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Abstract: The fuel cell is vital in electrical distribution networks as a distributed generation in today’s
world. A precise model of a fuel cell is extensively required as it rigorously affects the simulation
studies’ transient and dynamic analyses of the fuel cell. This appears in several microgrids and smart
grid systems. This paper introduces a novel attempt to optimally determine all unknown factors of
the polymer exchange membrane (PEM) fuel cell model using a meta-heuristic algorithm termed the
Lightning search algorithm (LSA). In this model, the current-voltage relationship is heavily nonlinear,
including several unknown factors because of the shortage of fuel cell data from the manufacturer’s
side. This issue can be treated as an optimization problem, and LSA is applied to detect its ability
to solve this problem accurately. The objective function is the sum of the squared error between
the estimated output voltage and the measured output voltage of the fuel cell. The constraints of
the optimization problem involve the factors range (lower and upper limit). The LSA is utilized in
minimizing the objective function. The effectiveness of the LSA-PEM fuel cell model is extensively
verified using the simulation results performed under different operating conditions. The simulation
results of the proposed model are compared with the measured results of three commercial fuel cells,
such as Ballard Mark V 5 kW, BCS 500 W and Nedstack PS6 6 kW, to obtain a realistic study. The
results of the proposed algorithm are also compared with different optimized models to validate
the model and, further, to determine where LSA stands in terms of precision. In this regard, the
proposed model can yield a lower SSE by more than 5% in some cases and high performance of the
LSA-PEMFC model. With the results obtained, it can be concluded that LSA prevails as a potential
optimization algorithm to develop a precise PEM fuel cell model.

Keywords: parameters identification; lightning search algorithm (LSA); PEM fuel cell; optimization
algorithm; fuel cell model

1. Introduction

In the wake of the climate crisis, shifting the energy generation scenario of conven-
tional energy resources to clean energy resources is one of the most promising approaches
to sustaining humanity [1,2]. Solar and wind energy harvesting technologies have been
well-developed among clean energy resources. On the other hand, abundant and envi-
ronmentally friendly hydrogen fuel prevails as clean energy and a sustainable energy
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resource [3]. However, the scale of hydrogen energy utilization is extremely small com-
pared with other renewable energy sources and also lags in commercialization. However,
the cost of storing the hydrogen gas and maintaining safety precautions is still a significant
barrier. When humanity can harness hazardous and sophisticated nuclear energy with
enormous precision in operation, hydrogen energy can also be driven by a much safer and
more affordable nature that requires only a fraction of innovations. One underpinning
technology that utilizes hydrogen energy to generate electricity through electrochemical
reactions is Fuel Cells (FCs). It is a noble technology as the output is electric power and
water in most cases (depending on the fuel cells and the fuel used). The direction of devel-
opments occurring in the FC domain favors the transportation sector, but another critical
application of fuel cells involves distributive generation (DG), which needs more attention.

The Proton Exchange Membrane FC (PEMFC) and Alkaline FC (AFC) are common
types of fuel cells that use hydrogen as fuel. Because of its quick start-up, low operating
temperature, and high efficiency, PEMFC prevails as a highly preferable fuel cell [4]. As the
fuel cell experience a decreasing output voltage with increasing current load, also known
as the fuel cell’s polarization characteristics, they request power conditioning control units
for DG applications [5]. The V-I characteristics of a fuel cell should be well-established
in all scenarios to effectively function and design power conditioning units. In this case,
several unknown parameters are needed to be determined for calculating the polarization
characteristics, but this always prevails as a puzzle for the research community to extract
these parameters accurately with minimal effort. The prime reason for this issue is tricky to
solve due to the high non-linearity and non-convexity nature of the unknown parameters
in context with the complex conversion behavior of fuel cells. In brief, these unknown
parameters establish the relationship between V-I characteristics, fuel input conditions,
and healthy operation of fuel cells whose data with various influencing factors are not
envisioned by the manufacturers. All of these necessitate a reliable mathematical model to
extract the parameters through various analytical methods.

Over time, numerous models were developed and analyzed by the researchers.
Springer et al. developed a one-dimensional steady-state model of PEMFC based on
isothermal parameterization [6]. Panagiotis et al. performed parametric analysis on two
dynamic fuel cell models in which one is based on electrical equivalent and the other
uses a semi-empirical approach [7]. A real-time model is designed and validated us-
ing various techniques by Kumar et al. [8]. Meanwhile, a study shifted the attention to
improving the fuel cells’ stability and performance by enhancing the humidification of
the polymer electrolyte membrane of PEMFCs [9]. In this study, multiple input/output
nonlinear fourth-order models are designed based on air circulation mass and heat dy-
namics, and a nonlinear control strategy is employed to obtain an experimentally verified
low-temperature PEMFC model.

All the approaches presented in the above-stated models and other validated models
involve concepts ranging from thermodynamics, mass and heat transfer, and momentum
conservation to the precise simulation model. Such an approach introduces extreme
complexity and requires substantial computational power, gradient information, and the
need for initial conditions. On the other hand, all uncertain processes cannot be modeled
by using analysis to back up these concepts. This further introduces increased constraints
and assumptions which affect the model’s practicality, and the gap is further expanded
between the real-time scenario and theoretical environment. However, irrespective of the
various model approaches, the objective will be to develop as precise a model as possible
to identify the unknown parameters.

To reduce the computational power, avoid local trapping, and obtain accurate results,
optimization algorithms would help the models to converge the analysis much faster by
eliminating specific defined pathways or rules governed by the algorithms. In context
with it, the researchers developed several parameter identification strategies. For instance,
parameter extraction through decomposition technique and nature-inspired optimiza-
tion method for electrochemical model [10], parameter identification through shuffled
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multi-simplexes search algorithm [11], fuel cell inconsistency analysis [12], and Al-based
optimization modeling to obtain maximum power density [13] are presented. As computers
are getting smarter with intelligence, meta-heuristic algorithms are born with profound
applications associated with optimizing high non-linearity problems. Meta-heuristic algo-
rithms do not require any gradient information, no requirements of information related to
a specific search domain, or convexity /continuity of objective functions [14].

Further, meta-heuristic algorithms are robust, easy to implement, and more efficient
and effective in solving unknown parameter problems. Moreover, a study surveyed
the parameter identification techniques using various algorithms and their perspectives
concerning solid oxide fuel cells [15]. Regarding PEMFC, fewer studies have analyzed the
feasibility of these algorithms to develop precise models and extract unknown parameters.
Table 1 represents the various meta-heuristic algorithms with their inspiration, typical
approach, features, limitations, and implications in fuel cells.

Besides the discussed algorithms, hybrid algorithms such as the hybrid Teaching
Learning-Differential Evolution optimization algorithm also exist [16-18]. Another im-
proved optimization algorithm implemented by researchers in the domain of fuel cells
involves a fluid search optimization algorithm [19], seagull optimization algorithm [20],
Krill herd optimization algorithm [21], deer hunting optimization algorithm [22], global
extremum-seeking algorithm [23], Cuckoo search algorithm [24] and Nelder-Mead al-
gorithm [25]. Hence, there exists a research gap to identify the best-suited algorithm,
particularly for PEMFC, and to identify other algorithms in existence that are not employed
in the fuel cell domain and how they are effective in identifying the parameters of PEMFC
when compared with other algorithms. The development of meta-heuristic algorithms is
highly welcomed if they yield better results.
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Table 1. Various meta-heuristic algorithms and their inspiration, approaches, features, limitations and implications in fuel cells.

Optimization Algorithm
pumiz Inspiration (If Any) Approach in the Algorithm Features Limitations Implementation in Fuel References
Algorithm P
Cell Application
It outpaces the radial basis function
. . . . Selection, crossover, and mutation are nel.lr.al network app ro.ach. Itis . Static and dynamic
Genetic algorithm Inspired from evolution : efficient, possesses a simple Lacks high robustness . [26-28]
the important steps . L modeling of SOFC
structure, high accuracy, validity,
and stability
Higher convergence speed, accurac Modeling performance
Differential evolution . . Initialization, mutation, crossover, and & & - speed, Y L metrics of PEMFC and
. Inspired from evolution . fast parameter turning, and Not specified L [29,30]
algorithm selection parameter extraction in
robustness i
various fuel cells
Many learning strategies are
Particle swarm Inspired by swarm Based on Rartlcle position and velocity 1mple.men,ted to improve the Low convergence speed and Parameter identification for
o . . . and updating the parameters for the algorithm’s effectiveness. A proper  low searching efficiency [31-33]
optimization algorithm  intelligence b ot : . SOFC and PEMFC
est position balance between global exploration ~ comparatively
and local exploitation is observed.
Exploration and exploitation is Sometimes converges
Artificial bee colony Inspired by the foraging accompanied by employed bees, . Simple, very good at global prematurely and causes The hybrid al‘gorlthm
. . onlooker bees, and scout bees. Various  exploration and faster convergence . employed to identify the [34,35]
algorithm behavior of bees b . o . weak local exploration
ees update their position following rate. 1 parameters for PEMFC
. ability
different paths.
Based on attractive and repulsive Simolicity with minimum
Grasshopper Inspired by the foraging interaction. The search agents move pucty . . Parameter identification for
Lo . - - . . parameters and maximum Lacks high accuracy [36-38]
optimization algorithm  behavior of grasshoppers rapidly during Exploration and tend PR SOFC
. - classification performance
to move locally during exploitation
Chaotic blr.laljy shark Inspired by prey hunting Initialization, sha'rk movement in High efficiency, simple structure, Assumptions reduce the Parameter identification for
smell optimization terms of forwarding and rotational ) i . [38,39]
- strategy of sharks and high stability robustness of the algorithm  PEMFC and SOFC
algorithm towards the odor concentrator
Interior search finsplrec.l by interior space Defining bounds,.u.:lentlfymg Fhe fittest ~High accuracy .and convergence Sometimes converges Parameter extraction for /
. ecoration strategy by element, composition, and mirror speed, the minimal tuning [40,41]
algorithm - - - prematurely fuel cells
architectures group work to find the better view parameter
Inspired by the foraging
Salp swarm algorithm behavior qf forml.ng The chain consists of two elements, Easy to tune the parameter and Accuracy is the limitation Parameter extraction for [41,42]
collaborative chains by a namely, leaders and followers. faster convergence speed fuel cells
group of salps
s Inspired by the collective Prey identification, tracking and . Moderate accuracy and the .
Grey wolf optimization hunting strategy of grey chasing, encircling and attacking the Simple structure, good global speed of convergence will Parameter extraction for [41,43]

algorithm

wolves

prey

exploration, high flexibility

slow down eventually

fuel cells
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Table 1. Cont.

Optimization Algorithm
pumiz Inspiration (If Any) Approach in the Algorithm Features Limitations Implementation in Fuel References
Algorithm P
Cell Application
A black hole and white hole represent
Multiverse Inspired by multiverse global exploration, while the Less computation, minimum Convergence speed is Identifying optimal -
R . - wormhole represents local parameters to tune, and simplistic . parameters for the PEMFC [44]
optimization algorithm  theory in cosmology L . - . comparatively slow
exploitation. The inflation rate helps construction model
in determining the ranking.
e . - . . Not favorable for complex
oy It is a simplified version of A pairwise competition mechanism is . . - . e L
Competitive swarm - - s . High accuracy, robustness, and multi-nodal optimization Parameter identification for )
T . the Particle swarm established to simplify the algorithm : [45,46]
optimizer algorithm S . . convergence speed and would result in low SOFC
optimization algorithm structure and consistency L
search efficiency
Whale optimization Inspl.red by the bubble-net Encircling the prey, creating a bubble High computation accuracy and Global explpratlon s not Semi-empirical PEMFC ,
. hunting strategy of : . L much effective model for unknown [47,48]
algorithm h net creation, capturing the victim convergence speed . : e
umpback whales comparatively parameter identification
Based on two operators, namely,
Blogeogra.ph){ based Ir}splred by Island migration and mu‘tatl‘on, a.nd ‘ The solution is moderately accurate Less convergence spged and quel Parameter [49,50]
optimization biogeography accommodated with immigration and lacks local exploitation estimation for fuel cells
emigration rate
Simple to tune the parameters, SOFC parameter extraction
Satin bowerbird Inspired by the mechanism  Other bowers prefer Bowers with robust and random nature of the . P
. . . . . . . Complex parameter setting ~ for steady-state and [51,52]
optimizer of bird mating higher fitness. algorithm, can effectively engage .
¢ : T dynamic models
with multi-modal optimizations
It uses present and historical -
. . . . Good balance between exploitation . L
Backtracking search ) population data to perform iteration and Exploration. reliable and high Convergence speed is Parameter estimation for 53]
algorithm and to achieve diversity also with the accuracp 4 & comparatively slow PEMEC
incorporation of random mutation y
Simple construction, high accuracy,
Te.achmg Inspn.red by a . . Two 1.nvolved processes, nam?ly robustness, and be.tter convergence o might easily get trapped Parameter identification of
learning-based teaching-learning process in  teaching and learning. Sometimes speed. Many hybrid features are ) [54,55]
N A . LS . . . at the local optimum SOFC
optimization the classroom ranking mechanism is also introduced  proposed in context with the

Teaching-learning process
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The objective of this study is to obtain a precise model and validate it with an exper-
imental comparison with the support of a novel lightning search algorithm (LSA). This
proposed algorithm is motivated by the concept of lightning stroke phenomena [56]. This
algorithm efficiently solved many optimization problems. Many comparisons have been
made between the proposed algorithm and other optimization algorithms, expressing its
superiority [56,57]. The LSA possesses many advantages its lower consuming time, lower
number of fine-tuned parameters, and simple procedure. Moreover, it has been applied to
solve many power systems optimization problems, such as its application to the nuclear
power system [58], speed control of induction motor drives [59], optimal placement of elec-
tric vehicle charging stations [60], the optimal location of DG in distribution systems [61],
and optimization of wind farm layout [62]. This algorithm has not been utilized in the
expertise of fuel cells (as of the authors” knowledge), and the research community needs
precise and reliable output through various algorithms. So, this study contributes to the fuel
cell domain to identify the algorithm’s effectiveness in extracting the unknown parameters
of the fuel cells and verifies whether this algorithm satisfies the practical scenarios and
whether it is relatively reliable with other algorithms. The contributions of this study can
be claimed as follows:

Implementation of lightning search algorithm (LSA) for PEM fuel cell application;
Developing a precise model and extracting the unknown parameters resulted from
the shortage of manufacturer’s data;

e  Comparison of the results obtained from LSA and other algorithms to project a better
picture for the researchers about where its precision stands.

The paper is established as follows: Section 2 presents the PEMFC model in the
steady state condition. In Section 3, the problem formulation and the proposed LSA are
described. Section 4 depicts the simulation results of the proposed LSA-PEMFC model and
its comparison with the experimental results for different commercial PEMFCs. Finally, a
conclusion of the research work is introduced in Section 5.

2. PEMFC Model

The mathematical model of the PEMFC is developed to express the main steady-state
characteristics of the PEMFC [63]. The proposed model includes the voltage drop of the FC
named: (1) activation overpotential (v4), (2) ohmic voltage (v ), and (3) concentration
overpotential (vV¢on).

The mathematical equation of the PEMFC stack voltage can be written as follows:

Vstack = Ncells~(ENemst — Ogct — 0 — Ucon) )

where N, ;s represents the total number of series-connected cells and En,ryst devotes the
reversible voltage, which is calculated by using the equation as follows:

Enernst = 1.229 — 0.85 x 1072 (ch - 298.15) +4.3085 x 1075Ty,In (PH2 ./ Poz) @)
The voltage drop of the PEMFC can be calculated as follows [64]:
Uact = — [(;(1 + §2ch + §3chln (COZ) + §4chln (Ifc)} 3)

P,
where Co, = £ 2 exp (498 / ch)

I
00 = Lpe(R + Re); Ry = % @)
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where T, represents the FC temperature (K), Py, and Po, point out partial pressures of
both hydrogen and oxygen (atm), I7. represents the current of the FC (A), M4 describes
the membrane area (cm?), Co, is oxygen concentration (mol/cm?), &;_4 are numerical
coefficients, R, represents the resistance of the membrane (), R, is resistance due to
connections (Q), I representthe thickness of the membrane (cm), p,; describes its resis-
tivity (Q2-cm), A is a coefficient that concerns water content and humidity, § represents a
constant coefficient, and | and Jy.x represents the real and maximum value of the current
density (A/ cmz) )

In this proposed PEMFC model, seven parameters define the polarization character-
istics of the PEMFC. These parameters are ¢1, {2, 3, ¢4, A, Rc and B. These parameters
affect the model’s accuracy and efficiency. Therefore, their values should be identified in a
very accurate way to obtain a precise model of the PEMFC.

3. Problem Formulation and the LSA
3.1. Problem Formulation

The principal objective function of the optimization problem under study is based
on the sum of square error (SSE) between the measured output FC voltage and its es-
timated output voltage. The design variables of the optimization problem consist of
¢1, C2, €3, C4, A, Rc and B The proposed LSA minimizes this objective function under the
design variables constraints. These constraints include the upper and lower limit of each
design variable. The following formula mathematically formulates the objective function:

SSE = (Zi‘isimplgs [VFC,meas(i> - VFC,est(i)]z) (6)

where Nggppies represents the total number of measured data, i is an iteration index,
VEC meas Tepresents the measured output voltage of the PEMFC, and Vrc . depicts the
estimated output voltage of the proposed LSA-PEMFC model.

3.2. The Lightning Search Algorithm (LSA)

The LSA is a meta-heuristic algorithm that has a natural phenomenon. The LSA is
based on the mechanism of step leader propagation. The splitting of thunder clouds sat
random directions is termed a projectile. This algorithm considers the projectile motion to
form a binary tree structure of the step ladder. In the algorithm, these projectiles represent
the size of the population. The velocity of the projectile is governed by Equation (7):

g 7
Vp— |1- ! @)

1- ()7 - 5

where s indicates the length of the path traveled, F; is the constant ionization rate, m repre-
sents the projectile’s mass, c is the speed of the light in vacuum, and vy is the projectile’s
initial velocity.

The probability of the projectile ionizing a large space is minimal, or the exploration
space is less if the mass is low and the travel path is long. Thus, in the algorithm, the
Exploration and the exploitation are controlled utilizing the energy intensity relative to
various step leaders. Focking is the vital property of the step leading to improving the
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solution, and an extra channel is created during this process which increases the population
size also. Three types of projectile mark the motion of the step leader. These are the
transition projectile, the first step leader population, and the space projectile, which aims to
achieve the best position. In contrast, the best position within all populations is considered
by the third projectile, which is known as a lead projectile.

The transition projectile is evicted in a random direction. Thus, the standard uniform
probability distribution is used for modeling the transition projectile, which is represented

in Equation (8):
1 T
TY _J 54 fora< X' <b
f(X ) { 0 forXT<a or XT >b ®

where X7 is the initial tip energy of the step leader i or a random number that generates
the solution, a and b are the lower and upper boundaries, respectively. For a population of
N step leader, N random projectiles are needed to obtain the solution.

In the next place, after obtaining N step leader tips, the energetic projectile ionizes the
surrounding older leader. The exponential distribution of the probability density function
is given in Equation (9):

Lo=X5/p for X5 >0
f<XS) - {5 for X5 <0 ©

where i represents the shaping parameter that decides the position or direction of the space
projectile in the subsequent step. The position of the projectile is followed by Equation (10):

Pzilew = PiS Texp rand(‘ui) (10)
where y; is the distance from the lead projectile to the space projectile within the algorithm
for a considered space projectile, and exp rand represents a random number.

For the lead projectile, if the step leader energy is lesser than the projectile energy, then
the new position of the space projectile makes sure to expand the channel for step leader
propagation. The normal probability distribution function with scalar parameter ¢ for the
lead projectile is shown in Equation (11):

ty . 1 xtow?e
f(xH) = = (11)

The following equation can represent the position of the lead projectile:
PnLew = Pl + normrand (ML, oL) (12)

If the new position of the lead projectile provides a better solution, then the step leader
is given an extension, and the position of the lead projectile is updated. The exponential
random behavior of the space projectile represents the Exploration and the lead projectile
random search represents the exploitation process. These two processes are performed
to figure out the optimum solution. The flowchart of the LSA is demonstrated in Fig-
ure 1. The control parameters of the algorithm are the maximum number of iterations,
the population size, and control time. In this study, these parameters are considered as
100, 70 and 10, respectively.
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tips energies Eq

|

Randomly generate step leaders
(transition projectile)

_

’ Evaluate performance (projectile ‘

’ Set iteration, channel time and leader

energies, Ep)

|

=IL Update leader tips energies, Eq I

|

I Update best and worst step leader |

Eliminate bad channel (move step
leader from worst to best)

]

l Update direction and kinetic energy, E, '4_‘ Reset Channel time |

Eject space and lead projectiles

!

Evaluate performance (projectile
energies, Ep)

Max channel

time?

Extend channel Focking Create two symmetrical
(Ep> Eq)? occur? channels at fock point

No

Eliminate channels which
has lower energy

<

1 New position |«

in position

Increase iteration Max
and channel time iteration?

Best step leader

Figure 1. Flowchart of lightning search algorithm (LSA) utilized in this study.

4. The Simulation Results

In this study, the simulation is performed using three commercial fuel cells. The
simulation results are depicted under different operating conditions. These results are
then compared to the experimental results for more validation. Moreover, these proposed
results are compared with the results obtained using other optimization models for more
verification. In the first stage, the proposed LSA is applied to minimize the objective
function and obtain the PEMFC model’s unknown parameters. The second stage illustrates
the validation of the proposed model under several operating conditions, such as a variation
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in temperature and partial pressure. The lower and upper limit of the design variables is
demonstrated in Table 2 [58].

Table 2. Lower and upper limit of design variables.

Parameter & &y x1073 &3x1075 &4x1075 A R.(mQ) B
Low —1.1997 1.00 3.60 —26.00 13.00 0.10 0.0136
High —0.8532 5.00 9.80 —9.54 23.00 0.80 0.5000

It is worth noting that the optimal parameters of the LSA involve 100 iterations,
70 population agents, and 10 control times. These parameters are fine-tuned by the trial and
error method, which is the most commonly used to design the parameters of meta-heuristics
algorithms. It depends on the designer’s experience to achieve the best performance. To
test the robustness of the LSA, 50 independent runs are simultaneously carried out, and all
the statistical measurements, such as standard deviation and variance, are very close to
zero value. The three commercial PEMFCs are described in detail as follows:

4.1. Ballard Mark V 5 kW

The concerned data and operating conditions are collected from different literature.
The stack has 35 cells connected in series with 70-A maximum thermal current. To search
the best seven unknown parameter values, the LSA is applied, and after several runs, the
best-suited parameters are found and mentioned in Table 3. The convergence characteristic
of the fitness function for the PEMEFC stack is illustrated in Figure 2. As seen in Figure 2,
the convergence curve steadily reduces and reaches a steady value with 100 iterations.
The value of the best fithess function is found to be 0.814, as mentioned in Table 3. It
is worth noting that the proposed LSA achieves a lower SSE than that obtained using
other optimization algorithms, such as the neural network algorithm and the grasshopper
optimization algorithm [58]. The polarization characteristics of the proposed LSA-PEMFC
model, such as I/V and I/P curves, are plotted in Figure 3a,b, where these curves are
compared with their measured data. It can be noted that these simulation responses
are very close to the experimental responses meaning that the proposed PEMFC model
is accurate. Figure 3c shows the current-voltage characteristics under the oxygen and
hydrogen pressure variation. It can be realized that the results lie in an acceptable range.

Table 3. Optimal design variables of the Ballard PEMFC model.

Parameter LSA NNA [58] GOA [58]
& —1.0624 —0.97997 —0.8532
& x 1073 3.597 3.6946 3.4173
&3 x107° 6.6538 9.0871 9.8000
&y x 1075 —16.4925 —16.2820 —15.9555
A 23.00 23.0000 22.8458
Rc(mQ) 0.103 0.1000 0.1000
B 0.0188 0.0136 0.0136

SSE 0.8140 0.85361 0.8710
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Figure 3. Performance characteristics curves (a) I/V curve (b) I/P curve (c) I/V curve with variation
in pressure.

4.2. 500 W BCS PEMFC

In this case study, a 32 cell connected BCS 500 W PEMEC is analyzed. The feature
of the stack is found in other literature. The rated current of the stack is 30 A. To search
the best seven unknown parameter values, the LSA is applied, and after several runs, the
best-suited parameters are found and mentioned in Table 4. The convergence characteristic
of the fitness function for the PEMFC stack is illustrated in Figure 4. As seen in Figure 4,
the convergence curve steadily reduces and reaches a steady value with 100 iterations.
The value of the best fithess function is found to be 0.01169, as mentioned in Table 4. It
is worth noting that the proposed LSA achieves a lower SSE than that obtained using the
neural network algorithm and salp swarm optimization algorithm [58]. The polarization
characteristics of the proposed LSA-PEMFC model, such asI/V and I/P curves, are plotted
in Figure 5a,b, where these curves are compared with their measured data. It can be noted
that these simulation responses are very close to the experimental responses meaning that
the proposed PEMFC model is accurate. Figure 5c shows the current-voltage characteristics
under variations of fuel cell temperature. The partial pressure is assumed constant. It can
be realized that the results lie in an acceptable range.

Table 4. Optimal design variables of the BCS PEMFC model.

Parameter LSA NNA [58] SSO [58]
¢1 —1.0134 —1.0596 —0.8532
& x 1073 2.9662 3.7435 4.8115
& x 107 5.5693 9.6902 9.4334
&y x 1075 —19.2904 —19.3020 —19.205
A 20.930 20.8772 23.00
Rc(mQ) 0.105 0.1000 0.3499
B 0.01609 0.0161 0.01589

SSE 0.011690 0.011698 0.01219
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4.3. Nedstack PEMFC

In this case study, 65 series linked cells Nedstack PS6 PEMFC are considered for
analysis. The main characteristics of the stack are taken from different literature and
compared with different algorithms. The rated current and power of the stack is 225 A and
6 kW, respectively. The LSA is applied to the objective function, and the optimal parameters
are listed in Table 5. The convergence characteristic of the fitness function for the PEMFC
stack is illustrated in Figure 6. The convergence curve steadily reduces and reaches a steady
value with 100 iterations. The value of the best fitness function is found to be 1.996, as
mentioned in Table 5. It is worth noting that the proposed LSA achieves a lower SSE than
that obtained using other optimization algorithms, such as the neural network algorithm
and the salp swarm optimization algorithm [58]. The polarization characteristics of the
proposed LSA-PEMFC model, such as1/V and I/P curves, are plotted in Figure 7a,b, where
these curves are compared with their measured data. It can be noted that these simulation
responses are very close to the experimental responses meaning that the proposed PEMFC
model is accurate. Figure 7c,d show the current-voltage characteristics under variable
fuel cell temperature and pressure, respectively. It can be realized that the results lie in
an acceptable range. As observed from this figure, with an increase in temperature and
pressure, the terminal voltage and power increase.

Table 5. Optimal design variables of the Nedstack PEMFC model.

Parameter LSA NNA [58] SSO [58]
&1 —1.0548 —0.8535 —0.9719
éo x1073 3.1687 2.4316 3.3487
¢3 x1073 4.7606 3.7545 79111
i x1073 —21.211 —9.540 —9.5435
A 13.015 13.0802 13.00
R:(mQ) 0.10 0.10 0.100
B 0.0136 0.0136 0.0534

SSE 1.996 2.14487 2.18067
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5. Conclusions

This study has introduced an attempt to obtain a precise PEMFC model using the LSA.
This model highly affects the dynamic and transient analyses of the fuel cell in several
simulation studies. Therefore, it is vital to achieving an accurate model of the PEMFC. The
LSA is successfully applied to the SSE objective function to yield the design variables of
the PEMFC model. The results of this study have shown that the simulation results of
the proposed LSA-PEMEFC coincide with the experimental results for three commercial
PEMEFCs. Moreover, a comparison has been made between the proposed model and other
optimization algorithms-based models, demonstrating a lower SSE by more than 5% in
some cases and high performance of the LSA-PEMFC model. The LSA-PEMFC model
results prove its capability under different temperature and pressure conditions. This high
performance of the proposed model comes from the proper design of the LSA and its
simple and accurate procedures. The LSA shall be applied to solve many other energy and
renewable energy problems and smart grid systems.
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Nomenclature

A Membrane area (cm?)

Co, concentration of oxygen in (mol/cm?)
Enernst  Reversible voltage of PEMFC (V)

Iy, Operating current of PEMFC (A)

J Density of actual current (A / cmz)
Jmax Maximum value of ] (A/cm?)

I Membrane thickness (cm)

Nceirs Total number of PEMFC

Py, Partial pressure of Hj (atm)

Po, Partial pressure of O, (atm)

Pi,0 Pressure at which H,O is saturated (atm)
P, Inlet pressure of Anode (atm)

P Inlet pressure of Cathode (atm)

Ry membrane resistance (Q2)

R, Connection resistance (Q})

RH, Relative humidity of vapor at Anode
RH, Relative humidity of vapor at Cathode

Ty, PEMFC operating temperature (K)

Vact Activation voltage at low current values (V)

Vcon Over-potential voltage at high loading (V)

UR Ohmic resistive drop at linear operating conditions (V)

Usiaek ~ Overall voltage from PEMFC stack (V)
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