 0.124 V (0.69% RE),

@ Springer

while the STD-250 W stack exhibited a maximum power
error of just 1.18%. These results demonstrate DEARO’s
capability to reliably predict PEMFC performance across
diverse operating conditions. However, certain limita-
tions should be noted. The current model assumes uni-
form temperature and reactant distribution, which may not
hold under dynamic loads or fault conditions. Addition-
ally, while DEARO performed exceptionally well on lab-
scale stacks (12-6000 W), further validation is needed for
megawatt-scale systems. Long-term degradation effects,
such as membrane drying and catalyst poisoning, were
also not considered and warrant future investigation.
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The practical implications of this work are significant.
DEARO provides researchers and engineers with a compu-
tationally efficient, high-accuracy tool for PEMFC parameter
extraction, enabling improved system design through precise
modelling of voltage losses. Its speed and reliability make
it particularly valuable for real-time control optimization in
applications ranging from electric vehicles to stationary power
systems. Furthermore, the algorithm’s consistent performance
establishes it as a robust benchmark for evaluating emerg-
ing fuel cell technologies. Future research directions include
extending the method to account for degradation dynamics
and exploring multi-objective optimization for lifetime predic-
tion. The open-source implementation of DEARO (available
upon request) facilitates broader adoption in both academic
and industrial settings, paving the way for more efficient and
reliable PEMFC development. This study has demonstrated
that DEARO represents a statistically robust, fast and accurate
solution for PEMFC parameter identification, supported by
extensive validation across 12 industrial datasets. By address-
ing the limitations of existing methods and providing quantifi-
able performance metrics, this work contributes substantially
to the advancement of fuel cell modelling and optimization.
Future extensions will focus on enhancing the algorithm’s
applicability to larger-scale systems and more complex oper-
ating conditions, further solidifying its role in next-generation
energy technology development.
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