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a b s t r a c t

This paper proposes a new optimal methodology for model parameters estimation of the Proton
Exchange Membrane Fuel Cell. The main purpose here is to design a newly developed metaheuristic
technique to deliver a model with higher accuracy. In this study, we utilized two modifications for
the Teamwork Optimizer to get higher accuracy. The two modifiers are opposition-based learning and
chaotic mechanism. The results show that using the opposition-based learning, the population diversity
has been kept, owing to the greater population size due to the solution space, and using the Chaos
theory, the population diversity has been increased. This is proved by applying the Improved Teamwork
Optimizer to minimize the Root Mean Square Error and Integral Absolute Error between the suggested
model and empirical data. The validation has been done by applying the proposed Improved Teamwork
Optimizer to two studied cases, which are Nexa Proton Exchange Membrane Fuel Cell and NedSstack
PS6 Proton Exchange Membrane Fuel Cell, and comparing it with other published works. Simulation
results showed that the proposed method with 1.14 Integral Absolute Error and 0.21 Root Mean Square
Error for NedSstack PS6 Proton Exchange Membrane Fuel Cells and with 12 Integral Absolute Error and
0.17 Root Mean Square Error for Nexa Proton Exchange Membrane Fuel Cells provides the minimum
error value among the other optimization techniques. This shows the higher potential of the proposed
method for use as the parameter estimator for Proton Exchange Membrane Fuel Cells.

© 2022 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).
1. Introduction

Because of the widespread usage of energy and the global
ocus on decentralized energy generation in the consumption
ector, numerous distributed generation and manufacturing in-
truments for commercial and industrial samples have found a
iche (Ghiasi et al., 2019). Indeed, Electrical power generation
ources that are directly connected to the distribution network or
o the customer are known as distributed generators (Mir et al.,
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2020). Distributed generation sources operate at voltages ranging
from 400 V to 33 kV, with capacities ranging from a few watts to
100 megawatts (Dehghani et al., 2021; Firouz and Ghadimi, 2016).
For a distributed generation, many methods based on energy stor-
age and fossil and renewable energy exist, such as fuel cells (FC),
diesel generators, wind turbines, and solar cells (Liu et al., 2017;
Yu et al., 2020; Akbary et al., 2019). FCS are tools for directly
converting chemical energy into electricity and heat Hamian et al.
(2018). With the technology of FCs, many utilizations in different
fields, such as electric cars, microelectronics, spy planes, small
ships, buses, and commercial and domestic combined heat and
rticle under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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ower production have been introduced. Among the advantages
f the fuel cell are the following (Tian et al., 2020):

(A) High efficiency of energy systems: PEMFCs’ efficiency
is 40% to 60% when generating electrical power in
the combined heat and power production system.
This efficiency also increases to 85%.

(B) Easy adjustment of power control: with control of the
amount of reactants (H2 and O2), the outputted power can
be regulated.

(C) Compatibility with the environment: only when the output
is water, H2 is applied as an initial fuel, because of the
lack of mechanical structures, they do not have any noise
pollution.

(D) Fuel flexibility: H2 is obtained from various resources
like coal, methanol, water, hydrocarbon fuels, and
natural gas.

(E) Portable and lightweight per unit of power generation: FCs
include the maximum energy reservoir density in compar-
ison to batteries and capacitors.

Fuel cells are divided into five different groups according to
he type of electrolyte utilized:

(1) phosphoric acid FC (PAFC), (2) alkaline FC (AFC), (3) solid
xide FC (SOFC), (4) molten carbonate FC (MCFC), (5) polymer FC
PEMFC).

PEMFC has advantages such as quick start-up, ease of use
n partial loads’ supplying, solid electrolyte, and variability in
omparison to different kinds of FCs (Zhi et al., 2020). This kind of
uel cell has different applications, like transportation cell phones,
nd laptops (Saeedi et al., 2019; Meng et al., 2020). Because of
he expensive cost of production in PEMFC, it is better to design
nd simulate. Due to the complicated nature of the PEMFCs, a
omplex model is needed for this purpose (Ye et al., 2020; Fan
t al., 2020a). Recently, different types of model approaches for
he PEMFCs have been introduced.

Xu et al. (2019) analyzed a two-stage eagle strategy for pro-
iding an optimal estimation of the PEMFCs. The Nelder–Mead
implex search algorithm and the JAYA algorithm were employed
n this strategy. Estimation assessments were used with seven
nd nine unknown parameters to test the approach. Then, the
pproach was compared with the JAYA algorithm as well as
few other newly published algorithms, including Grasshop-
er optimizer, Salp Swarm Optimization, Gray Wolf optimization
lgorithm, and Multiple-Verse Optimization. Simulation results
howed that this technique outperforms the others, according to
he findings. However, the method provided good results, due to
he combination of the two optimization algorithms needing a
igh time complexity.
To improve model accuracy, Yang et al. (2021) provided a

ew optimal method for parameter identification of a proton
xchange membrane fuel cell (PEMFC). For this purpose, a novel
NN based on an improved version of the deer hunting optimiza-
ion algorithm (DHOA) was used. The method was then tested
nder four different operational conditions. Results showed that
he proposed method delivers high accurate estimation for the
EMFC model parameters. As concluded from the results, us-
ng the improved metaheuristic algorithms can provide higher
ccuracy for model parameter estimation of the PEMFCs.
Miao et al. (2020) proposed another different method based

n enhanced Gray Wolf for PEM fuel cell parameter estimation.
utation and crossover operators were employed to improve the
ray Wolf optimizer. They were able to escape from the local
inimum as a result of this combination. The approach was then
10777
put to test in four different scenarios. The method improved esti-
mation accuracy when compared to other algorithms, according
to the final results.

To predict fuel cell parameters, Rizk-Allah and El-Fergany
(2021) employed an estimator based on artificial ecosystems
optimization. They used the dynamic crossover model to attain
a better result and for escaping from the local optimum. The
method was tested by performing multiple PEMFC modules. The
results determined that the estimated value for the opposed
method provides satisfying values. The validation also showed
that in comparison to other researched methods, the results of
the optimization approach provide the highest reliability and the
minimum standard deviation.

Song et al. (2020) proposed another method based on a new
modified Harris Hawks Optimization (IHHO) algorithm for opti-
mal parameter selection of the PEMFCs. The major goal is to keep
the total squared deviation between the actual output voltage and
the anticipated values as low as possible. The method was then
performed in three case studies, and the findings were compared
to literature-based state-of-the-art methods. The results also re-
vealed that for all test cases, the recommended IHHO provides
the best results.

While lots of works have been proposed for optimal mod-
eling of the PEMFCs, a big gap can be sensed for more im-
provement of their effectiveness. As concluded from the litera-
ture, metaheuristics have been turned into popular techniques
for this purpose. Although, by the ‘‘no free lunch’’ (NFL) theo-
rem (Wolpert and Macready, 1997), no metaheuristic optimizer
can find a solution for all problems of optimization. Therefore,
this study works on a newly developed metaheuristic methodol-
ogy to provide an optimal model of PEMFC with higher accuracy.
To improve the algorithm’s performance, two modifications are
used, including opposition-based learning and a chaotic mech-
anism. The use of opposition-based learning and the chaotic
mechanism is intended to improve search performance. Indeed,
utilizing opposition-based learning improves algorithm efficiency
and maintains population diversity, owing to the greater popu-
lation size due to the search space of the opposite solution not
being constrained by the search space of the present solution. We
may also conclude, based on the literature and the results, that
employing Chaotic mechanisms enhances population diversity.

2. Mathematical design of the proton exchange membrane
fuel cell

The FC modeled herein is of the type with an almost 80 ◦C
operational temperature (Mehrpooya et al., 2021). The simple
system of an FC includes an electrolyte layer connecting a porous
cathode and anode by both parties. Fig. 1 shows ion conduction
via the cell and a design of an FC with reactive/production gases.

In a usual FC, the input of the anode is the gaseous fuel and the
output of this system, i.e., oxygen as oxidant is considered as the
input for the cathode from the anode. Different methods exist to
model PEMFC. A parametric model of PEM fuel cell by ‘‘Amphlett’’
has been modeled using a mechanical and quantitative method of
group parameters which will be utilized herein.

The Nernst indicates an H2/ O2 FC with E0 and equal to 1.229
. The real potentiality of the cell is less than its reference poten-
iality due to the system’s irreversible losses. The thermodynamic
otential E is calculated using the developed Nernst equation as
ollows (Fan et al., 2020b):

nerst = E0 − 0.85 × 10−3
× (T − 298.15)

+ 4.3085 × 10−3
× T ×

(
lnPH2 − lnPO2

)
(1)

In this equation, P describes the effective pressure in terms
tmosphere, and T is equal to temperature (Kelvin). The density
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Fig. 1. A PEMFC scheme.

f insoluble gas/liquid interface O2 in the is calculated by the law
f Henry as follows (Mann et al., 2006):

O2 =
pO2

50.8 × 107
× e

(
−498
T

) (2)

The parametric formula for overvoltage because of the internal
resistance and activity obtained through experimental analysis is
equal to:

By considering the Nernst equation, the PEMFC’s outputted
voltage has been obtained as follows (Zhang et al., 2020a):

V T = N × (Enerst − V act − V conc − VΩ ) (3)

where, N describes the number of the connected fuel cells, VΩ ,
V conc , and V act represent the Ohmic voltage drop, the concen-
tration voltage drop, and the activation voltage drop, respec-
tively (Guo et al., 2022). The VΩ of the PEMFC can be mathe-
matically achieved by the following (Yu et al., 2019b):

VΩ = I × RΩ (4)

Where (Chen et al., 2022),

RΩ = Rm + Rt (5)

where, Rt describes the shifted protons’ equivalent resistance
over the membrane. Here, Rt = 300 µ� (Guo et al., 2022), and
Rm signifies the resistance for the membrane (�) which can be
achieve by the following formula:

Rm = 181.6 ×
l
A

×
1 + 0.03 ×

I
A + 0.062 ×

( I
A

)2.5
×

( T
303

)2(
ϕ − 0.634 −

3I
A

)
× e

(
4.18× Tc−30

Tc

) (6)

In this equation, ϕ presents a tunable parameter related to the
elative humidity, the membrane lifetime, and the ratio of the
ositive electrode gas stoichiometric, and l defines the thickness

of the fuel cell (µm) (San Martin et al., 2010).
Due to the presence of some unknown parameters in the

model of Rm, i.e., l, and ϕ, they are assumed as two decision
variables to consider optimal values for the model (Zhang et al.,
2022). The activation loss of the FC can be calculated as given
below:

V act = ξ1 + ξ2 × T + ξ3 × T × ln (CO2) + ξ4 × T × ln (I) (7)

where, ξ signifies pseudo-experimental coefficients, I describes
the current value of the FC stack and the O2 concentration rep-
resents the cathode/gas interfaces (mol.cm−3) and is achieved as
 V

10778
Table 1
Range of PEMFC model parameters (Guo et al., 2022).
Parameter Minimum Maximum Unit

E0 1e−1 2 V
B 1e−2 1e−1 V
C 1e−1 10 F
l 49 92 m
ϕ 1 23 –
λe 0 1e−2 �

A 90 130 cm2

ξ1 0 1 –
ξ3 0 1e−4 –
ξ4 0 1e−3 –

follows:

CH2 =
pH2

10.9 × 107 × e
(
77
T

) (8)

And the constraint for the ξ are as follows (Restrepo et al., 2014):

ξ1 = −0.95 ± 0.004 (9)

ξ3 = (7.6 ± 0.2) × 10−5 (10)

ξ4 = − (1.93 ± 0.05) × 10−4 (11)

and,

ξ2 = 0.003 + 0.0002ln (A) + 43 × 10−6ln
(
CH2

)
(12)

Here, the Nafion membrane has been utilized for the PEMFC.
The bilayer charging effect between the porous cathode and

the membrane can be modeled using a capacitor. The voltage for
this capacitor can be defined as follows:

V C =

(
I − C

dV c

dt

)
× (Rcns + Ract ) (13)

where, capacitance (C) is an uncertain variable that can be con-
sidered as one of the decision variables, and Rcns describes the
concentration loss and can be calculated as given below (Spiegel,
2011).

Rcns = B × I−1
× ln (Imr/(Imr − I)) (14)

here, B defines the empirical coefficient that relates to the cell
peration state which can be considered as another variable as a
ecision variable for optimizing the fuel cell model.
The rate of maximum current in the electrode is another

mportant parameter that should be considered during the PEMFC
odel, which is defined as follows (Spiegel, 2011):

max = D × T−1
× N e × F × Cb (15)

here, D designates the effective diffusion coefficient for the
eacting, Ne specifies the number of the electrons for the reaction,
b represents the bulk concentration, and T defines the diffu-
ion layer thickness. Table 1 reports the range of PEMFC model
arameters (Guo et al., 2022).

. Cost function

As aforementioned, the major purpose here is the minimiza-
ion of the error between the empirical data and the obtained
esign. The major concept is to use the absolute error (IAE)
unction for this purpose which is given below:

IAE =

N∑
j=1

⏐⏐⏐V j
T − V j

Ex

⏐⏐⏐ (16)

here, N defines the amount of experimental data, and V j
Ex and

j

T refers to the empirical and the modeled voltages of the proton
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xchange membrane fuel cell, respectively, CIAE describes the IAE
s a cost function and the purpose is to minimize this function,
.e.,

inCIAE (17)

Because of the complex nature of the PEMFC models, using
lassic optimization techniques fail to find the model parameters
n the best way. Therefore, here, a new modified metaheuristic
echnique has been used for solving this problem.

. Methodology

.1. Improved teamwork optimizer

The novelty of the current study is to present an improved
eamwork Optimization Algorithm which is applied to find a
olution for a wide variety of problems of optimization. The
ey concept to designing a Teamwork Optimization Algorithm
TOA) is the simulation of the characteristics of a group including
ctivities, behaviors, and reactions among the members of the
eam to achieve the main aim of the team (Han and Ghadimi,
022). The theoretical contents and different phases of the team
ptimization algorithm are expressed afterward, its model is also
ffered to apply to different problems of optimization (Yuan et al.,
020b; Ghadimi et al., 2014; Yu et al., 2019a). The potential of
he Team optimizer in optimizing and providing proper pseudo-
ptimal solutions is assessed in the standard set of dissimilar
arget functions (Razmjooy et al., 2020). To validate and as-
ess the optimized results’ quality, team optimizer functioning is
valuated with eight known algorithms.
Here, the theoretical contents and various phases of the team

ptimization algorithm are stated then, its mathematical mod-
ling is also expressed to apply to different problems of opti-
ization. The teamwork optimizer is a PBOA, i.e., it is modeled
ccording to simulate teamwork activities in order to perform
heir tasks and team members’ behavior with each other and
chieve the team’s basic target (Mahdinia et al., 2021). As a
esult, solution candidates are members of the team, the rela-
ions among members of the team are the same as transferring
nformation between members, and actually, the team’s specified
oal is to solve the problem of optimization (Ghadimi, 2015;
brahimian et al., 2018). In a group, that pursues a team goal with
team working group to obtain a regular target, the behavior of
he members and the relationships among them can be assumed
s follows:
Supervisor: Someone who is tasked with guiding and leading

he group, who is an individual of the group. Also, the supervi-
or performs ideal in comparison to the rest individuals in the
roup. Team individuals: toward the supervisor, other individuals
mplement poorly.

Supervisor impact on the individuals of the group: Each indi-
idual in the team is trying to enhance their functioning by the
uides and instructions supervisor. Impact of stronger members
n weak members of the team: Everyone in the team who is
eaker than the others, strives to enhance based on others’
xperiences.
Solitary Activities: Each member of the team, according to

ersonal behaviors and efforts, strives to further contribute to the
uccess of the entire group. The stated ideas modeling is used in
he model of the suggested teamwork optimization algorithm.

In the specified TOA, each population member demonstrates
suggested solution to the problem of optimization. In other
ords, every population individual can be considered similar to
he problem variables’ values. In order to be able to mathematical
odeling, each population member can be defined as a vector,

nd the problem parameters’ number is exactly the same as the

10779
number of components of this vector. As in Eq. (1), the algorithm’s
population uses a matrix whose number of columns is equal to
the problem parameters’ number, and also the number of rows is
the same as the members of the population.

X =

⎡⎢⎢⎢⎢⎢⎢⎢⎣

X1 x1,1 · · · x1,d · · · x1,n
...

...
. . .

...
...

Xi xi,1 · · · xi,d · · · xi,n
...

...
...

. . .
...

XM xM,1 · · · xM,d · · · xM,n

⎤⎥⎥⎥⎥⎥⎥⎥⎦
M×n

, (18)

In which, M demonstrates the member’s number in the team,
X denotes the individuals’ matrix of the teamwork optimization
algorithm, xi,d represents the dth value problem variable which is
stated by the team member ith, and n is the problem variables’
number.

As stated above, every individual of the optimizer suggests
amounts for problem parameters and by inserting the suggested
amounts into the fitness function parameters, a specified value
is achieved for the fitness function. Hence, according to the pop-
ulation’s every individual, an amount has been assessed for the
fitness function. Eq. (19) determines the vector of the fitness
function values.

F =

⎡⎢⎢⎢⎢⎢⎢⎢⎣

F1 F (X1)
...

...

Fi F (Xi)
...

...

FM F (XM)

⎤⎥⎥⎥⎥⎥⎥⎥⎦
M×1

(19)

In which, F is the fitness function’s vector and Fi defines the
value of the fitness function for the group number ith.

According to the compared amounts of the target function,
the supervisor is the individual, who performs best among the
group of individuals, in each iteration of the algorithm. The task
of the supervisor in the team is to guide the group members to
achieve the main goal of the team. The supervisor selection in the
suggested teamwork optimization algorithm is developed using
Eq. (20).

Supervisor : S = Xs and s is the team members′ row number with
the least value of the F vector.

(20)

In which, S is the team’s supervisor.
The population of the algorithm is renewed in the teamwork

optimization algorithm in 3 phases.
Phase 1: leadership of a supervisor
In this phase, group individuals have been renewed according

to the guidelines of the supervisor. In the meantime, the super-
visor reports his or her information to the rest group individuals
and leads individuals toward the goal of the team. The following
equations are showed this step of the update in the teamwork
optimization algorithm.

X S1
i : xS1i,d = xi,d + a ×

(
Sd − K × xi,d

)
, (21)

Xi =

{
X S1
i , F S1

i < Fi

Xi, else
(22)

K = round(1 + a) (23)

In which, X S1
i is the novel position for the team member ith

according to supervisor leading and guidelines. F S1 shows the
i
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alue of fitness function, xS1i,d demonstrates the novel amount
or the dth problem parameter proposed through the ith group
individual renewed according to the leadership of the supervisor,
a shows a randomly selected amount between 0 and 1, and K
shows the update-index.

Phase 2: Sharing information
In phase 2, in order to increase team performance, each team

member is struggling to utilize the other team members’ infor-
mation who have worked better in comparison to themselves.
Eqs. (24)–(26) are stated this step of the update in the suggested
teamwork optimization algorithm.

lxN,i
: xN,i

d =

∑Mi
j=1 x

g,i
j,d

Mi
, (24)

S2
i : xS2i,d = xi,d + a ×

(
xN,i
d − K × xi,d

)
× sign

(
Fi − FN,i) , (25)

Xi =

{
X S2
i , F S2

i < Fi

Xi, else
(26)

In which, XN,i shows the team member’s average which is
improved in comparison with the ith, FN,i shows the value of
its fitness function, Mi demonstrates the team member’s number
that performs more proper toward the ith group individual, xg,i

j,d
shows the dth variable suggested amount by the jth member of
the team who performs better than the team member ith, X S2

i
shows the novel position of the ith team member according to
the phase 2 and F S2

i shows the value of its fitness function.
Phase 3: Solitary activity
Here in phase 3, Each member of the team strives to enhance

their own functioning according to his or her updated position.
Eqs. (27) and (28) determine this phase modeling as follows:

X S3
i : xS3i,d = xi,d + (−0.01 + a × 0.02) × xi,d, (27)

Xi =

{
X S3
i , F S3

i < Fi

Xi, else
(28)

where, X S3
i shows the novel position of the ith team member

according to the phase 3 and F S3
i shows the value of the fitness

function.
Per iteration of the algorithm, are updated in three phases.

This process of updating will be repeated until the algorithm
reaches a terminating point. Eventually, TOA suggests the ap-
propriate pseudo-optimal solution to the optimization problem
after the complete implementation of the teamwork optimization
algorithm.

4.2. Improved teamwork optimizer

However, the Teamwork Optimizer as a new bio-inspired op-
timizer brings well results based on its default paper (Dehghani
and Trojovský, 2021), due to some problems, like local optimiza-
tion and premature convergence, it needs some modifications.
Here, two improvements are used to improve the efficiency of
this optimizer.

The first modification has been presented by considering the
opposition-based learning (OBL) mechanism. Oriental philosophy
conception has been utilized for modeling this mechanism (Zhang
et al., 2020a; Tizhoosh, 2005). The OBL is a good modification to
provide a higher capability of exploration. The OBL mechanism
generates an opposite pair for each of the candidates to select the
best ones as the new candidates. By considering Xi as a solution
in the search space in the range between X i and X i, the opposite
alue X̃ij is modeled as follows:

˜ t
i = X t

i + X
t
i − X t

i (29)

here, X t , X̃ t
∈ Ri.
i i
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For defining that the main candidate is better or its opposite
pair is better, if f

(
X t
i

)
> f

(
X̃ t
i

)
, X̃ t

i is assumed as the candidate

and the original X̃ t
i has been eliminated, and inversely, if f

(
X̃ t
i

)
>

f
(
X t
i

)
, the X t

i has been assumed as the best candidate. 30% of the
initial population in this study is generated using the OBL method.

Another improvement is to employ a sinusoidal chaotic map
to get better convergence and better solution with closer to
the global solution with providing higher speed. The sinusoidal
chaotic map with generating pseudo-random integers as an alter-
native to random values, to offer a higher speed (Yang et al., 2007;
Rim et al., 2018). Here, the sinusoidal chaotic map is performed
to variable a from Eqs. (21) and (23):

ai+1 = ai × δ2i sin (πδi) (30)

when, δ0 ∈ [0, 1] , (a, b, c, d, e, g) ∈ [0, 1].
The flowchart diagram of the proposed algorithm has been

illustrated in Fig. 2.

4.3. Authentication of the suggested optimizer

For indicating the efficiency of the proposed improved Team-
work Optimization Algorithm, it is performed in some case stud-
ies and the achievements were in comparison with several lat-
est bio-inspired algorithms. Here, we compared the proposed
method with Spotted hyena optimize (SHO) (Dhiman and Ku-
mar, 2017), Lion optimization algorithm (LOA) (Yazdani and Jolai,
2016), Emperor penguin optimizer (EPO) (Dhiman and Kumar,
2018), and the default Teamwork Optimization Algorithm (De-
hghani and Trojovský, 2021). The parameter setting of the utilized
optimizers is illustrated in Table 2.

The utilized benchmark functions for the optimizers’ valida-
tion have been stated in Table 3, which defines the utilized
functions, their range, and their optimum values.

By considering the same size of the population is 50 and
the maximum number of iterations equals 200 for all optimiz-
ers (Razmjooy et al., 2016). The optimizers have been indepen-
dently run 30 times and their average amount and standard de-
viation (STD) amount are considered for analyzing their ability in
solving these studied benchmark functions (Madadi et al., 2016;
Navid and Saeid, 2021). Table 4 states the validation achieve-
ments of the proposed improved Teamwork Optimizer than the
rest latest optimizers.

Based on Table 4, using the suggested improved Teamwork
Optimizer results in the lowest amount for all problems toward
the comparative optimizers which indicates its better accuracy
than the other algorithms for the analyzed functions. Also, the
lowest amount of the STD of the suggested ITOA compared to the
other comparative optimizers show that the proposed method
alongside its higher accuracy has higher precision during several
runs.

5. Simulation results

Here, the technique efficiency was validated by performing
it in two different case studies. The first one is the 2 kW Nexa
PEMFC (Bao et al., 2020) and the second one is a 6 kW NedSstack
PS6 PEMFC (Yuan et al., 2020a). Because of using the improved
Teamwork Optimization Algorithm with its stochastic nature,
the achievements may differ every time an optimizer has been
evaluated. Thus, the simulations have been performed 15 times
for each case study. To get the proper comparison, all of the
optimizers have been run with the highest amount of 200. The
simulations have been programmed in MATLAB R2018b, 64-bit,
and implemented on a PC with Intel Core i7 CPU 2.00 GHz,
2.5 GHz, 8 GB RAM, and a 64-bit system of operating. To provide
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d

Fig. 2. Flowchart diagram of the proposed algorithm.
Table 2
The parameter setting of the utilized optimizers.
Algorithm Parameter Value

LOA (Yazdani and Jolai, 2016)

Prides’ number 5
Nomad lions’ percent 0.3
Roaming ratio 0.4
Probability of mutate 0.1
Rate of sex 0.85
Probability of mating 0.4
Rate of immigrate 0.5

SHO (Dhiman and Kumar, 2017) M⃗ 0.6
h⃗ 5

EPO (Dhiman and Kumar, 2018)

A⃗ 1
T

′

500
M 2
f 2.5
S 1
l 1.5
Table 3
Utilized benchmark functions for the algorithms’ validation.
Function Range fmin

F1 (x) =
∑n

i=1 x
2
i [−100,100] 0

F2(X) =
∑n−1

i=1

[
(xi + 0.5)2

]
[−100, 100]n 0

F3 (x) =
∑n−1

i=1 [100
(
xi+1 − x2i

)2
+ (xi − 1)2] [−30,30] 0

F4 (x) =
∑n

i=1 ix
4
i + random[0, 1) [−128,128] 0

F5(X) =

(
x2 −

5.1
4π2 x21 +

5
n x1 − 6

)2
+ 10

(
1 −

1
8π

)
cos x1 + 10 [−5, 15]2 3979
a better confirmation, the achievements of the suggested tech-
nique are compared with some other related works, including en-
hanced Whale Optimizer (EWO) (Cao et al., 2020), improved Sun-
flower Optimizer (ISO) (Guo et al., 2022), and Improved Monarch
Butterfly Optimization Algorithm (IMBOA) (Bao et al., 2020).

5.1. Case study#1: NedSstack PS6 PEMFC

A practical PEMFC case study that is widely used for the vali-
ation of efficiency for different models (Bao et al., 2020; Lu et al.,
10781
2020; Zhang et al., 2020b) is the NedSstack PS6. Therefore, in this
study, the present method has been used for the validation of
the proposed method. The studied system includes 65 cells with
6 kW NedStack PS6 PEMFC. The data of this model is extracted
from Zhang et al. (2020b). The area of the stack for all of the
cells is 240 cm2 and its thickness is 178 µm. The pressure of
this stack is between 0.5 and 5 bar, and the temperature of cell
is about 69.85 ◦C. Also, the stack with a current output between
0 A and 225 A and 32 V, provides a proper output for different
applications. The compared achievements of the suggested ITOA
algorithm than EWO (Cao et al., 2020), DSOA (Guo et al., 2022),
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Table 4
Validation achievements of the suggested ITOA toward the other state-of-the-art algorithms.
Benchmark
function

Metric LOA (Yazdani and
Jolai, 2016)

SHO (Dhiman and
Kumar, 2017)

EPO (Dhiman and
Kumar, 2018)

TOA (Dehghani and
Trojovský, 2021)

ITOA

F1
AVE 9.34E−8 7.31E−9 11.66E−9 19.53E−9 10.43E−10
STD 13.05E−8 10.17E−9 18.11E−9 22.14E−9 16.21E−10

F2
AVE 57.04 45.17 37.25 13.01 7.06
STD 75.35 52.34 47.91 15.24 6.26

F3
AVE 9. 51 7.52 5.64 2.34 2.11
STD 7.31 5.15 3.52 2.75 1.18

F4
AVE 2.45 2.04 1.85 1.73 1.01
STD 1.55 1.43 1.14 1.09 0. 85

F5
AVE 1.02 0.94 0.88 0. 73 0.41
STD 1.54E−5 2.34E−6 5.24E−6 6.64E−7 7.45E−7
Table 5
Compared achievements of the optimizers for the optimal finding of the unknown parameters for the NedStack PS6
PEM fuel cell (Yuan et al., 2020a).
Parameter Technique Unit

ITOA EWO (Cao et al., 2020) ISO (Guo et al., 2022) IMBOA (Bao et al., 2020)

E0
0 1.22 1.22 1.20 1.18 V

ξ1 −1.051 −1.100 −0.921 −1.675 –
ξ3 5.97 × 10−5 5.41 × 10−5 4.38 × 10−5 5.37 × 10−5 –
ξ4 −8.41 × 10−4

−8.39 × 10−4
−8.10 × 10−4

−8.57 × 10−4 –
A 220 220 220 220 cm2

ϕ 14.08 14.90 15.66 14.24 –
λe 0.007 0.005 0.005 0.006 �

l 169 × 10−6 169 × 10−6 169 × 10−6 169 × 10−6 m
B 0.034 0.035 0.036 0.031 V
C 5.27 5.14 4.98 4.81 F
Fig. 3. The integral absolute error of the studied optimizers on the NedStack
S6 PEM fuel cell.

nd IMBOA (Bao et al., 2020) for an optimal finding of the un-
nown parameters for the NedStack PS6 PEM fuel cell model is
eported in Table 5.

Fig. 3 illustrates the Integral absolute error of the studied
ptimizers on the NedStack PS6 PEM fuel cell. This parameter
ndicates how much each algorithm fits with the experimental
ata.
Fig. 3 depicts the Integral absolute error results of the model

arameter estimation based on EWO (Cao et al., 2020), DSOA (Guo
t al., 2022), IMBOA (Bao et al., 2020), and the proposed ITOA. It
s clear that after 200 iterations, the proposed ITOA with 1.14 IAE
elivers the minimum IAE value against the others. This indicates
hat the suggested method provides a satisfying efficiency in
chieving better values of the model. Fig. 4 shows the voltage
rofile confirmation of the NedStack PS6 PEM fuel cell by the
roposed ITOA and the comparative methods.
The results from Fig. 4 indicate that the suggested ITOAmethod

ives the most appropriate results to the experimental data
oward the other methods. This can be proved by checking the
act that the proposed ITOA provides the highest fitting with the
ctual experimental data.
10782
Fig. 4. Current–voltage profile confirmation of the NedStack PS6 PEM fuel cell
by the proposed ITOA and the comparative methods.

5.2. Case study #2: Nexa PEMFC

The Nexa PEMFC is a practical model in this study and is
an extended dynamic model of its original model in Yuan et al.
(2020a). The operation temperature of this stack is 65 ◦C. The
stack with 230 A maximum current and a voltage range between
22 V and 50 V, has a 120 cm2 active area. The optimized value of
the unknown parameters for this model is given in Table 6.

The Integral absolute error of the studied algorithms on the
Nexa PEMFC is given in Fig. 5.

Fig. 5 shows the Integral absolute error results of the model
parameter estimation based on EWO (Cao et al., 2020), DSOA (Guo
et al., 2022), IMBOA (Bao et al., 2020), and the proposed ITOA.
Based on the achievements, the suggested ITOA with 12 IAE
provides the minimum error value compared with others. The
DSOA with 16, IWOA with 18, and IMBOA with 19 are placed in
the next ranks. This indicates that the suggested technique gives
promising effectiveness in obtaining good values for the model.
The voltage profile confirmation of the 2 kW Nexa PEM fuel cell
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Table 6
Results of comparison of the optimizers for an optimal finding of the unknown parameters for the Nexa PEMFC
model (Bao et al., 2020).
Parameter Method Unit

ITOA EWO (Cao et al., 2020) ISO (Guo et al., 2022) IMBOA (Bao et al., 2020)

E0
0 1.23 1.20 1.17 1.18 V

ξ1 −0.53 −0.55 −0.55 −0.54 –
ξ3 5.86 × 10−5 5.92 × 10−5 6.11 × 10−5 5.97 × 10−5 –
ξ4 −1.50 × 10−4

−1.44 × 10−4
−1.47 × 10−4

−1.53 × 10−4 –
A 113.28 115.11 118.04 114.11 cm2

ϕ 12.95 13.30 12.92 12.14 –
λe 0.007 0.008 0.007 0.007 �

l 4.2 × 10−5 4.7 × 10−5 5.0 × 10−5 5.0 × 10−5 m
B 5.5 × 10−2 4.9 × 10−2 5.3 × 10−2 4.7 × 10−2 V
C 5.01 4.98 4.62 5.86 F
Fig. 5. The integral absolute error of the studied algorithms on the Nexa PEMFC.

Fig. 6. Voltage profile confirmation of the 2 kW Nexa PEMFC by the proposed
ITOA and the comparative methods.

by the proposed ITOA and the comparative methods are shown
in Fig. 6.

Based on the proposed ITOA provides the closest results to
he experimental voltage profile. This can be proved by checking
he fact that the proposed ITOA provides the highest fitting with
he actual experimental data. Fig. 7 indicates the current–voltage
rofile confirmation of the 2 kW Nexa PEM fuel cell by the
roposed ITOA and the comparative methods.
As seen in Fig. 7, the suggested ITOA delivers the fittest re-

ults with the experimental voltage–current profile. This shows
he higher accuracy of the proposed ITOA method in parameter
stimation of different types of the PEMFC stacks.

.3. More analysis

To provide more analysis of the case studies, the Root Mean
quare Error (RMSE) for the compared algorithms was studied.
he RMSE formula is obtained as follows (Ariza et al., 2018):

inCRMSE = Min

√ 1
N

×

N∑⏐⏐⏐V j
T − V j

Ex

⏐⏐⏐ (31)

j=1
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Fig. 7. Current voltage profile confirmation of the 2 kW Nexa PEM fuel cell by
the proposed ITOA and the comparative methods.

The Root Mean Square Error results for these two case studies
have been indicated in Fig. 8.

As seen from Fig. 8, similar to IAE, the minimum error value by
the RMSE function has been achieved by the proposed improved
Teamwork Optimization Algorithm. Based on the results, it can
be concluded that using a model with higher accuracy makes us
produce a better system for its controlling and other parts which
saves energy.

6. Conclusions

Fuel cells are novel green energy sources that turn chemical
reactions straight into electricity without the use of combustion.
Fuel cell devices come in a variety of shapes and sizes. The Proton
Exchange Membrane Fuel Cell (PEMFC) is a type of fuel cell that
is well-known for its efficiency. Because PEMFCs are expensive, it
is preferable to stimulate them first and then begin production
after a satisfactory design. Physically constructed by different
researchers, different models of PEMFC contain several undeter-
mined parameters that are distinct. The application of optimiza-
tion algorithms is one of the best methods for model simulation in
this field. For tackling this challenge, a new metaheuristic-based
technique has been presented. The goal is to develop a novel way
of reducing the Integral Absolute Error and the Root Mean Square
Error between the proposed method and empirical data. An up-
graded developed version of the Teamwork Optimizer was used
to propose the method. To test the effectiveness of the proposed
technique, it was applied to two case studies: the NedSstack PS6
PEM fuel cell and the Nexa PEM fuel cell, and the results were
compared to those of several recent techniques, including the
enhanced Whale Optimizer (EWO), the Developed Sunflower Op-
timization Algorithm (ISO), and the Improved Monarch Butterfly
Optimizer (IMBOA).
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Fig. 8. RMSE of the studied algorithms on the (A) Nexa PEMFC and (B) NedStack
S6 PEM fuel cell.

One of the best tools for model simulating in this subject is
o use optimization algorithms. Here, a new metaheuristic-based
echnique has been proposed for resolving this problem. The idea
s to provide a new technique to lessen the Integral Absolute Error
nd Root Mean Square Error between the proposed method and
he empirical data. The proposed method was by an improved
eveloped version of the Teamwork Optimizer. For validating the
ffectiveness of the proposed technique, it has been performed on
wo studied cases that are NedSstack PS6 PEM fuel cell and Nexa
EM fuel cell, and their achievements were put in comparison
ith several latest techniques, consisting of enhanced Whale
ptimizer (EWO), Developed Sunflower Optimization Algorithm
ISO), and Improved Monarch Butterfly Optimizer (IMBOA).

The achievements indicated that the suggested technique pro-
ides the optimum achievements compared with others.
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