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The prognostic of the proton exchange membrane fuel cell is a current topic of research. Consequently, the
complexity of its degradation mechanisms has led to the development of semi-empirical models to improve
predictive analysis. The accurate estimation of parameters for these models is a challenging task due to their
multivariate, nonlinear, and complex characteristics. This work proposes a new semi-empirical model of the
proton exchange membrane fuel cell and compares it with a widely used model in the literature. Unlike other
similar studies, this comparison not only focuses on minimizing the sum of squared errors in relation to the
experimental data but also evaluates the variation in the solution set and the computational effort involved.
For both models, the unknown parameters are estimated using the recent Pelican Optimization Algorithm.
Four datasets are used to evaluate the development of the proposed model and the selected benchmark model.
The first three datasets are open-access and well-recognized in academic literature, whereas the fourth dataset
was obtained from a developed experimental test bench. The results show that the proposed model achieves
high accuracy, with a mean absolute percentage error lower than 0.89% and the sum of squared errors below
0.9272 for all the studied scenarios. This model reduces parameter variation and decreases the relative standard
deviation by over 12.7% compared to the utilized benchmark model for the first three datasets. Hence, the
proposed model not only improves the precision of the estimated parameters without a notable increase in
error but also reduces the computational load by at least 21.7% across all case studies.

1. Introduction The characteristics of PEMFCs make them a popular choice for

developing Fuel Cell Hybrid Electric Vehicles (FCHEVs) [6]. More-

With the ongoing global climate change and its consequences, re-
searchers are working to advance the development of alternative en-
ergy sources that have a lower environmental impact than traditional
fossil fuels [1]. The use of hydrogen as an alternative energy source has
attracted the interest of various governments and international organi-
zations [2]. Fuel Cells (FCs) are devices that generate electricity, heat,
and water by using hydrogen as fuel and oxygen as an oxidant. In recent
years, various types of FCs have been developed [3]. Among these,
the Proton Exchange Membrane Fuel Cell (PEMFC) stands out as one
of the most popular [4]. Its popularity stems from characteristics like
high energy density, zero pollutant emissions, a solid proton exchange
membrane, low operating temperature, and fast start-up [5].

over, PEMFC systems offer significant advantages when both electrical
and thermal energy are required, particularly in cogeneration setups
that integrate PEMFCs with an Organic Rankine Cycle (ORC) [7].
These integrated systems improve both efficiency and economic per-
formance [8], largely due to effective thermodynamic management and
the recovery of waste heat from components such as the PEMFC stack,
air compressor, and electrochemical reaction byproducts [9]. However,
the limited lifespan of PEMFCs remains a significant technical challenge
for future applications, as highlighted by many researchers [10]. This
challenge arises from the dynamic operating conditions and vary-
ing load cycles PEMFCs face in these applications [11]. To address
this, new Prognostic and Health Management (PHM) techniques are
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being developed to estimate and forecast the PEMFC’s health [12].
These techniques, applied in control, design, and energy management
strategies, aim to reduce PEMFC degradation [13].

Nonetheless, PEMFC is a complex device in which multiple reac-
tions occur simultaneously. The physical representation of this device
involves a multi-physics model with thermal, electrical, chemical, and
fluid mechanical components [14]. Moreover, in real-time applications
such as vehicles, PHM techniques are generally limited by computing
resources, computation time, and model complexity [15]. Therefore,
the PEMFC, being a component of complex systems like FCHEVs,
requires a balanced model that considers both simplicity and accu-
racy [16]. In the literature, regarding the utilized modeling techniques,
the studies in PHM techniques are broadly grouped into three main
categories: model-based, data-based, and hybrid approaches [17].

Model-based techniques, also known as white box models, provide
the most accurate and detailed physical representations of PEMFC
behavior through algebraic and differential equations grounded in
physical laws [18]. However, the complexity of these models and
their high computational demands make them impractical for real-time
applications such as control, energy management, and fault detec-
tion [19]. Consequently, these models are more appropriate for design
and diagnostic purposes [20].

In contrast, data-based techniques, or black box models, leverage
learning algorithms to analyze historical operational data, identifying
patterns to forecast the future health of the PEMFC [21]. Despite
their utility, these methods are highly dependent on large datasets
for training. This dependency can prolong the time required to ob-
tain accurate predictions, thus limiting their effectiveness for real-
time applications [22]. Additionally, most data-based PHM techniques
rely on complex neural networks, demanding significant computational
resources [17].

To address the limitations of both approaches, hybrid techniques,
which integrate elements from model-based and data-based methods,
have been developed [23]. These hybrid techniques employ semi-
empirical (gray box) models to simplify system behavior through em-
pirical adjustments. Although they achieve a satisfactory level of ac-
curacy, it remains lower than that of purely physics-based models, as
semi-empirical models account only for the primary factors and physi-
cal processes [24]. Semi-empirical models consist of a set of algebraic
equations based on physical principles, supplemented by empirical
constants and parameters that emulate certain physical variables that
are technically unmeasurable [25]. By offering a balance between com-
plexity and computational efficiency, hybrid models are particularly
suited for real-time applications, where computational resources and
time are constrained [26].

The applications of the semi-empirical models and adaptive filter
algorithms have recently been applied in the forecast of PEMFC health
indicators [27]. A semi-empirical model for identification and aging
parameters is applied in an Extended Kalman Filter (EKF) for PEMFC
lifespan prognostics [28]. Similarly, Pei et al. [29] introduced a non-
linear empirical model to estimate health indices based on voltage
stack changes. Equivalent circuit models calibrated with experimental
data are another approach. In [30], such models are employed with
Electrochemical Impedance Spectroscopy (EIS) data, while in [31], a
static and dynamic EIS-based model is proposed for aging monitor-
ing. In [32] Electrochemical Surface Area (ECSA) is used to predict
degradation, and in [33], exponential and logarithmic empirical models
are integrated into particle filters for prognostics applications. The
model proposed by Amphlett et al. [34] has been extensively utilized in
prognostic applications. Ren et al. [35] integrated it into an Unscented
Kalman Filter (UKF) for degradation forecasting. Similarly, [36] em-
ployed it with a Smooth Variable Structure Filter and Kalman Filter
(SVSF-KF), while Guo et al. [37] used it with a Marginalized Particle
Filter (MPF) for voltage stack prognostics. These semi-empirical models
enhance the balance between accuracy and computational efficiency,
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supporting real-time PEMFC health monitoring and prognostics. There-
fore, this work focuses on semi-empirical models used in hybrid PHM
techniques, and a brief review of them will be presented in Table 1.

The data in Table 1 show that the semi-empirical model proposed
by Amphlett et al. [34] is widely used in prognostic methods, estab-
lishing it as a benchmark model. Additionally, the voltage stack is the
most common health indicator for PEMFCs. Nevertheless, other health
indices such as empirical model parameters have been proposed to
represent degradation in the voltage stack. In the prognostic methods
presented in Table 1, semi-empirical models and adaptive filter-based
algorithms are utilized to adjust empirical parameters over time and
under varying operating conditions. This time-based tracking enables
researchers to estimate PEMFC degradation without relying on direct
measurements such as the membrane water content, which are often
technically unavailable [38].

A key aspect of these prognostic approaches is the identification
process, which serves as an essential first step to ensure accurate
degradation predictions. It involves the selection of a semi-empirical
model and the estimation of the initial parameter values, which pro-
vide a reference point for predicting and estimating degradation in
the PEMFC [39]. This selection should consider factors such as the
intended application, available computational resources, and the ef-
fects of degradation phenomena [40]. However, semi-empirical models
often fail to capture all the physical processes influencing PEMFC
operation and degradation. To address these limitations, identification
algorithms are employed to incorporate more complex and neglected
phenomena. These algorithms minimize the error between the model
and the experimental data, allowing accurate simulations of PEMFC
behavior [26].

In identification, a set of parameters is estimated to represent the
initial state of health, which is vital for future prediction of degra-
dation [25]. Thus, identifying accurate model parameters is essen-
tial, particularly for determining initial values for the prognostic algo-
rithm [41]. Estimating these parameters from polarization curves in-
volves solving a least-squares optimization problem, which is nonlinear,
multivariable, and has multiple local minima. This makes traditional
deterministic and single-agent optimization methods less effective for
parameter estimation [42]. As a result, meta-heuristic optimization
algorithms have emerged as a prominent approach for fitting PEMFC
models to polarization curves and accurately identifying the parameters
of these models. A variety of algorithms have been employed for
PEMFC parameter estimation, including meta-heuristic optimization
techniques used to fit PEMFC models to polarization curves. Prior
research has explored algorithms such as the Enhanced Bald Eagle
Search (EBES) [43], Flower Pollination Algorithm (FPA) [44], Tunicate
Swarm Algorithm (TSA) [45], Water Cycle Algorithm (WCA) [46],
Shark Smell Optimizer (SSO) [47], Grey Wolf Optimizer (GWO) [48],
Modified Farmland Fertility Algorithm (MFFA) [49], Bonobo Opti-
mizer (BO) [50], Fractional-Order Modified Harris Hawks Optimizer
(FMHHO) [51], Marine Predators Algorithm (MPA) [52], Whale Opti-
mization Algorithm (WOA) [53], Grasshopper Optimization Algorithm
(GOA) [54], Circle Search Algorithm (CSA) [55], Bald Eagle Search
(BES) [56], Improved Artificial Hummingbird Algorithm (IAHA) [57],
Artificial Bee Colony Differential Evolution (ABCDE) [42]. These algo-
rithms, along with their corresponding applications to PEMFC parame-
ter identification, are summarized in Table 2.

The research presented in Table 2 utilizes the Amphlett semi-
empirical model to represent PEMFC performance, adjusting the models
based on polarization curves. Most studies focus on improving the
application of meta-heuristic algorithms and exploring new methods
to better characterize these models. However, some studies provide
different solution sets for the same experimental data, with varying
levels of precision, as is shown in Table 2. These studies tend to
overlook the internal structure of the models and the accuracy of the
estimated parameters.
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Table 1
Resume of semi-empirical models used in prognostic hybrid techniques.
Year Model Fitting algorithm Health indicator Operating Accuracy Prognostic
conditions horizon
[28] 2016 Semi-empirical Extended Voltage stack Stationary Percentage 1050 h
voltage-current Kalman Filter error
model of RUL < 10%
[29] 2019 First-order control A proposed Voltage stack Stationary Mean Relative 800 h
system method Error =2.53%
[35] 2020 Semi-empirical Unscented Kalman Voltage stack Dynamic Percentage 1000 s
model proposed by Filter error
Amphlett et al. of RUL <2%
Stati S SOH = 333 h
Analytical . Electrochemical ationary cores 6
. L Nonlinear least 3.941 x 10
[30] 2020 equivalent circuit hod Impedance
model square metho Spectroscopy Dynamic Scores SOH = 350 h
8.202 x 1076
[32] 2021 Semi-empirical Least square Voltage stack + Dynamic RMSE = 500 h
voltage-current method 5 empirical parameters 0.0354
model with aging
parameters
[31] 2021 Semi-empirical Trust-Region- Voltage stack + Dynamic Maximum 700 h
voltage-current Reflective least squares 4 empirical parameters relative error
model =1%
[33] 2022 Exponential and Particle filter Voltage stack + Dynamic nRMSE = 350 h
logarithmic 4 empirical parameters 1.17x72
empirical model
[36] 2022 Semi-empirical Smooth variable Voltage stack Dynamic MAPE = 0.0169 600 s
model proposed by structure filter and Kalman
Amphlett et al. filter
[37] 2023 Semi-empirical Marginalized Voltage stack Dynamic MSE 1000 s
model proposed by particle filter =4.9848 x 10™*
Amphlett et al.
Table 2
Resume of meta-heuristic optimization algorithms applied in PEMFC parameter identification.
Reference Algorithm PEMFC power (W) Parameters for the lowest SSE
& & x 1072 & %107 & x 107 2 Rex 1074 i
[43] EBES BCS-500 -1.1997 3.3559 5.44 -1.9302 20.8772 1.00 0.0161
[44] FPA BCS-500 —0.9851 2.8000 4.46 —2.3200 17.4598 1.66 0.0697
[45] TSA 250 -1.0958 3.0915 5.2525 -1.5565 23 1.16 0.0542
[46] WCA 250 -1.141 3.8409 8.9942 -1.558 23 1.00 0.0545
[47] SSO 250 —-1.0554 3.7953 9.80 -1.1755 24 1.09 0.0136
[48] GWO 250 —1.0564 3.7953 9.80 -1.1755 24 1.09 0.0136
[49] MFFA 250 -1.0018 2.6120 3.9959 -1.5587 23 1.00 0.0546
[50] BO 250 -1.1997 3.0189 3.60 —-1.5587 23 1.00 0.0546
[51] FMHHO SR12-500 —0.8532 3 7.8169 —0.9540 23 1.0201 0.15222
[52] MPA SR12-500 —1.028359 3.898047 9.80 —-0.9540 23 6.7231 0.1753
[53] WOA Ballard-5000 -1.1978 4.4183 9.7214 -1.6273 23 1.002 0.0136
[54] GOA Ballard-5000 —0.8532 3.4173 9.8 —1.5955 22.8458 1.00 0.0136
[55] CSA Ballard-5000 -1.1813 3.5691 3.9929 -1.6283 23 1.00 0.0136
[56] BES PS6-6000 —-1.1490 3.3487 3.6 -9.54 13.0975 1.00 0.0136
[57] IAHA PS6-6000 —0.8541 2.5 3.6 -9.54 13.4654 1.00 0.0136
[42] ABCDE PS6-6000 -1.0781 33.8556 5.9698 —0.9540 13.0947 1.00 0.0136

Other works dive deeper into PEMFC models, offering comparisons
between various approaches to highlight their strengths and weak-
nesses [58]. Yet, these studies also fail to explore the variation in
the estimated parameters. As a result, research on parameter variation
during model identification remains scarce [59]. Additionally, dispari-
ties in the computational efficiency of different semi-empirical models
have received little attention in the context of PEMFC PHM [23]. For
some PHM techniques used in online applications, model complexity is
constrained by the need for rapid computations, making computational
time a critical factor in algorithm development [22].

In this work, a comparative study is performed between a developed
semi-empirical PEMFC model and a well-known benchmark model from
the literature, focusing on the accuracy, precision of the estimated
parameters, and computational efficiency of both models. This compar-
ison utilizes four datasets, three previously reported in the literature,
and one experimental dataset developed for this study. The focus is on

assessing the accuracy and precision of the fitting algorithm, as well as
the variation in the estimated parameters. The Pelican Optimization Al-
gorithm (POA), a novel meta-heuristic algorithm for PEMFC parameter
identification, is used to fit the models to the datasets effectively. The
algorithm is iterated multiple times to calculate the mean and standard
deviation of both the objective function and the estimated parameters.
The remainder of this article is structured as follows: Section 2
introduces the two models being compared, the optimization method
used, and experimental data. Simulation results for both models are
presented in Section 3. Finally, conclusions are given in Section 4.

2. Materials and methods
Modeling of the PEMFC is often used to estimate its performance

and state of health [60]. For this estimation, an inverse problem is
solved to calibrate the model using the polarization test [61]. In the
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polarization test, all operating conditions of the FC, such as temperature
and pressure at the electrodes, are kept constant, except for the stack
current. The stack current is adjusted to different levels, varying within
the range from 0 A to the nominal current. The stack voltage output is
measured for each set value of the current, generating an experimental
graph (voltage vs. current) known as the polarization curve [58].

In this article, two models are compared: a reference model com-
monly used in the literature and a proposed model aimed at improving
precision, accuracy, and computational complexity. Both models are
calibrated against the polarization curve to determine the model pa-
rameters. An estimation of the initial state of health of the PEMFC is
provided by this initial set of parameters, along with the model. This
initial estimation is considered a preliminary stage of the prognostic
algorithms, known as the identification process.

The materials and methods used in this article are described as
follows: the benchmark model subsection introduces the model com-
monly employed in the literature to estimate the initial state of health
of PEMFCs in prognostic techniques. The proposed model subsection
presents the model designed for comparison with the benchmark model
and to perform parameter estimation by fitting both models to the
polarization curve. The next subsection details the formulation used to
fit the models to the polarization curve, estimating the initial state of
health through the initial parameter values. The optimization algorithm
subsection describes the algorithm employed to solve the optimization
problem. Finally, the experimental setup subsection details the setup
used to obtain the polarization curve, which is critical for fitting the
models and evaluating the accuracy and precision of the estimated
parameters.

2.1. Benchmark model

Several studies have investigated the use of meta-heuristic algo-
rithms for estimating the parameters of the FC semi-empirical model
proposed by Amphlett et al. [34]. This model simulates the electro-
chemical behavior of a fuel cell as a subtraction of the reversible voltage
(ENernsy) from three distinct loss factors: activation losses (V,,), ohmic
losses (V,,,), and concentration losses (V,,,) [62]. Each of these factors
predominantly influences a specific region of the I-V polarization curve.
Activation losses primarily affect the low current region (values close
to zero), ohmic losses significantly impact the middle region, and
concentration losses contribute most to the high current region (values
near the maximum current I,,,.). This model is scalable, meaning that
the model of a single cell can be multiplied by the number of cells
(N, 5) to obtain the stack model as shown in Eq. (1).

Vvtack = Ncel[s : (ENernst - Vact - Vohm - an) (€Y

The reversible voltage is given in Eq. (2), so it depends on the
temperature of the PEMFC (T') and the partial pressures of the hydrogen
and oxygen, respectively (Pu,, Po,)-

Epoms = 1.229 — 0.85x 107 - (T — 298.15)

(2)
+43085% 1075 . T - [ln(PHz) + %ln(Poz)

The partial pressures of the reactants are obtained from Eq. (3),
Eq. (4), and Eq. (5), where, PI:'[‘:’O is the saturation pressure of the water
vapor; RH, and RH,, are the relative humidity of steam at the cathode
and anode, respectively; P, and P, are the channel pressure (atm) at
the anode and cathode, respectively; I, is the output current from the
fuel cell stack; and A is the active surface area of the membrane.

log1o (Pl;;'o) =295%x 1072 - (T = 273.15)
— 9.18x 1075 - (T — 273.15)2 3

+ 144 %1077 - (T —273.15)° = 2.18
P.— (RH, - P
Py, = ———————= %)
- 1 0.79 0,291»(lfC/A)
+ o021 &xP 70832
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Py =05-(RH, - P)-
Hy a’” TH)0

1 )
1.635:(I,,/4)\  RHXPl,
P T1334 : P,

The activation voltage drop (V) is specified in Eq. (6), and the
variables ¢, &, &3, ¢, are semi-empirical coefficients; Cy, is the concen-
tration of oxygen at the surface of the cathode (mol - cm™3) defined
in Eq. (7).

Vi = =16, +& T+& T In (COZ) +&-T-In(I;)] ©)
P,
o = 5.08 - 106 (‘498) @
B . - exp T

The second loss factor is the ohmic loss (V,;,,) which is calculated
based on Ohm’s law and is described in Eq. (8), Eq. (9), and Eq. (10).

Vorm = Lpe - (Rpyr + Re) (8
Pum -l
R, = 2 — 9
M a1 )
2 2.5
181.6-[1+0.03~%+0.062~(%> (%) ]
Pm = (10$)

[/1—0.634—3 (%)] cexp (418 (1522)

In the equations above, R,, and R are membrane and contact
resistance, respectively (Q). / symbolizes the effective thickness of the
membrane (cm), p,, is the resistivity of the membrane (Q cm), 4 is an
adjustable parameter that models the water content of the membrane
and has a range between 13 and 24. Finally, the concentration losses
are described in Eq. (11), where g is the adjusting parametric coeffi-
cient, J is the current density, and J,,,, is the maximum current density
(A/cmz).

Vm=—ﬂ-ln<1— J > an

max

2.2. Proposed model

The model proposed in this work defines the stack voltage (Vy4cr)
and the reversible voltage (Ey,,,,;) using the same equations as the
benchmark model. Nevertheless, the three polarization loss factors,
namely activation losses, ohmic losses, and concentration losses, are
redefined to incorporate certain approximations and simplifications.
For activation losses, these are the primary contributors to the voltage
drop observed in low-current regions during polarization tests. Such
losses arise from the energy required to overcome the activation bar-
riers that initiate oxidation and reduction reactions at the electrodes.
Additionally, at open-circuit voltage, further losses occur due to hydro-
gen fuel diffusion from the anode to the cathode through the membrane
without the anodic reaction. Although proton exchange membranes
are largely impermeable to hydrogen, this diffusion still contributes
to voltage loss [63]. The effects of these processes are modeled using
Tafel’s equation:

=KL, <—If " I“’”) (12)
2aF I,

In Eq. (12), I, represents the exchange current required to start elec-
trochemical reactions, while I,,,, denotes the internal leakage current
of hydrogen. The parameter a, referred to as the charge transfer coef-
ficient, is determined by the material properties, microstructure, and
reaction mechanisms of the electrodes. Constants R and F correspond
to the universal gas constant and Faraday’s constant, respectively.
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Parameters 1, I;,,,, and «a are difficult to obtain analytically; there-
fore, they are derived from polarization tests to adapt the activation
loss model to the specific characteristics of each PEMFC. Unlike the
benchmark model, the parameters ¢, &, and &; are excluded from this
model due to their significant variability, as detailed in Section 3.

Ohmic losses result from resistances to ionic and electronic flow
within various components of the stack such as the membrane, gas dif-
fusion layers, current collectors, and interfacial contacts. Among these,
the ionic resistance of the membrane is the most significant, while the
electronic resistance is comparatively negligible. Ohmic losses result
from conduction phenomena within the PEMFC and are commonly
modeled using Ohm’s law. However, it is challenging to estimate or
separate the membrane and contact resistances in practice. In the
proposed model, these resistances are combined into an equivalent
resistance parameter, R,,, which accounts for the losses associated with
ion and electron transport. These losses are expressed as a proportional
function of the current:

v

ohm:Ifc'R (13)

eq

Lastly, concentration losses dominate the high current region of
the polarization curve, where reactant depletion near the electrode
surfaces inhibits reaction kinetics. This phenomenon typically occurs
due to water accumulation in the cathode, the buildup of inert gases
such as nitrogen, and the slower diffusion rate of oxygen compared
to hydrogen. The proposed model employs the same equation as the
benchmark model to represent concentration losses:

Iy,
I/con = _ﬁeq -In (l - ) a4

max

In Eq. (14), p,, serves as an adjustment parameter comparable to §
in the benchmark model. Nevertheless, f,, is defined with an extended
range to enhance the accuracy of the model fit. The proposed model
redefines the factors contributing to losses and reduces the number
of parameters to be estimated from seven to five, compared to the
benchmark model. This approach aims to avoid combining unknown
parameters within the same loss factor and to lessen the computational
burden. Besides, it avoids the need for often unavailable manufacturer
data, like membrane thickness and area, especially for certain com-
mercial PEMFCs. However, these approximations also remove certain
variables, such as 4, which represent the membrane’s water content and
carries considerable physical importance.

2.3. Optimization problem

The optimization problem formulated to fit both the benchmark,
and the proposed model is a typical least squares problem. The goal of
the fitting process is to minimize the Sum of the Squared Errors (SSE)
between the experimental voltage (V**?) obtained from the polarization
curves and the stack output voltage calculated using the models (V,.)-

The V,,.. depends on the stack output current and the parameters of
the model 6. For the benchmark model, the set of unknown parameters
is composed of 7 unknown parameters (60 = [£,&, 3,84, 4,8, Rc]). In
the proposed model, the vector of unknown parameters has 5 compo-
nents (0 = [a, I, Rog: Bogs Lioss))-

The boundaries of the search region to each model are limited to a
set of inequalities. For the ith point of a given experimental polarization
curve (V7 I77) the objective function is expressed by Eq. (15).

N
min Fy= Y (VO = Vit 157, 0))°
0 obj ;( i stack( i )) (15)
Subject to 0;?"‘" <0, <01 Vj=12,...,M

In the previous equation, N is the number of points of the polar-
ization curve, M is the number of parameters in the model, j is the
index for each component of the set of parameters, 9;’”" and 9;"“" are
the lower and upper limits of the unknown parameters.
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Table 3
Boundaries of the search region for the benchmark and proposed model.

Lower bound (G} Upper bound 07

Parameters

Benchmark model

& -1.1997 —0.8532
& 1x1073 5x 1073
& 3.6x 107 9.8x 107
& -2.60x 107 —-9.54x107°
A 10 24

5 0.0136 0.5

Rc 1x107* 8x 1074
Proposed model

a 0.1 0.9

I 1x107 10

R,, I1x107* 100

Beg 1x10-5 0.5

I 1x1073 10

2.4. Optimization algorithm

A minimization problem, as described in Eq. (15), has been formu-
lated to fit the parameters of the PEMFC model to a polarization test.
However, this problem requires the application of a global multi-agent
optimization algorithm due to the presence of multiple local minima
within the solution region. One objective of this research is to evaluate
the recent POA and its effectiveness in solving the problem described
in Eq. (15). The suggested POA algorithm imitates how pelicans hunt to
update potential solutions in two phases: exploration and exploitation.
Within the phase of exploration, pelicans recognize and advance toward
the prey’s position, thereby amplifying the algorithm’s capability to
examine and explore the search domain. The location of the prey is gen-
erated at random, which enhances the overall exploration experience.
In the exploitation phase, pelicans spread their wings to catch prey,
which improves local search and allows the algorithm to converge on
better solutions. In a mathematical context, this refers to the process of
refining the solution by examining points that are close to the pelican’s
position. This nature-inspired meta-heuristic optimization algorithm is
deeply described in [64]. POA is an algorithm that has shown promising
results in multivariable optimization problems [65-67]. POA presents
a lower minimum value and standard deviation of SSE, compared to
other algorithms proposed in the literature, as is shown in the next
section of results.

In this study, the POA has been configured with a population size
(N,,,) of 400 particles and two stopping criteria. The first stopping
criterion is reaching a maximum number of iterations (M;,,) set at
1 x 10°. The second criterion ends the iteration cycle when a change
in the best objective function value is less than 1 x 107! over the
last 4 x 10° iterations. These stopping criteria and the population size
were selected using a grid search to improve the accuracy of the SSE
and its impact on the set of estimated parameters. Concerning the
computational complexity of the algorithm is given in [64], and is
presented in Eq. (16).

O (Nyop+ My - (1+M)-(1+2-N,,)) (16)

pop

In Eq. (16), M represents the number of variables in the opti-
mization problem, which, in this case, corresponds to the number of
parameters to be estimated in the model. All the simulations in this
work have been conducted on a computer equipped with an i5-10505
CPU and 32 GB of RAM. For the limits for the optimization problem,
the solution region is defined by the boundaries provided in Table 3
for both the benchmark and proposed models.

For the benchmark model, the boundaries are defined as in [52]. In
the proposed model, the boundaries are defined in this work, taking ref-
erence values shown in [63]. To evaluate the two models described in
this section, the optimization algorithm will be applied to four datasets
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Fig. 1. Experimental setup for the PEMFC Horizon 500 W.

Table 4

Parameters of the commercial PEMFC stacks.
FC stack BCS-500 W 250 W SR-12 modular H-500 W
parameter
Noatts 32 24 48 36
A (cm?) 64 27 62.5 52
! (pm) 178 127 25 25
Lo (A) 30.016 23.22 42 27
Joax (A/cm?) 0.469 0.860 0.672 0.519
PH: (atm) 1 1 1.476 0.55
P, (atm) 0.2095 1 0.2095 1
T (K) 333 343 323 Variable
RH, 1.0 1.0 1.0 1.0
RH, 1.0 1.0 1.0 1.0

to examine the variation and accuracy of the SSE and the estimated
parameters. Details about the polarization test and the datasheet of the
four case studies are presented in Table 4 [52].

Three of these datasets are well-known, open-access benchmarks
frequently used in the literature for estimating PEMFC model pa-
rameters. The fourth dataset is derived from a novel experimental
setup developed specifically for this study, introduced in the following
subsection.

2.5. Experimental set-up

The development of an experimental setup was done to measure
the polarization curve of a Horizon open-cathode PEMFC, which has a
nominal power of 500 W. Fig. 1 illustrates the complete experimental
test bench.

The anode electrode has an inlet valve that supplies the reactant
channels with dry hydrogen. To purge accumulated water and nitrogen
and replace them with fresh hydrogen, the outlet of the anode is
equipped with a valve. Every 10 s, the purge takes place and lasts
for 10 ms each time. In the open cathode PEMFC, a forced convection
air supply circuit is employed, with the outlet exposed to the environ-
ment. In the H-500 W PEMFC stack, air is supplied to the cathode’s
reactant channel using two axial fans, while heat is removed through
forced convection. Controlling the duty cycle of the fans is crucial for
managing the airflow rate, which depends highly on the power and

temperature of the stack. This open cathode design integrates the air
supply, cooling system, and humidification system, thereby reducing
the system’s complexity, weight, and cost. However, it faces greater
challenges in heat and water management compared to closed cathode
FCs that utilize water cooling. This mainly stems from the air’s limited
efficiency in dissipating heat [68]. Consequently, the temperature is
variable in this study, unlike other datasets described in the literature.

Hydrogen and air flow in PEMFC are regulated by the integrated
controller, which controls the supply valve, purging valve, and cathode
fans. According to the generated power of the PEMFC, the hydrogen
flow rate ranges from 0 to 11.67 x 1072 L/s. This PEMFC controller
manages the transfer of electrical power from the PEMFC to a pro-
grammable load produced by BK Precision, which has a power capacity
of 1200 W. Moreover, the controller is connected to an embedded
computer NI CompactRIO 9022, which handles the acquisition of the
dataset, comprising voltage, current, and temperature. The acquisition
system transfers the dataset to a computer with LabVIEW software
through an ethernet connection with a frequency of 100 ms.

The measured data corresponds to a polarization curve, which is
a relationship between voltage and current. However, in this case,
each current value is linked to a specific temperature value, as shown
in Fig. 2. Thus, the polarization curve in this case differs from the
other scenarios analyzed in this study, where the temperature remains
constant all over the polarization test. Gradually increasing the load
allows for observation and recording of the voltage and temperature
response in the FC. After each increase in the current level, a period of
15 to 25 min is given to the PEMFC to reach a state of equilibrium. It
is worth mentioning that the PEMFC’s maximum current and nominal
power have declined over time due to degradation. The specific values
for the nominal current and nominal power are 27 A and 430 W,
respectively.

3. Results and discussion

To examine and validate the proposed modeling and optimization
algorithm, simulations are run by using four case studies, each with
one polarization curve. Statistical analysis has been calculated for each
experimental dataset to study the accuracy and precision not only on
the fitting error but also on the estimated set of parameters. For each
polarization curve, the optimization algorithm was executed 30 times
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Table 5
Comparison of the best solution reported in the literature for the BCS-500 W PEMFC stack.
POA CSA [55] ABCDE [42] FMHHO [51] MPA [52] BO [50]
& -1.1997 -1.1766 -1.1706 —0.8788 —0.9864 —0.9963
& 322x1073 3.50x 1073 4.09x 1073 3.02x 1073 2,61 x 1073 3.40x 1073
& 3.60 x 1075 9.74 x 1073 9.75x 1073 8231073 3.60 x 1073 9.77 x 1073
& -1.93x 107 -1.93x107* -1.93x 107* —191x 1074 -1.93x107* -1.93x 1074
A 20.8146 21.3242 20.8772 22.7090 20.8167 20.8185
p 1.61 %1072 1.61 x 1072 1.61 x 1072 1.53x 1072 1.61 x 1072 1.61 x 1072
Rc 1.00 x 107 1.46 x 1074 1.00 x 10~* 4.05x 107* 1.00 x 10~* 1.00 x 10~*
Comparative statistical results of SSE.
Best 1.1556 x 1072 1.1736 x 1072 1.1698 x 1072 1.1770 x 1072 1.1600 x 102 1.1556 x 1072
Worst 1.1556 x 1072 - 1.1698 x 1072 3.7371 x 107! 1.1600 x 10~2 7.0998
Average 1.1556 x 1072 1.2154 x 1072 1.1698 x 1072 1.3498 x 107! 1.1600 x 1072 4.8898 x 10!
Std. dev. 5.6860 x 10717 23455 x 107+ 1.6650 x 10710 1.3008 x 10! 6.2747 x 10713 158.0482
10°
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Fig. 2. Experimental data for the H-500 W PEMFC stack in the fourth case of study.

to fit each model to the experimental data, estimate the parameters,
and determine the fitting error (SSE). These multiple executions of POA
are realized to explore the variation of the sets of parameters found
by the optimization algorithm. These variations may occur if there are
multiple sets of parameters in the solution region of the models that
generate the same quasi-optimal value in the objective function. The
statistical results are presented in this section.

3.1. The first case study

The dataset for the BCS-500 W PEMFC stack has been used in
numerous studies to evaluate the accuracy of various optimization
algorithms [42,46,51,52,55]. Therefore, this dataset was selected to
compare the performance of the benchmark model, optimized using the
POA, with the results reported in previous research. The comparison
outcomes are summarized in Table 5.

In Table 5, it is observed that the proposed algorithm finds an equal
or lower value for the objective function (SSE). Likewise, the POA
achieves the lowest variation of the objective function with a standard
deviation of 5.6860 x 1077, This low standard deviation, compared to
other algorithms, highlights the reliability of the POA, even with a
randomly initialized population and consistent SSE results across 30
executions. To explore further dynamic properties, the convergence
behavior of the POA is compared with other meta-heuristic algorithms
implemented on the same Matlab simulation platform and computing
machine. These include the MPA [69], GOA [70], and FPA [71], with
results illustrated in Fig. 3.

Fig. 3. Convergence of meta-heuristic algorithms for the BCS-500 W PEMFC stack.

The POA algorithm has a slower start because, in phase 1, it
prioritizes scanning the search space to explore various regions. As a
result, GOA and MPA show a faster decrease in the objective function
during the first 50 iterations. However, by iteration 150, the POA
outperforms the other algorithms, achieving a lower SSE value. This
is due to the algorithm’s ability to balance exploration and exploita-
tion simultaneously. Therefore, it can be concluded that the POA
demonstrates competitive convergence speed compared to other meta-
heuristic algorithms. In summary, the POA demonstrates both accuracy
and precision in minimizing the fitting error (SSE) when compared to
other optimization algorithms in the literature. This optimization algo-
rithm is applied to solve the models and analyze the statistical results
with 30 executions. For both models, the settings of the optimization
algorithm are the same. The best solutions for the benchmark and the
proposed model are illustrated in Fig. 4.

The absolute errors presented in Fig. 4 do not exceed 0.12 V for the
two models compared to the maximum voltage of 29 V. The largest
absolute error occurs in the middle region, around a current value
of 15.73 A, with an approximate percentage error of 0.5% for both
models. The Mean Absolute Percentage Error (MAPE) for the bench-
mark model is 0.06%. Similarly, the MAPE for the simplified model is
0.07%. However, the focus of this paper is not solely on evaluating the
accuracy of the objective function. It also includes examining the set
of parameters identified by the optimization algorithm and analyzing
their variations. A summary of the statistics for the parameter estimates
is presented in Table 6. For each parameter of both models, the average
(u), the standard deviation (¢), and the relative standard deviation
(y = |u/c|) are shown.

In Table 6, for the benchmark model, the first three parameters
(&1,&,&;) exhibit a standard deviation that corresponds to 13.5%,
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Fig. 4. Best solution for BCS-500 W PEMFC stack obtained from the two analyzed
models.

Table 6

Parameters estimated for BCS-500 W PEMFC stack.
Parameter Mean Standard Relative standard
estimated deviation deviation
Benchmark model
& —1.0426 1.40 x 107! 1.35% 107!
& 329%x 1073 5.21x 107 1.59x 107!
& 7.08 x 1075 2501075 353x107!
& -1.93x 1074 1.91 x 1071 9.92x 10710
A 20.8146 1.30x 1077 6.24x 1077
p 1.61 x 1072 7.65x 1071 4.75x 107
Rc 1.00 x 107* 236 x 107" 236 x 10713
Proposed model
a 0.2248 2.57 x 10710 1.14x 107
I, 741x1073 4.46x 107! 6.02x 1070
R, 196x107° 150x 107" 7.65x107°
Beq 1.68 x 1072 8.56 x 107! 5.08 x 1077
Tss 1.00x 1073 458 x 10716 45810713

15.9%, and 35.3% of their respective means. The other parameters for
the benchmark model show a standard deviation that is at least nine
orders of magnitude lower than the mean. In the proposed model, all
parameters show a standard deviation that is nine orders of magnitude
lower compared to the mean. In brief, a larger variation is observed in
the benchmark model.

To examine how this variation might negatively affect the accuracy
of the model’s fitting process, a local sensitivity analysis has been
conducted on the SSE and is presented in Table 7. In this table, the
base case is derived from the best solution presented in Table 5.

From Table 7, the largest variation is seen in the two first param-
eters (&;,&,) with a relative error of 5.7391 x 10°, and 4.5879 x 10°
respectively. This suggests that the variation in these parameters could
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Table 7
Local sensitivity analysis at the optimal point for BCS-500 W PEMFC stack.
Para-meter % of change SSE Relative error (Y)
None Base case 1.1556 x 1072 -
¢ +5 66.3336 57391 x 10°
! -5 66.3336 57391 x 10°
: +5 53.0303 4.5879 x 10°
2 -5 53.0303 4.5879 x 10°
¢ +5 1.6110 1.3841 x 10?
3 -5 1.6110 1.3841 x 10°
: +5 1.2845 1.1016 x 10?
4 -5 1.2845 1.1016 x 10?
2 +5 6.3423 x 1072 4.4883
-5 7.6085 x 1072 5.5839
) +5 3.6070 x 1072 2.1213
-5 3.6070 x 1072 2.1213
R +5 1.1703 x 1072 1.2669 x 1072
¢ -5 1.1694 x 1072 1.1934 x 1072
Table 8

Results for the PEMFC 250 W stack.

Benchmark model Proposed model

Best solution

& —0.8817 a 0.2188

& 2.94 %1073 I, 8.46 x 1073
& 9.58 x 1073 R, 1.00 x 107
& -1.57x 107* By 6.31x 1072
i 24 Lyss 1.22% 107!
g 5.51x1072

R 1.00x 107#

Comparative statistical results of SSE.

Best 6.2465 x 107! 4.9908 x 107

Worst 6.2465 x 107! 4.9908 x 107!

Average 6.2465 x 107! 49908 x 107!

Std. dev. 5.0626 x 1071 1.0403 x 10713

influence the fitting error. The above observations indicate that this low
precision in the estimated parameters could be a disadvantage of the
benchmark model compared to the proposed model.

Another disadvantage of the benchmark model compared to the
proposed one is computing time, averaging 79.58 s for the benchmark
model and 41.41 s for the proposed model.

3.2. The second case study

In the second case study, a PEMFC stack with a nominal power of
250 W has been employed. The description of the data for this FC stack
can be found in [51,52]. The POA has been used for solving the two
models discussed, and the statistical results for the objective function
are presented in Table 8.

In Table 8, the results demonstrate the capability of the POA to
achieve accurate solutions for the optimization problem. The SSE values
for the proposed model and the benchmark model are 6.25 x 10~! and
4.99 x 107!, respectively. The proposed model achieves an MAPE of
0.89%, while the benchmark model achieves an MAPE of 1.04%. Addi-
tionally, Fig. 5 shows the errors for the best solutions of both models,
indicating closely matched results with an absolute error below 0.5
V. In the benchmark model, the maximum absolute error is observed
at a current level of 3.98 A in the low current region, resulting in
an absolute percentage error of 2.1%. For the proposed model, the
maximum error occurs at 22 A, with an absolute percentage error
of 2.5%. Overall, in this case study, both models demonstrate less
accuracy in the activation and concentration regions compared to the
ohmic region.

The standard deviation of the minimum value is 14 orders of mag-
nitude smaller than the mean for both models. With this low variation,
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Deviations (RSD) for the three first parameters of the benchmark model < 00

are 12.7%, 14%, and 36%, respectively. For the proposed model, the
RSD does not exceed the 7.73 x 1078, Therefore, the proposed model
presents the lowest variation between the two models.

3.3. The third case study

The third case study focuses on the SR-12 PEMFC stack, which has
a nominal power of 500 W, with its data detailed in [42,52]. The best
solution obtained by the POA is illustrated in Fig. 6. The absolute error
does not exceed 0.66 V in all the voltage range of the polarization
curve, which is from 21.4 V to 43.2 V. The MAPE for the proposed
and benchmark models is 0.54%, and 0.60%, respectively. Regarding
the accuracy of the objective function, the statistics for 30 iterations
are presented in Table 10.

Similar to the previous case, the results for the SR-12 500 W PEMFC
stack show comparable values for both the minimum and variation
of the SSE. There is a difference of —12.23% in the SSE between the
proposed model and the benchmark model. In addition, the standard
deviation is 14 orders of magnitude smaller than the mean for both
models. Similarly, as in the two previous case studies, the proposed
model exhibits a lower average computing time, 37.85 s compared to

I (A)

Fig. 6. Best solution for SR-12 500 W PEMFC stack to the two worked models.

55.18 s of the benchmark model.

The statistical results for the optimal point estimated by the algo-
rithm are presented in Table 11. Like the two previous cases, the three
first parameters of the benchmark model showed the highest variation,
with values of 12.8%, 12.8%, and 35.9%, respectively. Instead, the
proposed model presented an RSD lower than 1.38 x 10~. In general,
the three case studies show that the proposed model has a lower
variation across all its parameters.

3.4. The fourth case study

The fourth case study in this research pertains to a newly acquired
experimental dataset conducted within the laboratory at the Hydrogen
Research Institute of Université du Québec a Trois-Riviéres. An open
cathode Horizon PEMFC of 500 W serves as the main component of this
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Table 10
Results for the SR-12 500 W PEMFC stack.

Benchmark model Proposed model

Best solution

& —0.9928 P 0.3007

s 2.84% 107 I 3.64% 1073
g 438x 107 R, 1.00 x 10~*
& —9.54x 107 Beg 0.1792

p; 24 L, 1.3011

B 1.75 x 107!

Re 6.83 x 107+

Comparative statistical results of SSE.

Best 1.0564 0.9272
Worst 1.0564 0.9272
Average 1.0564 0.9272
Std. dev. 2.8501 x 107'° 4.5096 x 10714

Table 11

Parameters estimated for the SR-12 500 W PEMFC stack.
Parameter Mean Standard Relative standard
estimated deviation deviation
Benchmark model
& —0.9848 1.26 x 107! 1.28 x 107!
& 3.15% 1073 4.02x 1074 1.28x 107!
& 6.54%x1075 235%x1075 359%x 107!
&y —9.54 x 107 3.65x 10720 -3.82x 10710
A 24 8.87 x 10712 3.70x 10713
p 0.1754 6.50 x 10710 3.71x 107°
R¢ 6.83x 1074 3.11x 107" 4.56x 1078
Proposed model
a 0.3007 4.81x107° 1.60 x 1078
I, 3.64%x1073 5.03x 1071 1.38 x 1077
R, 1.00 x 10~* 6.42x 10710 6.42x 10712
Peq 0.1792 4.81x 10710 2.68 x 1077
Lyss 1.3011 9.52 % 1078 7.31x 1078

experimental set-up and the information provided by the manufacturer
is presented in Table 4. A detailed explanation of the entire setup is
provided in Section 2.5. The voltage responses of the two models, based
on the parameter sets with the lowest error, along with the polarization
curve obtained from the experimental test bench, are shown in Fig. 7.
The voltage responses of the models are so closely matched that zoom-
ing in is required to discern any deviations from the experimental data.
Furthermore, the absolute error for both models is below 0.1 V.

The POA algorithm is run 30 times to estimate the set of parameters
that minimize the error between the models and the experimental data.
By performing multiple executions, the goal is to analyze the error’s
mean and variation, along with the estimated parameter set. Table 12
displays the statistical results for the error between the models and the
measured voltage, as well as the sets of parameters that result in the
lowest error for each model. Both models show similar values for the
SSE and a negligible standard deviation of nine and eleven orders of
magnitude for the benchmark and proposed model, respectively. The
development of the two models in terms of error does not encounter
significant issues; however, the proposed model yields a lower average
computation time (41.42 s), compared to the benchmark model, which
has an average time of 166.11 s.

To examine the variation in the solution set estimated by the
optimization algorithm, the statistical results for the set of parameters
of both models are presented in Table 13. Both models in this table
have a standard deviation that is eight orders of magnitude lower
than the mean for all parameters, suggesting that the variation in the
estimated parameters can be considered insignificant. This has resulted
in a marked distinction in this specific case study, compared to the three
previous case studies, where the benchmark model showed significant
variation in the parameters ¢, &, and &;. It is important to mention
that the main difference in the analysis of the experimental data for

10

Energy Conversion and Management 331 (2025) 119655

27

O Experimental data
——Benchmark model ]

- - =Proposed model
241 1

251

22 7

211 b
19.5

Vstack (V)

19r A\ 1
18.5

21 22 23
17 . . . .
10 15 20

Ifc (A) |

—— Benchmark model

25

©
-
J

o
H
:

.

- - - Proposed model

0.081

0.061

0.041

0.021

Absolute Errors (V)

o
o
(8]

25

I f (A)

Fig. 7. Best solution for H-500 W PEMFC stack obtained from the two analyzed models
considering variable temperature.

Table 12
Results for H-500 W PEMFC stack obtained from the two analyzed models considering
variable temperature.

Benchmark model Proposed model

Best solution

& -0.8532 « 0.2345

& 2.80- 1073 I, 517107
& 9.80- 1073 R, 1.00- 107
& -1.77-107* By 3.17-1072
A 10 Lposs 0.5134

B 5.03-1072

R 8.00-107*

Comparative statistical results of SSE.

Best 3.1865 - 1072 27602 - 1072

Worst 3.1865 - 1072 27602 - 1072

Average 3.1865 - 1072 27602 - 1072

Std. dev. 1.3821- 107! 11177 -1078

the fourth case study is the temperature of the polarization curve.
In the first three case studies, the temperature for all the current
values is constant. In contrast, the temperature on the experimental test
bench demonstrates a proportional rise alongside the current and power
increments. The temperature variation is attributed to the PEMFC being
an open cathode system, where temperature regulation and cooling are
achieved through air convection. Owing to its limited efficiency, this
cooling system cannot maintain a constant temperature as power levels
increase, unlike closed cathode systems that utilize liquid refrigeration.

4. Conclusions
This work presents a comprehensive review of the semi-empirical

models and their application to hybrid prognostic techniques in PEM-
FCs. It addresses key challenges in parameter identification and their
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Table 13
Parameters estimated for the Horizon 500 W fuel cell considering variable temperature.
Parameter Mean Standard Relative standard
estimated deviation deviation
Benchmark model
3] —-0.8532 8.44x 10713 9.89 x 10713
& 2.80x1073 7.95x 1071 2.84x1078
& 9.80 x 1073 1.06 x 10717 1.08 x 10713
&y —1.77x 107* 2.22x 107! 1.25x 1077
A 10 1.85%x 1072 1.85x 10713
p 5.03x 1072 3.30x 10710 6.56 x 1077
Re 8.00x 107* 6.60 x 10718 8.25x 10713
Proposed model
a 0.2345 1.71 x 107° 7.27 x 1070
Iy 5.17x 1074 3.92x 1071 7.59x 1078
R,, 1.00 x 10~ 230 10714 2.30x 10710
Peq 3.17x 1072 1.56 x 10710 491 x107°
| . 0.5134 429x1078 836x1078

variations, which are important research topics for ensuring the relia-
bility and lifespan of PEMFCs in practical applications.

A comparative study is conducted on two stationary semi-empirical
models to evaluate their accuracy and the precision of errors and
estimated parameters. This study contrasts a benchmark model, often
used in filter-based hybrid prognostic methods, with a proposed semi-
empirical model that reduces the benchmark model’s seven parameters
to five by redefining activation and ohmic losses. Consequently, the
boundaries for the optimization algorithm’s search region are adjusted.
POA, as a new meta-heuristic algorithm, is utilized for parameter
estimation, focusing on the accuracy of the SSE. Although minimizing
the error between experimental data and the model has been exten-
sively studied, the variability of the estimated parameters has received
less attention. Thus, this paper not only evaluates the SSE of both
models but also explores the variation and precision of the estimated
parameters.

The findings of this comparative study show that both models
closely align with the experimental data across four case studies, yield-
ing MAPE values of 0.07%, 0.89%, 0.54%, and 0.18% for the proposed
model, and 0.06%, 1.04%, 0.61%, and 0.18% for the benchmark model.
Minor discrepancies persist, owing to limitations inherent in semi-
empirical models; however, the proposed model exhibits satisfactory
accuracy, especially when compared to the benchmark. Moreover,
the proposed model demonstrates lower variation in the estimated
parameters for the first three case studies, with a maximum RSD of
1.37x 1077,

Additionally, the proposed model’s dimensional simplifications re-
duced the computational load by at least 21.7% across all case studies,
offering a balanced trade-off between accuracy and model complexity.
This efficiency, combined with the implementation of the POA algo-
rithm, significantly improves the practicality of real-time health moni-
toring and forecasting for PEMFC systems, particularly in applications
such as transportation and energy storage.

Future efforts will apply the proposed model to PHM techniques for
PEMFC applications, aiming to streamline real-time health assessments
and enhance precision in failure detection and prognostics.
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