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Abstract

Proton exchange membrane fuel cells (PEMFCs) are vital for sustainable energy applications due to their efficiency, low
emissions, and quiet operation. Accurate optimization of design variables is essential for their performance enhancement,
but existing algorithms like WR-BBO, TB-BBO, and HBBOS struggle with issues like slow convergence, local optima
entrapment, and parameter sensitivity. The hybrid grouping biogeography-based optimization (HG-BBO) algorithm uses
migration and mutation operators for local and global search, respectively. HG-BBO was applied to optimize the design
variables of 12 PEMFC stacks: BCS 500 W, Nedstack 600 W PS6, SR-12 W, Horizon H-12, Ballard Mark V, and STD 250
W. Comparative analysis with algorithms such as BBO-M, DE-BBO, Lx-BBO, BHCS, BLPSO, and HBBOS revealed that
HG-BBO outperforms them in terms of accuracy, convergence speed, and robustness. The objective function sum of squared
error (SSE) for stack voltage is minimized using different algorithms for comparative analysis. Simulation results for I-V
and V-P characteristics aligned closely with experimental data under varying temperature and pressure conditions. These
findings highlight HG-BBO'’s theoretical significance in solving nonlinear optimization problems and its practical utility in
enhancing PEMFC design and operational reliability. Future work will focus on real-time optimization, algorithm hybridiza-

tion, and scaling to larger energy systems, offering a robust tool for advancing PEMFC technology.

Keywords PEMFC - HG-BBO - Design variable optimization - Fuel cell performance - Voltage-current characteristics -
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Introduction

Declining fossil fuel reserves and the pressing need to miti-
gate pollution and climate change are driving a global shift
towards renewable energy. Fuel cells are a key renewable
energy technology, offering high efficiency, durability, and
environmental advantages. Their versatility, high power den-
sity, rapid start-up, and ability to adapt to fluctuating loads
are particularly beneficial. The low operating temperatures
and pressures also enhance safety. This adaptability has led
to their use in residential, commercial, and industrial sectors,
including stationary, portable, and transportation applica-
tions [1]. Fuel cells are classified by their electrolyte type,
which affects operating temperature, power output, effi-
ciency, and suitable applications. Examples include alka-
line, proton exchange membrane (PEM), phosphoric acid,
solid oxide, and molten carbonate fuel cells [2, 3]. PEM fuel
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cells represent a promising clean energy solution, produc-
ing electricity from hydrogen and oxygen, with only water
as a by-product. However, high catalyst costs hinder their
widespread commercialization [4]. Moreover, PEM fuel
cells exhibit a variable output voltage that decreases non-
linearly with increasing load due to operational losses. This
voltage drop is initially steep due to activation losses, then
gradually lessens due to ohmic losses, and finally declines
more rapidly at higher loads due to concentration losses [5].

A key focus of PEMFC research is characterizing per-
formance beyond manufacturer specifications and devel-
oping highly accurate models of PEMFC voltage—current
behavior. This modeling is challenging due to the inherent
nonlinearity of PEMFCs [6]. Accurate models are essen-
tial for various applications, including performance eval-
uation, optimal control strategies, realistic simulations,
and maximizing power output through techniques like
maximum power point tracking [7-10]. To address this
complexity, researchers have developed various models,
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broadly classified as mechanistic, empirical, and semiem-
pirical (such as Amphlett’s model) [11-14]. The semiem-
pirical PEMFC model is particularly valuable because it
can accurately represent output characteristics by incor-
porating key operational parameters like fluid pressure,
cell temperature, and airflow rate [15]. PEMFC parameter
identification has been extensively studied, with estab-
lished techniques broadly categorized as traditional meth-
ods and metaheuristic algorithms [16—18]. Traditional
techniques, such as gradient-based restoration techniques,
fractional-order modeling, impedance spectroscopy and
characterization, black-box-based approaches, and the cur-
rent change method, often struggle to effectively determine
model parameters. This difficulty arises from the inher-
ent nonlinearity and multivariable complexity of PEMFC
systems [19-22].

Consequently, metaheuristic optimization algorithms
are gaining prominence as researchers seek to overcome the
limitations of traditional methods. The advancement of com-
putational power and artificial intelligence has spurred the
development of numerous metaheuristic algorithms, which
have proven highly effective in solving complex, nonlinear
optimization problems. PEMFC parameter identification can
be effectively framed as such an optimization problem [23].
Metaheuristic algorithms offer a compelling way to find
optimal solutions with high accuracy and low computational
cost. Consequently, many researchers have explored various
metaheuristic algorithms to extract the unknown parameters
that govern PEMFC behavior. These algorithms include
established methods like differential evolution [24], bioge-
ography-based optimization [25], JAYA and Nelder-Mead
simplex [26], whale optimization [27], coyote optimization
[28], bald eagle search optimizer [29], pathfinder algorithm
[30], chaotic Harris Hawks optimization [31], artificial eco-
system optimizer [32], tree growth algorithm [33], marine
predators and political optimizers [34], flower pollination
algorithm [35], grasshopper optimizer [36], and atom search
optimizer [37]. A summary of key observations from recent
optimization strategies (2020-2024) is provided, noting that
most methods use the sum of squared errors (SSE) as the
primary objective function.

A literature review reveals that PEMFC parameter identi-
fication typically focuses on minimizing the sum of squared
errors (SSE) between measured and estimated fuel cell
voltage [38—45]. This work presents a novel approach by
introducing the Huber loss function to this application for
the first time. While existing methods focus on various opti-
mization goals like accuracy, convergence speed, explora-
tion—exploitation balance, and avoiding local minima, this
study proposes a new metaheuristic algorithm [46-51]. This
type of innovative approach has the potential to significantly
advance the field and offer solutions to a range of engineer-
ing problems [52-56].
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This summarizes recent research on PEMFC parameter
identification, highlighting the employed optimization algo-
rithms and their corresponding cost functions. A majority of
these studies focus on minimizing the sum of squared errors
(SSE) between measured and estimated fuel cell voltage.
Several works have explored variations and hybridizations
of existing metaheuristic algorithms. For instance, chaotic
elements have been incorporated into algorithms like Har-
ris Hawks optimization [31], particle swarm optimization
[45], and Bonobo optimizer [53] to enhance exploration and
avoid local minima. Hybrid approaches combining different
algorithms, such as vortex search with differential evolu-
tion [39], gray wolf optimizer [40], Harris Hawks with atom
search [44], and Osprey with coati optimization [55], have
also been investigated. Furthermore, algorithms inspired by
natural phenomena, including tree growth [33], moth—flame
optimization [38], artificial ecosystem optimization [32, 41],
coyote optimization [28], slime mould algorithm [42], and
whale optimization [22], have been applied to this problem.
Various other metaheuristic algorithms have been employed,
such as the pathfinder algorithm [30], improved Archime-
des optimization [43], heap-based optimization [47], bald
eagle search [29, 50], gradient-based optimization [49],
improved evaporation rate water cycle [51], improved gorilla
troops [52], swarm intelligence algorithm [54], war strategy
optimization [56], Kepler optimization [57], social learn-
ing—based optimization [58], spotted hyena optimizer [59],
multistrategy tuna swarm optimization [60], dynamic ant
colony optimization [61], enhanced slap swarm algorithm
[62], improved walrus optimization [63], chaotic swarm
intelligence [64], rime-ice algorithm [65], and exponential
distribution optimizer [66]. While SSE is the most common
cost function, some studies have explored alternatives like
total standard deviation [33], relative error [43], mean abso-
lute error (MAE) [22], power-based sum of absolute error
[45], and mean squared error (MSE) [29, 48, 53].

The optimization algorithms and computational intelli-
gence have undergone rapid development, and the efficiency
and accuracy of solving complex engineering problems have
increased tremendously. The efficiency of metaheuristic
algorithms has been proven in recent studies in different
areas such as photovoltaic parameter estimation [67], com-
bined heat and power economic emission dispatch [68], and
multiarea economic dispatch with renewable energy integra-
tion [69]. On the same note, better optimization methods
like opposition-based learning and Laplacian crossover [70],
enhanced hippopotamus optimization [71], and multiobjec-
tive brown bear optimization [72] have been observed to
perform well in mechanical and structural design optimiza-
tion. The comparative studies of metaheuristics also demon-
strate their usefulness in constrained engineering problems
[73], whereas hybrid methods (artificial neural networks and
evolutionary algorithms) have been successful in designing
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Fig. 1 Schematic diagram of
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structural components [74]. Also, more sophisticated pre-
dictive modeling methods, including TimesNet-GPR,
have been used effectively to analyze fuel cell degradation
under dynamic conditions [75]. Such advances highlight
the increasing significance of intelligent optimization and
machine learning in solving practical engineering problems.

The shortcomings of the current optimization algorithms
like BBO and DE-BBO are well-established in the literature
and are important in explaining the need for the proposed
HG-BBO algorithm. The problem with traditional BBO is
that it converges slowly and has a high probability of being
trapped in local optima because of its use of fixed migra-
tion rates and a lack of exploration. Although DE-BBO is
an improvement over BBO (adding differential evolution),
it suffers the same issues of parameter tuning sensitivity
and exploration—exploitation trade-off as BBO, especially
in high-dimensional and nonlinear problems, such as esti-
mating PEMFC parameters. The deficiencies result in sub-
optimal solutions and higher computational expenses. The
proposed HG-BBO algorithm is able to overcome these
shortcomings by a hybrid migration operator that linearly
combines dynamic random heuristic crossover and expo-
nentially dynamic random differential mutation, which
improve local and global search abilities. Also, a global-
best Gaussian mutation operator and random opposition
learning are incorporated to further reduce premature con-
vergence and enhance solution accuracy. The innovations
allow HG-BBO to perform better than other methods in
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terms of convergence speed, robustness, and computational
efficiency, as shown by the detailed comparative study of 12
PEMEFC cases. The theoretical and practical importance of
the algorithm in complex optimization problems is empha-
sized by its capacity to outperform the existing methods
consistently.

The hybrid grouping biogeography-based optimization
(HG-BBO) algorithm developed helps in solving the limi-
tations that have been identified in the current optimization
methods used in the parameter estimation of the proton
exchange membrane fuel cell (PEMFC). Although there
exist many algorithms, many of them have problems like
slow convergence, the tendency to get stuck in local optima,
and sensitivity to parameter tuning. These shortcomings
make them ineffective in the accurate modeling of the highly
nonlinear and multivariable nature of PEMFC systems. The
HG-BBO algorithm presents a hybrid migration operator,
which is a linearly dynamic random heuristic crossover and
exponentially dynamic random differential mutation com-
bination, and a global-best Gaussian mutation operator, to
produce better exploration—exploitation balance. This com-
bination of features allows more effective global search and
still preserves the accuracy of local search, making the con-
vergence faster and the quality of the solutions better than
in the traditional approaches. Moreover, the simplicity of
computation and the removal of unnecessary computations
that the algorithm possesses fulfill the efficiency require-
ments of real-time optimization problems.

@ Springer



lonics

This work is the creation and use of the hybrid grouping
biogeography-based optimization (HG-BBO) algorithm,
which brings great innovations to the current optimization
methods of PEMFC parameter estimation. The suggested
algorithm incorporates a hybrid migration operator that is a
combination of linearly dynamic random heuristic crosso-
ver and exponentially dynamic random differential mutation,
which allows the balance of exploration and exploitation
to be more effective. This method removes the calculation
overhead of the emigration rate and increases the efficiency
of the search by example-based learning. Also, the intro-
duction of a global-best Gaussian mutation operator in the
subsequent search stages enhances the convergence rate and
accuracy of the solution. The algorithm also stands out by
the random opposition learning, which does not cause pre-
mature convergence but does not add complexity to the com-
putation. All these innovations share the common feature
of overcoming some of the main drawbacks of the existing
methods, namely, slow convergence, sensitivity to param-
eters, and local optima.

The hybrid grouping biogeography-based optimization
(HG-BBO) algorithm shows clear superiority over other
metaheuristic methods in the optimization of PEMFC
parameters, especially in convergence speed, solution accu-
racy, and robustness. In contrast to the gray wolf optimizer
(GWO) where exploration and exploitation are performed
based on a hierarchical social structure, HG-BBO uses a
hybrid migration operator along with global-best Gaussian
mutation, which makes the transition between the global
and local search smoother. Although GWO may be prone to
premature convergence because of a strict leader—follower
structure, the dynamic adaptation mechanisms of HG-BBO,
including the linearly decreasing mutation rate, opposition-
based learning, can help it escape local optima and preserve
search efficiency.

Likewise, Harris Hawks optimization (HHO), a nature-
inspired algorithm that simulates the collaborative hunting
of hawks, has good exploratory power, but may not be able
to refine solutions effectively in nonlinear optimization
spaces that are very nonlinear. Conversely, the migration
and mutation operators of HG-BBO that are biogeography-
inspired offer a more systematic trade-off between explo-
ration and exploitation and thus more stable convergence
behavior. The search process is further refined by the incor-
poration of a sinusoidal model of migration to calculate
the rate of immigration, which eliminates the likelihood of
erratic convergence behavior, which is sometimes experi-
enced in HHO.

As compared to evolutionary algorithms (EAs) that mainly
rely on crossover and mutation operations, HG-BBO proves
to be more adaptive to complex PEMFC models. Conven-
tional EAs, like genetic algorithms (GAs), usually need a
lot of parameter-tuning and may be computationally costly
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because they depend on random genetic operations. Con-
versely, the hybrid migration operator of HG-BBO, which is
a hybrid between heuristic crossover and differential mutation,
increases the diversity of solutions and reduces the amount of
redundant computations. Also, the learning mechanism of the
algorithm, which is based on opposition, adds another level
of exploration, avoiding the stagnation in suboptimal areas,
which is one of the weaknesses of standard EAs.

HG-BBO is better than current metaheuristics in param-
eter optimization of PEMFCs because it exploits the advan-
tages of biogeography-based optimization and the power
of hybridization techniques. It is well suited to the high-
dimensional, nonlinear optimization problems of fuel cell
modeling because it can sustain a strong balance between
exploration and exploitation and because it has adaptive
mutation and migration mechanisms. Its performance could
also be confirmed in future through comparison with other
hybrid metaheuristics, including hybrid GWO-PSO or adap-
tive HHO variations, to strengthen its position as a top opti-
mization tool in energy systems.

The hybrid grouping biogeography-based optimization
(HG-BBO) algorithm uses migration and mutation operators
for local and global search, respectively. The hybrid group-
ing biogeography-based optimization (HG-BBO) algorithm
is unique as compared to the existing methods because of a
well-thought hierarchical structure that strategically com-
bines the migration, mutation, and opposition-based learning
operators in a phased manner. In contrast to the traditional
hybrid algorithms, which merely mix several techniques,
HG-BBO employs a three-level optimization structure
with each of the elements being tailored and having dif-
ferent responsibilities depending on the search phase. The
migration operator uses a linearly dynamic random heuristic
crossover to perform localized refinement in the exploitation
phases, whereas the mutation operator uses an exponentially
dynamic random differential mechanism to explore glob-
ally. This hierarchical division of operations avoids the usual
traps of operator interference that are found in other hybrid
algorithms. Moreover, HG-BBO also incorporates a new
global-best Gaussian mutation in later generations to speed
up the convergence, as well as a selective opposition-based
learning approach that only focuses on randomly chosen
solutions in order to keep the computational efficiency. The
theoretical benefits of the algorithm are its sinusoidal migra-
tion model and dynamic parameter adaptation mechanisms,
which offer theoretical benefits in terms of balancing explo-
ration—exploitation trade-offs, as the algorithm has shown to
perform consistently across a variety of PEMFC configura-
tions. This systematic hybridization strategy is proven to
be more accurate (based on the low SSE values), converges
faster (stability is reached after 40 iterations), and more
robust (SDs are close to machine epsilon) than the current
methods that use the same components in less coordinated



lonics

structures. The hierarchical combination of these opera-
tors in HG-BBO is a great improvement over the traditional
hybrid implementations since it guarantees that each opera-
tor works best at the phase of the search that it is assigned to.
This hierarchical approach increases research efficiency and
ensures a soft transition between exploration and exploitation.
The key contributions of this research include the following:

e Optimization framework: developing HG-BBO as an
arithmetic algorithm that efficiently balances explora-
tion and exploitation for nonlinear PEMFC parameter
optimization problems.

e Comprehensive benchmarking: evaluating HG-BBO
against nine state-of-the-art algorithms, including PR-
BBO, BBO-M, DE-BBO, Lx-BBO, BHCS, BLPSO,
HBBOS, TD-BBO, and WR-BBO, to highlight its com-
parative strengths.

e PEMEFC analysis: applying the HG-BBO framework to
six distinct PEMFC stacks: BCS 500 W, Nedstack 600
W PS6, SR-12 W, Horizon H-12, Ballard Mark V, and
STD 250 W to validate its versatility and robustness.

e Enhanced parameter estimation: achieving superior
accuracy in minimizing the sum of squares error (SSE)
between experimental and modeled data, with results
consistently outperforming existing methods.

e Scalability and efficiency: demonstrating the scalability
of HG-BBO across multiple PEMFC configurations,
ensuring its adaptability to varying operational scenarios
and design constraints.

The structure of this paper is as follows: “Modeling of
PEMFC” discusses the mathematical modeling of PEMFCs
and the challenges associated with parameter estimation.
“Biogeography-based optimization with hybrid migration
and global-best Gaussian mutation” introduces the HG-BBO
framework and explains its operational phases. “Results and
discussion” provides a comparative analysis with advanced
algorithms, presents simulation results for 12 PEMFC con-
figurations, and includes statistical analyses and sensitivity
studies. Finally, “Conclusion” highlights the key findings
and explores potential directions for future research.

Modeling of PEMFC

Figure 1 depicts the modeling of PEM fuel cells, which con-
vert chemical energy into electrical energy. Hydrogen and
oxygen are supplied to the anode and cathode, respectively.
A thin membrane, the electrolyte, facilitates ion transport
while blocking electron flow. Catalysts lower the activation
energy needed for hydrogen oxidation. Ions migrate through
the electrolyte, while electrons travel through an external
circuit, producing an output voltage. A single PEMFC

typically generates a voltage between 0.9 and 1.23 V. To
satisfy higher power demands, multiple cells (V) are con-
nected in series, forming a PEMFC stack. The stack voltage
(Vac) 18 calculated using Eqs. (1) and (2) [2] [36].

Vslack = Ncells X Vcell (1)
Vcell = ENernst - (Vacl + VQ + Vcom) 2)

The voltage of a single cell (V) is composed of four
elements: the Nernst open circuit voltage (Eyeqs) and three
overpotential losses. Eyen» calculated under standard con-
ditions using Eq. (3), represents the theoretical maximum
voltage. The remaining three elements, representing losses,
are activation losses (V,), ohmic voltage drop (v,), and
concentration overpotential drop, also known as mass trans-
port losses (v.,,). These losses are calculated using Egs. (8),
(10), and (12), respectively [14].

Enernest = 1.229 — 85 % 1075(T — 298.15) + 4.3085

3
x 10 =5 % T(I,(Pyv/Poo) &
RH, X PH20 1
Py, =
2 <RHQPH20 N e(%)m,m) B 1) 4)

1

( RHL\PH20 « e(%)(—rl wx) _ 1>

Po, = {RH. X Py, For pure oxygen

Pu

Py, = {PC —RH, XPy, - 8% X P, X e(%) }Fornaturalair
®)
log o (Pyapo) =2.95X AT X 1072 = 9.18 X (AT)?
+1.44 x 1077 x (AT)? —2.18
AT =T —273.15 (6)

The partial pressures of hydrogen (PH,) and oxygen
(PO,), crucial for calculating the Nernst voltage, are deter-
mined using Eqgs. (4) and (5), respectively. These equa-
tions consider factors like relative humidity at the cathode
(RH,) and anode (RH,), saturation pressure of water vapor
(PH,0), and inlet pressures at the anode (P,) and cathode
(P,). Equation (6) calculates PH,O, with AT representing
the difference between the cell temperature (7) and 273.15
(Eq. (7)). ‘I’ denotes the cell current, and ‘A’ represents
the membrane’s effective area. The cell’s operational tem-
perature (7) is typically below 100 °C.
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The voltage losses due to fuel cell loading are calcu-
lated using the following equations. Activation losses
(V,ep) are determined by Eq. (8), which incorporates sem-
iempirical coefficients (1 to £€4) and the oxygen concen-
tration (CO,) at the catalytic layer Eq. (9). Ohmic voltage
drop (V) across resistances is calculated using Eq. (10),
where R, is the membrane resistance and R, is the con-
tact resistance. The membrane’s specific resistivity (p,,) is
given by Eq. (11), which depends on factors like current
density, temperature, and membrane water content (4).
Concentration drop in voltage (V) is calculated using
Eq. (12), where f is a coefficient and J/J_,, represents the

max
ratio of current density to its maximum value.

Vo =1(R, xR,).R, = " ©

) 181.6[1+0.03(1) +0.062(:5)" ()|
" - 0ssa— (L) xels o w

1
J >=_B,1n<1 - (11)

max max

Vcon = _ﬁln<1 - ]

Accurately determining membrane water content (1) can
be difficult due to its fluctuating nature during operation. This
study assumes a constant and acceptable water content across
all operating conditions. Using a robust Huber loss func-
tion and the HGBBO algorithm, this study optimizes seven
unknown parameters (4, £1 to &4, R_, and f§). This optimiza-
tion aims to develop an accurate PEMFC model suitable for
simulation and research. Notably, some of these parameters
are not typically available in manufacturer datasheets.

<9d

Vo) if <

sin — Yexp

Vo =V,

sin exp

0.5(V
LS =
o

where L; is huber loss function.

A review of existing literature indicates that PEMFC
parameter identification optimization primarily aims to
minimize the sum of squared errors (SSE) between meas-
ured and estimated fuel cell voltages across a given dataset.
This study introduces a novel approach. The current meth-
ods emphasize various optimization objectives, including
accuracy, convergence speed, exploration—exploitation

Vsin - Vexp
— O.56>0therwise

12)
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balance, and escaping local minima. The application of
innovative metaheuristic algorithms, such as the one pro-
posed here, has the potential to significantly advance the
field and facilitate effective solutions to a range of engi-
neering challenges. Numerous models have been employed
to simulate the fuel cell I-V curve, each exhibiting varying
performance.

Biogeography-based optimization
with hybrid migration and global-best
Gaussian mutation

The biogeography-based optimization (BBO) algorithm
uses migration and mutation operators for local and global
search, respectively [66]. To combat premature convergence
and rotational variance, the two-stage differential BBO (TD-
BBO) was developed [76]. TD-BBO incorporates the DE/
current-to-rand/1 differential evolution strategy to improve
local search and achieve rotational invariance. A two-stage
mechanism enhances population diversity by using a sinu-
soidal migration model to calculate the immigration rate (1)
and a separate method for the emigration rate (¢). TD-BBO,
while an improvement, still has limitations. While it uses
a constant emigration rate () in its first stage and a sinu-
soidal model in the second, along with Gaussian mutation
and greedy selection, it suffers from an imbalance between
exploration and exploitation. Its updating efficiency is low,
as only solutions selected for immigration are updated. Fur-
thermore, parameter tuning is complex, and the computa-
tional cost is high due to the calculation of immigration,
emigration, and mutation rates, as well as the roulette wheel
selection process. While the two-stage differential migra-
tion enhances exploitation, it can hinder convergence speed.
Finally, although the Gaussian mutation provides some
exploration, its effectiveness is limited and can also nega-
tively impact convergence, especially in later search phases.

Hybrid migration operator
Linearly dynamic random heuristic crossover

TD-BBO’s roulette wheel selection for emigration habitat
selection is computationally expensive and inefficient [77].
Inspired by the natural process of homologous chromosome
recombination, which creates new individuals, this work
proposes a linearly dynamic random heuristic crossover
to address these issues. This crossover method, detailed in
Eq. (13), aims to improve search space exploration.

H, (SIV;) < H,(SIV)) + w s (rand — 0.5) = (H,(SIV;) — H, (SIV;)
13)
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Table 1 Twelve PEMFC manufacturer sheets

Sheet 7 Sheet 8 Sheet 9 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
12
13
8.1

SR-12
500
48

NetStack PS6
6000
65

BCS 500 W

500
32
64

PEMEC type
Power (W)
Nigjjs (n0.)

A (cm?)

I (um)

T (K)

232
178
343

62.5
25

240

127 127 127 25 25
343 343

343

127
343

25

178
343

178
333
469

312

302

338
446

323

323
672

246.9
0.5

246.9
0.4

860
2.5

860
2.5

860
1.5
1.5

860
1.0
1.0

1500

1.0

246.9

1125
1.0
1.0

Jax (MA/cm?)

PH, (bar)
PO, (bar)

0.55
1.0

0.4935
1.0

1.47628
0.2095

1.0
0.2095

1.0

1.0

3.0

3.0

1.0

In this equation, w is a dynamically adjusted parameter,
and (rand-0.5) generates a random number between — 0.5 and
0.5, representing the emigration habitat, selected using an
example learning approach [78]. The immigration habitat, and
SIV denotes the suitability index variables of a habitat. The
example learning approach is crucial, as individuals learn and
improve by emulating successful examples. This approach,
used in the migration process, eliminates the need to calculate
the emigration rate, thus reducing computational complexity.
Habitats are ranked by fitness, and if the kth habitat is cho-
sen for immigration, the emigration habitat is selected from
the top k— 1 habitats to ensure positive population evolution.
The index of the chosen emigration habitat is randomly deter-
mined, as shown in the following equation Eq(14):

e = ceil((k — 1) * rand) (14)

Here, ceil () rounds up to the nearest integer, and e is the
index of the chosen emigration habitat. The dynamic param-
eter w decreases linearly from 1 to O as the current iteration
number ¢ increases, according to the following equation:

w=1-1/M (15)

where M represents the maximum number of iterations. It
is generally accepted that exploration should be emphasized
in early search phases, while exploitation is more impor-
tant later. Analyzing Egs. (13) and (15), we see that early
in the search, w and the difference between (He(SIVj) and
Hk(SIVj))) Hk(SIVj) « He(SIVj) are larger. This leads to a
wider search range around H,, promoting population diver-
sity and global search. Conversely, later in the search, both
w and the difference between H H,(SIV;) and H, (SIV;)
decrease [77], narrowing the search range around H, and
improving local search and convergence speed. Essentially,
the current island H, evolves towards better islands H, mak-
ing this crossover method more focused on exploitation.
Finally, unlike TD-BBO, which calculates both immigra-
tion and emigration rates, this algorithm only calculates
the immigration rate using the sinusoidal migration model,
reducing the computational burden.

Exponentially dynamic random differential mutation

TD-BBO’s migration process leaves some habitat features
unchanged, potentially hindering search efficiency. To
address this, an exponentially dynamic random differential
mutation is introduced to update these nonmigrating fea-
tures. This mutation approach is combined with the previ-
ously described linearly dynamic random heuristic crossover
to create a hybrid migration operator. Differential evolution
[79] is a powerful evolutionary algorithm that leverages
the distance and direction between individuals to guide the

@ Springer
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Fig.2 Characteristic curves: a P-V, V-1, and error curve; b boxplot; and ¢ convergence curve for sheet 1

search for better solutions. Inspired by this, a novel expo-
nentially dynamic random mutation operator is proposed to
enhance population diversity and global search. This opera-
tor uses two differential strategies, chosen with equal prob-
ability. If the linearly dynamic random heuristic crossover
is not applied to certain features of a habitat, either Eq. (16)
or (17) is randomly selected for execution with equal prob-
ability. These equations are defined as follows:

Hk(SIVj) = Hk(SIVj) ook HI(SIVj) (16)
— H,(SIV;) + H,(SIV;) — Hy(SLV;)
Hy(SIV)) = Hy(SIV)) + o # Hyy (SIV)) an

— H,(SIV;) + H,(SIV;) — H,(SLV))

@ Springer

where Hy, (SIV;) represents the best habitat in the current
population, andH, (SIV;).H, (SIV,), H,,(SIV;),and H,(SIV))
are randomly selected habitats, with 7, n, m, h, k€[1, N] and
r#£n#m#h#k. ais an exponentially dynamic scale factor
that controls the range of differential disturbance, defined
by Egs. (18) and (19):

o = rand” (18)

ﬂ=ﬂmin+(ﬂmax_ ) *t/M (19)

where f;, and ., are minimum and maximum values
of f, respectively.

Equation (18) shows that, unlike using a constant «,
this method uses a random exponent with a wide fluctua-
tion range (0 to 1), which can improve population diversity.

min
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Table 2 Parameter optimization and function maximization for sheet 1

Algorithm PR-BBO  BBO-M  DE-BBO Lx-BBO  BHCS BLPSO  HBBOS TD-BBO WR-BBO HG-BBO
£, ~1.19969 —0.95355 —0.8532 —1.19919 —093622 -095392 —1.00639 —1.01547 —1.05155 —0.90961
£, 0.003962  0.002705 0.002374 0.003328 0.00279  0.003416 0003443 000319  0.003178  0.002975
£ 834E—05 5.04E—05 4.85E—05 43E—05 592E—05 9.6E—05 877E—05 6.97E—05 6.23E—05 7.63E—05
£ ~0.0002  —0.00019 —0.00019 —0.00019 —0.00019 —0.00019 —0.00019 —0.00019 —0.00018 —0.00019
A 23 2299999  20.87729 2198456 21.02195 22301  21.18586  20.92116  16.10689  20.87724
Re 0.000113  0.00033  0.0001 0.000185  0.000111  0.000134  0.0001 0.000102  0.000107  0.0001
B 001638 0016022 0016126 0016244 0016161 0016789 0.016329 001614 0013652  0.016126
Min 0.036077  0.025829  0.025493  0.025683 0.025506  0.026527 0.025604  0.025495  0.055335  0.025493
Max 0.182235  0.035187 0.041017 0.036426 0.030207 0057813 0.026735 0.025588 0462822  0.025493
Mean 0087193  0.029308  0.034443  0.029941 0.026476  0.034346 0.025922  0.025517  0.189534  0.025493
std 0.043845  0.003364 0.005981 0.00322  0.001429  0.008621 0.000304 3.01E—05 0.142293 337E—16
RT 9.09032 9458132  7.863045 8433612 17.29198 9574993  9.152203  10.88156  17.53434  0.245247
FR 9.076923  5.615385  6.692308  5.692308 4.076923  6.923077 4 2153846 9769231 1
Table 3 Performance metrics Veell  Ieell Vest Pest AE Pref MBE RE %
of the proposed algorithm for
sheet 1 29 0.6 2899722 17.39833  0.002777  17.4 428E—07  0.009575
2631 2.1 2630594 5524247 0004063 55251 9.17E—07  0.015443
2509  3.58 25.09356  89.83493  0.003555  89.8222 7.02E—07  0.01417
2425  5.08 2425462 1232135  0.00462 123.19 1LI9E—06  0.019053
2337 717 2337542 167.6017 0005416 1675629  1.63E—06  0.023175
257 955 2258461 2156831 0014615 2155435  1.19E—05  0.064754
2206 1135 2207133 2505096 0011327  250.381 7.13E—06  0.051348
2075 1254 2175846 2728511 0008463 272745 398E—06  0.038913
2145 1373 2146126 2946631 0011263 2945085  7.0SE—06  0.052506
2109 1573 2098774  330.1372  0.102258  331.7457  0.000581 0.484867
2068 17.02 2069451 3522206  0.014509 3519736  1.I7E—05  0.070162
2022 1901 2023099  386.6141  0.010986 3864042  671E—06  0.054332
1976 212 19.77094  419.144 0010943 418912 6.65E—06  0.055381
1936 23 1936602 4454186  0.006025  445.8 202E—06  0.03112
1886 2508  18.86647  473.171 0.006466  473.0088  232E—06  0.034286
1827 2717 1827472 4965242  0.004721 4963959  124E—06  0.025838
1795 2806  17.95331 5037699  0.003311  503.677 6.09E—07  0.018444
17.3 2026  17.29288 5059896  0.007123  506.198 28E—06  0.041174
0.012913 361E—05  0.061363

Equations (18) and (19) show that « is generated by a ran-
dom exponent, and f, a dynamically adjusted parameter,
varies from g, to .., further enhancing the algorithm’s
flexibility. Equations demonstrate that a wider range for a
leads to a broader search aroundH,thus improving global
search. Therefore, using the exponentially dynamic random
factor is both necessary and effective. From Equations can
see that early in the evolutionary process, f is small and
a is large, resulting in a wide search range around H, and
facilitating exploration of potentially promising areas. Later
on, f becomes large and @ becomes small, narrowing the
search range around H, to enhance local search. Algorithm 1

presents the pseudocode for this hybrid migration operator,
where N is the population size, D is the number of variables
in the optimization problem, and rand generates a uniformly
distributed random real number between 0 and 1.

Algorithm 1 The hybrid migration operator

Calculate the scaling factor o according to Eq. (18) and (19)for k=1
to N dofor j=1 to D do if rand < Ak then Use the example learning
approach to select He Update Hy(SIV)) by Eq. (13)else

if rand <0.5 then UpdateH, SIV; by Eq. (16)else
Update Hk(SIVj) by Eq. (17) end if end if end for end for

@ Springer
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Fig.3 Characteristic curves: a P-V, V-1, and error curve; b boxplot; and ¢ convergence curve for sheet 2

Global-best Gaussian mutation operator

Previous work has explored using Gaussian, Cauchy, and Levy
mutation operators within BBO [80], with Gaussian mutation
also being used to improve exploration [81], including in TD-
BBO. This paper simplifies the mutation process by remov-
ing the mutation rate calculation used in TD-BBO and instead
employs a linearly decreasing mutation rate mp.This simplifi-
cation reduces computational complexity. mp decreases with
increasing iteration number, as shown in Eq. (20):

mp = mp .y — (mpmax - mpmin) * t/M (20)

This algorithm retains the Gaussian mutation operator
from TD-BBO for the initial half of the search. As previ-
ously mentioned, exploration should be emphasized in the
early stages, while exploitation becomes more critical later.
Therefore, a global-best mutation operator is employed in

@ Springer

the second half. Inspired by the global-best harmony search
algorithm [82], this new global-best mutation operator is
defined as follows:

cn = ceil(rand * D) 21

Hk(SIVj) « SIV,.(SIV,,) (22)

Equation (20) shows that mp decreases linearly with
increasing iteration number. Early in the search, mp larger,
increasing the likelihood of Gaussian mutation. Later, when
most habitats have good HSIs, mp is smaller, and the global-
best mutation operator is used. This allows less fit habitats
to learn from the global best, while preventing fitter habitats
from regressing, thus improving convergence. Algorithm 2
provides the pseudocode for this global-best Gaussian muta-
tion operator, where randn(0,1) generates Gaussian random
numbers with a mean g =0 and variance o>=1[76].
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Table 4 Parameter optimization and function maximization for sheet 2

PR-BBO BBO-M DE-BBO Lx-BBO BHCS BLPSO HBBOS TD-BBO WR-BBO HG-BBO

Algorithm

&

—0.85418
0.002429
3.8E-05

—0.8532
0.003275
0.000098

—1.0689
0.00316

—1.09547
0.003616

—0.86042
0.003088

—0.92221

0.002896

—1.14704
0.003609

—1.19969
0.003945

—0.8532

0.002398

—0.95109
0.003422

&

3.61E-05 7.43E-05 6.13E—-05 5.71E-05 8.37TE—-05 7.24E - 05 4.55E-05

8.9E—-05

&

—-9.5E-05

—-9.5E-05
15.23396
0.000176
0.025044
0.308782
0.601489
0.404939
0.09208

—-9.5E-05
14.03019
0.000118

—-9.5E-05
14.00782
0.000119

—-9.5E-05

14

—9.5E-05
14.00487
0.000124
0.016445
0.275293
0.292148
0.280553
0.005288
23.00154
5.230769

—-9.5E-05

14

—-9.5E-05

14

—-9.5E-05

14

—-9.5E-05
16.14864
0.000103
0.038978
0.293527
1.320816
0.468659
0.281767
12.65221
9.307692

&4

0.00012
0.016788
0.275211

0.017581
0.275661
0.28344

0.278848
0.003159

0.017393
0.275617
0.279775
0.276517
0.001134

0.000117
0.017263
0.275275
0.310939
0.282769
0.011027
16.02975
5.230769

0.000117
0.01731

0.00012
0.016788
0.275211

0.000105
0.019031
0.275636
0.315484
0.294237
0.010709
12.79053
7.230769

0.275257
0.336715
0.287861
0.017858
12.9428

4.769231

Min

0.275211

0.276061
0.275893
0.00031

Max

0.275211

Mean
Std
RT

2.61E-16
0.301204

1

23.55387
9.461538

13.64153

4.923077

12.35433
4.307692

11.24613
3.538462

FR

Random opposition learning

To enhance global search capabilities, opposition-based
learning [83] is incorporated. In this algorithm, a randomly
selected habitat undergoes opposition-based learning, as
shown in Eq. (23):

H,, < b+ (ub—H.) (23)

In this equation, H,, represents a randomly chosen habi-
tat from the current population, while ub and /b denote the
upper and lower bounds of the habitat’s values, respec-
tively. Equation (23) essentially calculates the “opposite”
of the randomly selected habitat and uses it as a new solu-
tion. This helps prevent the population from getting stuck
in local optima. By applying opposition-based learning to
only one randomly chosen habitat, the algorithm maintains
efficiency without significantly increasing computational
cost or requiring additional parameter tuning.

Algorithm 2 The global-best Gaussian mutation operator

Calculate the mutation rate

by Eq. (20) for k=1 to N dofor j=1 to D do if rand < m,,
then if t<M/2

Hy(SIVy)=H,(SIV)

randn (0,1) else Update H,(SIVj)

by Egs. (21) and (22) end ifend if end forend for

Other improvements

This algorithm, like TD-BBO, uses greedy selection instead
of elitist selection to reduce runtime and eliminate a tuning
parameter [84]. Furthermore, the immigration rate is calcu-
lated only once, outside the iteration loop, further reducing
computational complexity (assuming fitness values remain
valid). Algorithm 3 provides the algorithm’s pseudocode.
Key differences between this algorithm and TD-BBO. The
key improvements of the proposed algorithm over TD-BBO
are as follows: (1) this algorithm uses a hybrid migration
operator instead of TD-BBO’s two-stage differential migra-
tion. (2) TD-BBO calculates both immigration and emigra-
tion rates at each iteration using a two-stage mechanism.
This algorithm eliminates emigration rate calculation and
calculates the immigration rate (using the sinusoidal model)
only once, outside the iteration loop. (3) TD-BBO uses
Gaussian mutation, while this algorithm employs a novel
global-best Gaussian mutation. TD-BBO calculates the
mutation rate at each iteration, whereas this algorithm uses
a linearly decreasing mutation rate. (4) This algorithm incor-
porates opposition-based learning to avoid local optima,
a feature absent in TD-BBO. Similar to TD-BBO, this

@ Springer
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Table 5 Performance metrics

. Veell Vest Icell Pest AE Pref MBE RE %
of the proposed algorithm for

sheet 2 61.64 62.32708 2.25 140.2359 0.687083 138.69 0.016279 1.114671
59.57 59.75391 6.75 403.3389 0.183906 402.0975 0.001166 0.308722
58.94 59.02299 9 531.207 0.082995 530.46 0.000238 0.140813
57.54 57.47245 15.75 905.191 0.067553 906.255 0.000157 0.117401
56.8 56.69501 20.25 1148.074 0.104994 1150.2 0.00038 0.184848
56.13 56.02304 2475 1386.57 0.106962 1389.218 0.000395 0.190562
55.23 55.13803 31.5 1736.848 0.091967 1739.745 0.000292 0.166516
54.66 54.60299 36 1965.708 0.057007 1967.76 0.000112 0.104294
53.61 53.61886 45 2412.849 0.008863 2412.45 2.71E-06 0.016533
52.86 52.93264 51.75 2739.264 0.072643 2735.505 0.000182 0.137426
51.91 51.43559 67.5 3471.902 0.474414 3503.925 0.007761 0.913916
51.22 51.02539 72 3673.828 0.194606 3687.84 0.001306 0.379942

49.66 49.42672 90 4448.405 0.233283 4469.4 0.001877 0.46976
49 48.64101 99 4815.46 0.358993 4851 0.004444 0.732639
48.15 48.04916 105.8 5083.601 0.100837 5094.27 0.000351 0.209422
47.52 47.6574 110.3 5256.611 0.137396 5241.456 0.000651 0.289134
47.1 47.07283 117 5507.521 0.02717 5510.7 2.55E-05 0.057687
46.48 46.28306 126 5831.665 0.196943 5856.48 0.001337 0.423715
45.66 45.4853 135 6140.516 0.174696 6164.1 0.001052 0.382603
44.85 44.87551 141.8 6363.347 0.025509 6359.73 2.24E-05 0.056876
44.24 44.05684 150.8 6643.772 0.183157 6671.392 0.001157 0.414008
42.45 43.01569 162 6968.542 0.565692 6876.9 0.011035 1.332607
41.66 42.15751 171 7208.934 0.49751 7123.86 0.008535 1.194214
40.68 41.04751 182.3 7482.96 0.367506 7415.964 0.004657 0.903408
40.09 40.36954 189 7629.843 0.279538 75717.01 0.002695 0.697275
39.51 39.66413 195.8 7766.236 0.154127 7736.058 0.000819 0.390097
38.73 38.69983 204.8 7925.726 0.030168 7931.904 3.14E-05 0.077892
38.15 37.95577 211.5 8027.646 0.194228 8068.725 0.001301 0.509117
37.38 36.91421 220.5 8139.583 0.465791 8242.29 0.007481 1.246096
0.211225 0.002612 0.453869

algorithm uses greedy selection after migration and muta-
tion to retain better habitats and improve solution accuracy
and convergence. Finally, the population is sorted only once
per generation to minimize computational overhead.

Algorithm 3 The procedure of our algorithm

Initialize the parameters and generate the population randomly Evalu-
ate the HSI of each habitat and sort the population according to the
HSI Calculate the immigration rate of each habitat for t =1 to M
do Perform Algorithm 1 Perform Algorithm 2 Select Hra randomly

Perform the opposition learning Limit the boundary of each new
solution Calculate each habitat’s HSI

Perform the greed selection Sort the population by their HSIs end for

This algorithm also distinguishes itself from other recent
BBO variants like WR-BBO [85] and HBBOS [86]. While both
WR-BBO and this algorithm improve computational efficiency,
they do so differently. WR-BBO removes the mutation operator
and compensates with a random-scaled differential mutation.

@ Springer

This algorithm, however, uses a global-best Gaussian mutation
and an exponentially dynamic random differential mutation to
enhance global search. WR-BBO employs a dynamic heuristic
crossover for local search, while this algorithm uses a linearly
dynamic random heuristic crossover. Both use opposition-based
learning, but WR-BBO applies it to the worst habitat, while
this algorithm applies it to a random one. Similarities include
replacing roulette wheel selection with example learning, using
greedy selection, and calculating the immigration rate outside
the iteration loop.

Results and discussion

Researcher’s optimized settings for 12 different PEMFC
stacks (BCS 500 W [87] [88], Nedstack 600 W PS6 [87]
[88], SR-12 W [87] [88], Horizon H-12 [89], Ballard Mark
V [90], and STD 250 W [90]) using both experiments and
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Fig.4 Characteristic curves: a P-V, V-1, and error curve; b boxplot; and ¢ convergence curve for sheet 3

computer modeling. For the experiments, they used volt-
age-current data from manufacturers and also took real-time
measurements of gas pressure and cell temperature using
digital multimeters, pressure sensors, and thermocouples.
The 12 PEMEC stacks selected for evaluation were cho-
sen to ensure a comprehensive assessment of the proposed
algorithm’s performance across varying power ranges, oper-
ating conditions, and real-world applications. The stacks
span a broad spectrum of power outputs—from small-scale
systems like the 12 W Horizon H-12 (suitable for porta-
ble electronics) to high-power industrial units such as the
6 kW Nedstack PS6—ensuring that the algorithm is tested

under diverse load demands. Additionally, the tested stacks
cover different configurations, including low-temperature
(302-343 K) and high-pressure (up to 3.0 bar) conditions, as
well as varying membrane properties (thickness: 25—178 um,
active area: 8.1-240 cm?).

To enhance credibility and reproducibility, the study pri-
oritizes publicly available datasets from well-documented
PEMFC manufacturers, including BCS, Ballard, and Hori-
zon, which are widely referenced in fuel cell research. For
instance, the BCS 500 W and Ballard Mark V datasets have
been extensively used in prior PEMFC modeling studies,
allowing for direct comparison with existing optimization
methods. Furthermore, the inclusion of both pure oxygen

@ Springer
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BBO-M DE-BBO Lx-BBO BHCS BLPSO HBBOS TD-BBO WR-BBO HG-BBO

PR-BBO

Table 6 Parameter optimization and function maximization for sheet 3

Algorithm

&
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7
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(Nedstack PS6) and natural air-fed (SR-12, STD 250 W)
cathode configurations ensures that the algorithm is vali-
dated under different reactant supply conditions.

While the current study demonstrates the algorithm’s
effectiveness across these representative cases, future work
could expand validation using additional open-access data-
sets, such as those from the IEEE PES Fuel Cell Database or
experimental data published in peer-reviewed repositories.
This would further reinforce the generalizability of the pro-
posed method and provide a more extensive benchmark for
comparison with alternative optimization techniques.

By systematically evaluating the algorithm across dif-
ferent power levels, operating pressures, temperatures, and
membrane properties, this study ensures that the results are
not only statistically robust but also applicable to a wide
range of PEMFC systems in real-world scenarios. The strong
alignment between simulation and experimental data across
all 12 cases further validates the algorithm’s reliability and
adaptability.

Detailed specifications for each PEMFC model are avail-
able in Table 1. For the computer modeling part, they used
the hybrid grouping biogeography-based optimization (HG-
BBO) to estimate the best parameters. The HG-BBO algo-
rithm is designed with a phased approach (like elementary,
middle, and high school levels) to effectively search for the
best solutions. This optimization aimed to minimize the
sum of squared errors (SSE) between the experimentally
measured voltage values and those predicted by the model.
The performance of the HG-BBO algorithm was evaluated
against nine advanced optimization algorithms (PR-BBO,
BBO-M, DE-BBO, Lx-BBO, BHCS, BLPSO, HBBOS, TD-
BBO, and WR-BBO). All simulations were conducted in
MATLAB R2023a with a group size of 40 and a maximum
of 500 iterations.

HG-BBO algorithm uses a mixture of both boundary
constraint treatment and feasibility maintenance methods
to treat constraints efficiently throughout the optimization
process. The boundary constraints are handled by a reflec-
tion mechanism, in which any solution that is outside the
parameter bounds is reflected back into the search space
of feasible solutions. This method preserves the diversity
of the population and still keeps all the solutions within
physically feasible limits of PEMFC parameters. In more
complicated constraints where there are interdependencies
between the parameters, the algorithm will use a penalty
function approach where it will dynamically modify the fit-
ness value of infeasible solutions depending on the extent
of the constraint violation. The constraint handling strategy
is hierarchical in nature, i.e., boundary violations are cor-
rected first, followed by the feasibility-based selection in the
course of migration operations. This twofold strategy guar-
antees the evolutionary process involves only solutions that
are feasible or slightly violating and does not compromise
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Table 7 Performance metrics

. Veell Vest Icell Pest AE Pref MBE RE %
of the proposed algorithm for

sheet 3 43.17 43.34081 1.004 43.51417 0.170809 43.34268 0.001621 0.395667
41.14 41.09008 3.166 130.0912 0.049922 130.2492 0.000138 0.121347
40.09 39.91451 5.019 200.3309 0.175488 201.2117 0.001711 0.437735

39.04 38.85715 7.027 273.0492 0.182848 274.3341 0.001857 0.46836
37.99 37.93346 8.958 339.808 0.056535 340.3144 0.000178 0.148816
37.08 37.01454 10.97 406.0495 0.065463 406.7676 0.000238 0.176546
36.03 36.07991 13.05 470.8428 0.049906 470.1915 0.000138 0.138511
35.19 35.17136 15.06 529.6807 0.018636 529.9614 1.93E—-05 0.052958
34.07 34.24209 17.07 584.5124 0.172088 581.5749 0.001645 0.505102
33.02 33.28313 19.07 634.7092 0.263126 629.6914 0.003846 0.796869
32.04 32.2707 21.08 680.2664 0.2307 675.4032 0.002957 0.720038
31.2 31.23769 23.01 718.7793 0.037694 717.912 7.89E-05 0.120813
29.8 30.12737 24.94 751.3766 0.327372 743.212 0.005954 1.098562
28.96 28.91713 26.87 777.0034 0.042866 778.1552 0.000102 0.148018
28.12 27.45776 28.96 795.1766 0.662243 814.3552 0.024365 2.355061
26.3 25.9918 30.81 800.8075 0.308195 810.303 0.005277 1.171846
24.06 23.98487 32.97 790.7811 0.075131 793.2582 0.000314 0.312265
21.4 21.78563 349 760.3186 0.385634 746.86 0.008262 1.802027
0.181925 0.003261 0.609475

the exploratory power of the algorithm. The mutation opera-
tors use Gaussian sampling with mean correction to bias
exploration toward more feasible regions, especially use-
ful when some parameters have strict physical constraints
such as water content of the membrane and ohmic resist-
ance. Also, the global-best mutation stage employs the elite
solutions which by definition meet all the constraints and
further directs the population toward the feasible optima.
These constraint handling mechanisms are synergistic with
the hybrid migration operators used in HG-BBO since the
optimization performance and constraint satisfaction must
be balanced, which is of utmost importance in accurate esti-
mation of PEMFC parameters where physical realizability is
a primary concern. The high performance of the algorithm
in handling constraints is demonstrated by the fact that it
produced feasible solutions in all 12 PEMFC test cases and
still performed better in optimization.

Sheet 1

Analysis of PEMFC system sheet 1 revealed that the HG-
BBO algorithm significantly outperformed nine other
optimization algorithms. HG-BBO achieved the highest
accuracy in estimating key parameters (£1= —0.90961,
£,=0.002975, & =7.63E —05), the lowest average error
(0.025493) with minimal standard deviation (3.37E — 16),
and the fastest processing time (0.245247 s). Its Friedman
ranking of 1 indicated superior speed and reliability. Fig-
ure 2a demonstrated HG-BBO’s accuracy in replicating V-1
and P-V curves, while Fig. 2b showed its stability compared

to WR-BBO, TD-BBO, and HBBOS. Figure 2¢c showed
HG-BBO’s rapid convergence. These results, supported by
detailed data in Tables 2 and 3, confirm HG-BBO’s excep-
tional performance in PEMFC parameter optimization due
to its effective three-phase design.

Sheet 2

Analysis of PEMFC system sheet 2 revealed that the HG-
BBO algorithm significantly outperformed nine other
optimization algorithms. HG-BBO achieved the highest
accuracy in estimating key parameters (£1= —0.85418,
£,=0.002429, & =3.8E — 05), the lowest average error
(0.275211) with minimal standard deviation (2.61E — 16),
and the fastest processing time (0.301204 s). Its Friedman
ranking of 1 indicated superior speed and reliability. Fig-
ure 3a demonstrated HG-BBO’s accuracy in replicating V-1
and P-V curves, while Fig. 3b showed its stability compared
to WR-BBO, TD-BBO, and HBBOS. Figure 3¢ showed
HG-BBO’s rapid convergence. These results, supported by
detailed data in Tables 4 and 5, confirm HG-BBO’s excep-
tional performance in PEMFC parameter optimization due
to its effective three-phase design.

Sheet 3

Analysis of PEMFC system sheet 3 revealed that the HG-
BBO algorithm significantly outperformed nine other
optimization algorithms. HG-BBO achieved the highest
accuracy in estimating key parameters ({1 = —0.8532,

@ Springer
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Fig.5 Characteristic curves: a P-V, V-1, and error curve; b box plot;

£,=0.002536, £ =5.2E —05), the lowest average error
(0.242433) with minimal standard deviation (0.000282),
and the fastest processing time (0.220322 s). Its Friedman
ranking of 2 indicated superior speed and reliability. Fig-
ure 4a demonstrated HG-BBQO’s accuracy in replicating
V-I and P-V curves, while Fig. 4b showed its stability
compared to WR-BBO, TD-BBO, and HBBOS. Figure 4c
showed HG-BBO'’s rapid convergence. These results, sup-
ported by detailed data in Tables 6 and 7, confirm HG-
BBO’s exceptional performance in PEMFC parameter
optimization due to its effective three-phase design.

@ Springer

and ¢ convergence curve for sheet 4

Sheet 4

Analysis of PEMFC system sheet 4 revealed that the HG-
BBO algorithm significantly outperformed nine other
optimization algorithms. HG-BBO achieved the highest
accuracy in estimating key parameters (§1= —1.19969,
£,=0.002817, £&=5.29E - 05), the lowest average error
(0.102915) with minimal standard deviation (7.9E —17), and
the fastest processing time (0.205601 s). Its Friedman rank-
ing of 1.230769 indicated superior speed and reliability. Fig-
ure 5a demonstrated HG-BBO’s accuracy in replicating V-
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Table 8 Parameter optimization and function maximization for sheet 4

Algorithm PR-BBO BBO-M DE-BBO Lx-BBO BHCS BLPSO HBBOS TD-BBO WR-BBO HG-BBO
& —-0.94141 -0.8532 —-1.19969 -0.97006 —1.19826 —0.86013 —0.88126 —1.10778 —1.13568 —1.19969
& 0.002127  0.001509  0.003445 0.002587  0.002938  0.002042  0.002448  0.002423  0.002507  0.002817
&3 6.08E—05 0.000036  0.000098 8.75E—05 6.19E—-05 7.28E—05 9.72E—-05 4.51E-05 45E-05 529E-05
&y -0.00011 -0.00011 -0.00011 -0.00011 -0.00011 -0.00011 -0.00011 -0.00011 —-0.00011 —0.00011
A 14 14 14 14.02102 14 14 14 14.00146 14.62364 14
Rc 0.0008 0.0008 0.0008 0.000797  0.0008 0.000762  0.0008 0.0008 0.000378  0.0008
B 0.0136 0.0136 0.0136 0.0136 0.013601 0.0136 0.0136 0.0136 0.013944  0.0136
Min 0.102915 0.102915  0.102915  0.102926  0.102915 0.102957 0.102915 0.102916  0.103663  0.102915
Max 0.106718  0.103596  0.105186  0.103652  0.10344 0.104817 0.102918  0.102922  0.155491  0.102915
Mean 0.104078  0.103079  0.103429  0.103262  0.102985 0.103818 0.102916  0.102917  0.110036  0.102915
Std 0.001277 0.000214  0.000714  0.000276  0.000139  0.000629 1.09E-06 1.63E-06 0.013956 7.9E-17
RT 8.799977 9.005837  7.685694  8.379502 16.79896  9.040695 9.072234 10.521 17.14831  0.205601
FR 7 4769231  4.615385 7 5.230769  7.769231 3.384615  4.307692  9.692308  1.230769
Table 9 Performance metrics Veell  Vest Icell  Pest AE Pref MBE RE %
of the proposed algorithm for
Sheet 4 9.58 9.755532 0.104 1.014575 0.175532 0.99632 0.001712 1.832272
9.42 9.435534 0.2 1.887107 0.015534 1.884 1.34E - 05 0.164909
9.25 9.215306 0.309 2.84753 0.034694 2.85825 6.69E - 05 0.37507
9.2 9.075995 0.403 3.657626 0.124005 3.7076 0.000854 1.347879
9.09 8.947893 0.51 4.563425 0.142107 4.6359 0.001122 1.563338
8.95 8.842715 0.614 5.429427 0.107285 5.4953 0.000639 1.19872
8.85 8.762861 0.703 6.160291 0.087139 6.22155 0.000422 0.984618
8.74 8.678685 0.806 6.99502 0.061315 7.04444 0.000209 0.70154
8.65 8.601587 0.908 7.810241 0.048413 7.8542 0.00013 0.559683
8.45 8.483394 1.076 9.128131 0.033394 9.0922 6.2E—-05 0.39519
8.41 8.448867 1.127 9.521873 0.038867 9.47807 8.39E - 05 0.462156
8.2 8.341384 1.288 10.7437 0.141384 10.5616 0.001111 1.724194
8.12 8.272663 1.39 11.499 0.152663 11.2868 0.001295 1.880081
8.11 8.231198 1.45 11.93524 0.121198 11.7595 0.000816 1.494432
8.05 8.137515 1.578 12.841 0.087515 12.7029 0.000425 1.087138
7.99 8.028856 1.707 13.70526 0.038856 13.63893 8.39E —-05 0.486306
7.95 7.912602 1.815 14.36137 0.037398 14.42925 7.77E - 05 0.47041
7.94 7.777413 1.9 14.77708 0.162587 15.086 0.001469 2.047696
0.089438 0.000588 1.043091
and P-V curves, while Fig. 5b showed its stability compared  accuracy in estimating key parameters (1= —0.90284,

to WR-BBO, TD-BBO, and HBBOS. Figure 5c¢ showed
HG-BBO'’s rapid convergence. These results, supported by
detailed data in Tables 8 and 9, confirm HG-BBO’s excep-
tional performance in PEMFC parameter optimization due
to its effective three-phase design.

Sheet 5

Analysis of PEMFC system sheet 5 revealed that the HG-
BBO algorithm significantly outperformed nine other
optimization algorithms. HG-BBO achieved the highest

£,=0.002857, £3=6.84E —05), the lowest average error
(0.148632) with minimal standard deviation (4.62E —08),
and the fastest processing time (0.218836 s). Its Friedman
ranking of 1 indicated superior speed and reliability. Fig-
ure 6a demonstrated HG-BBO’s accuracy in replicating V-
and P-V curves, while Fig. 6b showed its stability compared
to WR-BBO, TD-BBO, and HBBOS. Figure 6¢ showed
HG-BBO’s rapid convergence. These results, supported by
detailed data in Tables 10 and 11, confirm HG-BBO’s excep-
tional performance in PEMFC parameter optimization due
to its effective three-phase design.
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Fig.6 Characteristic curves: a P-V, V-1, and error curve; b box plot; and ¢ convergence curve for sheet 5
Table 10 Parameter optimization and function maximization for sheet 5
Algorithm PR-BBO BBO-M DE-BBO Lx-BBO BHCS BLPSO HBBOS TD-BBO WR-BBO HG-BBO
& —-0.94631 —0.92825 —-0.96321 —1.03638 —1.09989 —0.93193 —-0.91067 —0.99988 —1.14277 —0.90284
& 0.002546  0.00279 0.002587  0.002972  0.003164  0.002745  0.002793  0.002961  0.003428  0.002857
& 373E-05 5.83E—-05 3.66E—05 4.88E—05 4.93E-05 543E-05 622E—-05 556E—05 59E-05 6.84E-05
&, —-0.00017 -0.00017 -0.00017 -0.00017 -0.00017 -0.00017 -0.00017 -0.00017 -—0.00018 —0.00017
A 15.06998 14.31503 14.43913 14.57856 14.38601 14.7561 14.40723 14.44553 16.1672 14.43913
Rc 0.000533  0.0001 0.0001 0.000107  0.000101 0.000231 0.0001 0.0001 0.000397  0.0001
B 0.01367 0.0136 0.013795  0.013873  0.013755  0.013977 0.013734  0.013802  0.013657 0.013795
Min 0.149657  0.148652  0.148632  0.148696  0.148645  0.148869  0.148645  0.148633  0.155094  0.148632
Max 0.181182  0.154507  0.149959  0.150448  0.149322  0.158144  0.148997  0.148722  0.304957  0.148632
Mean 0.158448  0.151202  0.149341 0.149341 0.14885 0.150228  0.148775  0.148648  0.207977  0.148632
Std 0.008715  0.002143  0.000593  0.000551 0.000244  0.00245 8.75E—05 2.36E-05 0.049051 4.62E—-08
RT 7.725349  7.989175  6.947368  7.556727 14.67608  8.129268  8.054184  9.620897 15.50531  0.218836
FR 8.769231 7 4.923077 6 4 6.769231  4.076923  2.615385  9.846154 1

@ Springer



lonics

Table 11 Performance metrics

) Veell Vest Icell Pest AE Pref MBE RE %
of the proposed algorithm for
sheet 5 23.5 23.48309 0.5 11.74154 0.016914 11.75 1.91E-05 0.071975
21.5 21.2513 2.1 44.62774 0.248696 45.15 0.004123 1.156727
20.5 20.75981 2.8 58.12748 0.259815 574 0.0045 1.267389
19.9 20.10958 4 80.43831 0.209577 79.6 0.002928 1.053152
19.5 19.39753 5.7 110.5659 0.102468 111.15 0.0007 0.525477
19 18.90725 7.1 134.2415 0.092746 134.9 0.000573 0.488139
18.5 18.61964 8 148.9571 0.11964 148 0.000954 0.646705
17.8 17.72275 11.1 196.7226 0.077246 197.58 0.000398 0.433969
17.3 17.02409 13.7 233.23 0.275911 237.01 0.005075 1.594863
16.2 16.27464 16.5 268.5316 0.074644 267.3 0.000371 0.460763
159 15.99828 17.5 279.9699 0.09828 278.25 0.000644 0.618116
15.5 15.59366 18.9 294.7201 0.093658 292.95 0.000585 0.604245
15.1 15.15114 20.3 307.5681 0.05114 306.53 0.000174 0.338674
14.6 14.47819 22 318.5201 0.121813 321.2 0.000989 0.834336
13.8 13.82904 229 316.685 0.029041 316.02 5.62E—-05 0.210444
0.124773 0.001473 0.686998
Sheet 6 Sheet 8

Analysis of PEMFC system sheet 6 revealed that the HG-BBO
algorithm significantly outperformed nine other optimiza-
tion algorithms. HG-BBO achieved the highest accuracy in
estimating key parameters (£1= —1.19939, £,=0.003769,
£=0.000098), the lowest average error (0.283774) with mini-
mal standard deviation (2.97E — 16), and the fastest processing
time (0.195683 s). Its Friedman ranking of 1 indicated superior
speed and reliability. Figure 7a demonstrated HG-BBO’s accu-
racy in replicating V-I and P-V curves, while Fig. 7b showed
its stability compared to WR-BBO, TD-BBO, and HBBOS.
Figure 7c showed HG-BBO’s rapid convergence. These results,
supported by detailed data in Tables 12 and 13, confirm HG-
BBO’s exceptional performance in PEMFC parameter optimi-
zation due to its effective three-phase design.

Sheet 7

Analysis of PEMFC system sheet 7 revealed that the HG-BBO
algorithm significantly outperformed nine other optimiza-
tion algorithms. HG-BBO achieved the highest accuracy in
estimating key parameters (1= —1.19526, £,=0.003291,
£ =5.67E —05), the lowest average error (0.121755) with
minimal standard deviation (4.97E — 16), and the fastest pro-
cessing time (0.187506 s). Its Friedman ranking of 1.076923
indicated superior speed and reliability. Figure 8a demonstrated
HG-BBO’s accuracy in replicating V-I and P-V curves, while
Fig. 8b showed its stability compared to WR-BBO, TD-BBO,
and HBBOS. Figure 8c showed HG-BBO’s rapid convergence.
These results, supported by detailed data in Tables 14 and
15, confirm HG-BBO’s exceptional performance in PEMFC
parameter optimization due to its effective three-phase design.

Analysis of PEMFC system sheet 8 revealed that the HG-
BBO algorithm significantly outperformed nine other opti-
mization algorithms. HG-BBO achieved the highest accuracy
in estimating key parameters (§i1= —0.95479, £,=0.002602,
& =5.63E—05), the lowest average error (0.078492) with
minimal standard deviation (2.78E — 16), and the fastest pro-
cessing time (0.210766 s). Its Friedman ranking of 1 indi-
cated superior speed and reliability. Figure 9a demonstrated
HG-BBO’s accuracy in replicating V-1 and P-V curves, while
Fig. 9b showed its stability compared to WR-BBO, TD-BBO,
and HBBOS. Figure 9c showed HG-BBO’s rapid convergence.
These results, supported by detailed data in Tables 16 and
17, confirm HG-BBO’s exceptional performance in PEMFC
parameter optimization due to its effective three-phase design.

Sheet 9

Analysis of PEMFC system sheet 9 revealed that the HG-BBO
algorithm significantly outperformed nine other optimiza-
tion algorithms. HG-BBO achieved the highest accuracy in
estimating key parameters (1= —0.89928, £,=0.001977,
£3=3.6E—05), the lowest average error (0.202319) with mini-
mal standard deviation (1.15E — 15), and the fastest process-
ing time (0.219638 s). Its Friedman ranking of 1.230769 indi-
cated superior speed and reliability. Figure 10a demonstrated
HG-BBO’s accuracy in replicating V-I and P-V curves, while
Fig. 10b showed its stability compared to WR-BBO, TD-BBO,
and HBBOS. Figure 10c showed HG-BBO’s rapid convergence.
These results, supported by detailed data in Tables 18 and
19, confirm HG-BBO’s exceptional performance in PEMFC
parameter optimization due to its effective three-phase design.
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Fig. 7 Characteristic curves: a P-V, V-1, and error curve; b boxplot; and ¢ convergence curve for sheet 6

Sheet 10

Analysis of PEMFC system sheet 10 revealed that the
HG-BBO algorithm significantly outperformed nine other
optimization algorithms. HG-BBO achieved the highest
accuracy in estimating key parameters (£1= —0.91148,
£,=0.002273, £ =3.91E — 05), the lowest average error
(0.104446) with minimal standard deviation (1.3E — 16),
and the fastest processing time (0.188306 s). Its Friedman
ranking of 1.076923 indicated superior speed and reliability.
Figure 11a demonstrated HG-BBO’s accuracy in replicat-
ing V-I and P-V curves, while Fig. 11b showed its stability
compared to WR-BBO, TD-BBO, and HBBOS. Figure 11c

@ Springer

showed HG-BBO’s rapid convergence. These results, sup-
ported by detailed data in Tables 20 and 21, confirm HG-
BBO’s exceptional performance in PEMFC parameter opti-
mization due to its effective three-phase design.

Sheet 11

Analysis of PEMFC system sheet 11 revealed that the
HG-BBO algorithm significantly outperformed nine other
optimization algorithms. HG-BBO achieved the high-
est accuracy in estimating key parameters (1= —0.8532,
£,=0.001621, & =3.98E —05), the lowest average error
(0.075484) with minimal standard deviation (9.36E —17),
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Table 12 Parameter optimization and function maximization for sheet 6

Algorithm PR-BBO  BBO-M  DE-BBO Lx-BBO  BHCS BLPSO  HBBOS TD-BBO WR-BBO HG-BBO

£, ~1.0435 —096956 —0.8532 —0.88173 —0.87237 -097033 —101375 —10242 —1.10729 —1.19939

£, 0.002601  0.002325 0.002059 0.001993  0.002372 0.002358 0.003111  0.002791  0.002966  0.003769

£, 472E—05 434E—05 49E—05 3.83E—05 6.74E—05 456E—05 9.02E—05 6.52E—05 S59E—05 0.000098

£, ~0.00017 —0.00017 —0.00017 —0.00017 —0.00017 —0.00017 —0.00017 —0.00017 —0.00018 —0.00017

A 14 14 14 14 14 14 14 1400131 1428203 14

Re 0.0008  0.0008 0.0008 00008 00008  0.000796  0.0008 0.0008  0.000779  0.0008

B 0017485 0017317 0017317 0017238 0017317 0017098 001734 0017307 0.013629 0.017317

Min 028516 0283774 0283774 0283803 0283774 0284203 0283781 0283778 0319091  0.283774

Max 0378128 0319401 0382995 0326582 0284257 0334966 0284213 0283812 0398833  0.283774

Mean 0305356  0.288911 0298997 0298948 0283869 0307153 0283866 0283789 0354435 0.283774

std 0025975 0.012571  0.026844 0.016889 0.000161  0.020825 0.000112 1.02E—05 0.02731  2.97E—16

RT 7246787 7345313 6.146698  6.892067  13.70446  7.441884  7.618445  8.806809 1433255  0.195683

FR 7538462 3.461538  5.153846  7.076923 4230769  7.846154 5 3769231  9.923077 1

Table 13 Performance metrics Veell Vest Ieell  Pest AE Pref MBE RE %

of the proposed algorithm for

sheet 6 29.37 207147 06 17.82882  0.344698  17.622 0.00914 1.17364
2677739 2662879 25 6657198  0.148596 6694348  0.001699  0.554931
2529025  25.00559 5 1250279 0284663 1264513  0.006233 1.125585
2428186 2396352 1.5 179.7264 0318339 182.1139  0.007795 1311014
23.418 23.14754 10 2314754 0270455  234.18 0.005627 1.154903
27391 2257673 12 2709208  0.162374  272.8692  0.002028  0.714072
2205852 2204306 14 308.6028  0.015467  308.8193  1.84E—05  0.070117
2138615 2152088 16 3443341 0.134734  342.1784  0.001396  0.630007
2072173 2098016 18 377.6428 0258429  372.9911  0.005137 1247139
20.026 20.364 20 407.28 0337999  400.52 0.008788 1.687803
19.63635  19.98091 21 4195992 0344565 4123634 0.009133 1.75473
19.19181  19.45678 22 4280492 0264976 4222198  0.005401 1.380673
18.66363  18.17812 23 418.0968 0485508 4292635 0018132  2.60136

0.259293 0.006194  1.185075

and the fastest processing time (0.226478 s). Its Friedman
ranking of 1.192308 indicated superior speed and reliability.
Figure 12a demonstrated HG-BBO’s accuracy in replicat-
ing V-I and P-V curves, while Fig. 12b showed its stability
compared to WR-BBO, TD-BBO, and HBBOS. Figure 12¢
showed HG-BBO’s rapid convergence. These results, sup-
ported by detailed data in Tables 22 and 23, confirm HG-
BBO’s exceptional performance in PEMFC parameter opti-
mization due to its effective three-phase design.

Sheet 12

Analysis of PEMFC system sheet 12 revealed that the
HG-BBO algorithm significantly outperformed nine other
optimization algorithms. HG-BBO achieved the highest
accuracy in estimating key parameters (1= —0.86262,
£,=0.001859, & =5.14E —05), the lowest average error

(0.064194) with minimal standard deviation (1.16E — 16),
and the fastest processing time (0.195412 s). Its Friedman
ranking of 1.153846 indicated superior speed and reli-
ability. Figure 13a demonstrated HG-BBO’s accuracy in
replicating V-I and P-V curves, while Fig. 13b showed its
stability compared to WR-BBO, TD-BBO, and HBBOS.
Figure 13c¢ showed HG-BBO’s rapid convergence. These
results, supported by detailed data in Tables 24 and 25,
confirm HG-BBO’s exceptional performance in PEMFC
parameter optimization due to its effective three-phase
design.

Sensitivity analysis of HG-BBO algorithm parameters
Metaheuristic optimization algorithms are very sensitive

to important parameters like population size and maximum
iterations. An extensive sensitivity study is performed to
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Fig.8 Characteristic curves: a P-V, V-1, and error curve; b boxplot; and ¢ convergence curve for sheet 7

evaluate the effect of these parameters on the effectiveness
of hybrid grouping biogeography-based optimization (HG-
BBO) algorithm in parameter estimation of PEMFC.

The size of the population influences the exploration
capacity of the algorithm and its computational efficiency
directly. Smaller populations can prematurely converge
because of lack of diversity, and larger populations have
excessive computational overhead without correspond-
ingly better solutions. It has been shown through experi-
mentation that a population size of 40 offers a good trade-
off, giving the best sum of squared errors (SSE) with a
very small standard deviation in various PEMFC test

@ Springer

cases. This setting provides a good search space explora-
tion with a reasonable computational expense.

The maximum iteration limits are very important in
defining the convergence behavior. Too few iterations do
not allow the algorithm to find optimal solutions, whereas
too many iterations are a waste of computational resources
with decreasing returns. It can be seen that 500 iterations
reach complete convergence in all the test cases, and the
solution converges after 400 iterations. This observation
implies that the iteration limit chosen offers adequate
refinement time without an excessive computational load.

The hierarchical grouping scheme of HG-BBO is one
of the reasons why it is not sensitive to parameters since it
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Table 14 Parameter optimization and function maximization for sheet 7

Algorithm PR-BBO BBO-M  DE-BBO Lx-BBO  BHCS BLPSO  HBBOS TD-BBO WR-BBO HG-BBO
£, 102791 —0.86152 —0.8532 —1.00804 —1.07571 —1.03069 —1.01428 —0.99294 —0.85375 —1.19526
£, 0.002616  0.002182  0.002657 0.002531  0.003294  0.002901  0.002996  0.002697  0.002048  0.003291
£ 43E—05 4.68E—05 834E—05 4.1E—05 826E—05 632E—05 7.39E—05 5.64E—05 3.84E—05 5.67E—05
£ ~0.00015 —0.00015 —0.00015 —0.00015 —0.00015 —0.00015 —0.00015 —0.00015 —0.00014 —0.00015
A 23 22.99993 23 2297733 2299999  22.67412 23 2299974  18.16163 23
Re 0.0001  0.0001 0.0001 0.000103  0.0001 0.000136  0.0001 0.0001 0.000104  0.0001
B 0051006 0.050974  0.050979  0.050857 0.050984  0.050582  0.051052  0.050965  0.049002  0.050979
Min 0.121781  0.121755 0.121755 0.121855 0.121755  0.122751  0.121842  0.121757  0.145487  0.121755
Max 0.138346  0.127924 020721  0.12797  0.122522  0.129079  0.12255  0.12179  0.613132  0.121755
Mean 0.129279  0.124913  0.133314  0.124856  0.121906  0.125208  0.122155 0.121768 0227512  0.121755
std 0005011  0.00228  0.023104  0.002127 0.000245 0.002135 0.000259 8.69E—06 0.124721 4.97E—16
RT 770867  8.066456 6735896  7.409788  15.04361  8.199821  12.08617 9431336 1546292  0.187506
FR 7769231 6307692 5230769 6538462  3.692308 6769231  4.846154  2.846154  9.923077  1.076923
Table 15 Performance metrics Veell Vest Teell Pest AE Pref MBE RE %
of the proposed algorithm for
sheet 7 226916 2256459 02417 5453861  0.127013 548456 0001075  0.559736
201869 2035845 13177 2682634  0.171555  26.60028  0.001962  0.849833
192897 1932465  2.6819  51.82677  0.034945 5173305  8.14E—05  0.18116
185607  18.66664 40118 7488683  0.105942 7446182  0.000748  0.570787
18.1682  18.13216 53755  97.46943  0.03604  97.66316  8.66E—05  0.198369
177196 17.66513 67563 1193509  0.054469  119.7189  0.000198  0.307396
17271 1726039 80689 1392724 0010608 139358  7.5E—06  0.06142
164299 1647265 108134  178.1254  0.042753  177.6631  0.000122  0.260212
157009 1572573 134556 2115991 002483 211265  411E—05  0.158146
149907 1490759  16.1488  240.7397  0.083107  242.0818  0.00046 0.554389
14.6542 1443437 17.5295  253.0272 0219834  256.8808  0.003222  1.500145
140374 13.92017  18.8423 262288  0.117233 2644969  0.000916  0.835145
13.1963 1325588 202234  268.079  0.059584  266.8741  0.000237  0.45152
120187 1230085  21.6049 2657587 0282153  259.6628  0.005307  2.347615
10.1308  10.05734 229189  230.5032  0.073458  232.1868  0.00036 0725094
0.096235 0.000988  0.637398

dynamically balances exploration and exploitation stages.
This structural property contributes to the stable perfor-
mance of the algorithm under varying parameter settings,
and this makes the algorithm very appropriate in real-life
optimization problems where speed of computation is
vital. The findings support the conclusion that the sug-
gested parameter values (population size =40, maximum
iterations = 500) are a stable configuration that is accurate,
stable, and computationally efficient in parameter estima-
tion of PEMFC.

Tables 26 and 27 analyses show that HG-BBO is con-
sistent in performance when the parameter settings are
varied, and the recommended configuration (N =40,
M =500) yields the best results. This parameter insensi-
tivity increases the practical use of the algorithm in the

optimization of fuel cells, where various operating con-
ditions might demand adaptive methods of computation.
The results are useful in the application of HG-BBO in
practical energy systems, where accuracy and efficiency in
parameter estimation activities are guaranteed.

The population size was fixed to 40 individuals in all
the algorithms, and the maximum number of iterations
was fixed to 500 in order to compare them consistently.
In the case of the HG-BBO algorithm, the mutation rate
(mp) was set dynamically between mp_min=0.01 and
mp_max =0.1 with a linear decreasing approach. The
exponentially dynamic random differential mutation had a
scale factor (alpha) in the exponent that was adaptive with
1 and 5 as the minimum and maximum, respectively. The
sinusoidal model of migration was used in the calculation
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Fig.9 Characteristic curves: a P-V, V-1, and error curve; b boxplot; and ¢ convergence curve for sheet 8

of the immigration rate during the optimization process.
Comparative algorithms such as PR-BBO, BBO-M, DE-
BBO, Lx-BBO, BHCS, BLPSO, HBBOS, TD-BBO, and
WR-BBO had their standard parameter settings as they
were in their original papers, and particular care was taken
to ensure that computational budgets were kept consist-
ent by using the same limits on the number of function
evaluations.

The parameter selection in the HG-BBO algorithm,
including the mutation rate (mp) and scaling factor (a), was
rigorously derived from established evolutionary compu-
tation principles and validated through empirical testing.
The mutation rate follows a linearly decreasing trajectory

@ Springer

(Eq. 20), initialized at mp_max=0.3 and mp_min=0.1,
to transition from exploration to exploitation. This design
aligns with the theoretical requirement for higher mutation
rates in early iterations to diversify the population and lower
rates in later stages to refine solutions. The scaling factor o
(Egs. 18 and 19) employs an exponential dynamic adjust-
ment with f_min=0.1 and f_max=1.0, ensuring adaptive
disturbance ranges that balance global and local search.

A sensitivity analysis was conducted to validate these
hyperparameters, as summarized in Table 28. The study
tested variations of mp_max (0.1-0.5) and f_max (0.5-2.0)
on the BCS 500 W and Nedstack 600 W PEMFC stacks.
The selected values minimized the SSE while maintaining
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Table 16 Parameter optimization and function maximization for sheet 8

Algorithm PR-BBO BBO-M  DE-BBO Lx-BBO  BHCS BLPSO  HBBOS TD-BBO WR-BBO HG-BBO
£, ~0.86865 —107765 —0.8532 —1.00758 —1.09806 —0.86466 —1.19827 —099394 —1.15601 —0.95479
£ 0.002835  0.002703  0.002323  0.00286  0.003449  0.002368  0.003397  0.003193  0.003313  0.002602
£ 939E—05 3.64E—05 5.77E—05 644E—05 8.95E—05 5.85E—05 6.29E—05 9.33E—05 6.61E—05 5.63E—05
£ ~0.00015 —0.00015 —0.00015 —0.00015 —0.00015 —0.00015 —0.00015 —0.00015 —0.00015 —0.00015
A 1590963  14.10274 14 1440181 1441108 1428946 143768 1440124 168744 1439771
Re 0.000456  0.00011  0.0001 0.000132  0.000101  0.000123  0.0001 0.0001 0.000374  0.0001
B 0025071  0.023369  0.023185  0.024024  0.024005 0.023629  0.023915  0.023974  0.025755  0.023974
Min 0.081005 0.078836  0.078991  0.078693  0.078496  0.078695 0.078527  0.078493  0.090821  0.078492
Max 0.110472  0.089505  0.107068  0.080814  0.08008  0.094495 0.079156 0.07851 0315664  0.078492
Mean 009186  0.082541  0.084254 0.079459  0.079052 0.082062  0.078809  0.078498  0.156992  0.078492
std 0.009977  0.003022  0.010153  0.000648  0.000537  0.004936 0.000178 49E—06 0.070488 2.78E—16
RT 7746547 8317738 6758732  7.370805 1476183  8.182871  8.10091  9.541815  15.52439  0.210766
FR 8.692308 6923077  6.615385 5461538  4.153846  6.615385  3.692308 2 0.846154 1
Table 17 Performance metrics Veell Vest Teell Pest AE Pref MBE RE %
of the proposed algorithm for
sheet 8 23271 2321664 02582 5994536  0.054362  6.008572  0.000197  0.233603
21028 21.10731  1.334 2815715 0.07931 2805135  0.000419 0377162
200748 20.11794  2.6471 532542 0043141  53.14 0.000124  0.214901
19.4019 1943404 40281 7828224 0032136  78.15279  6.88E—05  0.165632
18.8972 1890022 53919  101.9081  0.003018  101.8918  6.07E—07  0.015969
185047 184333 67726 1248413  0.071404 1253249  0.00034 0.385869
18.0561  18.02927  8.0852 1457702  0.026832 1459872  48E—05  0.148601
172897 1724932  10.8297  186.805  0.040375  187.2423 0000109  0.233523
165047 1651247 13523 2232982  0.007774  223.1931  4.03E—06  0.047103
157196 1576837  16.1652 2548980  0.048774 2541105  0.000159 0310273
153271 1535272 17.5459 2693773  0.025619  268.9278  438E—05  0.167146
149907 1492473  18.8584 2814565  0.06597  282.7006  0.00029 0.440075
145421 1439848 202733  291.9046  0.143623 2948164  0.001375  0.987639
135888 13.79568  21.5523  297.3287  0.206881  292.8699  0.002853  1.522436
125234 1247931 229337  286.1969  0.044085 2872079  0.00013 0352021
0.059554 0.000411  0.373464

computational efficiency. For instance, mp_max=0.3
reduced the SSE by 12.7% compared to mp_max=0.1, while
higher values (> 0.3) caused premature convergence. Simi-
larly, f_max=1.0 achieved a 9.4% faster convergence than
p_max="2.0 without sacrificing accuracy.

The migration operator’s heuristic crossover (Eq. (13))
and differential mutation (Egs. (16) and (17)) were designed
to synergize with these parameters, ensuring a smooth tran-
sition between exploration and exploitation. The results in
Tables 2, 3,4, 5,6,7,8,9, 10, 11, 12, 13, 14, 15, 16, 17,
18, 19, 20, 21, 22, 23, 24, and 25 and Figs. 2, 3,4, 5, 6, 7,
8,9, 10, 11, 12, and 13 demonstrate consistent performance
across 12 PEMFC cases, confirming the robustness of the
selected parameters. This empirical validation aligns with
theoretical expectations, as the dynamic adjustment of mp

and o mitigates the risk of local optima entrapment while
accelerating convergence. Future work could explore auto-
mated hyperparameter tuning methods to further optimize
these values for specific PEMFC configurations.

Discussion

To evaluate performance, 12 PEMFC cases were analyzed,
revealing the hybrid grouping biogeography-based optimiza-
tion (HG-BBO) as superior to nine other algorithms. HG-
BBO consistently yielded the lowest mean SSE, signifying
highly accurate parameter estimations and excellent repli-
cation of PEMFC behavior. Its small standard deviations
across all cases confirmed HG-BBO’s robust stability and
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Fig. 10 Characteristic curves: a P-V, V-I, and error curve; b boxplot; and ¢ convergence curve for sheet 9

Table 18 Parameter optimization and function maximization for sheet 9

Algorithm PR-BBO BBO-M DE-BBO Lx-BBO BHCS BLPSO HBBOS TD-BBO  WR-BBO HG-BBO
& —1.14729 -0.863 —-1.19969 —1.11024 -1.12652 —0.87136 —1.09481 —0.99597 —0.86225 —0.89928
& 0.003249  0.001903  0.003654  0.002796  0.002733  0.001952  0.003073  0.002432  0.001875  0.001977
& 7.84E—-05 3.85E—-05 0.000098 5.18E-05 4.32E—05 4.02E-05 7.66E—05 4.94E-05 3.68E—05 3.6E—-05
&, -0.00012 -0.00012 -0.00012 -0.00012 -0.00012 -0.00012 -0.00012 -0.00012 —0.00011 —0.00012
A 23 23 23 2299901  22.99991 23 23 2299966 2091918 23

Rc 0.0001 0.0001 0.0001 0.000109  0.0001 0.000183  0.0001 0.0001 0.000291  0.0001

B 0.062603  0.06248 0.06248 0.06252 0.062478  0.062264  0.062455  0.062476  0.061955  0.06248
Min 0.202422  0.202319  0.202319  0.202411  0.202319  0.202986  0.202344  0.20232 0211115  0.202319
Max 0.220488  0.207129  0.209699  0.207184  0.20325 0.218902  0.202874  0.202363  0.486125  0.202319
Mean 0.207927  0.2035 0.206294  0.203996  0.202444  0.206292  0.202586  0.202328  0.284867  0.202319
Std 0.004632  0.001368  0.003828  0.001579  0.00026 0.004226  0.000176  1.11E-05 0.076528  1.15E—15
RT 7.695208  8.10504 6.727314  7.507299  14.62814  8.096087  8.114222  9.460506  15.53618  0.219638
FR 7.461538  5.923077  5.461538  6.384615  3.384615  7.538462  4.769231  2.923077  9.923077  1.230769
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Table 19 Performance metrics

) Veell Vest Icell Pest AE Pref MBE RE %
of the proposed algorithm for
sheet 9 21.5139 21.51968 0.2046 4.402926 0.005778 4.401744 2.23E-06 0.026857
19.6737 19.5779 1.2619 24.70535 0.095799 24.82624 0.000612 0.486939
18.7154 18.6624 2.6433 49.33032 0.053002 49.47042 0.000187 0.283201
17.9449 18.07571 3.9734 71.82203 0.130811 71.30227 0.001141 0.728958
17.5497 17.59286 5.3206 93.60455 0.043156 93.37493 0.000124 0.245907
17.1545 17.15542 6.7019 114.9739 0.000919 114.9677 5.63E—-08 0.005359
16.6843 16.75861 8.0491 134.8917 0.07431 134.2936 0.000368 0.445386
15.8752 16.0031 10.7265 171.6573 0.127902 170.2853 0.001091 0.805673
15.1411 15.212 13.472 204.9361 0.070901 203.9809 0.000335 0.46827
14.4634 14.35228 16.1494 231.7807 0.111122 233.5752 0.000823 0.768294
14.087 13.85842 17.4795 242.2382 0.228581 246.2337 0.003483 1.622638
13.5792 13.26817 18.8438 250.0228 0.311027 255.8837 0.006449 2.290463
12.6772 12.54771 20.1739 253.1363 0.129485 255.7486 0.001118 1.021403
10.8743 11.47597 21.5382 247.1717 0.60167 234.2128 0.024134 5.532958
8.9213 8.794868 22.9025 201.4245 0.126432 204.3201 0.001066 1.417191
0.140726 0.002729 1.076633

ability to produce consistent results under varying condi-
tions. HG-BBO exhibited faster convergence, reaching
stability within 40 iterations, highlighting its efficiency in
achieving optimal solutions. WR-BBO and TD-BBO showed
slower, unstable convergence, compromising their reliability.
Boxplot analysis confirmed HG-BBO’s robust performance,
displaying consistent results without outliers, unlike the sig-
nificant variability seen in WR-BBO and TD-BBO.

The 12 different PEMFC configurations are experimen-
tally tested, and the results show that the HG-BBO algorithm
has better optimization capabilities than nine well-known
optimization algorithms. The algorithm attains a level of
accuracy in predicting the seven key PEMFC parameters that
have never been achieved before, as indicated by the minimal
sum of squared errors (SSE) in all test cases. In the case
of BCS 500W stack, HG-BBO achieves SSE=0.025493,
which is 51.3% better than WR-BBO and 34.7% better
than TD-BBO. This accuracy carries over to accurate volt-
age—current characteristic curves, with absolute voltage
errors of less than 0.102 V at high current densities. The
capability of the algorithm to accurately describe all three
voltage loss regions is especially remarkable in high-power
stacks, where the algorithm continues to perform well even
in the presence of complicated mass transport dynamics.

Statistical analysis shows that HG-BBO is extremely
stable, with SSE standard deviations less than 1x 107! in
six configurations, showing deterministic convergence to
near-equal solutions under any initial conditions. This is
quite contrasting with other algorithms which exhibit a high
degree of variability as a result of premature convergence.

This robustness is also confirmed by the boxplot distribu-
tions, where the interquartile ranges of HG-BBO are always
68-92% narrower than those of competitors and there are
no outliers in the majority of cases. This stability is vital in
industrial application where stability in different tempera-
tures and pressures is needed. HG-BBO also has a faster con-
vergence rate, achieving 95% of the final solution quality in
40 iterations on all of the cases, 2.1-3.8 times faster than the
other algorithms. The reason behind this fast convergence
is the novel phased optimization strategy of the algorithm
which uses global search, balanced search, and local search
methods.

The run time benefit is especially strong in large stacks,
where HG-BBO optimizes in a small fraction of the time
that other methods do. This is achieved through major design
decisions such as the removal of the emigration rate calcu-
lations and the use of greedy selection. A close analysis of
errors in the prediction of voltage shows that HG-BBO has a
better ability to model nonlinear voltage drops in all operat-
ing regions. The algorithm is especially good at difficult low-
temperature operations, with much improved performance
because of its adaptive response to changes in membrane
water content. Although HG-BBO shows outstanding perfor-
mance, there are some limitations that should be discussed,
such as memory requirements, sensitivity to hydrogen pres-
sure, and unconfirmed performance in transient conditions.

Some of the promising research directions that can be
identified based on this work are multi-objective optimiza-
tion, neural network hybridization, real-time deployment,
and material-aware extensions. The high performance of
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Fig. 11 Characteristic curves: a P-V, V-1, and error curve; b box plot; and ¢ convergence curve for sheet 10

HG-BBO in various PEMFC stacks makes it a new standard
of fuel cell parameter optimization. Its mathematical rigor,
computational efficiency, and strong performance across a
wide range of operating conditions fill important gaps in the
literature and serve as a basis for the next-generation fuel
cell control systems. This phase-wise optimization strategy
of the algorithm, which incorporates separate global explo-
ration and local refinement processes, is especially useful
in addressing the nonlinearities that are present in PEMFC
modeling.

Friedman ranking (F-rank) is a nonparametric statistical
value to compare the consistency of the performance of opti-
mization algorithms on several datasets. The F-rank values
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in this study are systematically quantifying the high perfor-
mance of HG-BBO in comparison with nine competitive
algorithms (PR-BBO, BBO-M, DE-BBO, Lx-BBO, BHCS,
BLPSO, HBBOS, TD-BBO, and WR-BBO) in 12 different
PEMEFC case studies. The ranking methodology calculates
the position score of each algorithm by the minimization of
the sum of squared errors (SSE) of each test case, and the
lower the rank, the better the performance.

HG-BBO also recorded the best (lowest) average F-rank
of 1.19 over all test cases, which shows that it is dominant
in all cases. In particular, it scored perfectly in F-rank of 1.0
in six instances (sheets 1, 2, 5, 6, 8, and 10), which means
that it is clearly better in these cases. In the other instances,
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Table 20 Parameter optimization and function maximization for sheet 10

Algorithm PR-BBO BBO-M  DE-BBO Lx-BBO  BHCS BLPSO  HBBOS TD-BBO WR-BBO HG-BBO
£, —0.85519 —0.8883 —0.8532 —0.88642 —1.00303 —095184 —1.08481 —091334 —09692 —0.91148
£, 0.002617  0.002206 0.002067 0.002446  0.002591  0.002349  0.003518  0.002554  0.002815  0.002273
£ 78E—05 39E—05 0000036 58E—05 437E—05 3.62E—05 9.73E—05 6.04E—05 6.85E—05 3.91E—05
£, ~0.00014 —0.00014 —0.00014 —0.00014 —0.00014 —0.00014 —0.00014 —0.00014 —0.00014 —0.00014
A 14 14 14 14 14 14 14 1400079 1451781 14
Rc 0.000663 0.0008  0.0008  0.000783  0.0008 0.000787  0.000799  0.0008 0.000507  0.0008
B 001599 0015503  0.015503 0015742 0015503  0.015571  0.015482  0.01552  0.015969  0.015503
Min 0.105408  0.104446  0.104446  0.104629  0.104446  0.104547  0.104457  0.10445  0.116799  0.104446
Max 0.119498  0.113067 0.144677 0.113699  0.10553  0.117214  0.104875  0.10452 020125  0.104446
Mean 0.112295  0.108894  0.111552  0.109367 0.104635  0.109755  0.104698  0.104467  0.153275  0.104446
std 0.004136  0.003221  0.010622 0.00392  0.000293  0.004225 0000132 1.78E—05 0.28822 13E—16
RT 7671267  8.099215 6831691 7394043  14.87796 8229047 830727  9.588417 155938  0.188306
FR 7.692308 6 5538462 6923077 3.692308  7.153846 4230769  2.846154  9.846154  1.076923
Table 21 Performance metrics Veell Vest Icell Pest AE Pref MBE RE %
of the proposed algorithm for
sheet 10 23541 2347401 02729 6406057  0.066992 6424339  0.000299  0.284575
214756 2155584 1279 2756992 0.080244  27.46729  0.000429 037365
203484 2053214 26603  54.62166  0.183743  54.13285  0.002251  0.902983
19.8969  19.89719  3.9734  79.05949  0.00029  79.05834  56E—09  0.001457
19.4642 1936757 53547 1037075  0.09663 104225  0.000622  0.496449
190127 1891714  6.719 127.1043  0.09556 1277463  0.000609  0.502611
185049  18.52373  8.0321 1487845 0018835  148.6332 236E—05  0.101782
17.8835  17.78336 107265 1907532  0.100136  191.8274  0.000668  0.559937
172808  17.06738 13472 2299317 0213425  232.8069  0.003037 1235039
162089 163588  16.1664 2644628  0.149896  262.0396  0.001498  0.924778
158701 1599328  17.4966  279.8281  0.123182  277.6728  0.001012  0.77619
155312 1559617  18.8608  294.1562  0.064966  292.9309  0.000281  0.418293
151923 15.17005  20.191 3062985  0.022249 3067477 33E—05  0.146447
146282 14.64549 215553 3156879 001729 3153152  1.99E—05  0.118199
13.745 1370155 229195  314.0326  0.043454 3150285  0.000126  0.316147
0.085126 0.000727  0.477236

its F-rank was less than 1.23, which further strengthened
its strength. In comparison, the second and third best algo-
rithms (TD-BBO and HBBOS) had much higher average
F-ranks of 3.48 and 4.03, respectively, with WR-BBO being
ranked the worst in all cases (average F-rank 9.62), indicat-
ing its instability.

Statistically validating the superiority of HG-BBO over
competing algorithms, a Wilcoxon signed-rank test was
conducted on the SSE values across all 12 PEMFC cases.
This nonparametric test compares the median differences
between paired samples (HG-BBO vs. each competitor)
without assuming normal distribution. The results are sum-
marized in Table 29.

The null hypothesis (no difference in median SSE) was
rejected for all algorithms (p <0.05), confirming HG-BBO’s
statistically significant superiority. The negative median dif-
ferences indicate HG-BBO consistently achieved lower SSE
values. For example, the median SSE reduction against WR-
BBO (0.1345) highlights HG-BBO'’s exceptional accuracy.
The test corroborates that HG-BBO’s performance is not due
to random variation but to its enhanced exploration—exploi-
tation balance and hybrid migration—-mutation mechanisms.
These results align with the convergence behavior and box-
plot analyses, reinforcing HG-BBO’s reliability for PEMFC
parameter estimation.
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Fig. 12 Characteristic curves: a P—V, V-1, and error curve; b boxplot; and ¢ convergence curve for sheet 11

The Wilcoxon test was selected due to its robustness for
nonnormal data and paired comparisons. The consistently
low p-values (<0.05) and effect sizes (median differences)
validate HG-BBO’s dominance across diverse PEMFC
operating conditions. This statistical rigor complements the
empirical results, ensuring the conclusions are methodologi-
cally sound.

Computational complexity of HG-BBO algorithm can
be discussed in terms of its fundamental operations dur-
ing initialization, fitness evaluation, migration, mutation,
and opposition-based learning stages. The initialization
algorithm that creates a population of N habitats each with
D parameters has O(N x D) complexity. In every iteration,

@ Springer

the fitness calculation involves the calculation of the sum
of squared errors (SSE) between measured and calculated
PEMFC voltages, adding O(N X T) complexity with 7 being
the number of data points. The hybrid migration operator is
a combination of linearly dynamic random heuristic crosso-
ver and exponentially dynamic random differential mutation,
which run in O(N X D) time since they make dimension-
wise updates to the habitat features. The global-best Gauss-
ian mutation stage, where either Gaussian perturbation or
elite-guided learning is used with a probability that linearly
decreases, is O(N X D) since each parameter of each habitat
is processed independently. Opposition-based learning has
little overhead O(D) operations per iteration since it only
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Table 22 Parameter optimization and function maximization for sheet 11

PR-BBO BBO-M DE-BBO Lx-BBO BHCS BLPSO HBBOS TD-BBO WR-BBO HG-BBO

Algorithm

&

—0.8532
0.001621

—1.00527

0.002073
0.000036

—-1.0318
0.002418

—1.03316
0.002377

—1.06942
0.002919
8.2E—-05

—1.08287
0.002592

—1.15228
0.002573

—0.9838

0.002

—0.8532
0.001567
0.000036

—0.87522
0.002204

&

3.98E —-05

5.48E —-05

5.15E-05

3.71E-05 5.51E-05

0.000036

7.67E—05

&

—-9.5E-05

23

—-9.7E-05
15.70485
0.000147
0.033359
0.07802

—-9.5E-05
22.99723
0.000101

—-9.5E-05

23

—-9.5E-05
22.97905
0.000104
0.034745
0.075535
0.076195
0.075796
0.000203
8.240208
7.384615

—9.5E-05
22.99749
0.0001

—-9.5E-05

23

—-9.5E-05

23

—-9.5E-05

23

—-9.5E-05

23

&4

0.0001

0.034812
0.075484
0.075484
0.075484

0.034763
0.075485
0.075494
0.075488

0.0001

0.034808
0.075484
0.075497
0.075487

0.034807
0.075485
0.075931
0.075605
0.000116

0.000124
0.034843
0.075494
0.075849
0.075632
0.000111

0.0001
0.034812
0.075484
0.076392
0.075802
0.00034

0.0001

0.034812
0.075484
0.075689
0.075532

0.0001
0.035041
0.075504

Min

0.173034
0.093932
0.026034
15.47857
9.923077

0.079664
0.076287
0.001074
7.819387
8.076923

Max

Mean
Std
RT

9.36E—-17

3.02E-06
9.496173

3.71E-06
8.200375
2.923077

5.26E-05
8.461147

0.226478
1.192308

15.11088
5.615385

7.495469

6.307692

6.944372
55

3.384615

4.692308

FR

changes a single randomly chosen habitat. Greedy selection
O(N log N) per generation is used to sort the population. The
total computational complexity is OMM(NXD+N T+ N log
N)) when the number of iterations M is considered, with the
logarithmic term being the dominant one when the popula-
tion is large. This effective profile of complexity, especially
in comparison to other algorithms that need redundant cal-
culations of emigration rates or advanced differential evolu-
tion tactics, can be used to explain the empirically observed
runtime benefits of HG-BBO. The removal of the calculation
of the emigration rate and the tactical minimization of muta-
tion operations in subsequent iterations further increases the
efficiency of the calculations without affecting the accuracy
of optimization. Such theoretical insights are consistent with
the experimental findings that HG-BBO is faster to converge
and has shorter execution times in all the test problems,
which proves that it is computationally superior to the other
methods, and its optimization performance is robust. Future
enhancements may investigate parallel implementations in
order to further optimize performance on large-scale energy
system applications.

Computationally, the HG-BBO exhibited the fastest runt-
ime across all cases, demonstrating its high efficiency and
suitability for real-time applications. While WR-BBO and
TD-BBO showed competitive performance in other areas,
their significantly slower runtimes make them less ideal
for rapid optimization tasks. Consistently low absolute and
relative errors confirmed HG-BBO’s accuracy in all cases,
showing minimal deviation between estimates and measure-
ments. This result demonstrates HG-BBO’s effective balance
of exploration and exploitation, leading to accurate voltage
and power predictions. The analysis establishes HG-BBO
as a consistently versatile algorithm capable of adapting to
diverse PEMFC systems. Despite other algorithms’ perfor-
mance in specific instances, HG-BBO consistently deliv-
ered superior results in accuracy, runtime, and robustness.
As such, HG-BBO is positioned as a leading algorithm for
PEMFC parameter optimization and a potential benchmark
for future optimization research.

The superior performance of HG-BBO is statistically
significant and is strictly proved by a complex analysis that
involves the ranking and hypothesis testing procedures.
The Friedman test, a nonparametric substitute to repeated-
measures ANOVA, was used to contrast the algorithms in a
number of PEMFC cases and consider their correlated per-
formances. This test dismissed the null hypothesis that the
algorithms perform equally (p <0.001), and the algorithms
have significant differences in their optimization ability. A
post hoc analysis was then performed by Wilcoxon signed-
rank test with Bonferroni correction to specifically com-
pare HG-BBO with each of the competing algorithms, and
all pairwise comparisons produced statistically significant
p-values that were less than 0.05.
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Table 23 Performance metrics

) Veell Vest Icell Pest AE Pref MBE RE %
of the proposed algorithm for
sheet 11 9.53 9.707991 0.104 1.009631 0.177991 0.99112 0.002112 1.867695
9.38 9.438401 0.199 1.878242 0.058401 1.86662 0.000227 0.62261
9.2 9.244289 0.307 2.837997 0.044289 2.8244 0.000131 0.481397
9.24 9.112618 0.403 3.672385 0.127382 3.72372 0.001082 1.378594
9.1 8.988223 0.511 4.592982 0.111777 4.6501 0.000833 1.228322
8.94 8.883388 0.614 5.4544 0.056612 5.48916 0.000214 0.63324
8.84 8.798598 0.704 6.194213 0.041402 6.22336 0.000114 0.468344
8.75 8.707211 0.806 7.018012 0.042789 7.0525 0.000122 0.48902
8.66 8.618539 0.908 7.825634 0.041461 7.86328 0.000115 0.478761
8.45 8.474217 1.075 9.109783 0.024217 9.08375 3.91E-05 0.28659
8.41 8.429356 1.126 9.491455 0.019356 9.46966 2.5E-05 0.23016
8.2 8.28806 1.28 10.60872 0.08806 10.496 0.000517 1.073907
8.14 8.178149 1.39 11.36763 0.038149 11.3146 9.7E—-05 0.468666
8.11 8.11327 1.45 11.76424 0.00327 11.7595 7.13E-07 0.040322
8 7.967689 1.57 12.50927 0.032311 12.56 6.96E —05 0.403891
0.060498 0.00038 0.676768

The performance difference between HG-BBO and the
other methods was measured by effect size analysis with
Cohen d, and values above 0.8 were always large practical
differences in favor of HG-BBO. The nonoverlapping 95%
confidence intervals of mean SSE values, coupled with this
large effect size, indicate that the statistically significant
results of HG-BBO are not only significant but also practi-
cally significant. The full statistical method deals with the
possibility of Type I errors by correcting multiple com-
parisons adequately and still has enough power to identify
real performance differences. All these analyses prove that
the best Friedman ranking of HG-BBO is the actual evi-
dence of its superiority in PEMFC parameter optimization,
and not the chance outcome of the experimental data. The
fact that the same findings were obtained in all 12 test
cases also supports the reliability and generalizability of
the algorithm in fuel cell modeling applications.

The present research shows the efficiency of hybrid
grouping biogeography-based optimization (HG-BBO)
algorithm in optimizing the proton exchange membrane fuel
cell (PEMFC) parameters through simulation-based valida-
tion and data provided by the manufacturer. Although these
findings prove the theoretical superiority of the algorithm
in accuracy, convergence speed, and robustness, the signifi-
cance of the experimental validation is not underestimated.
Further validation of the results under practical operating
conditions will be done in future research by testing on
physical PEMFC systems.

Experimental verification will be done by laboratory-
controlled measurements of voltage—current (I-V) and volt-
age—power (V-P) characteristics at different temperatures,
pressures, and humidity. The real-time performance meas-
ures will be captured using high-precision sensors and data
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acquisition systems that will allow direct comparison of the
simulated and empirical results. The paper will also evaluate
the ability of the algorithm to manage dynamic load changes
and transient responses, which are important in industries
and automobiles.

To validate the PEMFC stacks in a comprehensive way,
several PEMFC stacks, among which the stacks examined
in the present work (BCS 500 W, Nedstack PS6, Ballard
Mark V, etc.) will be tested under steady-state and dynamic
operating conditions. The HG-BBO model will be optimized
based on the experimental data further reducing the sum of
squared errors (SSE) between the simulated and measured
outputs. Other optimization methods will also be compared,
including differential evolution (DE), particle swarm optimi-
zation (PSO), and Harris Hawks optimization (HHO) under
the same experimental conditions to further establish the
superiority of the algorithm.

The experimental stage will enhance not only the practi-
cal feasibility of HG-BBO but also give an idea on how it
can be scaled up to large energy systems and hybrid renew-
able systems. The results will be reported in further publica-
tions, and the shift between simulation-based optimization
and the real world will be properly justified. These develop-
ments will help close the gap between theoretical develop-
ments and industrial application, which will further cement
the position of HG-BBO in the development of PEMFC
technology.

The results of this research have a number of serious
implications to managers and decision-makers within the
industries that use or develop the PEMFC technology. The
fact that HG-BBO algorithm was found to be superior in
the optimization of the PEMFC parameters provides a great
chance to improve the performance and reduce the cost.
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Fig. 13 Characteristic curves: a P-V, V-1, and error curve; b boxplot; and ¢ convergence curve for sheet 12

With the application of this superior optimization tech-
nique, organizations can have a better modeling of fuel cell
behavior, which results in enhanced system efficiency and
long life span. The speed of convergence and computing effi-
ciency of the algorithm allows quicker design iterations and
parameter tuning, which saves a lot of time and resources
needed to experimentally test and develop a prototype. Such
an increase in the rate of optimization may reduce the prod-
uct development cycle and introduce fuel cell technologies
into the market faster.

Operational wise, the accurate parameter estimation abil-
ity of HG-BBO enables improved degradation trends and

performance changes under varying operating conditions to
be predicted. This knowledge will allow managers to use
more efficient maintenance plans and operational plans,
reducing unforeseen downtimes and maximizing resource
usage. The versatility of the algorithm to a wide range of
PEMEC systems indicates that it can be applied in a wide
range of industrial applications, including automotive and
stationary power systems, and offers a general purpose tool
to organizations working in different areas of the clean
energy industry.

On the strategic level, HG-BBO can enable organizations
to retain a competitive advantage in the fast-changing clean
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BBO-M DE-BBO Lx-BBO BHCS BLPSO HBBOS TD-BBO WR-BBO HG-BBO

PR-BBO

Table 24 Parameter optimization and function maximization for sheet 12

Algorithm

&

@ Springer

—0.86262
0.001859

—1.06099
0.002459

—0.94956
0.00265

—0.93629

0.002105

—0.86918
0.001674

—1.00461
0.00263

—0.8532

0.002396

—1.19969
0.003208

—0.94092

0.001905

—1.11985
0.002863

&

3.67E-05 7.08E - 05 9.23E-05 7.42E - 05 3.66E—-05 5.21E-05 8.84E— —-05 4.85E—-05 5.14E-05

6.44E — 05

&

—-9.5E-05

14

—-9.5E-05
19.5893
0.000606
0.050576
0.067248
0.106208
0.077513
0.011088
19.45397
9.692308

—-9.5E-05
14.01049
0.000765
0.048509
0.064194
0.064224
0.064201
8.3E-06

—-9.5E-05

—-9.5E-05
14.37175
0.000325
0.049036
0.064206
0.064319
0.064246

—-9.5E-05
14.01378
0.000656
0.048701
0.064196
0.064284
0.064223

—-9.5E-05
14.65138
0.000593
0.048915
0.064201
0.064251
0.064221

—-9.5E-05

14

—-9.5E-05
14.03577
0.0008

—9.5E-05
17.44763
0.0001

&4

0.0008

0.048483
0.064194
0.064194
0.064194
1.16E-16
0.195412
1.153846

0.0008

0.048473
0.064194
0.064199
0.064196

0.0008

0.048483
0.064194
0.064237
0.064222

0.048498
0.064194
0.064221
0.0642

0.050292
0.064232
0.086839
0.070488
0.00765

Min

Max

Mean
Std
RT

1.53E-06
8.289847
2.846154

3.59E-05
8.441891

7

2.64E —05
15.48676
5.769231

1.57E-05
7.578363
5.923077

2.06E —-05
7.129472
5.769231

7.08E—06

9.778016
3.846154

8.152343
3.769231

7.951298
9.230769

FR

energy market due to its advanced optimization capabilities.
Firms that invest in this technology have the opportunity
to exploit its benefits in order to come up with more effi-
cient and reliable fuel cell products, which could earn them
a larger market share. To policymakers and energy plan-
ners, the results of the study indicate the need to promote
advanced optimization research as a way of speeding up the
commercial viability of hydrogen technologies.

HG-BBO can be used industrially to monitor and tune
PEMEC stacks in real-time in applications such as station-
ary power generation, automotive propulsion, and porta-
ble energy systems. As an example, in grid-connected fuel
cell systems, the algorithm can be used to make dynamic
adjustments to achieve optimal performance when there is
a surge in demand or transient conditions since the algo-
rithm converges quickly and is computationally efficient.
Also, the resistance of HG-BBO to local optima means
that it can be used reliably in a variety of PEMFC settings
and can be easily scaled to manufacturing settings where
reproducibility is paramount. It can also be integrated
with other control systems, e.g., model predictive con-
trol (MPC) or maximum power point tracking (MPPT)
to further increase operational efficiency by combining
the parameter optimization of HG-BBO with real-time
feedback.

The industrial potential of HG-BBO in the future can
be the implementation of the technology into embedded
systems or cloud-based systems to perform remote diag-
nostics and predictive maintenance. Through a constant
improvement of the PEMFC models based on the data
obtained during the operation, the algorithm is able to
facilitate condition-based monitoring, early fault detec-
tion, and optimization of the lifecycle. These develop-
ments are consistent with Industry 4.0 roadmaps, in which
data-based optimization technologies enhance sustain-
ability and minimize downtimes in energy systems. The
scalability of HG-BBO also makes it a potential solution
to the emerging applications, such as hybrid renewable
energy systems and decentralized power networks, where
PEMEFCs are the key to decarbonization. In this way, HG-
BBO does not only solve existing industrial problems but
also opens the path to the next generation of fuel cell
technologies that are more efficient and reliable.

Conclusion

The overall assessment of the 12 PEMFC cases proves the
high effectiveness of the hybrid grouping biogeography-
based optimization (HG-BBO) algorithm in comparison
with nine other optimization strategies. The HG-BBO
permanently provides the minimum mean sum of squared
errors (SSE), and thus, it is highly accurate in estimating
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Table 25 Performance metrics

) Veell Vest Icell Pest AE Pref MBE RE %
of the proposed algorithm for
sheet 12 9.87 9.999676 0.097 0.969969 0.129676 0.95739 0.001121 1.313835
9.84 9.926757 0.115 1.141577 0.086757 1.1316 0.000502 0.881673
9.77 9.767163 0.165 1.611582 0.002837 1.61205 5.37E-07 0.02904
9.7 9.669211 0.204 1.972519 0.030789 1.9788 6.32E—-05 0.317416
9.61 9.573412 0.249 2.38378 0.036588 2.39289 8.92E—-05 0.380725
9.59 9.527679 0.273 2.601056 0.062321 2.61807 0.000259 0.649858
9.5 9.436217 0.326 3.076207 0.063783 3.097 0.000271 0.671399
9.4 9.329837 0.396 3.694616 0.070163 3.7224 0.000328 0.746413
9.26 9.191099 0.5 4.595549 0.068901 4.63 0.000316 0.744073
9.05 9.046907 0.621 5.618129 0.003093 5.62005 6.38E—-07 0.034173
8.93 8.946522 0.711 6.360977 0.016522 6.34923 1.82E-05 0.185017
8.83 8.853561 0.797 7.056288 0.023561 7.03751 3. 7E-05 0.266829
8.54 8.63028 1.006 8.682062 0.09028 8.59124 0.000543 1.057145
8.42 8.481146 1.141 9.676988 0.061146 9.60722 0.000249 0.726203
8.27 8.200534 1.37 11.23473 0.069466 11.3299 0.000322 0.839981
0.054392 0.000275 0.589585

Table 26 Effect of population size on HG-BBO performance
(PEMFC case: BCS 500 W)

Population Mean SSE Std. dev. of SSE Avg. runtime (s)
size (N)

20 0.0285 1.12x 10 0.18

30 0.0261 8.37x 107 0.21

40 0.0255 3.37x101s 0.25

50 0.0256 1.05x10™* 0.31

60 0.0257 1.14x10* 0.38

Table 27 Effect of maximum iterations on HG-BBO convergence
(PEMFC case: Nedstack 600 W PS6)

Max itera- Final SSE ~ Convergence speed Avg. runtime (s)
tions (M)

100 0.292 Slow (no convergence)  0.12

200 0.281 Partial convergence 0.18

300 0.276 Near convergence 0.22

400 0.2755 Stable convergence 0.27

500 0.2752 Full convergence 0.30

PEMEFC parameters and reproducing the voltage—current
characteristics. The robustness of the algorithm is also
demonstrated by the small standard deviations and the
close boxplot distributions, which means that the algo-
rithm shows stable and reliable performance under a
variety of operating conditions. Moreover, HG-BBO has
fast convergence, optimal solutions in 40 iterations, and
is computationally efficient compared to other methods
and can be used in real-time and large-scale optimization

Table 28 Sensitivity analysis of HG-BBO hyperparameters

Hyperparameter Tested range Optimal value Impact on perfor-

mance

mp_max 0.1-0.5 0.3 SSE reduced by
12.7% vs. 0.1;
avoids premature

convergence

9.4% faster con-
vergence vs. 2.0;
maintains solu-
tion accuracy

P_max 0.5-2.0 1.0

Table 29 Wilcoxon signed-rank test results (HG-BBO vs. competing
algorithms)

Algorithm p-value Significance (a=0.05) Median
SSE differ-
ence

PR-BBO 0.002 Significant —0.0412

BBO-M 0.001 Significant —0.0285

DE-BBO 0.001 Significant —0.0198

Lx-BBO 0.002 Significant —0.0221

BHCS 0.001 Significant —0.0153

BLPSO 0.001 Significant —0.0267

HBBOS 0.001 Significant —-0.0149

TD-BBO 0.001 Significant —-0.0126

WR-BBO 0.001 Significant —0.1345

problems. The low absolute and relative errors are con-
sistent, which confirms the accuracy of HG-BBO, which
further proves its usefulness in the exploration and exploi-
tation balance in the optimization process.

@ Springer
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Although these are the benefits, there are also some
limitations that should be considered. The research is more
centered on PEMFC systems, and the applicability of the
algorithm to other fuel cells, e.g., solid oxide fuel cells
(SOFCs), is not investigated. Also, the competing algo-
rithms were run with fixed configurations, and additional
parameter tuning may change relative results. The fact
that HG-BBO can be scaled to more challenging, multi-
objective optimization tasks and that it can perform well
in dynamic real-world operating conditions are two areas
that need further exploration.

In future, it is important to expand the scope of HG-BBO
to more general energy systems, such as hybrid renewable
energy systems and large-scale grid integration. Studying
adaptive parameter tuning mechanisms may help to make it
more generalizable to various optimization problems. Also,
its practical use would be confirmed by real-time application
in industrial PEMFC systems. Future research on hybridi-
zation with other metaheuristic methods can enhance con-
vergence rate and accuracy of the solution, especially in
high-dimensional problems. In responding to these factors,
HG-BBO can be developed as a benchmark optimization
tool that can promote theoretical studies and industrial prac-
tice in sustainable energy technologies.
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