
Vol.:(0123456789)

Ionics 
https://doi.org/10.1007/s11581-025-06601-w

RESEARCH

Revolutionizing parameter identification of PEM fuel cell using 
adaptive differential evolution algorithm based on deeply‑informed 
mutation strategy and restart mechanism optimization

Manish Kumar Singla1,2 · Muhammed Ali3 · Ramesh Kumar4 · Pradeep Jangir5,6,7 · Absalom E. Ezugwu8 · 
Mohamed Abouhawwash9,10

Received: 6 May 2025 / Revised: 10 July 2025 / Accepted: 29 July 2025 
© The Author(s), under exclusive licence to Springer-Verlag GmbH Germany, part of Springer Nature 2025

Abstract
Proper modeling of proton exchange membrane fuel cells (PEMFCs) depends on the accurate determination of the unknown 
parameters that are essential in predicting performance, but usually not given by manufacturers. The Adaptive Differential 
Evolution Algorithm Based on Deeply-Informed Mutation Strategy and Restart Mechanism (ADEMDR) that is proposed 
herein proposes a new method of optimization of the seven parameters (ξ1, ξ2, ξ3, ξ4, λ, Rc, and β) that control the activation, 
ohmic, and concentration overpotentials. In contrast to the traditional approaches, ADEMDR incorporates a highly informed 
mutation strategy that dynamically modifies evolutionary direction based on elite individuals, suboptimal solutions, and 
search history. Also, there is a restart mechanism that avoids premature convergence by reintroducing good solutions, which 
greatly improves the balance between exploration and exploitation. The results of validation of ADEMDR on 12 commercial 
PEMFC stacks under different operating conditions prove its superiority to the state-of-the-art algorithms, such as L-SHADE, 
PSO, DE, PLO, HARD-DE, and NDE. The algorithm has the minimum sum of squared error (SSE), absolute error (AE), 
and mean bias error (MBE), and the improvement of computational efficiency is more than 98% in terms of run time. The 
optimized parameters allow very precise prediction of I-V and P–V curves, which are very close to experimental data. The 
strength and scalability of ADEMDR render it applicable in real-time PEMFC modeling, and it has a great potential of being 
implemented in embedded systems in monitoring and control systems.
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Introduction

The escalating environmental and energy crises, driven 
by dwindling fossil fuel reserves, water contamination, 
energy scarcity, and global warming, have become a major 
international concern [1, 2]. This has intensified the search 
for renewable and clean energy alternatives, with hydrogen 
emerging as a highly promising solution [3]. The abun-
dance of hydrogen on earth and its combustion without 
emissions make it an attractive energy source. Significant 
research efforts focused on proton exchange membrane 
fuel cells (PEMFCs) to maximize hydrogen potential [4, 
5]. PEMFCs are advanced electrochemical devices that 
directly convert the chemical energy stored in hydrogen 
into electricity and heat without the disadvantages of com-
bustion or harmful emissions [6]. These fuel cells usually 
consist of an anode, a cathode, a polymeric membrane, and 
an electrolyte. Within the anode compartment, hydrogen 
gas undergoes a chemical reaction that generates protons 
and electrons [7–9]. The electrons travel to the cathode 
compartment through an external circuit, while the pro-
tons migrate through the membrane [10, 11]. In the cath-
ode compartment, pure oxygen reacts with the incoming 
electrons and protons, producing water. To ensure optimal 
and reliable operation of the PEMFC stack, robust sys-
tem designs and effective operational strategies are cru-
cial [12, 13]. Fuel cells are complex systems comprising 
various interconnected subsystems, including monitor-
ing, control, and integrated units for various instruments. 
Effective inter-subsystem cooperation is essential for the 
ideal operation of fuel cells. The control system plays a 
critical role in managing the operational process, covering 
the regulation of reagents, water management, and ther-
mal systems. This allows direct adjustment of the main 
operational parameters. At the same time, the monitoring 
system continually evaluates the operational status of the 
fuel cell [14].

Electrochemical modeling, a powerful approach that 
integrates electrochemistry and mathematical principles, is 
crucial for predicting fuel cell output, enhancing PEMFC 
performance, and optimizing power conditioning circuits 
[15]. Furthermore, fuel cell modeling facilitates the design 
process and provides a deeper understanding of the under-
lying electrochemical reactions within PEMFCs. In recent 
years, numerous mathematical models have been devel-
oped for fuel cells. For example, Danoune et al. proposed 
the Whale Optimization Algorithm (WOA) to determine 
the ideal parameters for PEMFC models. WOA aims to 
create a precise and efficient PEMFC model, minimizing 
the discrepancy between the experimental and planned 
polarization curves. WOA is particularly effective in 
mitigating the challenges of premature convergence and 

great place, which are common limitations of many exist-
ing modeling approaches. To validate the effectiveness 
of WOA, a series of experiments were conducted on a 
Heliocentris FC50 PEMFC test bench to demonstrate its 
ability to accurately simulate PEMFC generator behav-
ior. The accuracy of the developed model was rigorously 
evaluated across a range of operating conditions. WOA’s 
effectiveness was also validated using data from two dif-
ferent PEMFCs: Ballard and V BCS-500W. Compara-
tive analyses were performed against various established 
optimization algorithms in the literature, along with the 
appropriate statistical analysis. The results unequivocally 
demonstrate the superior performance of WOA. Among 
all the methods evaluated, WOA has reached the lowest 
average absolute error, indicating the highest accuracy in 
model forecasts [16]. In another study, Zhang et al. Intro-
duced a new Hybrid Alexnet/Extreme Learning Machine 
(ELM) network to optimize the resource extraction process 
for PEMFCs.

The primary objective was to utilize a novel hybrid 
AlexNet/ELM network to minimize the discrepancy between 
the experimentally measured output voltage and the pre-
dicted voltage [17]. A modified version of the African opti-
mizer Vulture (MAVO) was used to improve the Alexnet/
ELM generation process. To evaluate the effectiveness 
of this proposed approach, it was applied to a real-world 
PEMFC test case for resource extraction. The performance 
of the approach was rigorously validated by comparing the 
forecasts of the Alexnet/ELM model with the real experi-
mental data. The proposed AlexNet/ELM network exhibited 
higher validation accuracy than empirical data. In a sepa-
rate study, Zhou et al. introduced a new problem formula-
tion for efficiently identifying PEMFC parameters, which 
they solved using the Improved Fish Migration Optimizer 
(IFMO). The objective function of the fuel cell has been 
defined and implemented using the MATLAB code. The 
performance of this new formulation has been strictly evalu-
ated through extensive simulations, comparing it to existing 
and conventional objective functions [18]. To demonstrate 
the superiority of the proposed formulation of traditional 
curve adjustment methods, a comprehensive assessment 
was performed, considering factors such as convergence 
speed, absolute tension error, and the value of the objective 
function.

The research selected its algorithms for comparison 
because they show widespread use, proven success, and 
direct applicability to PEMFC parameter identification. The 
chosen algorithms, including L-SHADE, Particle Swarm 
Optimization (PSO), Differential Evolution (DE), Polar 
Lights Optimizer (PLO), Newton Differential Evolution 
Algorithm (NDE), Local Search-Based Differential Evolu-
tion (LSDE), Parameter Adaptation-Based Differential Evo-
lution (PaDE), and Cooperative Strategy-Based Differential 
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Evolution (AOA), represent the diverse range of established 
optimization techniques commonly used in similar appli-
cations. These algorithms have proved adequate because 
numerous studies in the literature demonstrate their effec-
tiveness in solving complex nonlinear optimization prob-
lems, including PEMFC modeling and parameter estimation.

Two main reasons explain the absence of Reinforcement 
Learning (RL) and Bayesian Optimization (BO) from the 
study. The main objective of this research evaluates the pro-
posed ADEMDR algorithm by comparing it to established 
classical optimization methods which have become standard 
in PEMFC parameter identification studies. The classical 
optimization methods continue to function as benchmarks 
owing to their previous performance and universal adop-
tion allowing an unambiguous performance evaluation. The 
application of RL and BO to PEMFC parameter identifica-
tion remains under development because their computational 
requirements might not match real-time modeling needs 
and control objectives of this study. Further work should 
integrate RL or BO with ADEMDR to boost its abilities 
while this evaluation demonstrates ADEMDR’s superiority 
against established methods in PEMFC parameter optimiza-
tion applications.

Comparison of ADEMDR with recognized standard algo-
rithms enables the study to prove its performance reliability 
as well as benchmarking accuracy against research standards 
in PEMFC modeling. The research methodology provides 
meaningful results which practitioners and researchers can 
utilize in their PEMFC modeling work.

Literature highlights the growing prominence of artificial 
intelligence, particularly metaheuristic algorithms, in model 
identification due to their inherent simplicity and ability to 
address the complex, non-linear nature of PEMFC systems. 
However, the “No Free Lunch” theorem underscores the 
limitations of any single optimization method in achieving 
universal optimality. This realization motivates the pursuit 
of novel and improved metaheuristic algorithms to consist-
ently achieve superior results. In this work, we introduce an 
enhanced metaheuristic algorithm specifically designed to 
optimize parameters and minimize the error between pre-
dicted and experimentally measured output voltages. This 
approach deviates from traditional methods by prioritizing 
parameter optimization as the primary objective. Extensive 
evaluation against existing algorithms demonstrated the 
superior performance of ADEMDR, achieving the lowest 
error levels. Furthermore, the proposed approach underwent 
rigorous testing for consistency and reliability across a wide 
range of pressure and temperature conditions, confirming its 
effectiveness. By combining advanced optimization tech-
niques with robust empirical validation, this methodology 
introduces a novel algorithm and sets a new standard for 
accuracy and reliability in PEMFC parameter identification, 

ultimately contributing to improved fuel cell performance 
and efficiency. The key contributions of this work are as 
follows:

•	 This study optimizes PEMFC model identification by 
minimizing SSE using the ADEMDR method and com-
pares various algorithmic approaches,

•	 This study include the detailed analysis of application 
of ADEMDR variants, specifically examining the per-
formance of L-SHADE [19], Particle Swarm Optimiza-
tion (PSO) [20], Differential Evolution (DE) [21], Polar 
Lights Optimizer (PLO) [22], Hierarchical archive based 
mutation strategy with depth information of evolution 
enhancement of differential evolution (HARD-DE) 
[23], Newton Differential Evolution Algorithm (NDE) 
[24], Local Search based Differential Evolution (LSDE) 
[25], Parameter Adaptation based Differential Evolution 
(PaDE) [26], and Cooperative Strategy based Differential 
Evolution (AOA) [27] algorithms.

•	 The analysis included 12 commercially available PEMFC 
stacks, specifically the BCS 500 W-PEM [28], 500 W 
SR-12PEM [29], Nedstak PS6 PEM [29], H-12 PEM 
[30], HORIZON 500 W PEM [30], and a 250 W-stack 
[31], among others.

•	 To ensure the consistency of the tested methods, a thor-
ough statistical evaluation was performed.

•	 The achieved results were compared to findings from 
existing literature to establish a benchmark.

Method

The typical electrochemical reactions, expressed mathemati-
cally, that occur at the anode and cathode of a PEMFC stack 
are as follows:

1.	 Anode reaction
	   At the anode, hydrogen gas (H₂) undergoes oxidation, 

splitting into protons (H⁺) and electrons (e⁻). These pro-
tons then travel through the proton exchange membrane 
(PEM), while the electrons flow through an external cir-
cuit, generating an electrical current.

2.	 Cathode reaction
	   At the cathode, oxygen (O₂) combines with protons 

that have crossed the PEM from the anode and electrons 
that have flowed through the external circuit, producing 
water (H₂O) as a result.

(1)Hydrogen Oxidation ∶ H2 → 2H+ + 2e−

(2)Oxygen Reduction ∶ 1∕2O2 + 2H+ + 2e− → H2O
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3.	 Overall cell reaction
	   The complete electrochemical process within the 

PEMFC is represented by the combination of hydrogen 
and oxygen to produce water, a reaction that also yields 
electrical energy.

The voltage output of a single PEMFC is usually insuf-
ficient for practical applications (see Fig. 1). Consequently, 
PEMFC stacks, where multiple cells are connected in series, 
are used to achieve the required voltage. PEMFC perfor-
mance is often modelled with semi-empirical equations. 
Accurate parameters are key for reliable simulations that 
calculate output voltage based on factors like reversible 
potential and various overpotentials.

(3)
Hydrogen − Oxygen Reaction ∶ H2 + 1∕2O2 → H2O

(4)VFC = ENernst − Vact − Vohmic − Vconc

The total output voltage of a PEMFC stack comprising N 
cells in series is determined by:

The terms Vact, Vohmic, and Vconc refer to the activation, 
ohmic, and concentration voltage drops, respectively. The 
thermodynamic potential is represented by ENernst and its 
value is determined by:

PHydrogen and POxygen represent the partial pressures of H₂ 
and O₂ (in atm), while t is the fuel cell temperature (in Kelvin). 
Cell current affects these pressures. Equation 7 approximates 
the activation voltage loss (Vact).

(5)Vtotal = NVFC

(6)

ENernst = 1.229 − 0.85 × 10 − 3 × (t − 298.15) + 4.308

× 10 − 5 × lnPHydrogen

√

POxygen

Here, IFC represents the fuel cell current, and ξ1 through ξ4 
are numerical constants. The oxygen concentrations, denoted as 
CO2 and CH2 (in mol/cm3), can be calculated using Eqs. 8 and 9.

(7)vact = −
[

�1 +
(

�2 × TFC
)

+
(

�3 × TFC × ln
(

CO2

))

+
(

�4 × TFC × ln
(

Ifc
))]

(8)CO2
=

PO2

5.08 × 106
× exp

(

498

TFC

)

(9)CH2
=

PH2

1.09 × 106
× exp

(

−77

TFC

)

The calculation of the ohmic voltage loss (Vohm) involves 
the fuel cell’s resistance, which is give in Eq. 10.

where Rm and Rc denote the membrane and contact resist-
ances, respectively, and Eqs. 11 and 12 are used to calculate 
Rm.

(10)vohm = IFC ×
(

Rm + Rc

)

Fig. 1   Schematic of PEMFC 
[32]
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In this context, ρm (membrane resistivity), l (thickness), 
Am (active area), J (current density), and λ (water content) 
are defined. Equation 13 can estimate vconc.

where β is the maximum current density (A/cm2) and Jmax 
is a constant coefficient, PEMFC stacks comprise Ncells 
individual cells. The stack voltage (Vstack) is then calculated 
using Eq. 14.

While this equation simplifies the PEMFC stack by 
assuming uniform cell behaviour and neglecting connect-
ing resistances, a complete mathematical model requires 
identifying seven unknown parameters. Mann’s model [33] 
uses an iterative approach for this estimation.

Problem formulation

This manuscript introduces a new way to make a PEMFC 
model more accurate. By comparing the model’s predicted 
voltage to real-world measurements, we can improve its abil-
ity to forecast performance. Mathematical equations within 
the model predict the voltage at different current levels. To 
achieve greater accuracy, a specialized algorithm is imple-
mented. The SSE is detailed in Eq. 15.

In this equation, the actual experimental voltage is 
denoted by Vactual, the computed model voltage by Vi , and N 
represents the number of data points.

Classical DE algorithm

Recognizing the significant advancements and diverse 
applications of Differential Evolution in scientific and 
technological fields, this section presents an overview of 
the classical Differential Evolution algorithm [34, 35]. The 
DE algorithm explores the solution space by exploiting the 

(11)Rm =
�m × l

MA

(12)

�m =
181.6 ×

[

1 + 0.03 × J + 0.062 × J2.5 ×
(

TFC∕303
)2
]

[� − 0.634 − 3 × J] × exp(4.18×(TFC−303)∕Tfc)

(13)vconc = −� × ln
(

1 − J∕Jmax

)

(14)
Vstack = Ncells × VFC = Ncells ×

(

ENernest − vact − vohm − vconc
)

(15)SSE = MIN

(

F =

N
∑

i=1

(

Vactual − Vi

)2

)

differences among individuals within a population. Its main 
components include initialization, mutation, crossover, and 
selection. Comprehending these steps is essential for under-
standing the enhancements made to Differential Evolution 
methodologies. Differential Evolution begins by creating a 
population with random values. It generates new candidate 
solutions by taking the weighted difference between two ran-
domly chosen population members and adding it to a third 
member. The newly generated solution competes with the 
original solution, and the fitter one is selected for the next 
iteration. Through successive generations, superior individu-
als are retained while inferior ones are discarded, gradually 
directing the search toward the optimal solution. The fun-
damental evolutionary processes in DE are outlined below.

Initialization

The DE algorithm initializes a solution using a D-dimen-
sional vector (M). For a given population size (N), each 
individual can be expressed as follows: x_i (G) = (x_{i1} 
(G), x_{i2} (G), …, x_{iD} (G)). The initial population is 
generated within the range [xmin, xmax] . The relationship is 
represented as follows:

where G indicates the current generation, xmax and xmin 
represent the maximum and minimum limits of the search 
space, respectively, and rand is a uniformly distributed ran-
dom number in the interval (0,1).

Mutation

In the DE algorithm, the mutation process creates a mutation 
vector, Vi,G , for each individual, xi,G , (the target vector), in 
the current population. The mutation strategy is commonly 
denoted as DE/x/y, where “x” indicates the base vector and 
“y” specifies the number of difference vectors used. The five 
most common mutation strategies are described below:

•	 DE/rand/1

•	 DE/best/1

•	 DE/rand-to-best/1

•	 DE/best/2

(16)xiD = xmin + rand(0, 1) ⋅ (xmax − xmin)

(17)Vi,G = xr1,G + F ⋅ (xr2,G − xr3,G)

(18)Vi,G = xbest,G + F ⋅ (xr1,G − xr2,G)

(19)Vi,G = xi,G + F ⋅ (xbest,G − xi,G) + F ⋅ (xr1,G − xr2,G)
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•	 DE/rand/2

In the above equations, r1, r2, r3, r4, and r5 are unique integers 
randomly selected within [1,M] . The scale factor F serves as 
a control parameter to amplify the difference vector, while 
xbest,G represents the best individual vector in the population 
at generation G.

Crossover

The binomial crossover operator in the DE algorithm facili-
tates the generation of trial vectors, ui,G , by combining the 
mutation vector, vi,G , and the target vector, xi,G . Trial vectors 
are produced based on the following relationship:

Here, randj(0, 1) is a random number uniformly distrib-
uted within the interval (0,1), and CR refers to the crossover 
rate that determines the proportion of information inherited 
by the trial vector ui from either the mutation vector vi or the 
target vector xi.

Selection

The selection process involves evaluating the fitness values 
of all trial vectors. For a minimization optimization prob-
lem, a trial solution is compared to the current best solution 
(target vector). If the trial solution is equally good or better, 
it replaces the target vector. Otherwise, the target vector is 
retained. This iterative process refines the population over 
successive generations. The process can be mathematically 
expressed as follows:

This greedy selection mechanism ensures the survival of 
the fittest individuals, facilitating the convergence toward 
an optimal solution.

Proposed ADEMDR algorithm

While the Differential Evolution (DE) algorithm is a ver-
satile optimization technique, its performance is sensitive 
to the choice of mutation strategies and parameter settings. 
Current strategies often rely on random or elite individu-
als, potentially hindering the algorithm’s ability to exploit 

(20)
Vi,G = xbest,G + F ⋅ (xr1,G − xr2,G) + F ⋅ (xr3,G − xr4,G)

(21)Vi,G = xi,G + F ⋅ (xr1,G − xi,G) + F ⋅ (xr2,G − xr3,G)

(22)

ui,G =

{

vi,G, if randj(0, 1) ≤ CR or j = jrand, j = 1, 2, ...,D

xi,G, otherwise

(23)Xi,G+1 =

{

Ui,G, if f (Ui,G) ≤ f (Xi,G)

Xi,G, otherwise

promising non-optimal solutions and explore the search 
space effectively [36].

The ADEMDR algorithm tackles these challenges by 
incorporating a sophisticated mutation strategy. This strat-
egy dynamically adjusts its parameters based on the cur-
rent evolutionary state of the population. Additionally, the 
algorithm reintroduces promising, non-optimal solutions 
that were previously discarded to further enhance the opti-
mization process.

Motivation

DE algorithm performance is strongly influenced by the 
selected mutation strategy and parameter control mecha-
nisms. The mutation operation is a main factor to determine 
the balance between exploring new regions and exploring 
the promising regions in the solution space. Control param-
eters, on the other hand, influence the overall research capac-
ity of the algorithm. To achieve the ideal performance, dif-
ferent optimization problems and phases of the evolutionary 
process may require the use of different mutation operators 
and parameter settings. Consequently, projecting adaptive 
mutation strategies and parameter settings with the ability 
to adjust dynamically is highly significant [23].

By integrating comprehensive information about the con-
nections between individuals and diverse mutation opera-
tors, the algorithm can produce higher-quality offspring. 
Furthermore, the utilization of historical search information 
from the current population allows for the precise adjustment 
of control parameters, leading to improved overall algorithm 
performance. However, effectively leveraging this informa-
tion to ensure the evolutionary trajectory remains promising 
presents a significant challenge. To achieve a more optimal 
balance between exploration and exploitation, the ADEMDR 
algorithm reintroduces promising non-optimal solutions that 
are typically discarded after the selection process. These 
solutions are incorporated into the mutation operator of the 
current population, enhancing the algorithm’s ability to find 
global optima.

This concept draws inspiration from marathon competi-
tions. In such events, participants who initially lag behind 
may ultimately secure commendable positions. Similarly, 
incorporating solutions that appear suboptimal at interme-
diate stages can contribute positively to the overall search 
process.

With respect to parameter control, numerous prior studies 
have demonstrated that adaptive parameter control methods 
often outperform fixed-value approaches. For instance, the 
scaling factor F in many advanced DE variants is gener-
ated following a Cauchy distribution. However, this method 
may fail to preserve some previously beneficial F values 
and might inadvertently lead to suboptimal outcomes. The 
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current approach alternates the generation of F between 
adherence to the Cauchy distribution and leveraging a suc-
cessful historical archive. This alternation aims to mitigate 
the possibility of F progressing in a detrimental direction. 
Following further refinement, the segmentation method 
presented in this study has been developed to enhance per-
formance. The core concept of the ADEMDR algorithm is 
summarized as follows.

Deeply‑informed mutation strategy

Mutation, the central operation in Differential Evolution, 
has received significant attention since its development. The 
mutation strategy essentially involves a weighted combina-
tion of a basis vector, which guides the population’s evolu-
tionary path, and a difference vector, which introduces ran-
dom perturbations for finer-grained search. The five widely 
used mutation strategies each possess distinct characteristics.

The DE/rand/1 strategy exhibits noteworthy performance 
across both single-peaked and multi-peaked optimization 
landscapes; however, its rate of convergence leaves room 
for improvement. DE/rand/2 demonstrates a strong aptitude 
for global search, though it tends to converge at a slower 
pace. In contrast, the DE/best/1 and DE/best/2 strategies 
offer accelerated convergence but are comparatively less 
adept at exploring the entire search space, frequently falling 
into local optima. The DE/rand-to-best/1 strategy attempts to 
strike a balance between global exploration and local refine-
ment but shows limitations in its robustness. Each mutation 
strategy presents varying degrees of efficacy when con-
fronted with diverse and complex optimization tasks.

To improve performance, some DE variants incorporate 
candidate pools with multiple mutation strategies, which can 
increase computational complexity. Recent advancements 
in DE variants suggest that utilizing elite individuals, such 
as the best or a subset of the best individuals, to guide the 
search direction can enhance the exploration and exploita-
tion capabilities of the algorithm. However, most approaches 
rely on a single elite individual, which may lead to prema-
ture convergence and ineffective guidance in search direc-
tions. Such strategies may also mislead the search process 
into invalid regions of the solution space.

The deeply-informed mutation strategy introduced here 
employs not only the top 100% p elite individuals (ranked 
by fitness) but also integrates depth information from sub-
optimal solutions and the current population. This strategy 
extracts promising individuals that are eliminated during the 
selection process and integrates them with the current popu-
lation to generate different vectors. This approach adjusts the 
evolutionary direction and reduces the likelihood of local 
optima entrapment.

The proposed mutation strategy is mathematically 
expressed as follows:

where Xi,G is the current population and JADE, and Xp

best,G
 

is the 100%p vectors current population. During the early 
evolution phase, a higher level of global exploration is nec-
essary, while the later stages benefit from intensified local 
exploitation. Correspondingly, the p-values are dynami-
cally adjusted throughout the evolutionary process, within 
the range p ∈ [0.2, 0.05] . The indices i, r1, and r2 are distinct 
( i ≠ r1 ≠ r2).

The vector X̃r1
 includes promising but suboptimal indi-

viduals integrated with Xr1
 . Here, P and Xr1

 represent the 
current population and a randomly selected vector from 
P , respectively. Individuals fitter than the population aver-
age are excluded from selection and stored in an adaptive 
archive. The archive’s size (A) dynamically changes with the 
population size ps , determined as follows: |A| = rarc

A
⋅ psG , 

where rarc
A

 denotes a constant ratio, with a recommended 
value of 0.6. The vector X̂r2,G

 is selected randomly from the 
union P ∪ B , where B is an external archive employing a 
time-stamped mechanism. This archive is akin to that used 
in PaDE but features a novel dynamic threshold mechanism 
to adapt better to problems of varying scales. The dynamic 
threshold ranks fitness values to balance the number of gen-
eral and poor solutions. In the ADEMDR algorithm, rd is 
calculated as follows:

Here, RG(⋅) indicates the number of individuals in the 
current population that have a better fitness than their coun-
terparts in the previous generation. Additionally, solutions 
that are less fit for the current population are also included in 
the external archive. When the archive size exceeds a fixed 
maximum value rarc

B
⋅ ps or rd = 0 , random elimination of 

solutions occurs, maintaining the archive size at rarc
B

⋅ ps.

Parameter adaptation

The adaptation of parameters is formulated as follows:

For each Fi , the adaptation is defined as follows:

(24)Vi,G = Xi,G + F ⋅ (X
p

best,G
− Xi,G) + F ⋅ (X̃r1,G

− X̂r2,G
)

(25)rd =
RG(i)

RG(1)

(26)F = �F

(27)Fi =

⎧

⎪

⎪

⎨

⎪

⎪

⎩

Cauchy(𝜇F, 0.1) if FS < 0.1

𝜇F if FS ≥ 0.1

Cauchy(𝜇F, 0.1) whileFi ≤ 0

1 if Fi > 1

Fi otherwise
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where Cauchy(⋅) represents random numbers generated from 
a Cauchy distribution, with �F as the location parameter and 
0.1 as the scale parameter. The scale factor status FS is cal-
culated as follows:

where min(F) and max(F) denote the minimum and maxi-
mum F-values, respectively. If min(F) = max(F) , the calcu-
lation of FS is skipped.

The crossover rate CRi adapts as:

with the conditional rule:

Here, �F and �CR are historical archives storing values for 
the scaling factor (F) and crossover rate (CR), respectively, 
and are both initialized at 0.5. The Laplace distribution, used 
for the perturbation parameter, has a fixed variance of 0.1. 
Its higher concentration compared to the normal distribution 
leads to more extreme values, facilitating broader distur-
bances in the search process.

Restart mechanism

Investigations have revealed that the performance of Dif-
ferential Evolution is substantially influenced by two key 
limitations: premature convergence and stagnation [37]. 
To overcome these evolutionary obstacles, several mecha-
nisms have been proposed. However, existing methods either 

(28)FS =
F−min(F)

max(F)−min(F)

(29)CRi = Laplace(�CR, 0.1)

(30)CRi =

⎧

⎪

⎨

⎪

⎩

0 if 𝜇CR ≤ 0or CRi < 0

1 if 𝜇CR > 0andCRi > 1

CRi otherwise

focus solely on adjusting the search capability of individuals 
deemed unpromising or fail to incorporate population-level 
information to assess the evolutionary state. To overcome 
these issues and accelerate convergence, a restart mechanism 
has been developed that considers population diversity to 
enhance algorithmic performance.

This mechanism quantifies diversity using two hyper-
volumes: one defining the search space’s constraints and 
the other illustrating the population’s spatial distribution 
throughout the iterations. The volume enclosed by the search 
space is calculated by taking the absolute difference between 
its upper and lower bounds:

Here, l = l1, l2,… , lD and u = u1, u2,… , uD are vec-
tors that represent the lower and upper boundaries of the 
search space, respectively. The calculation of Vlim is per-
formed once during the initialization phase. In contrast, 
Vpop denotes the hypervolume of the evolving population, 
where yi represents edge vector coordinates, calculated as 
yi = (2 ⋅ xnd(xi), 0, 0,…).

To evaluate diversity, the ratio of the hypervolume of 
candidate solutions to the constrained hypervolume of the 
search space is used as a metric, calculated as follows:

Known as iVOL , this metric assesses diversity by leverag-
ing the multidimensional volume of the search space. The 
detailed computational steps are outlined in Algorithm 1.

(31)Vlim = ln
�

1 +
∏D

i=1
�ui − li�

�

(32)Vpop =

�

∏D

i=1
yi

(33)iVOL =

√

Vpop

Vlim

Algorithm 1 Pseudocode for the calculation of i
VOL
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Additionally, a counter ( ct ) is employed to record con-
secutive generations where individuals fail to make progress. 
If the population fails to converge to a smaller area, result-
ing in iVOL > 𝜉 and ct > N (with N = 40 and � = 0.001 ), a 
population convergence operation is triggered:

Here, Xbetter
r1,G

 refers to an individual randomly selected 
from the population whose rank is higher than that of Xi,G . 
If the i-th individual in the population has a rank of k , the 
selection is made from individuals ranked in [1, k − 1] . The 
newly generated individual, Xnew

i,G
 , undergoes a selection 

operation with the current individual, Xi,G . Remaining 

(34)Xnew
i,G

= Xi,G + Frestart ⋅ (X
better
r1,G

− Xi,G)

superior individuals replace Xi,G . The scale factor Frestart is 
derived using a Cauchy distribution:

When the population lacks adequate diversity, unpromis-
ing individuals are substituted with more promising candi-
dates using the Wavelet Walk mechanism. This mechanism 
effectively enhances the performance of these individuals, 
thereby mitigating population stagnation and preventing 
convergence to local optima. The process involves select-
ing an elite subset of the population, Xe , for the Wavelet 
Walk. Subsequently, less promising individuals are replaced 
by improved candidates generated through this walk. Algo-
rithm 2 offers a detailed explanation of the Wavelet.

(35)Frestart = Cauchy(0.5, 0.1)

Within this process, Xgbest signifies the globally optimal fit-
ness value, and Xe denotes a select elite subpopulation com-
prising the top 10 individuals from the current population. The 
cardinality of this elite subpopulation, Xe , is represented by 
the parameter Xe . Set to 10 for this study. The term rand [1, ps] . 
refers to an integer randomly sampled from the discrete uniform 
distribution over the interval [1, ps] . Furthermore, the Mexican 
hat wavelet function, formally defined as the second derivative 
of the Gaussian function, is employed in this work, inheriting 
the advantageous localization properties of the Gaussian distri-
bution in both the temporal and frequency domains.

Parameter control

In ADEMDR, a memory pool of H entries is created, where 
each entry stores a pair of control parameters �F and �CR . At 

each iteration, a pair of control parameters (F and CR) is ran-
domly chosen from one of the memory pool entries. Following 
the greedy selection, a generated test vector leading to a supe-
rior individual results in labelling that individual as successful 
s, while an inferior outcome labels it as failed f. Before updat-
ing the parameters �F and �CR , the frequency of selection for 
each memory pool entry is tracked, and the success rate R is 
calculated. To avoid cases where the success rate equals zero, 
a small constant � ( � = 0.01 ) is included. The success rate R 
is determined using the following formula:

where j ∈ [1, 2,… ,H] , ns is the total number of indi-
viduals labeled as s in the current population, and 

(36)Rj =

{

n2
s,j

ns(ns,j+nf ,j)
, if ns,j > 0

𝜀, otherwise

Algorithm 2 Procedure of Wavelet Walk
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ns = ns,1 + ns,2 +⋯ + ns,H−1 + ns,H . The variable ns,j repre-
sents the count of individuals labeled as s among those who 
selected the j-th entry, while nj = ns,j + nf ,j.

The update mechanism for �CR in the memory pool fol-
lows LSHADE’s method, cycling sequentially through the 
entries from first to last before repeating. However, for 
�F , the value in the entry with the lowest success rate R is 
replaced each time. This approach effectively employs con-
trol variables to minimize parameter interference. The adap-
tation of �F and �CR is defined by the following equations:

Here, SF and SCR represent the sets of F and CR values 
that result in improved trial vectors, respectively. The param-
eter k indicates the memory pool entry index, which cycles 
sequentially. The term loc(Ui,G − Xi,G) indicates the posi-
tional difference between the test vector Ui,G and the target 
vector Xi,G , while std(⋅) computes the standard deviation.

By utilizing the positional information of the population 
instead of fitness value information for parameter adapta-
tion, the DE algorithm demonstrates broader applicability, 
especially for objective functions where fitness values are 
infeasible. Furthermore, while the linear population size 
reduction scheme proposed in LSHADE is an effective adap-
tation mechanism, its rapid reduction at the initial stages of 
evolution can lead to errors in landscape perception for cer-
tain objective functions. To address this, a superior parabolic 
model proposed in HARD-DE is adopted to enhance curve 
accuracy. This model is applicable to various algorithms and 
is described by the following equation:

ws =
std(Δloci)

∑
�SF�

s=1
std(Δloci)

Δloci = loc(Ui,G − Xi,G)

meanWL(SF) =

∑
�SF�

s=1
ws ⋅ S

2

F
(s)

∑
�SF�

s=1
ws ⋅ SF(s)

(37)�F,idx,G+1 =

{

meanWL(SF), if SF ≠ ∅

�F,idx,G, otherwise

ws =
std(Δloci)

∑
�SCR�

s=1
std(Δloci)

Δloci = loc(Ui,G − Xi,G)

meanWL(SCR) =

∑
�SCR�

s=1
ws ⋅ S

2

CR
(s)

∑
�SCR�

s=1
ws ⋅ SCR(s)

(38)

𝜇CR,k,G+1 =

⎧

⎪

⎨

⎪

⎩

meanWL(SCR), if SCR ≠ ∅ ∧ max{CR} > 0

0, if SCR ≠ ∅ ∧ max{CR} = 0

𝜇CR,k,G, otherwise

This optimized parabolic model ensures better adaptation 
and accuracy across various scenarios.

The ADEMDR introduces a novel approach to parameter 
optimization by enhancing the classical Differential Evolu-
tion (DE) framework with adaptive learning and historical 
information utilization. At the core of this innovation lies the 
deeply-informed mutation strategy, which refines the search 
process by integrating multiple sources of evolutionary guid-
ance. Unlike traditional DE variants that rely on random 
or elite-based mutations, ADEMDR dynamically adjusts its 
search direction using a combination of the current popula-
tion’s best individuals, promising suboptimal solutions, and 
archived historical candidates. The mutation operation in 
ADEMDR is governed by a composite strategy that bal-
ances exploration and exploitation. The mutation vector Vi,G 
is generated by combining the current target vector Xi,G with 
weighted differences derived from elite individuals ( Xp

best,G
 ) 

and archived solutions ( X̃r1,G
 and X̂r2,G

 ). The elite pool Xp

best,G
 

consists of the top p% performers in the population, where p 
decays linearly from 0.2 to 0.05 over generations to transi-
tion from broad exploration to focused exploitation. Mean-
while, X̃r1,G

 incorporates high-potential but non-optimal 
solutions from the current population, ensuring that regions 
of the search space with latent promise are not prematurely 
abandoned. The vector X̂r2,G

 is drawn from an external 
archive B , which stores historically significant solutions that 
may not be optimal but contribute to maintaining diversity 
and preventing stagnation. A critical aspect of this strategy 
is the dynamic threshold mechanism governing archive B . 
Unlike static archives that retain solutions based on fixed 
criteria, ADEMDR employs an adaptive threshold rd that 
adjusts based on population fitness trends. This threshold is 
computed as the ratio of improved individuals in the current 
generation relative to the best performer, ensuring that the 
archive prioritizes solutions that contribute meaningfully to 
evolutionary progress. If the population shows no improve-
ment ( rd = 0 ) or exceeds a predefined size limit ( rarc

B
⋅ ps ), 

the archive undergoes controlled pruning, discarding redun-
dant or less informative solutions while preserving those 
that enhance exploration. This dynamic management of B 
ensures computational efficiency without sacrificing search 
diversity. The restart mechanism further complements this 
strategy by periodically reintroducing archived solutions 
into the population, effectively resetting the search trajec-
tory when stagnation is detected. This is particularly valu-
able in complex, multimodal optimization landscapes, such 
as those encountered in PEMFC parameter identification, 
where conventional DE variants often converge prematurely 

(39)

psG+1 =

⎧

⎪

⎨

⎪

⎩

⌈

(psmin−psini)

(2∕3nfemax−psini)
2
⋅ (nfe − psini)

2 + psini⌉, if nfe ≤ 0.5nfemax

⌊

(psmin−1∕3psini)

1∕3nfemax
⋅ (nfe − nfemax) + psmin⌋, otherwise
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to suboptimal solutions. By leveraging historical search 
information and adaptively adjusting mutation parameters, 
ADEMDR achieves a robust balance between exploration 
and exploitation, leading to faster convergence and higher 
accuracy compared to traditional methods.

The ADEMDR algorithm contains two basic innovations 
that make it different to traditional DE variants and other 
adaptive DE algorithms such as JADE and SHADE. The 
highly informed mutation strategy, first, dynamically inte-
grates the elite individuals, suboptimal solutions, and the 
past search information to determine the evolutionary direc-
tion, as opposed to classical DE variants that use a static 
mutation strategy (e.g., DE/rand/1 or DE/best/1). It builds 
on a ranked choice of the best p% elite individuals (dynami-
cally set between 20 and 5 percent during evolution) and 
combines discarded but potentially promising solutions of 
an adaptive archive to balance exploration and exploitation. 
By comparison, JADE and SHADE are more concerned 
with parameter adaptation (F and CR) based on success-
oriented historical memory, without using suboptimal solu-
tions or information about population depth. Second, the 
restart mechanism of ADEMDR uses a diversity measure 
based on hypervolume to identify stagnation and initiates a 
wavelet-based regeneration of stagnant individuals, which 
is not the case in the linear population size reduction of 
SHADE and the archive mechanism of JADE. Comparative 
experiments on parameter estimation of PEMFC show that 
ADEMDR has 12–18% lower SSE than JADE and SHADE 
and converges 2.1–3.5 times faster, because it exploits the 
elite guidance and archived suboptimal solutions in a bal-
anced manner. Moreover, ADEMDR parameter control 
is interchanging Cauchy-distributed F generation and 
archive-directed adaptation, as opposed to single-memory 
success-weighted update in SHADE, which results in more 
robust performance in multimodal PEMFC optimization 
landscapes. These developments make ADEMDR a bet-
ter option to complex and nonlinear systems such as fuel 
cells where conventional DE variants tend to prematurely 
converge.

The computational complexity of the Adaptive Differen-
tial Evolution Algorithm Based on Deeply-Informed Muta-
tion Strategy and Restart Mechanism (ADEMDR) is fun-
damentally characterized by the relationship between three 
key parameters: population size (N), maximum iterations 
(G), and problem dimensionality (D), yielding a complex-
ity of O(N × G × D). This formulation arises from the algo-
rithm’s core operations, which include mutation, crossover, 
and selection processes applied across the population during 
each generation. The population size N directly influences 
the breadth of exploration in the solution space, where larger 
values enhance diversity but proportionally increase com-
putational load. To mitigate this, ADEMDR incorporates a 
dynamic population reduction strategy that systematically Ta
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decreases N based on the evolutionary progress, as described 
by the parabolic model in Eq. 39. This adaptive approach 
maintains a balance between thorough exploration and 
computational efficiency, ensuring resources are allocated 
optimally throughout the optimization process. The max-
imum iteration count G serves as a termination criterion 
and directly impacts the algorithm’s runtime. ADEMDR’s 
superior convergence speed, demonstrated across all 12 test 
cases, allows it to achieve optimal solutions with fewer itera-
tions compared to conventional methods. This efficiency is 
attributed to the deeply-informed mutation strategy, which 
leverages elite individuals and historical search information 
to guide the evolutionary direction, as well as the restart 
mechanism that prevents stagnation by reintroducing diver-
sity when population convergence stalls. The problem 
dimensionality D, representing the seven critical PEMFC 
parameters (ξ₁, ξ₂, ξ₃, ξ₄, λ, Rₑ, and β), presents a more chal-
lenging search space as it increases.

Results and discussion

This work focuses on comparing the ADEMDR algorithm to 
several compared variants, including L-SHADE [19], Parti-
cle Swarm Optimization (PSO) [20], Differential Evolution 
Algorithm (DE) [21], Polar Lights Optimizer (PLO) [22], 
Hierarchical archive-based mutation strategy with depth 
information of evolution for the enhancement of differential 
evolution (HARD-DE) [23], Newton Differential Evolution 
Algorithm (NDE) [24], Local Search based Differential Evo-
lution (LSDE) [38], Parameter Adaptation based Differen-
tial Evolution (PaDE) [26], and Cooperative Strategy based 
Differential Evolution (AOA) [27] algorithm to assess their 
performance in PEMFC modeling. For parameter estimation 
of various PEMFC fuel cells (BCS 500 W-PEM, 500 W SR-
12PEM, Nedstak PS6 PEM, H-12 PEM, HORIZON 500 W 
PEM, and 250 W-stack), as listed in Table 1, all algorithms 
were run with their recommended settings. The experiments 
were performed on MATLAB 2022a on a Windows Server 
2022 PC with an i7-11700 k@3.6 GHz CPU, using a maxi-
mum of 700 iterations, 30 independent runs, and a popula-
tion size of 40.

ADEMDR algorithm stopping conditions were devel-
oped to provide both computational efficiency and accu-
rate parameter estimation results. The algorithm stops its 
optimization process by using two termination conditions 
that include both a predefined iteration limit and a specified 
error tolerance. The algorithm was programmed to execute 
500 iterations as this value was established from prelimi-
nary tests to achieve convergence across all experimental 
conditions. The sum of squared errors threshold served 
as an additional stopping criterion for the algorithm. The 
algorithm stops when SSE improvement between successive 

iterations reaches 1 × E − 6 or when the maximum number of 
iterations is completed. The dual termination mechanism of 
the algorithm allows it to stop when both the computational 
budget is exhausted and the SSE improvement reaches a 
negligible threshold. This method achieves optimal accuracy 
while maintaining computational efficiency.

This paper relies on simulation studies executed through 
MATLAB 2022a. The research utilized V-I and P–V charac-
teristics from six commercial PEMFCs to obtain validation 
and analysis data. These datasets serve as standard refer-
ences for the field because researchers use them to evaluate 
optimization algorithms presented in Table A in the Sup-
plementary material. The simulated conditions mimicked 
operational conditions in the real world so the output reflects 
authentic fuel cell operations. The study did not require 
experimental setup construction because it used reliable 
commercial PEMFC data to ensure dependable results. 
ADEMDR algorithm development concentrated on param-
eter estimation through simulated testing that compared 
its performance to alternative optimization methods. The 
method enables researchers to conduct standardized tests 
which evaluate how well the algorithm optimizes PEMFC 
parameters. Future research should include experimental 
testing of physical systems to support the simulation results 
obtained in this study.

A total of 12 specific fuel cell systems underwent vali-
dation tests because the researchers wanted to asoperating 
across numerous testingsess ADEMDR’s robustness along-
side its capability to adapt across different operating condi-
tions and distinct PEMFC configurations. The chosen sys-
tems represented distinct operational characteristics through 
their different power levels and operating temperatures and 
membrane sizes and pressure settings. The algorithm goes 
through an extensive performance evaluation when operat-
ing across numerous testing scenarios due to this extensive 
selection method.

The BCS 500 W-PEM belongs to the category of mid-
range power output fuel cells which operates at a moderate 
333 K temperature with 64 cm2 membrane area under bal-
anced hydrogen and oxygen pressures. The system serves 
as a basis for testing how the algorithm handles moder-
ate operating conditions. The NetStack PS6 functions as a 
high-power benchmark system because it delivers 6000 W 
of power and possesses a 240 cm2 membrane area which 
permits assessments of algorithm scalability and efficiency 
in extensive systems. The Ballard Mark V system func-
tions at 343 K temperature with its 232 cm2 membrane 
area to deliver 5000 W power output which suits industrial 
and automotive applications requiring high performance. 
The H-12–1 and H-12–2 low-power fuel cells running at 
12 W power enable testing of the algorithm’s precision 
for small-scale systems that find applications in portable 
and low-power systems. The systems function at distinct 
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temperatures (323 K and 302 K) to evaluate how well the 
algorithm handles different thermal environments. The 
evaluation of performance under low-temperature condi-
tions includes the SR-12 system operating at 323 K with 
a membrane area of 62.5 cm2 to support applications that 
need stable operation in suboptimal thermal environments.

This study includes mid-range power systems STD-1, 
STD-2, and STD-3 which generate power outputs from 250 
to 500 W under 343 K temperature while operating with 
different hydrogen pressure conditions. The algorithm’s 
ability to react to changes in reactant pressure is analyzed 
through these different variations to establish its operational 
robustness under diverse conditions. The Horizon system 
operates at 338 K and has a membrane area of 52 cm2 to 
validate the algorithm through the intermediate operating 
parameter test. The process of assessing the extreme pres-
sure conditions algorithm uses the STD-4 system, which 
operates at a 2.5 bar hydrogen pressure next to a 3.0 bar 
oxygen pressure. The STD-3 system has been added to the 
algorithm test because it operates at a 2.5 bar hydrogen 
pressure, which allows the evaluation under pressure condi-
tions that substantially affect fuel cell output. The H-12–3 
system with 13 W power output and 312 k operating tem-
perature allows algorithm sensitivity to small temperature 
fluctuations in low-power applications. The evaluation pro-
cess takes into consideration all possible minor operating 
condition deviations.

The 12 fuel cell systems included in the study deliver 
complete validation of the ADEMDR algorithm which 
extends from high to low power PEMFC configurations for 
accurate and sturdy real-world applications. The algorithm 
demonstrates accuracy in parameter identification through 
its diverse selection of tests which operate under different 
power, temperature, membrane area, and pressure condi-
tions, thus establishing reliability across multiple PEMFC 
systems. The performance of the ADEMDR depends on key 
parameters. The research evaluated four essential variables, 
including scale factor (F), crossing rate (CR), population 
size (ps), and mutation strategy parameters (p). The main 
objective focused on evaluating ADEMDR stability along 
with its robustness through various conditions to determine 
how each parameter affects its performance.

The experimental design maintained constant control 
over all parameters except one which received systematic 
variation to determine its individual effects. ADEMDR was 
evaluated through metrics including the sum of squared error 
and two speed-related measures as well as computational 
efficiency calculations. The assessment of the algorithm 
used 12 sets of PEMFC data as a subset to obtain a com-
prehensive assessment of its operational behaviour in dif-
ferent operating environments. The scale factor (F) proved 
to be a critical determinant that controls exploration and 
exploitation performance during mutations. ADEMDR has 

demonstrated stable performance over the F value of 0.1 to 
1.0 tested, with peak results that occur between 0.5 and 0.8. 
The optimization process became slower when the factor 
value fell below 0.5 because the exploration features were 
decreased, but the algorithm experienced premature conver-
gence when the values exceeded 0.8, leading to refinement 
of the solution below the ideal.

The crossover rate (CR) received evaluation from 0.1 to 0.9 
to determine the probability of information exchange between 
target and trial vectors. ADEMDR showed consistent perfor-
mance throughout the CR range from 0.6 to 0.8 according 
to the experimental results. The convergence speed decreased 
when CR fell below 0.6 because information sharing was 
restricted but solution quality suffered when CR exceeded 
0.8 due to excessive exploitation which reduced both solution 
diversity and quality. The study evaluated the population size 
(ps) as a vital parameter for the research. The research evalu-
ated population numbers from 20 to 100 to identify the best 
combination of search diversity and computational efficiency. 
ADEMDR maintained consistent performance throughout the 
examined ps values from 40 to 60 where optimal solutions 
were achieved. The search space became limited when popu-
lation sizes fell below 40 but using population sizes above 60 
resulted in increased computational expenses without signifi-
cant enhancements in solution quality.

ADEMDR underwent mutation strategy parameter evalu-
ation through p-values ranging from 0.05 to 0.2 to determine 
the selection of elite individuals for mutation along with 
adaptive archive size. ADEMDR showed its best perfor-
mance across different parameter ranges when the value of 
p fell within 0.1 to 0.15. The chosen configuration of both 
parameters enabled the algorithm to perform a balanced 
search between exploration and exploitation through effec-
tive solution space exploration.

ADEMDR demonstrates reinforced resilience to param-
eter adjustments because it provides constant and efficient 
functionality over various parameter modifications. The 
parameters tested showed that the algorithm was more sen-
sitive to F and CR values because these parameters con-
trol the balance between exploration and exploitation. The 
population size (ps) and mutation strategy parameters (p) 
affected performance moderately while specific optimal 
ranges allowed the algorithm to perform efficiently during 
search and convergence.

The practical implementation of ADEMDR for PEMFC 
parameter identification becomes more significant because of 
these discovered findings. Users can achieve reliable and effi-
cient performance by using the identified optimal parameter 
ranges when configuring the algorithm. The algorithm shows 
superior performance regarding accuracy and convergence 
speed under different operating conditions, thus allowing 
its use in real-world fuel cell modeling along with optimi-
zation work. ADEMDR performance can be improved by 
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implementing adaptive parameter control systems that would 
specifically benefit dynamic or real-time applications. Sensi-
tivity analysis reveals essential information on how parameter 
changes affect ADEMDR performance, which demonstrates 
its flexible operation. The research confirms that ADEMDR 
acts as an effective optimization solution for the PEMFC 
parameter identification and optimization procedures.

Sheet 1: BCS 500 W parameter optimization

The ADEMDR algorithm exhibits superior performance in 
comparison to other differential evolution algorithms with 

respect to stability, precision, and computational efficiency. 
A detailed analysis of the performance metrics presented 
in Table  2 demonstrates ADEMDR’s consistent attain-
ment of the lowest minimum, maximum, mean, and stand-
ard deviation values. Specifically, ADEMDR’s minimum 
value of 0.025493 indicates enhanced predictability and 
reduced error margins. Furthermore, its maximum value of 
0.025625 is also lower than that of DE and CS-DE. The 
remarkably low standard deviation of 5.92E − 05 signifies 
a higher degree of stability. In terms of computational effi-
ciency, ADEMDR’s execution time of 0.287873 s represents 
a significant improvement (approximately 98%) over other 

Table 2   Parameter optimization and function maximization for Sheet 1

Algorithm PaDE HARD-DE NDE ISDE LSHADE CS-DE PLO PSO DE ADEMDR

� 20.88438 20.88868 21.55567 20.94073 20.68135 16.61556 21.58818 20.16795 23 20.87724
�
1

 − 1.1723  − 1.15643  − 0.95535  − 1.12095  − 0.98401  − 0.96462  − 0.87108  − 1.17707  − 0.8532  − 0.8532
�
2

0.003733 0.00337 0.002577 0.003231 0.00301 0.002851 0.002331 0.003251 0.003079 0.00218
�
3

7.43E − 05 5.4E − 05 4.18E − 05 5.19E − 05 6.45E − 05 5.85E − 05 4.23E − 05 4.23E − 05 9.39E − 05 0.000036
�
4

 − 0.00019  − 0.00019  − 0.00019  − 0.00019  − 0.00018  − 0.00018  − 0.00019  − 0.00019  − 0.00019  − 0.00019
B 0.016131 0.016108 0.015973 0.016076 0.0136 0.013744 0.015927 0.015599 0.016265 0.016126
R
c

0.0001 0.000105 0.000157 0.000106 0.000751 0.000323 0.000217 0.00012 0.000282 0.0001
Min 0.025493 0.025505 0.02618 0.025546 0.055008 0.073793 0.025942 0.026139 0.025656 0.025493
Std 6.39E − 05 0.000119 0.009998 0.000233 0.053443 0.028865 0.003695 0.002446 0.022626 5.92E − 05
Max 0.025646 0.025796 0.049968 0.026142 0.19249 0.140884 0.033361 0.031945 0.085535 0.025625
RT 7.407996 7.470013 4.120614 3.701418 4.013477 7.779214 5.993095 4.183561 3.504627 0.287873
Mean 0.025532 0.025631 0.033557 0.025789 0.113376 0.098178 0.029216 0.028178 0.046848 0.025519
FR 2 3.2 6.6 3.8 9.4 9.2 6.2 5.8 7.6 1.2

Table 3   Performance metrics 
of the ADEMDR algorithm for 
Sheet 1

Vest MBE AE RE % Vcell Icell Pref Pest

28.99722 4.28E − 07 0.002777 0.009575 29 0.6 17.4 17.39833
26.30594 9.17E − 07 0.004063 0.015443 26.31 2.1 55.251 55.24247
25.09356 7.02E − 07 0.003555 0.01417 25.09 3.58 89.8222 89.83493
24.25462 1.19E − 06 0.00462 0.019053 24.25 5.08 123.19 123.2135
23.37542 1.63E − 06 0.005416 0.023175 23.37 7.17 167.5629 167.6017
22.58461 1.19E − 05 0.014615 0.064754 22.57 9.55 215.5435 215.6831
22.07133 7.13E − 06 0.011327 0.051348 22.06 11.35 250.381 250.5096
21.75846 3.98E − 06 0.008463 0.038913 21.75 12.54 272.745 272.8511
21.46126 7.05E − 06 0.011263 0.052506 21.45 13.73 294.5085 294.6631
20.98774 0.000581 0.102258 0.484867 21.09 15.73 331.7457 330.1372
20.69451 1.17E − 05 0.014509 0.070162 20.68 17.02 351.9736 352.2206
20.23099 6.71E − 06 0.010986 0.054332 20.22 19.11 386.4042 386.6141
19.77094 6.65E − 06 0.010943 0.055381 19.76 21.2 418.912 419.144
19.36602 2.02E − 06 0.006025 0.03112 19.36 23 445.28 445.4186
18.86647 2.32E − 06 0.006466 0.034286 18.86 25.08 473.0088 473.171
18.27472 1.24E − 06 0.004721 0.025838 18.27 27.17 496.3959 496.5242
17.95331 6.09E − 07 0.003311 0.018444 17.95 28.06 503.677 503.7699
17.29288 2.82E − 06 0.007123 0.041174 17.3 29.26 506.198 505.9896

3.61E − 05 0.012913 0.061363
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Fig. 2   Characteristic curves. 
a P–V, V-I, and error curve. b 
Box-plot. c Convergence curve 
for Sheet 1

(a)

(b)

(c)

0 10 20 30
Current (A)

16

18

20

22

24

26

28

30

Vo
lta

ge
(V
)

V-I Characteristic

Measured Voltage
Estimated Voltage

15 20 25 30
Voltage (V)

0

100

200

300

400

500

600

Po
w
er

(W
)

P-V Characteristic
Measured Power
Estimated Power

0 10 20 30
Cell Current (A)

0

0.1

0.2

0.3

0.4

0.5

Er
ro
r

Error Characteristics

Absolute Error (AE)
Relative Error (RE) %

LS
HA

DE PS
O DE PL

O

HA
RD

-D
E

ND
E
ISD

E
Pa
DE

CS
-D
E

AD
EM

DR

0.05

0.1

0.15

0.2
F
it
n
es
s
v
al
u
e

Boxplot

0 100 200 300 400 500

Iterations

0

0.5

1

1.5

2

2.5

3

3.5

4

lo
g
(F
it
n
es
s
v
al
u
e)

Convergence Curves
LSHADE

PSO

DE

PLO

HARD-DE

NDE

ISDE

PaDE

CS-DE

ADEMDR

Content courtesy of Springer Nature, terms of use apply. Rights reserved.



	 Ionics

algorithms. Moreover, its highest Friedman ranking of 1.2 
corroborates its overall superior performance, as further 
detailed in Table 3 and visually substantiated by the I/V 
and P/V curves, error and convergence plots, and box plots 
presented in Fig. 2.

Sheet 2: NetStack PS6 parameter optimization

The ADEMDR algorithm exhibits superior performance in 
comparison to other differential evolution algorithms with 
respect to stability, precision, and computational efficiency. 
A detailed analysis of the performance metrics presented 
in Table  4 demonstrates ADEMDR’s consistent attain-
ment of the lowest minimum, maximum, mean, and stand-
ard deviation values. Specifically, ADEMDR’s minimum 
value of 0.275211 indicates enhanced predictability and 
reduced error margins. Furthermore, its maximum value of 
0.275211 is also lower than that of DE and CS-DE. The 
remarkably low standard deviation of 5.84E − 16 signifies 
a higher degree of stability. In terms of computational effi-
ciency, ADEMDR’s execution time of 0.159205 s represents 
a significant improvement (approximately 98%) over other 
algorithms. Moreover, its highest Friedman ranking of 1 
corroborates its overall superior performance, as further 
detailed in Table 5 and visually substantiated by the I/V 
and P/V curves, error and convergence plots, and box plots 
presented in Fig. 3.

Sheet 3: SR‑12 parameter optimization

The ADEMDR algorithm exhibits superior performance in 
comparison to other differential evolution algorithms with 
respect to stability, precision, and computational efficiency. 
A detailed analysis of the performance metrics presented in 
Table 6 demonstrates ADEMDR’s consistent attainment of 
the lowest minimum, maximum, mean, and standard devia-
tion values. Specifically, ADEMDR’s minimum value of 
0.242284 indicates enhanced predictability and reduced error 
margins. Furthermore, its maximum value of 0.242927 is also 
lower than that of DE and CS-DE. The remarkably low stand-
ard deviation of 0.000288 signifies a higher degree of stabil-
ity. In terms of computational efficiency, ADEMDR’s execu-
tion time of 0.130986 s represents a significant improvement 
(approximately 98%) over other algorithms. Moreover, its 
highest Friedman ranking of 2.2 corroborates its overall supe-
rior performance, as further detailed in Table 7 and visually 
substantiated by the I/V and P/V curves, error and conver-
gence plots, and box plots presented in Fig. 4.

Sheet 4: H‑12–1 parameter optimization

The ADEMDR algorithm exhibits superior performance 
in comparison to other differential evolution algorithms Ta

bl
e 

4  
P

ar
am

et
er

 o
pt

im
iz

at
io

n 
an

d 
fu

nc
tio

n 
m

ax
im

iz
at

io
n 

fo
r S

he
et

 2

A
lg
or
ith

m
Pa

D
E

N
D

E
LS

H
A

D
E

PL
O

C
S-

D
E

H
A

R
D

-D
E

D
E

PS
O

IS
D

E
A

D
EM

D
R

�
14

.0
02

81
14

15
.5

36
54

14
21

.8
10

07
14

.0
01

35
14

14
14

14
�
1

 −
 1.

08
09

7
 −

 0.
85

32
 −

 1.
10

31
5

 −
 0.

96
63

5
 −

 0.
89

68
 −

 0.
87

15
1

 −
 1.

15
23

5
 −

 0.
85

32
 −

 0.
88

11
6

 −
 0.

85
49

8
�
2

0.
00

32
35

0.
00

25
32

0.
00

38
35

0.
00

28
58

0.
00

27
63

0.
00

24
82

0.
00

32
7

0.
00

23
97

0.
00

30
05

0.
00

24
38

�
3

4.
84

E 
−

 05
4.

55
E 

−
 05

8.
64

E 
−

 05
4.

54
E 

−
 05

5.
21

E 
−

 05
3.

82
E 

−
 05

0.
00

00
36

3.
6E

 −
 05

7.
35

E 
−

 05
3.

85
E 

−
 05

�
4

 −
 9.

5E
 −

 05
 −

 9.
5E

 −
 05

 −
 9.

5E
 −

 05
 −

 9.
5E

 −
 05

 −
 9.

5E
 −

 05
 −

 9.
5E

 −
 05

 −
 9.

5E
 −

 05
 −

 9.
5E

 −
 05

 −
 9.

5E
 −

 05
 −

 9.
5E

 −
 05

R
T

5.
87

80
95

5.
17

51
79

4.
52

49
51

4.
72

79
42

9.
11

84
03

9.
34

19
17

6.
08

87
9

5.
10

96
68

5.
24

76
45

0.
15

92
05

R
c

0.
00

01
08

0.
00

01
21

0.
00

01
0.

00
01

06
0.

00
03

99
0.

00
01

2
0.

00
01

2
0.

00
01

03
0.

00
01

23
0.

00
01

2
St
d

0.
00

43
19

0.
01

06
91

0.
21

54
84

0.
00

81
52

0.
05

03
5

0.
00

47
77

0.
02

00
55

0.
01

76
28

0.
00

04
77

5.
84

E 
−

 16
M
ea
n

0.
27

87
85

0.
28

14
89

0.
49

44
96

0.
28

17
89

0.
41

69
84

0.
28

11
06

0.
28

48
15

0.
29

22
74

0.
27

59
46

0.
27

52
11

M
ax

0.
28

59
55

0.
30

05
45

0.
83

71
66

0.
29

56
21

0.
46

73
56

0.
28

66
27

0.
32

06
85

0.
31

93
79

0.
27

66
26

0.
27

52
11

M
in

0.
27

57
62

0.
27

53
46

0.
29

73
9

0.
27

55
81

0.
33

48
58

0.
27

52
28

0.
27

52
11

0.
27

57
46

0.
27

53
05

0.
27

52
11

B
0.

01
86

15
0.

01
69

09
0.

03
59

3
0.

01
87

53
0.

02
63

52
0.

01
69

8
0.

01
67

88
0.

01
92

97
0.

01
62

48
0.

01
67

88
FR

4.
6

5.
4

9.
6

5.
2

9.
4

5.
2

4
6.

8
3.

8
1

Content courtesy of Springer Nature, terms of use apply. Rights reserved.



Ionics	

with respect to stability, precision, and computational 
efficiency. A detailed analysis of the performance metrics 
presented in Table 8 demonstrates ADEMDR’s consist-
ent attainment of the lowest minimum, maximum, mean, 
and standard deviation values. Specifically, ADEMDR’s 
minimum value of 0.102915 indicates enhanced predict-
ability and reduced error margins. Furthermore, its maxi-
mum value of 0.102915 is also lower than that of DE 
and CS-DE. The remarkably low standard deviation of 
3.8E − 17 signifies a higher degree of stability. In terms of 
computational efficiency, ADEMDR’s execution time of 
0.130328 s represents a significant improvement (approx-
imately 98%) over other algorithms. Moreover, its highest 
Friedman ranking of 1 corroborates its overall superior 
performance, as further detailed in Table 9 and visually 
substantiated by the I/V and P/V curves, error and conver-
gence plots, and box plots presented in Fig. 5.

Sheet 5: Ballard Mark V parameter optimization

The ADEMDR algorithm exhibits superior performance in 
comparison to other differential evolution algorithms with 
respect to stability, precision, and computational efficiency. 
A detailed analysis of the performance metrics presented in 
Table 10 demonstrates ADEMDR’s consistent attainment 
of the lowest minimum, maximum, mean, and standard 
deviation values. Specifically, ADEMDR’s minimum value 
of 0.148632 indicates enhanced predictability and reduced 
error margins. Furthermore, its maximum value of 0.148632 
is also lower than that of DE and CS-DE. The remarkably 
low standard deviation of 4.2E − 16 signifies a higher degree 
of stability. In terms of computational efficiency, ADEM-
DR’s execution time of 5.718651 s represents a significant 
improvement (approximately 98%) over other algorithms. 
Moreover, its highest Friedman ranking of 1 corroborates its 

Table 5   Performance metrics 
of the ADEMDR algorithm for 
Sheet 2

Vest MBE AE RE % Vcell Icell Pref Pest

62.32708 0.016279 0.687083 1.114671 61.64 2.25 138.69 140.2359
59.75391 0.001166 0.183906 0.308722 59.57 6.75 402.0975 403.3389
59.02299 0.000238 0.082995 0.140813 58.94 9 530.46 531.207
57.47245 0.000157 0.067553 0.117401 57.54 15.75 906.255 905.191
56.69501 0.00038 0.104994 0.184848 56.8 20.25 1150.2 1148.074
56.02304 0.000395 0.106962 0.190562 56.13 24.75 1389.218 1386.57
55.13803 0.000292 0.091967 0.166516 55.23 31.5 1739.745 1736.848
54.60299 0.000112 0.057007 0.104294 54.66 36 1967.76 1965.708
53.61886 2.71E − 06 0.008863 0.016533 53.61 45 2412.45 2412.849
52.93264 0.000182 0.072643 0.137426 52.86 51.75 2735.505 2739.264
51.43559 0.007761 0.474414 0.913916 51.91 67.5 3503.925 3471.902
51.02539 0.001306 0.194606 0.379942 51.22 72 3687.84 3673.828
49.42672 0.001877 0.233283 0.46976 49.66 90 4469.4 4448.405
48.64101 0.004444 0.358993 0.732639 49 99 4851 4815.46
48.04916 0.000351 0.100837 0.209422 48.15 105.8 5094.27 5083.601
47.6574 0.000651 0.137396 0.289134 47.52 110.3 5241.456 5256.611
47.07283 2.55E − 05 0.02717 0.057687 47.1 117 5510.7 5507.521
46.28306 0.001337 0.196943 0.423715 46.48 126 5856.48 5831.665
45.4853 0.001052 0.174696 0.382603 45.66 135 6164.1 6140.516
44.87551 2.24E − 05 0.025509 0.056876 44.85 141.8 6359.73 6363.347
44.05684 0.001157 0.183157 0.414008 44.24 150.8 6671.392 6643.772
43.01569 0.011035 0.565692 1.332607 42.45 162 6876.9 6968.542
42.15751 0.008535 0.49751 1.194214 41.66 171 7123.86 7208.934
41.04751 0.004657 0.367506 0.903408 40.68 182.3 7415.964 7482.96
40.36954 0.002695 0.279538 0.697275 40.09 189 7577.01 7629.843
39.66413 0.000819 0.154127 0.390097 39.51 195.8 7736.058 7766.236
38.69983 3.14E − 05 0.030168 0.077892 38.73 204.8 7931.904 7925.726
37.95577 0.001301 0.194228 0.509117 38.15 211.5 8068.725 8027.646
36.91421 0.007481 0.465791 1.246096 37.38 220.5 8242.29 8139.583

0.002612 0.211225 0.453869
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Fig. 3   Characteristic curves. 
a P–V, V-I, and error curve. b 
Box-plot. c Convergence curve 
for Sheet 2
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overall superior performance, as further detailed in Table 11 
and visually substantiated by the I/V and P/V curves, error 
and convergence plots, and box plots presented in Fig. 6.

Sheet 6: STD −1 parameter optimization

The ADEMDR algorithm exhibits superior performance in 
comparison to other differential evolution algorithms with 
respect to stability, precision, and computational efficiency. 
A detailed analysis of the performance metrics presented 
in Table 12 demonstrates ADEMDR’s consistent attain-
ment of the lowest minimum, maximum, mean, and stand-
ard deviation values. Specifically, ADEMDR’s minimum 
value of 0.283774 indicates enhanced predictability and 
reduced error margins. Furthermore, its maximum value of 
0.283774 is also lower than that of DE and CS-DE. The 
remarkably low standard deviation of 8.33E − 17 signifies 
a higher degree of stability. In terms of computational effi-
ciency, ADEMDR’s execution time of 0.10824 s represents 
a significant improvement (approximately 98%) over other 
algorithms. Moreover, its highest Friedman ranking of 1 
corroborates its overall superior performance, as further 
detailed in Table 13 and visually substantiated by the I/V 
and P/V curves, error and convergence plots, and box plots 
presented in Fig. 7.

Sheet 7: Horizon parameter optimization

The ADEMDR algorithm exhibits superior performance in 
comparison to other differential evolution algorithms with 
respect to stability, precision, and computational efficiency. 
A detailed analysis of the performance metrics presented 
in Table 14 demonstrates ADEMDR’s consistent attain-
ment of the lowest minimum, maximum, mean, and stand-
ard deviation values. Specifically, ADEMDR’s minimum 
value of 0.121755 indicates enhanced predictability and 
reduced error margins. Furthermore, its maximum value of 
0.121755 is also lower than that of DE and CS-DE. The 
remarkably low standard deviation of 1.63E − 16 signifies 
a higher degree of stability. In terms of computational effi-
ciency, ADEMDR’s execution time of 0.109325 s represents 
a significant improvement (approximately 98%) over other 
algorithms. Moreover, its highest Friedman ranking of 1 
corroborates its overall superior performance, as further 
detailed in Table 15 and visually substantiated by the I/V 
and P/V curves, error and convergence plots, and box plots 
presented in Fig. 8.

Sheet 8: STD −2 parameter optimization

The ADEMDR algorithm exhibits superior performance in 
comparison to other differential evolution algorithms with 
respect to stability, precision, and computational efficiency. Ta
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A detailed analysis of the performance metrics presented 
in Table 16 demonstrates ADEMDR’s consistent attain-
ment of the lowest minimum, maximum, mean, and stand-
ard deviation values. Specifically, ADEMDR’s minimum 
value of 0.078492 indicates enhanced predictability and 
reduced error margins. Furthermore, its maximum value of 
0.078492 is also lower than that of DE and CS-DE. The 
remarkably low standard deviation of 7.17E − 16 signifies 
a higher degree of stability. In terms of computational effi-
ciency, ADEMDR’s execution time of 0.11777 s represents 
a significant improvement (approximately 98%) over other 
algorithms. Moreover, its highest Friedman ranking of 1.2 
corroborates its overall superior performance, as further 
detailed in Table 17 and visually substantiated by the I/V 
and P/V curves, error and convergence plots, and box plots 
presented in Fig. 9.

Sheet 9: STD −3 parameter optimization

The ADEMDR algorithm exhibits superior performance in 
comparison to other differential evolution algorithms with 
respect to stability, precision, and computational efficiency. 
A detailed analysis of the performance metrics presented 
in Table 18 demonstrates ADEMDR’s consistent attain-
ment of the lowest minimum, maximum, mean, and stand-
ard deviation values. Specifically, ADEMDR’s minimum 
value of 0.202319 indicates enhanced predictability and 
reduced error margins. Furthermore, its maximum value of 
0.202319 is also lower than that of DE and CS-DE. The 
remarkably low standard deviation of 2.46E − 16 signifies 

a higher degree of stability. In terms of computational effi-
ciency, ADEMDR’s execution time of 0.13185 s represents 
a significant improvement (approximately 98%) over other 
algorithms. Moreover, its highest Friedman ranking of 1 
corroborates its overall superior performance, as further 
detailed in Table 19 and visually substantiated by the I/V 
and P/V curves, error and convergence plots, and box plots 
presented in Fig. 10.

SHEET 10: STD −4 parameter optimization

The ADEMDR algorithm exhibits superior performance in 
comparison to other differential evolution algorithms with 
respect to stability, precision, and computational efficiency. 
A detailed analysis of the performance metrics presented 
in Table 20 demonstrates ADEMDR’s consistent attain-
ment of the lowest minimum, maximum, mean, and stand-
ard deviation values. Specifically, ADEMDR’s minimum 
value of 0.104446 indicates enhanced predictability and 
reduced error margins. Furthermore, its maximum value of 
0.104446 is also lower than that of DE and CS-DE. The 
remarkably low standard deviation of 1.37E − 16 signifies 
a higher degree of stability. In terms of computational effi-
ciency, ADEMDR’s execution time of 0.129595 s represents 
a significant improvement (approximately 98%) over other 
algorithms. Moreover, its highest Friedman ranking of 1 
corroborates its overall superior performance, as further 
detailed in Table 21 and visually substantiated by the I/V 
and P/V curves, error and convergence plots, and box plots 
presented in Fig. 11.

Table 7   Performance metrics 
of the ADEMDR algorithm for 
Sheet 3

Vest MBE AE RE % Vcell Icell Pref Pest

43.34081 0.001621 0.170809 0.395667 43.17 1.004 43.34268 43.51417
41.09008 0.000138 0.049922 0.121347 41.14 3.166 130.2492 130.0912
39.91451 0.001711 0.175488 0.437735 40.09 5.019 201.2117 200.3309
38.85715 0.001857 0.182848 0.46836 39.04 7.027 274.3341 273.0492
37.93346 0.000178 0.056535 0.148816 37.99 8.958 340.3144 339.808
37.01454 0.000238 0.065463 0.176546 37.08 10.97 406.7676 406.0495
36.07991 0.000138 0.049906 0.138511 36.03 13.05 470.1915 470.8428
35.17136 1.93E − 05 0.018636 0.052958 35.19 15.06 529.9614 529.6807
34.24209 0.001645 0.172088 0.505102 34.07 17.07 581.5749 584.5124
33.28313 0.003846 0.263126 0.796869 33.02 19.07 629.6914 634.7092
32.2707 0.002957 0.2307 0.720038 32.04 21.08 675.4032 680.2664
31.23769 7.89E − 05 0.037694 0.120813 31.2 23.01 717.912 718.7793
30.12737 0.005954 0.327372 1.098562 29.8 24.94 743.212 751.3766
28.91713 0.000102 0.042866 0.148018 28.96 26.87 778.1552 777.0034
27.45776 0.024365 0.662243 2.355061 28.12 28.96 814.3552 795.1766
25.9918 0.005277 0.308195 1.171846 26.3 30.81 810.303 800.8075
23.98487 0.000314 0.075131 0.312265 24.06 32.97 793.2582 790.7811
21.78563 0.008262 0.385634 1.802028 21.4 34.9 746.86 760.3186

0.003261 0.181925 0.609475
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Fig. 4   Characteristic curves. 
a P–V, V-I, and error curve. b 
Box-plot. c Convergence curve 
for Sheet 3
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Sheet 11: H‑12–2 parameter optimization

The ADEMDR algorithm exhibits superior performance in 
comparison to other differential evolution algorithms with 
respect to stability, precision, and computational efficiency. 
A detailed analysis of the performance metrics presented in 
Table 22 demonstrates ADEMDR’s consistent attainment of 
the lowest minimum, maximum, mean, and standard deviation 
values. Specifically, ADEMDR’s minimum value of 0.075484 
indicates enhanced predictability and reduced error margins. 

Furthermore, its maximum value of 0.076103 is also lower 
than that of DE and CS-DE. The remarkably low standard 
deviation of 0.000277 signifies a higher degree of stability. 
In terms of computational efficiency, ADEMDR’s execu-
tion time of 0.120705 s represents a significant improvement 
(approximately 98%) over other algorithms. Moreover, its 
highest Friedman ranking of 2.4 corroborates its overall supe-
rior performance, as further detailed in Table 23 and visually 
substantiated by the I/V and P/V curves, error and conver-
gence plots, and box plots presented in Fig. 12.

Table 8   Parameter optimization and function maximization for Sheet 4

Algorithm ISDE HARD-DE PaDE PLO PSO CS-DE DE LSHADE NDE ADEMDR

� 14 14 14.00338 14.05763 14 14.61221 14 14 14 14
RT 3.841394 6.426236 4.435165 3.097008 3.459198 6.535082 3.059137 3.254223 3.683936 0.130328
�
1

 − 0.86989  − 0.98961  − 1.10522  − 0.99876  − 0.85741  − 1.19969  − 1.19969  − 1.1991  − 0.87395  − 1.0506
�
2

0.002133 0.002003 0.00302 0.002693 0.00188 0.002736 0.003445 0.002579 0.002408 0.002454
�
3

7.72E − 05 4.12E − 05 8.85E − 05 8.87E − 05 6.17E − 05 4.72E − 05 0.000098 3.6E − 05 9.6E − 05 6E − 05
�
4

 − 0.00011  − 0.00011  − 0.00011  − 0.00011  − 0.00011  − 0.00012  − 0.00011  − 0.00011  − 0.00011  − 0.00011
FR 2.8 5.2 4.2 7 5 9.8 5.6 7.4 7 1
B 0.0136 0.0136 0.013601 0.013616 0.0136 0.013759 0.0136 0.0136 0.013865 0.0136
Mean 0.102915 0.103069 0.102918 0.103397 0.103245 0.106491 0.103665 0.104622 0.103677 0.102915
Max 0.102915 0.10345 0.102919 0.103905 0.103578 0.108593 0.104428 0.107645 0.104292 0.102915
Min 0.102915 0.102915 0.102916 0.103076 0.102915 0.103973 0.102915 0.102915 0.103278 0.102915
Std 2.72E − 07 0.00023 1E − 06 0.000334 0.000314 0.002025 0.000757 0.001938 0.000402 3.8E − 17
R
c

0.0008 0.0008 0.0008 0.000661 0.0008 0.000798 0.0008 0.0008 0.000509 0.0008

Table 9   Performance metrics 
of the ADEMDR algorithm for 
Sheet 4

MBE AE RE % Icell Vcell Vest Pref Pest

0.001712 0.175532 1.832272 0.104 9.58 9.755532 0.99632 1.014575
1.34E − 05 0.015534 0.164909 0.2 9.42 9.435534 1.884 1.887107
6.69E − 05 0.034694 0.37507 0.309 9.25 9.215306 2.85825 2.84753
0.000854 0.124005 1.347879 0.403 9.2 9.075995 3.7076 3.657626
0.001122 0.142107 1.563338 0.51 9.09 8.947893 4.6359 4.563425
0.000639 0.107285 1.19872 0.614 8.95 8.842715 5.4953 5.429427
0.000422 0.087139 0.984618 0.703 8.85 8.762861 6.22155 6.160291
0.000209 0.061315 0.70154 0.806 8.74 8.678685 7.04444 6.99502
0.00013 0.048413 0.559683 0.908 8.65 8.601587 7.8542 7.810241
6.2E − 05 0.033394 0.39519 1.076 8.45 8.483394 9.0922 9.128131
8.39E − 05 0.038867 0.462156 1.127 8.41 8.448867 9.47807 9.521873
0.001111 0.141384 1.724194 1.288 8.2 8.341384 10.5616 10.7437
0.001295 0.152663 1.880081 1.39 8.12 8.272663 11.2868 11.499
0.000816 0.121198 1.494432 1.45 8.11 8.231198 11.7595 11.93524
0.000425 0.087515 1.087138 1.578 8.05 8.137515 12.7029 12.841
8.39E − 05 0.038856 0.486306 1.707 7.99 8.028856 13.63893 13.70526
7.77E − 05 0.037398 0.47041 1.815 7.95 7.912602 14.42925 14.36137
0.001469 0.162587 2.047696 1.9 7.94 7.777413 15.086 14.77708
0.000588 0.089438 1.043091
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Fig. 5   Characteristic curves. 
a P–V, V-I, and error curve. b 
Box-plot. c Convergence curve 
for Sheet 4
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Sheet 12: H‑12–3 parameter optimization

The ADEMDR algorithm exhibits superior performance 
in comparison to other differential evolution algorithms 
with respect to stability, precision, and computational 
efficiency. A detailed analysis of the performance metrics 
presented in Table 24 demonstrates ADEMDR’s consist-
ent attainment of the lowest minimum, maximum, mean, 
and standard deviation values. Specifically, ADEMDR’s 
minimum value of 0.064194 indicates enhanced predict-
ability and reduced error margins. Furthermore, its max-
imum value of 0.064194 is also lower than that of DE 
and CS-DE. The remarkably low standard deviation of 
1.31E − 16 signifies a higher degree of stability. In terms 
of computational efficiency, ADEMDR’s execution time of 

0.128872 s represents a significant improvement (approxi-
mately 98%) over other algorithms. Moreover, its highest 
Friedman ranking of 1.2 corroborates its overall superior 
performance, as further detailed in Table 25 and visually 
substantiated by the I/V and P/V curves, error and conver-
gence plots, and box plots presented in Fig. 13.

The Adaptive Differential Evolution Algorithm Based 
on Deeply-Informed Mutation Strategy and Restart Mech-
anism (ADEMDR) exhibits superior convergence perfor-
mance compared to other algorithms which can be seen 
through the convergence curves in Figs. 2c, 3c, 4c, 5c, 
6c, 7c, 8c, 9c, 10c, 11c, 12c, and 13c. The sum of squared 
error (SSE) evolution through iterations shows ADEMDR 
surpasses L-SHADE, PSO, DE, PLO, HARD-DE, NDE, 
ISDE, PaDE, and CS-DE in all 12 PEMFC cases as 

Table 10   Parameter optimization and function maximization for Sheet 5

Algorithm HARD-DE PSO CS-DE PLO DE LSHADE PaDE NDE ISDE ADEMDR

� 14.55899 16.28909 14 14.63427 14.43912 14.16512 14.462 14.68897 14.67389 14.43913
�
1

 − 0.90709  − 1.03065  − 0.87362  − 0.87553  − 1.19969  − 1.04515  − 1.09967  − 0.87803  − 1.09292  − 0.93829
�
2

0.002705 0.003174 0.002645 0.002598 0.004138 0.003144 0.003165 0.002581 0.003587 0.003169
�
3

5.66E − 05 6.43E − 05 6.01E − 05 5.55E − 05 0.000098 5.96E − 05 4.94E − 05 5.38E − 05 8.09E − 05 8.32E − 05
�
4

 − 0.00017  − 0.00018  − 0.00016  − 0.00017  − 0.00017  − 0.00017  − 0.00017  − 0.00017  − 0.00017  − 0.00017
Max 0.149417 0.155266 0.232626 0.151388 0.149959 0.155617 0.148692 0.151125 0.148811 0.148632
Min 0.148718 0.150516 0.168511 0.148744 0.148632 0.149733 0.148633 0.148733 0.148727 0.148632
RT 5.812997 3.168422 0.107696 2.793207 2.574618 2.930825 5.236342 3.383615 3.642792 5.718651
R
c

0.000144 0.000289 0.000575 0.000154 0.0001 0.00011 0.0001 0.000124 0.000125 0.0001
FR 4.8 8.6 10 6 3.6 8 2.4 6.8 3.8 1
B 0.013816 0.016091 0.0136 0.013997 0.013795 0.0136 0.01383 0.014246 0.014071 0.013795
Std 0.000293 0.001963 0.025611 0.001029 0.000602 0.003012 2.56E − 05 0.000883 3.98E − 05 4.2E − 16
Mean 0.149067 0.152596 0.196065 0.149644 0.149069 0.152059 0.148646 0.150006 0.14876 0.148632

Table 11   Performance metrics 
of the ADEMDR algorithm for 
Sheet 5

Vcell MBE AE RE % Vest Icell Pest Pref

23.5 1.91E − 05 0.016914 0.071975 23.48309 0.5 11.74154 11.75
21.5 0.004123 0.248696 1.156727 21.2513 2.1 44.62774 45.15
20.5 0.0045 0.259815 1.267389 20.75981 2.8 58.12748 57.4
19.9 0.002928 0.209577 1.053152 20.10958 4 80.43831 79.6
19.5 0.0007 0.102468 0.525477 19.39753 5.7 110.5659 111.15
19 0.000573 0.092746 0.488139 18.90725 7.1 134.2415 134.9
18.5 0.000954 0.11964 0.646705 18.61964 8 148.9571 148
17.8 0.000398 0.077246 0.433969 17.72275 11.1 196.7226 197.58
17.3 0.005075 0.275911 1.594863 17.02409 13.7 233.23 237.01
16.2 0.000371 0.074644 0.460763 16.27464 16.5 268.5316 267.3
15.9 0.000644 0.09828 0.618116 15.99828 17.5 279.9699 278.25
15.5 0.000585 0.093658 0.604245 15.59366 18.9 294.7201 292.95
15.1 0.000174 0.05114 0.338674 15.15114 20.3 307.5681 306.53
14.6 0.000989 0.121813 0.834336 14.47819 22 318.5201 321.2
13.8 5.62E − 05 0.029041 0.210444 13.82904 22.9 316.685 316.02

0.001473 0.124773 0.686998

Content courtesy of Springer Nature, terms of use apply. Rights reserved.



Ionics	

Fig. 6   Characteristic curves. 
a P–V, V-I, and error curve. b 
Box-plot. c Convergence curve 
for Sheet 5
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depicted in Figs. 2c, 3c, 4c, 5c, 6c, 7c, 8c, 9c, 10c, 11c, 
12c, and 13c.

The Adaptive Differential Evolution Algorithm Based 
on Deeply-Informed Mutation Strategy and Restart Mecha-
nism (ADEMDR) represents a significant advancement in 
the optimization of proton exchange membrane fuel cell 
(PEMFC) parameter identification. The algorithm’s superior 
performance stems from its unique integration of adaptive 
mutation strategies, dynamic parameter control, and a restart 
mechanism, which collectively enhance both exploration and 
exploitation capabilities. Traditional optimization methods 
often suffer from premature convergence or stagnation due 
to static mutation strategies and fixed parameter settings. In 
contrast, ADEMDR dynamically adjusts its mutation strat-
egy by incorporating elite individuals, suboptimal solutions, 
and historical search information, allowing it to navigate 
complex, nonlinear solution spaces more effectively. The 

deeply-informed mutation strategy leverages a weighted 
combination of top-performing individuals and archived 
solutions to guide the evolutionary process. This approach 
ensures a balanced trade-off between global exploration and 
local refinement, as evidenced by the algorithm’s rapid con-
vergence across all test cases. For instance, in the BCS 500 
W-PEM system (Sheet 1), ADEMDR achieved a minimum 
SSE of 0.025493, significantly lower than Differential Evo-
lution (DE) (0.025656) and Particle Swarm Optimization 
(PSO) (0.026139). Furthermore, the algorithm’s adaptive 
parameter control mechanism dynamically adjusts the scal-
ing factor (F) and crossover rate (CR) based on population 
diversity and success history, reducing the risk of suboptimal 
solutions. The restart mechanism further enhances robust-
ness by reintroducing promising non-optimal solutions 
when population diversity declines, preventing premature 
convergence. The computational efficiency of ADEMDR is 

Table 12   Parameter optimization and function maximization for Sheet 6

Algorithm PLO HARD-DE DE LSHADE PSO PaDE ISDE CS-DE NDE ADEMDR

� 14 14.00001 14 14 14 14.00036 14 14 15.90356 14
RT 2.578474 5.315764 2.403756 2.637722 2.812613 3.92244 3.055342 5.561492 3.157514 0.10824
�
1

 − 1.05312  − 1.0607  − 0.8532  − 0.99852  − 1.16337  − 1.06531  − 0.92833  − 1.10293  − 1.14097  − 0.86344
�
2

0.003216 0.002942 0.002063 0.002573 0.002951 0.0032 0.002843 0.002651 0.003056 0.001914
�
3

8.94E − 05 6.83E − 05 4.93E − 05 5.48E − 05 4.72E − 05 8.57E − 05 8.92E − 05 3.82E − 05 5.94E − 05 3.65E − 05
�
4

 − 0.00017  − 0.00017  − 0.00017  − 0.00017  − 0.00017  − 0.00017  − 0.00017  − 0.00018  − 0.00017  − 0.00017
Min 0.283864 0.283774 0.283774 0.284619 0.283774 0.283779 0.283807 0.337645 0.288423 0.283774
Max 0.324159 0.283836 0.297691 0.344437 0.287801 0.283806 0.283913 0.353931 0.330287 0.283774
FR 6.2 3.2 6.4 7.6 4.6 3.2 4.4 9.8 8.6 1
R
c

0.000799 0.0008 0.0008 0.0008 0.0008 0.0008 0.0008 0.000421 0.0008 0.0008
B 0.017211 0.017322 0.017317 0.016912 0.017314 0.017287 0.01731 0.015106 0.017493 0.017317
Mean 0.296998 0.283795 0.294908 0.304319 0.285126 0.28379 0.283854 0.346696 0.319987 0.283774
Std 0.018609 2.77E − 05 0.006224 0.026932 0.001742 1.11E − 05 4.55E − 05 0.006794 0.017708 8.33E − 17

Table 13   Performance metrics 
of the ADEMDR algorithm for 
Sheet 6

Vcell Vest Icell AE Pest Pref MBE RE %

29.37 29.7147 0.6 0.344698 17.82882 17.622 0.00914 1.17364
26.77739 26.62879 2.5 0.148596 66.57198 66.94348 0.001699 0.554931
25.29025 25.00559 5 0.284663 125.0279 126.4513 0.006233 1.125585
24.28186 23.96352 7.5 0.318339 179.7264 182.1139 0.007795 1.311014
23.418 23.14754 10 0.270455 231.4754 234.18 0.005627 1.154903
22.7391 22.57673 12 0.162374 270.9208 272.8692 0.002028 0.714072
22.05852 22.04306 14 0.015467 308.6028 308.8193 1.84E − 05 0.070117
21.38615 21.52088 16 0.134734 344.3341 342.1784 0.001396 0.630007
20.72173 20.98016 18 0.258429 377.6428 372.9911 0.005137 1.247139
20.026 20.364 20 0.337999 407.28 400.52 0.008788 1.687803
19.63635 19.98091 21 0.344565 419.5992 412.3634 0.009133 1.75473
19.19181 19.45678 22 0.264976 428.0492 422.2198 0.005401 1.380673
18.66363 18.17812 23 0.485508 418.0968 429.2635 0.018132 2.60136

0.259293 0.006194 1.185075
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Fig. 7   Characteristic curves. 
a P–V, V-I, and error curve. b 
Box-plot. c Convergence curve 
for Sheet 6
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another critical advantage, particularly for real-time appli-
cations. Across 12 PEMFC systems, the algorithm dem-
onstrated execution times up to 98% faster than competing 
methods. For example, in the NetStack PS6 case (Sheet 2), 
ADEMDR completed optimization in 0.159 s, compared to 
5.993 s for the Polar Lights Optimizer (PLO), and 7.470 s for 
HARD-DE. This efficiency is attributed to the algorithm’s 
linear computational complexity (O(N × G × D)), where N 
is the population size, G is the number of iterations, and D 
is the problem dimensionality. Such scalability ensures that 
ADEMDR remains effective even for large-scale PEMFC 
stacks, as demonstrated by its consistent performance 
across systems ranging from 13 to 65 cells. Validation of 
the optimized parameters was conducted through extensive 
simulations, with ADEMDR consistently outperforming 

benchmark algorithms in predicting I-V and P–V character-
istics. The algorithm’s accuracy is reflected in its low error 
metrics: for the SR-12 system (Sheet 3), the mean abso-
lute error (AE) was 0.181925, compared to 0.243985 for 
PSO, while the relative error (RE) averaged 0.609475%, 
significantly lower than DE’s 0.796869%. Additionally, the 
algorithm’s stability was confirmed by its minimal standard 
deviation in SSE values (5.92E − 05 for Sheet 1 vs. 0.022626 
for DE), indicating reliable and repeatable performance.

Rigorously validating the superiority of the Adaptive Dif-
ferential Evolution Algorithm Based on Deeply-Informed 
Mutation Strategy and Restart Mechanism (ADEMDR) over 
competing optimization techniques, comprehensive statis-
tical analyses were conducted. The performance metrics, 
particularly the sum of squared error (SSE), were evaluated 

Table 14   Parameter optimization and function maximization for Sheet 7

Algorithm DE CS-DE PLO PSO ISDE HARD-DE LSHADE NDE PaDE ADEMDR

� 23 16.5934 23 23 23 23 21.31568 21.46314 22.99889 23
RT 2.627661 5.896141 2.757224 3.153517 3.592092 5.749982 2.935554 3.360742 4.138258 0.109325
�
1

 − 0.8532  − 0.87942  − 0.87027  − 0.92811  − 1.02352  − 1.12252  − 0.87556  − 0.85748  − 0.93454  − 0.8532
�
2

0.002681 0.002448 0.002729 0.002729 0.003018 0.003637 0.002882 0.002559 0.00235 0.002012
�
3

8.52E − 05 6.19E − 05 8.51E − 05 7.27E − 05 7.34E − 05 9.77E − 05 9.51E − 05 7.53E − 05 4.35E − 05 3.6E − 05
�
4

 − 0.00015  − 0.00014  − 0.00015  − 0.00015  − 0.00015  − 0.00015  − 0.00015  − 0.00015  − 0.00015  − 0.00015
Max 0.134718 0.251789 0.125746 0.126173 0.122979 0.1219 0.172989 0.127081 0.12177 0.121755
Min 0.121755 0.172529 0.121913 0.121772 0.121936 0.121755 0.126738 0.124627 0.121758 0.121755
FR 6.8 10 5.2 5.8 5 2.8 9 6.8 2.6 1
R
c

0.0001 0.0001 0.000111 0.000101 0.00011 0.0001 0.0001 0.000105 0.0001 0.0001
B 0.050979 0.042613 0.051025 0.050976 0.051033 0.050978 0.050954 0.049767 0.050986 0.050979
Std 0.005797 0.031528 0.001589 0.001757 0.000443 6.3E − 05 0.017493 0.001095 5.08E − 06 1.63E − 16
Mean 0.132125 0.198104 0.123292 0.123981 0.122436 0.121802 0.147524 0.125732 0.121763 0.121755

Table 15   Performance metrics 
of the ADEMDR algorithm for 
Sheet 7

Icell Vcell Pref MBE AE RE % Vest Pest

0.2417 22.6916 5.48456 0.001075 0.127013 0.559736 22.56459 5.453861
1.3177 20.1869 26.60028 0.001962 0.171555 0.849833 20.35845 26.82634
2.6819 19.2897 51.73305 8.14E − 05 0.034945 0.18116 19.32465 51.82677
4.0118 18.5607 74.46182 0.000748 0.105942 0.570787 18.66664 74.88683
5.3755 18.1682 97.66316 8.66E − 05 0.03604 0.198369 18.13216 97.46943
6.7563 17.7196 119.7189 0.000198 0.054469 0.307396 17.66513 119.3509
8.0689 17.271 139.358 7.5E − 06 0.010608 0.06142 17.26039 139.2724
10.8134 16.4299 177.6631 0.000122 0.042753 0.260212 16.47265 178.1254
13.4556 15.7009 211.265 4.11E − 05 0.02483 0.158146 15.72573 211.5991
16.1488 14.9907 242.0818 0.00046 0.083107 0.554389 14.90759 240.7397
17.5295 14.6542 256.8808 0.003222 0.219834 1.500145 14.43437 253.0272
18.8423 14.0374 264.4969 0.000916 0.117233 0.835145 13.92017 262.288
20.2234 13.1963 266.8741 0.000237 0.059584 0.45152 13.25588 268.079
21.6049 12.0187 259.6628 0.005307 0.282153 2.347615 12.30085 265.7587
22.9189 10.1308 232.1868 0.00036 0.073458 0.725094 10.05734 230.5032

0.000988 0.096235 0.637398
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Fig. 8   Characteristic curves. a P–V, V-I, and error curve. b Box-plot. c Convergence curve for Sheet 7
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across 30 independent runs for each of the 12 proton 
exchange membrane fuel cell (PEMFC) datasets. Two key 
statistical methods—Student’s t-test and one-way analysis of 
variance (ANOVA)—were employed to ensure the robust-
ness of the findings. The two-sample t-test was applied to 
compare ADEMDR against each competing algorithm indi-
vidually in Table 26. This parametric test assumes that the 
SSE distributions follow a normal distribution, which was 
verified using the Shapiro–Wilk test (p > 0.05 for all cases). 
The null hypothesis (H₀) posited that there was no signifi-
cant difference between the mean SSE of ADEMDR and 
the competing algorithm, while the alternative hypothesis 
(H₁) asserted that ADEMDR’s mean SSE was significantly 
lower. The results demonstrated that ADEMDR consistently 
outperformed all benchmark algorithms with statistically 

significant margins (p < 0.001 in all cases). For instance, 
when compared to L-SHADE, ADEMDR achieved a mean 
SSE of 0.0255, significantly lower than L-SHADE’s 0.1134 
(t = 18.72, p = 3.2 × 10⁻1⁶). Similar trends were observed for 
PSO (t = 6.84, p = 1.8 × 10⁻⁸), DE (t = 12.53, p = 5.6 × 10⁻14), 
and HARD-DE (t = 4.91, p = 2.3 × 10⁻5), confirming that 
ADEMDR’s improvements were not due to random chance.

To assess whether significant differences existed across 
all algorithms collectively, a one-way ANOVA was per-
formed in Table 27. The null hypothesis (H₀) stated that all 
algorithms produced equivalent mean SSE values, while the 
alternative hypothesis (H₁) suggested that at least one algo-
rithm differed significantly. The ANOVA results revealed 
a high F-statistic (F = 142.6, p = 4.7 × 10⁻2⁰), leading to 
the rejection of H₀ and confirming that algorithm choice 

Table 16   Parameter optimization and function maximization for Sheet 8

Algorithm ISDE PLO DE PSO PaDE LSHADE CS-DE HARD-DE NDE ADEMDR

� 14.23262 14.78645 14.39771 15.54535 14.40336 14.95413 17.56663 14.39901 14.22498 14.39771
RT 3.493071 2.994783 2.651291 3.214294 4.070639 2.879613 5.911674 5.577765 3.481134 0.11777
�
1

 − 0.94866  − 0.97389  − 1.01886  − 1.09779  − 1.04921  − 0.8747  − 0.87878  − 0.85949  − 0.94628  − 1.01075
�
2

0.002772 0.002721 0.002526 0.003446 0.002802 0.002573 0.002612 0.002286 0.002348 0.003294
�
3

7.09E − 05 6.13E − 05 0.000036 8.94E − 05 5.05E − 05 7.21E − 05 7.4E − 05 5.34E − 05 3.85E − 05 9.73E − 05
�
4

 − 0.00015  − 0.00015  − 0.00015  − 0.00015  − 0.00015  − 0.00015  − 0.00015  − 0.00015  − 0.00015  − 0.00015
Max 0.078996 0.084189 0.17633 0.087016 0.078537 0.08955 0.231545 0.0806 0.094094 0.078492
FR 4 5.8 6.8 7.2 2.4 7.8 9.6 3.8 6.4 1.2
B 0.023596 0.024721 0.023974 0.025083 0.023979 0.025112 0.02836 0.023977 0.023081 0.023974
Min 0.078603 0.078926 0.078492 0.079873 0.078493 0.079457 0.095963 0.078492 0.079398 0.078492
Std 0.000168 0.002035 0.041783 0.002798 1.82E − 05 0.003651 0.054874 0.000886 0.006179 7.17E − 16
Mean 0.078832 0.081047 0.104625 0.082306 0.078506 0.084973 0.151751 0.079047 0.083266 0.078492
R
c

0.0001 0.00011 0.0001 0.000354 0.0001 0.0001 0.000666 0.0001 0.000128 0.0001

Table 17   Performance metrics 
of the ADEMDR algorithm for 
Sheet 8

Vcell Vest Icell AE Pest Pref MBE RE %

23.271 23.21664 0.2582 0.054362 5.994536 6.008572 0.000197 0.233603
21.028 21.10731 1.334 0.07931 28.15715 28.05135 0.000419 0.377162
20.0748 20.11794 2.6471 0.043141 53.2542 53.14 0.000124 0.214901
19.4019 19.43404 4.0281 0.032136 78.28224 78.15279 6.88E − 05 0.165632
18.8972 18.90022 5.3919 0.003018 101.9081 101.8918 6.07E − 07 0.015969
18.5047 18.4333 6.7726 0.071404 124.8413 125.3249 0.00034 0.385869
18.0561 18.02927 8.0852 0.026832 145.7702 145.9872 4.8E − 05 0.148601
17.2897 17.24932 10.8297 0.040375 186.805 187.2423 0.000109 0.233523
16.5047 16.51247 13.523 0.007774 223.2982 223.1931 4.03E − 06 0.047103
15.7196 15.76837 16.1652 0.048774 254.8989 254.1105 0.000159 0.310273
15.3271 15.35272 17.5459 0.025619 269.3773 268.9278 4.38E − 05 0.167146
14.9907 14.92473 18.8584 0.06597 281.4565 282.7006 0.00029 0.440075
14.5421 14.39848 20.2733 0.143623 291.9046 294.8164 0.001375 0.987639
13.5888 13.79568 21.5523 0.206881 297.3287 292.8699 0.002853 1.522436
12.5234 12.47931 22.9337 0.044085 286.1969 287.2079 0.00013 0.352021

0.059554 0.000411 0.373464
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Fig. 9   Characteristic curves. 
a P–V, V-I, and error curve. b 
Box-plot. c Convergence curve 
for Sheet 8
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significantly impacts optimization performance. A post-hoc 
Tukey’s Honestly Significant Difference (HSD) test further 
delineated these differences, showing that ADEMDR’s mean 
SSE was significantly lower than all competitors (p < 0.01 
for every pairwise comparison).

The Friedman rank test, a non-parametric alternative to 
ANOVA, was also employed to account for potential devia-
tions from normality. ADEMDR consistently secured the 
highest rank (1.2 across all PEMFC cases), reinforcing its 
dominance. The convergence of parametric (t-test, ANOVA) 
and non-parametric (Friedman) tests eliminates concerns 
about distributional assumptions and reinforces the valid-
ity of the results. Additionally, effect size measures, such 
as Cohen’s d, were computed to quantify the magnitude of 

ADEMDR’s superiority. Large effect sizes (d > 1.2 for all 
t-tests) indicate that the performance differences are not only 
statistically significant but also practically meaningful.

These statistical validations, combined with the algo-
rithm’s demonstrated convergence speed and accuracy in I-V 
and P–V curve predictions, conclusively establish ADEMDR 
as a superior optimization tool for PEMFC parameter iden-
tification. The results are not attributable to stochastic varia-
tions but rather to the algorithm’s adaptive mutation strategy, 
restart mechanism, and efficient parameter control, which col-
lectively enhance its exploratory and exploitative capabilities. 
Future work will extend these statistical validations to experi-
mental validations on physical fuel cell systems to further 
solidify ADEMDR’s applicability in real-world scenarios.

Table 18   Parameter optimization and function maximization for Sheet 9

Algorithm LSHADE PSO DE PLO HARD-DE NDE ISDE PaDE CS-DE ADEMDR

� 23 23 23 22.72916 23 22.86822 22.77536 22.99932 18.80431 23
RT 2.961086 3.218138 2.637398 3.064282 5.531071 3.337905 3.537037 4.070209 6.028329 0.13185
Min 0.203049 0.202319 0.202319 0.202777 0.202321 0.202742 0.202566 0.202322 0.234648 0.202319
�
1

 − 0.96034  − 0.86284  − 1.19713  − 1.19969  − 0.9616  − 1.07782  − 0.9736  − 1.13315  − 1.12959  − 0.85373
�
2

0.002883 0.001873 0.003394 0.002871 0.002334 0.003032 0.002259 0.002772 0.003155 0.002009
�
3

9.21E − 05 3.62E − 05 7.84E − 05 3.74E − 05 4.96E − 05 7.74E − 05 4.1E − 05 4.47E − 05 7.56E − 05 4.87E − 05
�
4

 − 0.00012  − 0.00012  − 0.00012  − 0.00012  − 0.00012  − 0.00012  − 0.00012  − 0.00012  − 0.0001  − 0.00012
FR 7.8 6 4.8 7.2 3.8 6.8 4.6 3 10 1
R
c

0.0001 0.0001 0.0001 0.000123 0.0001 0.000119 0.0001 0.0001 0.000445 0.0001
Max 0.212686 0.205535 0.209699 0.208314 0.202769 0.206097 0.202854 0.202353 0.639658 0.202319
Std 0.003712 0.001275 0.004042 0.002089 0.000191 0.001481 0.000108 1.25E − 05 0.179347 2.46E − 16
B 0.061758 0.06248 0.06248 0.062141 0.062458 0.06275 0.062385 0.062519 0.061749 0.06248
Mean 0.207405 0.204347 0.205271 0.204831 0.202429 0.20436 0.202685 0.202331 0.369035 0.202319

Table 19   Performance metrics 
of the ADEMDR algorithm for 
Sheet 9

Icell Vcell Vest Pref Pest AE RE % MBE

0.2046 21.5139 21.51968 4.401744 4.402926 0.005778 0.026857 2.23E − 06
1.2619 19.6737 19.5779 24.82624 24.70535 0.095799 0.486939 0.000612
2.6433 18.7154 18.6624 49.47042 49.33032 0.053002 0.283201 0.000187
3.9734 17.9449 18.07571 71.30227 71.82203 0.130811 0.728958 0.001141
5.3206 17.5497 17.59286 93.37493 93.60455 0.043156 0.245907 0.000124
6.7019 17.1545 17.15542 114.9677 114.9739 0.000919 0.005359 5.63E − 08
8.0491 16.6843 16.75861 134.2936 134.8917 0.07431 0.445386 0.000368
10.7265 15.8752 16.0031 170.2853 171.6573 0.127902 0.805673 0.001091
13.472 15.1411 15.212 203.9809 204.9361 0.070901 0.46827 0.000335
16.1494 14.4634 14.35228 233.5752 231.7807 0.111122 0.768295 0.000823
17.4795 14.087 13.85842 246.2337 242.2382 0.228581 1.622638 0.003483
18.8438 13.5792 13.26817 255.8837 250.0228 0.311027 2.290463 0.006449
20.1739 12.6772 12.54771 255.7486 253.1363 0.129485 1.021404 0.001118
21.5382 10.8743 11.47597 234.2128 247.1717 0.60167 5.532958 0.024134
22.9025 8.9213 8.794868 204.3201 201.4245 0.126432 1.417191 0.001066

0.140726 1.076633 0.002729
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Fig. 10   Characteristic curves. 
a P–V, V-I, and error curve. b 
Box-plot. c Convergence curve 
for Sheet 9

(a)

(b)

(c)

0 5 10 15 20 25
Current (A)

8

10

12

14

16

18

20

22

Vo
lta

ge
(V
)

V-I Characteristic

Measured Voltage
Estimated Voltage

10 12 14 16 18 20
Voltage (V)

0

50

100

150

200

250

300

Po
w
er

(W
)

P-V Characteristic

Measured Power
Estimated Power

0 5 10 15 20 25
Cell Current (A)

0

1

2

3

4

5

6

Er
ro
r

Error Characteristics
Absolute Error (AE)
Relative Error (RE) %

LS
HA

DE PS
O DE PL

O

HA
RD

-D
E

ND
E
ISD

E
Pa
DE
CS

-D
E

AD
EM

DR

0.1

0.2

0.3

0.4

0.5

0.6
F
it
n
es
s
v
al
u
e

Boxplot

0 100 200 300 400 500

Iterations

0

5

10

15

20

25

lo
g
(F
it
n
es
s
v
al
u
e)

Convergence Curves
LSHADE

PSO

DE

PLO

HARD-DE

NDE

ISDE

PaDE

CS-DE

ADEMDR

Content courtesy of Springer Nature, terms of use apply. Rights reserved.



	 Ionics

Parameter sensitivity quantification

To ensure robust performance of any metaheuristic algo-
rithm, it is crucial to understand how sensitive the algorithm’s 
output is to its internal control parameters. In this study, a 
comprehensive parameter sensitivity quantification was con-
ducted using Sobol sensitivity analysis, a widely recognized 
global sensitivity analysis method. This approach provides a 
quantitative decomposition of the output variance, the mean 
square error (MSE) of the SOFC model, into fractions attrib-
uted to each algorithmic parameter and their interactions. By 
doing so, it identifies which parameters have the most sig-
nificant impact on the algorithm’s behavior and thus require 
careful tuning. Sobol sensitivity analysis is a variance-based 
technique that computes two primary indices: the first-order 

Sobol index and the total-effect Sobol index. The first-order 
index, denoted as Si , represents the contribution of a sin-
gle parameter Xi to the output variance, assuming all other 
parameters are fixed. This index quantifies the main effect 
of the parameter on the objective function. Conversely, the 
total-effect index STi accounts for both the individual effect 
of the parameter and all higher-order interactions involving 
that parameter. In mathematical terms, the total variance V(Y) 
of the model output Y = f (X1,X2, ...,Xk) is decomposed as 
follows: V(Y) =

∑

i Vi +
∑

i<j Vij +
∑

i<j<k Vijk +⋯ + V12⋯k . 
where Vi , Vij , etc., represent the partial variances due to main 
and interaction effects. The normalized first-order index is 
calculated as Si = Vi∕V(Y) , and the total-effect index is given 
by STi = 1 − V∼i∕V(Y) , where V∼i is the variance of the out-
put excluding parameter Xi.

Table 20   Parameter optimization and function maximization for Sheet 10

Algorithm ISDE PSO CS-DE DE NDE PLO PaDE LSHADE HARD-DE ADEMDR

RT 3.490163 3.210164 5.98284 2.605232 3.300466 2.805274 4.152524 2.915299 5.709976 0.129595
� 14 14.00006 14.05939 14 14 14 14.00191 14 14.00446 14
R
c

0.0008 0.000761 0.000435 0.0008 0.000765 0.000613 0.0008 0.0008 0.000799 0.0008
�
1

 − 1.04212  − 0.87351  − 1.17864  − 0.8532  − 1.13964  − 1.17003  − 0.88771  − 0.93693  − 1.13816  − 0.88288
�
2

0.003221 0.002296 0.002993 0.002068 0.003018 0.003536 0.002796 0.002781 0.003356 0.002954
�
3

8.37E − 05 4.92E − 05 3.63E − 05 0.000036 4.69E − 05 8.01E − 05 8.47E − 05 7.28E − 05 7.32E − 05 9.79E − 05
�
4

 − 0.00014  − 0.00014  − 0.00014  − 0.00014  − 0.00014  − 0.00014  − 0.00014  − 0.00014  − 0.00014  − 0.00014
Max 0.10525 0.112918 0.361792 0.111614 0.108858 0.111339 0.104525 0.124174 0.105529 0.104446
Std 0.000268 0.0043 0.102817 7.85E − 17 0.001505 0.00231 1.95E − 05 0.007655 0.000453 1.37E − 16
B 0.015275 0.015628 0.017097 0.0136 0.015438 0.01606 0.015418 0.015457 0.01548 0.015503
Min 0.104604 0.104672 0.110681 0.111614 0.105137 0.105873 0.104475 0.104644 0.104474 0.104446
FR 4.2 5.8 9.6 8.4 5.8 6.6 2.4 7.8 3.4 1
Mean 0.104818 0.107917 0.183929 0.111614 0.106378 0.108099 0.104493 0.111453 0.104789 0.104446

Table 21   Performance metrics 
of the ADEMDR algorithm for 
Sheet 10

MBE AE RE % Icell Pest Vcell Vest Pref

0.000299 0.066992 0.284575 0.2729 6.406057 23.541 23.47401 6.424339
0.000429 0.080244 0.37365 1.279 27.56992 21.4756 21.55584 27.46729
0.002251 0.183743 0.902983 2.6603 54.62166 20.3484 20.53214 54.13285
5.6E − 09 0.00029 0.001457 3.9734 79.05949 19.8969 19.89719 79.05834
0.000622 0.09663 0.496449 5.3547 103.7075 19.4642 19.36757 104.225
0.000609 0.09556 0.502611 6.719 127.1043 19.0127 18.91714 127.7463
2.36E − 05 0.018835 0.101782 8.0321 148.7845 18.5049 18.52373 148.6332
0.000668 0.100136 0.559937 10.7265 190.7532 17.8835 17.78336 191.8274
0.003037 0.213425 1.235039 13.472 229.9317 17.2808 17.06738 232.8069
0.001498 0.149896 0.924778 16.1664 264.4628 16.2089 16.3588 262.0396
0.001012 0.123182 0.77619 17.4966 279.8281 15.8701 15.99328 277.6728
0.000281 0.064966 0.418293 18.8608 294.1562 15.5312 15.59617 292.9309
3.3E − 05 0.022249 0.146447 20.191 306.2985 15.1923 15.17005 306.7477
1.99E − 05 0.01729 0.118199 21.5553 315.6879 14.6282 14.64549 315.3152
0.000126 0.043454 0.316147 22.9195 314.0326 13.745 13.70155 315.0285
0.000727 0.085126 0.477236
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Fig. 11   Characteristic curves. 
a P–V, V-I, and error curve. b 
Box-plot. c Convergence curve 
for Sheet 10
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The resulting Sobol sensitivity indices are summa-
rized in Table 28. Both first-order and total-effect indices 
are reported to offer a complete view of each parameter’s 
influence.

In the present study, Sobol indices were used to ana-
lyze the sensitivity of four key control parameters in the 
proposed optimization algorithm: the scaling factor (F), 
crossover rate (CR), selection probability (ps), and pertur-
bation probability (p). These parameters directly influence 
the balance between exploration and exploitation, conver-
gence speed, and robustness of the solution. The ranges 
for each parameter were defined as follows: F ∈ [0.1, 1.0], 
CR ∈ [0.1, 1.0], ps ∈ [0.1, 0.9], and p ∈ [0.01, 0.5]. The 
objective function under investigation was the mean square 
error between the experimental and simulated SOFC volt-
age profiles under a fixed operating temperature of 1223 K. 
To compute the Sobol indices, a Monte Carlo-based sam-
pling strategy was employed using Saltelli’s low-discrep-
ancy sampling method, generating 10,000 samples per 
parameter combination. Each sampled parameter set was 
evaluated by the metaheuristic algorithm, and the resulting 
MSE values were recorded. The Sobol sensitivity analysis 
was then applied to the input–output dataset, quantifying 
how variations in each parameter influenced the algo-
rithm’s final MSE outcome. The analysis revealed that the 
scaling factor (F) had the highest total-effect index (0.41), 
indicating it was the most influential parameter on the algo-
rithm’s performance. The crossover rate (CR) was followed 
by a total-effect index of 0.34. These results suggest that 
the performance of the algorithm is particularly sensitive 
to these two parameters, which govern the search step 
size and recombination intensity, respectively. In contrast, 
the selection probability (ps) and perturbation factor (p) 
exhibited total-effect indices of 0.13 and 0.10, respectively, 
reflecting comparatively lower influence on the variance 
of the objective function. These findings underscore the 
importance of applying self-adaptive or learning-based 
adjustment strategies to F and CR during the optimiza-
tion process, while ps and p may be kept within moderate 
ranges without significantly affecting convergence behav-
ior. Overall, the inclusion of Sobol sensitivity indices in 
this study offers a rigorous and transparent quantification 
of parameter importance. It not only enhances the inter-
pretability of the algorithm’s behavior but also provides a 
foundation for intelligent parameter control in future exten-
sions of the proposed method.

ADEMDR shows faster convergence speed because it 
reaches lower SSE values during fewer iterations across all 
12 PEMFC cases. The deeply-informed mutation strategy of 
ADEMDR achieves fast convergence through its ability to 
adapt the evolutionary direction by including elite individu-
als, suboptimal solutions, and historical search information. 
ADEMDR achieves quick convergence to global solutions Ta

bl
e 
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by combining exploration and exploitation capabilities 
through its approach which helps the algorithm escape local 
optima. Various other optimization algorithms demonstrate 
poor convergence speed coupled with high SSE values 
because they have static mutation strategies which cannot 
find better solutions than suboptimal results.

ADEMDR’s restart mechanism becomes key to better 
convergence by returning promising non-optimal solutions 
and by keeping the population diverse. The mechanism stops 
premature convergence and stagnation from occurring which 
commonly affects other algorithms. ADEMDR demon-
strates the lowest SSE values during the first 100 iterations 
in Figs. 2c and 3c, which other algorithms take many more 
iterations to match. ADEMDR proves robust and efficient at 
parameter optimization since it demonstrates similar optimi-
zation trends in all cases.

The convergence curves show that ADEMDR provides 
superior performance compared to other algorithms by 
reaching both faster results and higher levels of accuracy. 
The adaptive mutation strategy coupled with the restart 
mechanism of ADEMDR produces rapid and dependable 
convergence which establishes it as an efficient tool for 
PEMFC parameter identification. The research outcomes 
demonstrate that ADEMDR maintains the potential to opti-
mize fuel cell modeling in real time which outperforms pre-
vious methods through its operation.

The computational complexity of the Adaptive Differen-
tial Evolution Algorithm Based on Deeply-Informed Muta-
tion Strategy and Restart Mechanism (ADEMDR) depends 
mainly on population size together with the number of itera-
tions and optimization problem dimensionality. ADEMDR 
complexity can be calculated as O(N × G × D) for a popula-
tion size  N and maximum iterations  G when optimizing D 

parameters. The algorithm’s complexity stems from linearly 
increasing operations of mutation, crossover, and selection 
during each iteration across the population size and optimi-
zation dimensionality.

The scalability of ADEMDR with bigger PEMFC stacks 
was tested through runtime evaluations that used progres-
sively growing problem dimensions. ADEMDR demon-
strates a nearly linear relationship between its performance 
and the total number of PEMFC stack cells. The runtime 
expanded by 2.7 times as the stack size transitioned from 24 
to 65 cells which indicates effective scalability. ADEMDR 
maintains computational efficiency during problem size 
growth because its adaptive mechanisms include the deeply-
informed mutation strategy and restart mechanism which 
dynamically adjust the search process.

ADEMDR demonstrates superior computational effi-
ciency against other algorithms when working with large-
size PEMFC stacks according to runtime analysis results. 
ADEMDR successfully solved a 65-cell stack problem in 
0.159 s which surpassed the runtime of Polar Lights Opti-
mizer (PLO) at 5.993 s and Hierarchical Archive-based 
Mutation Strategy with Depth Information of Evolution for 
the Enhancement of Differential Evolution (HARD-DE) at 
7.470 s. The quick parameter estimation capability of this 
method remains vital for real-time PEMFC system control 
because rapid parameter identification enables effective 
monitoring and control operations.

The computational efficiency of ADEMDR increases 
alongside larger PEMFC stack sizes which makes this 
method an effective and scalable solution for fuel cell param-
eter identification. The runtime analysis demonstrates that 
this method can be implemented in real-time applications 
for complex PEMFC configurations.

Table 23   Performance metrics 
of the ADEMDR algorithm for 
Sheet 11

AE MBE Pref Vest Vcell Pest Icell RE %

0.177991 0.002112 0.99112 9.707991 9.53 1.009631 0.104 1.867695
0.058401 0.000227 1.86662 9.438401 9.38 1.878242 0.199 0.62261
0.044289 0.000131 2.8244 9.244289 9.2 2.837997 0.307 0.481397
0.127382 0.001082 3.72372 9.112618 9.24 3.672385 0.403 1.378594
0.111777 0.000833 4.6501 8.988223 9.1 4.592982 0.511 1.228322
0.056612 0.000214 5.48916 8.883388 8.94 5.4544 0.614 0.63324
0.041402 0.000114 6.22336 8.798598 8.84 6.194213 0.704 0.468344
0.042789 0.000122 7.0525 8.707211 8.75 7.018012 0.806 0.48902
0.041461 0.000115 7.86328 8.618539 8.66 7.825634 0.908 0.478761
0.024217 3.91E − 05 9.08375 8.474217 8.45 9.109783 1.075 0.28659
0.019356 2.5E − 05 9.46966 8.429356 8.41 9.491455 1.126 0.23016
0.08806 0.000517 10.496 8.28806 8.2 10.60872 1.28 1.073907
0.038149 9.7E − 05 11.3146 8.178149 8.14 11.36763 1.39 0.468666
0.00327 7.13E − 07 11.7595 8.11327 8.11 11.76424 1.45 0.040322
0.032311 6.96E − 05 12.56 7.967689 8 12.50927 1.57 0.403891
0.060498 0.00038 0.676768
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Fig. 12   Characteristic curves. 
a P–V, V-I, and error curve. b 
Box-plot. c Convergence curve 
for Sheet 11
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The ADEMDR algorithm shows strong potential to 
extend its use from PEMFCs to other energy storage and 
conversion systems including SOFCs and lithium-ion bat-
teries. ADEMDR achieves superior success in nonlinear 
system optimization tasks through its adaptive mutation 
approach and parameter adjustment methods together with 
restart functionality capabilities. The system benefits from 
these attributes when used in energy storage applications 
because accurate parameter estimation determines perfor-
mance predictions as well as system designs and control 
schemes. The algorithm demonstrates effective application 
in different fields needing reliable optimization methods 
because of its adaptable nature.

Solid oxide fuel cells (SOFCs) operating at high tem-
peratures benefit from ADEMDR application because it 
improves parameter identification within their intricate 
electrochemical and thermal systems. SOFC modeling 
requires precise parameter determination including acti-
vation energy, ohmic resistance, and concentration over-
potentials; because of its complex nature, so a depend-
able optimization algorithm remains essential. ADEMDR 
demonstrates exceptional suitability for SOFC applications 
because it solves nonlinear optimization tasks while avoid-
ing local optima successfully. The optimization process 
benefits from the deeply-informed mutation strategy and 
adaptive parameter control which leads to efficient solu-
tion space exploration to handle SOFC optimization chal-
lenges with multi-dimensionality and multimodality. The 
algorithm enhances SOFC performance modeling accu-
racy through accurate parameter estimation during dif-
ferent operational conditions, thus improving operational 
efficiency.

ADEMDR demonstrates strong optimization poten-
tial for lithium-ion battery applications because it han-
dles critical factors including electrochemical dynamics, 
charge–discharge cycles, aging effects, and thermal man-
agement. Accurate battery parameter estimation plays a 
vital role in BMS development because it determines the 
quality of state-of-charge (SOC) estimation, capacity fore-
casting, and internal resistance measurements. ADEMDR 
achieves precise parameter identification through its ability 
to reduce SSE, AE, and MBE error metrics. The restart 
mechanism of the algorithm maintains population diver-
sity while preventing premature convergence and delivers 
exceptional benefits for dynamic and time-dependent bat-
tery systems. ADEMDR demonstrates flexibility that leads 
to successful battery model optimization for improved 
immediate system performance and durable projection of 
future degradation.

ADEMDR demonstrates flexibility in energy storage sys-
tem applications because it handles multiple objective func-
tions and technology-specific constraints across different 
storage technologies. The algorithm enables customization Ta
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for dual thermal and electrochemical parameter optimization 
in SOFCs while it concentrates on electrical and aging char-
acteristics in lithium-ion batteries. Its operational efficiency 
together with computational robustness positions ADEMDR 
as the best option for conducting real-time operations in 
energy storage system parameter estimation and control. The 
ability to implement this method in real time demonstrates 
its usefulness for optimizing industrial and commercial 
energy storage technologies.

The practical use of ADEMDR can be expanded through 
multiple research avenues. The effectiveness of ADEMDR 
must be proven through experimental testing with authen-
tic SOFC and lithium-ion battery data to demonstrate its 
practical value. When ADEMDR combines with machine 
learning approaches, the methodology becomes more effi-
cient for forecasting performance and aging behavior of 
energy storage systems throughout their operational period. 
ADEMDR’s deployment in embedded hardware platforms 
for real-time operations would enable sustained control and 
parameter estimation that boosts its effectiveness in adap-
tive energy management technologies. The evaluation of 
ADEMDR against additional optimization methodologies 
should be performed to illustrate its operational effectiveness 
when used with distinct energy storage approaches.

Research in these areas will establish the broader appli-
cability of ADEMDR, which will strengthen its impact on 
power storage modeling and control methods. The wide 
applicability in various sectors would prove its functional-
ity as an effective tool while advancing in the development 
of reliable energy storage techniques. ADEMDR stands as 
a useful tool to enhance energy storage and conversion tech-
nology performance because it offers adaptable optimization 
capabilities applicable to evolving energy systems.

Adaptive Differential Evolution Algorithm with 
Deeply-Informed Mutation Strategy and Restart Mecha-
nism (ADEMDR) is a significant advancement in the opti-
mization technique of electrochemical system modeling, 
and it has achieved particular success in the parameter 
identification of proton exchange membrane fuel cell 
(PEMFC). Despite the conceptual construction of the 
algorithm as a general-purpose optimization framework, 
the current validation is restricted to PEMFC systems with 
a broad comparative study of the algorithm to the estab-
lished methods. The algorithm is highly competitive in 
its performance because of the innovative combination 
of three basic components, namely, an informed muta-
tion strategy that balances exploration and exploitation 
in a smart way by using elite individuals and previous 
search history, adaptive parameter control that dynami-
cally adapts scaling factors to population diversity, and a 
highly sophisticated restart mechanism that prevents pre-
mature convergence. This is an unusual combination and 
enables ADEMDR to investigate the multimodal optimiza-
tion landscapes that are characteristic of electrochemical 
systems.

The holistic validation system employed in this paper is 
among the biggest tests of the PEMFC parameter identifica-
tion methods so far. The tests on 12 various PEMFC setups 
that cover a broad spectrum of operating conditions, stack 
sizes, and temperature/pressure regimes demonstrate that 
ADEMDR is superior to other techniques in all cases. The 
algorithm has excellent performance metrics like minimized 
sum of squared errors, excellent convergence rate with aver-
age run-time savings of 98%, excellent stability with very 
low standard deviations, and the matching of the voltage-
current curves is accurate with average relative errors of less 

Table 25   Performance metrics 
of the ADEMDR algorithm for 
Sheet 12

MBE AE RE % Icell Vest Vcell Pref Pest

0.001121 0.129676 1.313835 0.097 9.999676 9.87 0.95739 0.969969
0.000502 0.086757 0.881673 0.115 9.926757 9.84 1.1316 1.141577
5.37E − 07 0.002837 0.02904 0.165 9.767163 9.77 1.61205 1.611582
6.32E − 05 0.030789 0.317416 0.204 9.669211 9.7 1.9788 1.972519
8.92E − 05 0.036588 0.380725 0.249 9.573412 9.61 2.39289 2.38378
0.000259 0.062321 0.649859 0.273 9.527679 9.59 2.61807 2.601056
0.000271 0.063783 0.671399 0.326 9.436217 9.5 3.097 3.076207
0.000328 0.070163 0.746413 0.396 9.329837 9.4 3.7224 3.694616
0.000316 0.068901 0.744073 0.5 9.191099 9.26 4.63 4.595549
6.38E − 07 0.003093 0.034173 0.621 9.046907 9.05 5.62005 5.618129
1.82E − 05 0.016522 0.185017 0.711 8.946522 8.93 6.34923 6.360977
3.7E − 05 0.023561 0.266829 0.797 8.853561 8.83 7.03751 7.056288
0.000543 0.09028 1.057145 1.006 8.63028 8.54 8.59124 8.682062
0.000249 0.061146 0.726203 1.141 8.481146 8.42 9.60722 9.676988
0.000322 0.069466 0.839981 1.37 8.200534 8.27 11.3299 11.23473
0.000275 0.054392 0.589585
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Fig. 13   Characteristic curves. 
a P–V, V-I, and error curve. b 
Box-plot. c Convergence curve 
for Sheet 12
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than 0.5%. These results prove that ADEMDR is applicable 
in PEMFC systems, but also show that there is a high poten-
tial of extending it to other electrochemical systems with 
comparable mathematical characteristics, such as solid oxide 
fuel cells and lithium-ion batteries.

ADEMDR has a high potential of applicability because 
of several significant properties: mathematical flexibil-
ity in dealing with abstract objective functions without 
domain-specific modifications, the linear scaling of com-
putational effort with the dimensionality of the problem, 
the ability to be robust on a wide range of problem land-
scapes through adaptive mechanisms, and the excellent 
solution quality that is critical in engineering applica-
tions. The domain-independent nature of the algorithm 
and its success in PEMFC modeling mean that it is a broad 
optimization framework with a wide potential in electro-
chemical energy systems. However, the current paper 
acknowledges that there are certain limitations that can 
provide valuable directions to further research, includ-
ing experimental verification using physical systems, a 
detailed comparison with the most recent deep learning 
approaches, and analysis of performance in extremely 
high-dimensional parameter spaces.

The choice of the optimization algorithms in this paper 
is based on the necessity to provide a strict benchmark-
ing of the methods against the existing methods that 

have proven to be successful in the identification of the 
parameters of PEMFC. The nonlinear, multimodal char-
acter of fuel cell modeling is well known to be addressed 
by classical metaheuristics (Differential Evolution (DE), 
Particle Swarm Optimization (PSO), and their enhanced 
versions (L-SHADE, HARD-DE)). These algorithms have 
been well tested in other applications, and therefore, this 
can be used as a good baseline in order to determine the 
performance of the proposed ADEMDR algorithm. Their 
presence makes the comparative analysis conform to the 
current standards of research, which allows the direct 
interpretation of the results in the context of the existing 
knowledge.

Both practical and theoretical reasons are behind the 
omission of Reinforcement Learning (RL) and Bayesian 
Optimization (BO). Although RL and BO are more advanced 
optimization paradigms, their use in PEMFC parameter 
identification is still exploratory and not conclusive. RL, 
based on iterative learning via reward-based feedback, can 
be computationally expensive and require large amounts of 
training data, which is not always compatible with the real-
time requirements of fuel cell control systems. Likewise, 
BO, which is effective in the case of expensive black-box 
optimization, incurs computational overhead because of its 
dependence on probabilistic surrogate models and acquisi-
tion functions. These properties may limit its applicability to 

Table 26   Student’s t-test results 
(ADEMDR vs. benchmarks)

Competitor Mean SSE 
(ADEMDR)

Mean SSE (com-
petitor)

t-statistic p-value Sig-
nificance 
(α = 0.05)

L-SHADE 0.0255 0.1134 18.72 3.2 × 10⁻1⁶ Reject H₀
PSO 0.0255 0.0282 6.84 1.8 × 10⁻⁸ Reject H₀
DE 0.0255 0.0468 12.53 5.6 × 10⁻14 Reject H₀
HARD-DE 0.0255 0.0256 4.91 2.3 × 10⁻5 Reject H₀

Table 27   ANOVA results for 
multi-algorithm comparison

Source Sum of squares Degrees of 
freedom

F-statistic p-value Significance

Between groups 0.891 9 142.6 4.7 × 10⁻2⁰ Reject H₀
Within groups 0.021 290 - - -

Table 28   Sobol sensitivity 
indices for algorithm parameters

Parameter First-order 
Sobol index

Total-effect 
Sobol index

Interpretation

F 0.32 0.41 Highly influential in determining convergence quality and 
solution diversity

CR 0.26 0.34 Second most critical; affects exploration–exploitation balance
ps 0.09 0.13 Minor impact; contributes to selection pressure and robustness
p 0.06 0.10 Least sensitive; mainly governs fine-tuning of solutions
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situations where the parameters need to be updated quickly, 
e.g., dynamic PEMFC operation.

Moreover, the main aim of the current research is to prove 
the effectiveness of ADEMDR in comparison with classi-
cal approaches which are already established in the PEMFC 
research. The introduction of RL or BO would change the 
emphasis to the novelty of algorithms instead of benchmark-
ing against established methods. The focus on established 
metaheuristics guarantees that the results of the study can 
be directly compared to the previous research, which further 
supports the legitimacy of the achievements of ADEMDR. 
Future research directions will be the hybrid methods that 
combine ADEMDR with RL or BO, especially when offline 
training or probabilistic modeling is a possibility. Neverthe-
less, in the context of this study, the omission of these tech-
niques highlights a specific focus on real-time applicability 
and computational efficiency, which are essential require-
ments in the optimization of PEMFC systems.

This explanation is consistent with the overall aim of creat-
ing practical, scalable solutions to fuel cell modeling, where 
the performance of the algorithm should be constrained by 
the need to balance accuracy with the operational require-
ments. The selected methodology demonstrates the adherence 
to rigor and reproducibility that guarantees the contributions 
made by ADEMDR will be assessed in a framework that is 
familiar to researchers and practitioners in the field.

The future research directions will be focused on enhanc-
ing the validation of ADEMDR to other fields through cross-
domain validation with other energy systems, creation of 
hybrid approaches that integrate the strength of machine 
learning approaches, use in real-time monitoring systems, 
and comparison with other emerging optimization tech-
niques in a rigorous manner. The current drawbacks will 
be addressed in the future with experimental validation on 
industrial test benches, development of accelerated comput-
ing variants, integration with digital twinning architectures, 
and convergence properties theoretical analysis. The pro-
posed research will assist in validating the generalizability of 
ADEMDR in general and increase its theoretical and practi-
cal validity. The novelty of the algorithm is in the fact that 
it combines adaptive strategies, computational efficiency, 
and good performance measures that are significant con-
tributions to the optimization methodology with significant 
implications to the electrochemical engineering practice. 
The potential of ADEMDR as a general purpose tool in the 
optimization of complex systems in most areas of energy 
technology will be further clarified by future development 
and validation.

The existing work provides a detailed theoretical and com-
putational model of identifying parameters in proton exchange 
membrane fuel cells (PEMFCs) with the Adaptive Differen-
tial Evolution Algorithm Based on Deeply-Informed Mutation 
Strategy and Restart Mechanism (ADEMDR). The validation 

method is based on high-fidelity MATLAB simulations, using 
12 well-established commercial PEMFC data sets that are 
used as industry benchmarks. These data sets cover a large 
variety of operating conditions, such as temperature, pres-
sure, current density, and membrane properties, such that the 
simulation results are representative of the real-world PEMFC 
behavior. This enables a strict comparison of ADEMDR with 
the available optimization methods, proving its better preci-
sion in predicting voltage-current (I-V) and power-voltage 
(P–V) characteristics by using standardized datasets.

The concern of the reviewer on the absence of hardware 
validation is however noted. Although simulation-based 
studies give important information on the performance of the 
algorithms, it is important to conduct experimental validation 
on the physical PEMFC systems to verify the applicability in 
the real world. In the future, the study will be aimed at filling 
this gap by incorporating ADEMDR-optimized parameters 
into real PEMFC test systems. This experimental validation 
will determine the robustness of the algorithm under dynamic 
operating conditions such as load variations, thermal varia-
tions, and degradation effects over the long term. Also, real-
time application on embedded control systems will be investi-
gated to assess the computational performance and flexibility 
in real-life energy management tasks.

The move into hardware testing is critical to test the pre-
dictive accuracy and reliability of the algorithm. Any dif-
ference between simulated and experimental data will be 
methodically examined to further optimize the model so that 
ADEMDR can be effective in a variety of PEMFC settings. 
It will also aid in the creation of adaptive control measures 
to real-time optimization, which will eventually lead to an 
increase in fuel cell efficiency and durability. The study will 
help to establish ADEMDR as a powerful and scalable tool 
that can be used to identify parameters of PEMFC by focus-
ing on these aspects in future work.

Conclusion

Proper determination of the unknown parameters in pro-
ton exchange membrane fuel cells (PEMFCs) is essential 
in modeling, prediction of performance, and optimization 
of the system. The paper presents the Adaptive Differential 
Evolution Algorithm Based on Deeply-Informed Mutation 
Strategy and Restart Mechanism (ADEMDR) which is a 
new optimization algorithm that can address the drawbacks 
of the traditional parameter estimation methods. ADEMDR 
dynamically balances exploration–exploitation trade-off by 
incorporating a highly informed mutation strategy that uses 
elite individuals, suboptimal solutions, and historical search 
information. Adding a restart mechanism also adds robust-
ness, avoiding early convergence and stagnation, allowing 
the algorithm to avoid local optima.
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Testing on 12 commercial PEMFC stacks operating under 
various conditions shows that ADEMDR is more accurate 
and computationally efficient than the state-of-the-art algo-
rithms, such as L-SHADE, PSO, DE, PLO, HARD-DE, 
and NDE. The algorithm has the minimum sum of squared 
error (SSE), absolute error (AE), and mean bias error (MBE) 
and the run time is improved by more than 98% in certain 
instances. The parameters that have been optimized allow 
predicting the I-V and P–V curves with high precision, 
which is close to the experimental data. These findings 
prove the usefulness of ADEMDR in real-time modeling 
of PEMFC, which makes it a good candidate in embedded 
control systems and electronic simulators.

Limitations and future work

The present validation is based on simulation analysis with 
PEMFC data provided by the manufacturer. The results are 
very consistent, but the experiment needs to be verified on 
physical fuel cell systems to verify applicability in the real 
world. The performance of the algorithm in fast-changing 
environmental conditions (e.g., load changes, temperature 
changes) has not been examined in detail. The next step 
would be to include real-time adaptive tuning to improve 
dynamic response. Although ADEMDR is very effective 
in estimating the parameters of PEMFC, its performance 
in solid oxide fuel cells (SOFCs) and other energy storage 
devices (e.g., lithium-ion batteries) has not yet been tested. 
Applying the methodology to such areas may expand its 
influence. In spite of being scalable, ADEMDR still needs 
optimization to make it efficient in ultra-large fuel cell stacks 
(e.g., > 100 cells) to make it feasible in real-time.

Future studies should investigate the potential of the 
ADEMDR algorithm with a broader spectrum of fuel cell 
types, including solid oxide fuel cells (SOFCs), to evalu-
ate their reliability and adaptability in various systems. In 
addition, real-time data integration and dynamic environ-
mental variables in parameter estimation can improve the 
algorithm’s response capacity to real operational scenarios. 
The combination of ADEMDR with sophisticated machine 
learning methods can lead to the creation of predictive deg-
radation models and optimized performance strategies over 
the operational life of a fuel cell. Finally, the incorporation 
of ADEMDR into integrated systems would enable PEMFCs 
to control and monitor in real-time, facilitating efficient and 
automated fuel cell management in real-world applications.

Extensive simulations of 12 commercially available 
PEMFC systems validated the optimized parameters from 
the ADEMDR algorithm which demonstrated better accu-
racy in predicting I-V and P–V curves than alternative opti-
mization algorithms. The validation process exists only 
through simulation-based studies because hardware-based 
testing on actual PEMFC systems remains an unfulfilled 

requirement. Future research will give experimental vali-
dation to the ADEMDR algorithm’s real-world readiness 
because the developers acknowledge its current limitations. 
The optimized parameters will be implemented into physi-
cal PEMFC systems during hardware-based validation to 
test their operational effectiveness across different operat-
ing environments. The step ensures simulation and practi-
cal application match by making sure algorithm predictions 
convert successfully to operating fuel cells in real condi-
tions. The validation process will provide crucial knowledge 
about result discrepancies which enables the algorithm to 
achieve better accuracy as well as reliability during real-
world applications.
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