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a b s t r a c t

This paper presents a new optimal methodology for parameter identification of a 50 kW polymer
membrane fuel cell (PEMFC) based on the economical–functional model. The objective of the study is
to optimal estimation of the system parameters such that the minimum total cost has been needed
for the stack construction. The total cost here is the sum of the fuel cell stack cost and its auxiliaries
by considering air and hydrogen stoichiometric coefficient, system pressure, the current density, and
the system temperature. For solving the minimization problem, a newly modified model of the Grass
Fibrous Root Optimization Algorithm (MGRA) has been presented. Final results are compared with
some several well-known algorithms to indicate the system efficiency and the reliability of the system
toward different parameters has been indicated by applying sensitivity analysis.

© 2020 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).

1. Introduction

Energy is a key pillar of growth and improvement in the world
such that energy consumption and minimization of losses can
be considered as an indicator for measuring the development
of a country (Aghajani and Ghadimi, 2018; Liu et al., 2017).
The use and supply of energy is of fundamental importance to
a community and has the greatest impact on the environment
due to the large scale and the pervasive nature of energy in
various activities. Generation, transmission, distribution, and en-
ergy consumption affect the environment during various stages
from extraction of primary resources to delivery of services and
end-use (Gollou and Ghadimi, 2017). The issue of energy and
the environment is necessity for sustainable development (Zhou
et al., 2020; Bejan, 2020).

Fossil fuel resources are limited and, with optimistic assump-
tions, they will be completed in the next 70 to 150 years (Hos-
seini Firouz and Ghadimi, 2016). It is anticipated that in the next
two decades, the need for fossil fuels will exceed its production
and thus threaten a global energy shortage crisis. In this regard,
it is expected that hydrogen-fueled internal combustion engines
will be used in the medium term and fuel cells will first be used
in hybrid power systems and then in the long run in hydrogen
power systems (Hamian et al., 2018). Fuel cell is an advanced,
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sustainable, clean and biocompatible power system for the future.
The use of hydrogen in conjunction with the development of fuel
cells has provided a very clear vision for the future for the energy
sector and internationally (Wang et al., 2018).

Fuel cell directly converts the chemical energy into the elec-
tricity. Unlike batteries which, due to the limited amount of reac-
tive material in the battery tank, cannot supply the required en-
ergy after a while, the reactant material is continuously pumped
into the fuel cell and the products are discharged continuously,
thus a fuel cell can work continuously (Leng et al., 2018; Fan
et al., 2020). It is also highly efficient because it converts energy
directly. In the fuel cell, hydrogen gas has been employed as
fuel and is produced by its reaction with oxygen, in addition
to electrical energy, water and heat (Gong and razmjooy, 2020;
Akbary et al., 2019). In other words, in this conversion, the reverse
of the water electrolysis reaction occurs. Fuel cells have advan-
tages such as cleanliness, silent operation, lack of greenhouse gas
emissions, lack of moving components, and easy connection to
microturbines (Mir et al., 2020; Yin and Razmjooy, 2020; Yu and
Ghadimi, 2019).

The polymer membrane fuel cell (PEMFC) due to its low op-
erating temperatures, high operating density, low weight and
susceptibility to price reductions is of great importance and can
be used more effectively from the other fuel cells in transport
applications (Ebrahimian et al., 2018). The PEMFC is one of the
most widely used fuel cells at various power levels, first designed
for use in NASA’s spacecraft. In this type of fuel cell, Nafion is used
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as electrolyte and hydrogen as fuel (Khodaei et al., 2018). Their
operating temperature is around 70 ◦C–80 ◦C, which is the reason
for the use of expensive catalysts such as platinum for rapid elec-
trochemical reactions. One of the most important advantages of
this type of fuel cell is its low start-up time, high power density as
well as low operating temperature. While its electrolyte is highly
sensitive to carbon monoxide, even a small amount of it can cause
membrane poisoning. Recently, fuel cell parameter identification
has attracted the attention of many researchers and scientists
in the technology and many functional and economical models
have been developed. The PEMFC model identification is usually
performed for achieving two substantial purposes: to estimate
the fuel cell efficiency and to explore the PEMFC. The first math-
ematical model of the PEMFC was introduced in 1992 and the
results proved well agreement with the empirical data (Bernardi
and Verbrugge, 1992).

Bagal et al. (2018) proposed a numerical methodology for
performance evaluation of a PEMFC. The analysis was applied
to show the correlations among gas diffusion layers, fuel cell
performance, and material characteristics.

In 2017, another modeling based on fractional theory was
proposed for parameter identification of a PEMFC (Gheydi et al.,
2016). The results approved that the achieved values by the
presented technique give appropriate results.

Another numerical work was proposed by Firouz and Ghadimi
(2016) for the PEMFCs stack modeling. Then, ARX and ARMAX
validation were adopted for verifying the method modality. They
also used PI and PID controllers for achieving a desired load
current.

Eslami et al. (2019) proposed a method for parameters es-
timation of a 3 kW PEMFC stack. The method is based on a
quasi-dynamic parameters model. The study utilized a hybrid
version of particle swarm optimization (PSO) algorithm and ge-
netic algorithm (GA) to decrease the risks of being trapped into
local optimum. The results showed a good agreement between
the proposed model and the empirical data. The study finally
simulated current injection into the model under different con-
ditions, and the comparison of the results and the experimental
data based on fast Fourier transform were analyzed. Hanning
window was also used for reducing the spectral leakage error.

As can be concluded from the above literature, several types
of classic methods are presented for parameter identification of
the fuel cells. A big problem of classic methods is that due to
the physical consideration of the fuel cells by the classic meth-
ods, the model complexity is increased that makes is so hard
to find a proper solution for the problem. Recently, the use of
metaheuristic algorithms for modeling of the PEMFC parameters
are exponentially increasing (Saeedi et al., 2019; Ye et al., 2020;
Cao et al., 2019), for example, Improved Butterfly Optimization
Algorithm (Zhi et al., 2019), backtracking search algorithm (Khan
et al., 2018), Whale Optimization Algorithm (El-Fergany et al.,
2019), and Multi-verse optimizer (Fathy and Rezk, 2018).

Ye et al. (2020) introduced a modified metaheuristic technique
based on seagull optimization algorithm for optimal model pa-
rameter identification of a PEMFC stack. The optimized model was
then analyzed based on two practical PEMFC case studies and
final results were compared with some metaheuristics to show
the performance of the algorithm.

Ebrahimian et al. (2018) studied on a PEMFC model identifier
based on optimized neural network. The method was based on
Elman neural network. To decrease the error value and escaping
from the local minimum value for the error, a hybrid meta-
heuristic technique based on World Cup Optimization (WCO)
and Fluid Search Optimization (FSO) algorithms was adopted.
Final achievements showed the superiority of the method toward
the compared techniques. Due to the high complexity of the

PEMFCs, metaheuristic techniques give better results because of
their well ability to escape from the local minimum toward the
classic methods (Razmjooy et al., 2016; Razmjooy and Ramezani,
2014; Namadchian et al., 2016). The present study proposes a
new model estimation of a PEMFC, such that the parameters of
the model have been optimized based on a modified model of
Grass Fibrous Root Optimization Algorithm (MGRA). The main
contribution of the paper is as follows:

– Optimal method is used to minimize the total cost of a
50-kW PEMFC stack.

– Functional-economic model is used for mathematical mod-
eling.

– Minimization is applied based on a newly modified meta-
heuristic.

– The new metaheuristic is based on Grass Fibrous Root Opti-
mization Algorithm.

– Final results were compared with some other well-known
algorithms.

– To show system reliability, sensitivity analysis has been
applied to the system parameters.

2. The system overview

Fig. 1 shows the general arrangement of the proposed system.
The analyzed system is a 50 kW PEMFC stack that is popular in
different remote and portable applications such as remote power
plants, vehicles, space equipment, military usages, and combined
heat and power generation systems. Based on Fig. 1, after entering
air into the PEMFC stack, it moves to the compressor to in-
crease its pressure to send over humidifiers and then pumps and
electrical control devices. The main objective of PEMFC system
optimization in this study is to achieve optimal values for the
volume of air and hydrogen entering the system, system pressure
parameters, the operating temperature of the system as well as
the current flow density for the least possible cost to the system.

3. Mathematical modeling of the system

The key idea in the present research is minimizing the total
cost of the system containing investment cost (Cin) and operating
cost (Ct ) regards to the discount rate (Rd), i.e.

min C = Cin +

n∑
t=1

Ct

(1 + Rd)
t (1)

where, the investment cost for the PEMFC stack contains auxiliary
cost (Caux), the stack cost (Cstack), the fuel cost (Cfuel), and the
storage tank cost (Cst ), i.e.

Cin = Cst + Cstack + Cfuel + Caux (2)

The PEMFC stack contains several elements that effect on its total
cost. For example, bipolar surfaces, ion exchange membranes,
electrodes, gaskets, end plates, and screws.

By considering the assumption that all the input fuel has been
consumed, the fuel cost has been formulated by the following:

Cfuel = CH2 × Pstack × η−1
stack × HTV−1

2 (3)

where, CH2 represents the cost of each kilogram of H2, Pstack
describes the power of fuel cell, η stands for the stack efficiency,
and HTV−1

2 describes the hydrogen thermal value (kJ/kg). Fig. 2
shows the schematic of a PEMFC.

The total cost of the PEMFC stack based on (Grujicic and
Chittajallu, 2004) can be achieved by the following.

Cstack =

(
Cmo +

cPEM + cE + cBP + cPt + cAux
10 × Vt × i

)
(4)
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Fig. 1. The system arrangement in the present study.

where, Cstack is the total cost of the PEMFC ($/kW), Cmo describes
the stack montage cost ($/kW), cPEM stands for the PEMFC mem-
brane cost ($/m2), cE describes the electrode cost ($/m2), cBP
represents the bipolar plates cost ($/m2), cAux represents the aux-
iliaries cost ($/m2), Vt describes the terminal voltage of PEMFC
(v), i determines the cell density (A/m2), and cPt is the platinum
cost utilized in the membrane ($/m2) and is obtained as follows:

cPt = MCt × Ckg
pt (5)

where, Cg
pt represents the cost for each kilogram of platinum

($/kg) and MCt describes the utilized volume of the catalyst
(kg/m2).

The auxiliary cost for the system contains a part of the PEMFC
stack cost and the fuel storage cost. This portion includes the cost
of different auxiliary equipment such as humidifier, compressor,
electrical control equipment. Based on (Mahmoudi et al., 2019),
the auxiliary cost can be formulated by the following equation:

CAux = 0.51ηFC × (Cst + Cstack) (6)

The simulation is based on 90-months time period of power
generation without considering the production time of the PEMFC
stack (Mahmoudi et al., 2019), so this value is achieved as follows:

Cst = (1 + Ri)
t−1 Cin+3600×

(
1 − Rf

i fi

)t−1
×CH2 ×

t0 × cf × λH2

6480 × Vt × i
(7)

where, λH2 describes the hydrogen stoichiometric coefficient, t0
represents the functional lifetime of the fuel cell, and Ri and Rf

i
describe the inflation ratio and fuel inflation ratio, respectively,
and CH2 illustrate the saturation of H2 and is achieved as follows:

CH2 =
PH2

1.1 × 106 × e
−77
TFC (8)

And the system efficiency is obtained by the following equa-
tion (Tsuchiya and Kobayashi, 2004):

ηFC = −
Vt × µs

1.25 × Pstack
× (Pstack − Paux) (9)
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Fig. 2. The comprehensive model of a PEMFC.

where, µs stands for the inverse stoichiometric coefficient, Pstack
represents the stack power (w), and Paux describes the auxiliary
components power (w), and the given constant 1.25 in denomi-
nator of the Eq. (8) is an empirical value (Ahadi et al., 2014).

The fuel cell voltage can be modeled as follows (Corrêa et al.,
2004; Aouali et al., 2017):

Vt = Nnc ×
(
EN − Eops − EΩ − Eop

)
(10)

where, Nnc stands for the number of connected cells, EN deter-
mines the Nernst equation, Eops describes the over-potential sat-
uration, EΩ represents the Ohmic voltage drop, and Eop represents
the activation over-potential of each cell.

In the above equation, the Nernst relation of the PEMFC is
achieved by the following (Kandidayeni et al., 2019):

EN = 1.23 − 8.5 × 10−4 (TFC − 298.15) + 4.31 × 10−5

× TFC ×
[
ln
(
PH2

)
+ 0.5 × ln

(
PO2

)]
(11)

where,

PO2 = Rhc × PH2O

⎡⎢⎣ 1

Rhc×PH2O
Pc

× e
1.635IFC /A
T1.334 IFC

− 1

⎤⎥⎦ (12)

PH2 =
Rha × PH2O

2

⎡⎢⎣ 1

Rha×PH2O
Pa

× e
1.635IFC /A
T1.334 IFC

− 1

⎤⎥⎦ (13)

where, A stands for the active area of the membrane, IFC rep-
resents the operating current of the fuel cell, Pa and Pc deter-
mine the input partial pressures of anode and cathode, respec-
tively, PH, PO2 , and PH2O determine the partial pressure for H2,
O2 and H2O, respectively and Rha and Rhc determine electrodes
of anode and cathode, respectively. The saturation vapor pres-
sure for the PEMFC is defined by PH2O, and achieved by the
following (Tizhoosh, 2005):

log10
(
PH2O

)
= 0.0295 × (TFC − 273.15) − 2.18

− 9.18 × 10−5T 2
c + 1.4 × 10−7T 3

c (14)

where, TFC represents the operating cell temperature (◦C).

The voltage of over-potential saturation (Eops) is given in the
following (Ye et al., 2020):

Eops = −β × ln
(
Jmax −

J
Jmax

)
(15)

where, β stands for a parametric coefficient, and J and Jmax de-
scribe the standard and the maximum current densities, respec-
tively. The activation over-potential loss can be achieved as fol-
lows:

Eop = −
[
γ1 + γ2 × TFC + γ3 × TFC × ln

(
CO2

)
+ γ4 × TFC × ln (IFC )

]
(16)

where, CO2 describes the saturation of O2 in the catalytic interface
of the cathode (mol/cm3) and is achieved as follows:

CO2 =
PO2

5.1 × 106 × e
498
TFC (17)

where,

γ2 = 2.9 × 10−3
+ 2.1 × 10−4 ln (A) + 4.3 × 10−5 ln

(
CH2

)
(18)

The Ohmic voltage drop can be formulated as follows:

EΩ = IFC × (Rc + Rm) (19)

where, Rc describes the connection resistance and Rm is mem-
brane resistance and is achieved as follows:

Rm =
1
S

× ρm × l (20)

ρm =

181.6 ×

[
1 + 0.062

(
TFC
303

)2
×

(
IFC
S

)2.5
+ 0.03

(
IFC
S

)]
[
λ − 0.063 − 3

(
IFC
S

)]
× e

TFC−303
TFC

(21)

where, IFC describes the operating current of PEMFC (A), l stands
for the thickness of the membrane (cm2), S represents the surface
for membrane (cm2), βi describes the empirical coefficients, λ
determines the controlling parameter, ρm describes the resistivity
of the membrane. The optimal value for the parameters based
on (Ye et al., 2020) is as follows: β = 0.01, γ1 = −1.03, γ2 =

3.48e−3, γ3 = 7.79e−5, γ4 = −9.48e−5, Rc = 1.63e−4, and
λ = 15.04.

In addition to achieve the efficiency of the PEMFC stack, the
power of the auxiliary components should be also calculated. The
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Table 1
The system constraints.
Parameter Minimum Maximum

λair 1 3
λH2 1 3
Psys 0.13 0.50
i 0 1
T 60 90

additional power supply for the 50 kW power generation based
on (Na and Gou, 2007) is considered 5.2 kW.

Pcom = CP ×
Tin

ηmηmt

((
Psys
Pin

)0.26

− 1

)
× ṁ (22)

where, Tin describes the temperature for the input air (◦C), Pin is
the input pressures (atm), Psys represents the system pressures
(atm) and:

ṁ = 3.57e−7 × λair × i × A × N (23)

The fuel storage cost as another investment term can be consid-
ered as follows:

Cst =
Cs1

A × F × Vt
(24)

where, t stands the time for PEMFC efficiency (9 month/year), F
represents the Faraday constant, A describes area of the cell (m2),
and Cs is the storage cost per kilogram for hydrogen which is
defined by the hydrogen volume as follows:

Cs =

{ 5.244 $/kg for 27 000 kg
1.752 $/kg for 276 000 kg

1.044 $/kg for 27 600 000 kg
(25)

The system operating temperature is for protecting of both water
vapor and its high temperature and to protect the membrane
breaking. This is done by considering the high level as 90 ◦C and
low level as 60 ◦C. The other constraints for the optimization are
given in Table 1 (Na and Gou, 2007).

4. Improved grass fibrous root optimization algorithm

The parameter identification of a PEMFC is too important
for designing, monitoring, and manufacturing. In most cases, its
sensitive applications lead the researches to have more atten-
tion to this subject. Having more information about the PEMFC
parameters makes a significant help to analyze its efficiency
during the process. Yet, there are lots of different methods for
parameter identification of the PEMFCs that are categorized into
two classes, classic methods and metaheuristics. Classic meth-
ods are exact methods for solving the problems but they have
some significant drawbacks. For instance, they have high com-
putational cost such that they lose their performance in the
complicated and high-dimension problems. the classic methods
also sometimes stuck in the local optimum solution. In most
cases, the parameter estimation methods are based on iteration
to speed up the process for on-line applications. These reasons
lead the researcher to study on a kind of iterative random meth-
ods called metaheuristics to cover and resolve the mentioned
shortcomings. Metaheuristics are sort of optimization techniques
that usually inspired by the nature, for instance quantum inva-
sive weed optimization (QIWO) (Razmjooy and Ramezani, 2014),
Emperor Penguin Optimizer (EPO) (Dhiman and Kumar, 2018),
pigeon-inspired optimization algorithm (Cui et al., 2019), world
cup optimization (WCO) (Bandaghiri et al., 2016; Razmjooy et al.,
2017; Shahrezaee, 2017; Tian et al., 2020), states of matter search
(SMS) (Cuevas et al., 2018), and Grass Fibrous Root Optimization

Algorithm (GRA) (Akkar and Mahdi, 2017). The GRA is a new
metaheuristic technique that is introduced by Akkar and Mahdi
that Akkar and Mahdi (2017). This technique is an optimization
algorithm inspired by the grass plants regeneration, evolution,
and their fibrous root system. These plants are essentially sim-
ulated during two mechanisms including the underground stems
that is often performed underground by sending out roots and
shooting the nodes, called rhizomes and the second mechanism is
based on the stems that raise below the surface. The root has been
employed for local and the global exploration of the water and
other mineral resources. The mentioned mechanisms are adopted
to model the optimal searching of the GRA. In the following, the
mathematical model of GRA has been introduced.

4.1. Basic grass fibrous root optimization algorithm

The GRA is a population-based algorithm. The agents of this
algorithm are called grass swarms that are generated randomly
and uniformly in the search space initiated in seeding process
(pop). During optimization, the population is regenerated (PopNew)
bounded between PopLNew and PopHNew as lower and upper bounds.
By considering the best value (Gbest ) as follows:

Gbest = min (f (swarm)) (26)

where, f describes the mean square error (MSE) function.
The number of grasses (NGr ) is another term which is modeled

by stolons that are often deviated by the basic grass (NN
Gr ) contains

a step size less than PopHNew by the following:

NGr =

pop2 ×

(
avg (MSE)

avg (MSE) + min (MSE)

) (27)

where, min and avg describe the minimum value and the average
value, respectively.

The maximum value of the new produced grass branches
(0.5 × pop) gives minimum value of MSE. Another term for
modeling the algorithm is the new grass (pop − NGr − 1) which
is extracted randomly from the survived best grasses (Sde). New
extracted branch grasses by the Gbest by the following equation:

GrN = ones (NGr , 1) × Gbest + 2 × max
(
PopHNew

)
× (σ (NGr , 1) − 0.5) × Gbest (28)

where,

Sde = GrN + α × max
(
PopHNew

)
× (σ (pop − NGr − 1, 1)

−0.5) × PopHNew (29)

where, α is a fixed value equal to 2, ones (.) stands for the one’s
column vector, σ ∈ [0, 1] describes a random value, and GrN
describes the (pop − Gr − 1) highest MSE initial population.

And the new population is considered by the following:

PopRG = [Gbest; GrN ; Sde] (30)

The new regenerated population (PopRG) is calculated for achiev-
ing the minimum value of MSE grass. If new Gbest has better
results than its earlier iteration, it will be substituted by the best
new grass (solution), if not so, the absolute rate of decrease in
MSE should be calculated. In the event that the rate has less than
or equal to a predetermined tolerance value (ε), a global stack
(stackg ) has been increased until reach its maximum value. In this
situation, the next local search starts as follows:

M = min
i=1,...,pop

(MSE) (31)

bestmin = min
j=1,...,iter

(M) (32)⏐⏐⏐⏐mini=1,...,pop (MSE) − Gbest

mini=1,...,pop(MSE)

⏐⏐⏐⏐ ≤ ε (33)
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The term secondary roots can be determined by random numbers
with d number of hair roots. For updating the hair root location,

Gm
best (1, i) = Avg (Gbest) + Gbest (1, i) + C2 × (σ − 0.5) (34)

C = [C1, C2, . . . , C10] (35)

C2 = C × (1 + (∥σ × 10∥)) (36)
i = 1, 2, . . . , d, k = 1, 2, . . . , S

where, S describes the number of secondary generated roots, Gm
best

represents the modified local Gbest , C stands for the investigated
step size vector equation, and C2 is a random element of C .

If Gm
best has a value less than Gbest , it will be substituted by

it, else, MSE absolute rate of decreasing should be calculated. In
the event that the rate gives a value less than ε, then the local
stack counter (stackl) will add one plus, if stackl reached to the
maximum value of itself, the hair root loop should be stopped
and a new secondary root loop should be started.

4.2. Modified grass fibrous root optimization algorithm

Although the grass fibrous root optimization algorithm (GRA)
as one of the newest algorithms gives satisfying solution for the
optimization problems, it sometimes stuck in the local optimum.
This shortcoming gives a solution with premature convergence
for the problem. In the present research, two mechanisms have
been employed to resolve this shortcoming as it is possible.

Although, due to the random initialization of the grass plants,
GRA has high population diversity, during updating, the differ-
ence of grass population has been decreased that consequently
decrease the diversity of the algorithm that results a solution with
local optimum and premature convergence. To resolve this prob-
lem, mutation mechanism is added to the algorithm to resolve
the problem. This mechanism improves combines the advantages
of basic GRA and the evolutionary algorithm for increasing the
searching performance. By considering the diversity of GRA as
follows:

D =
1

n × L
×

n∑
j=1

√(
f (swarm)i − f (swarm)i

)2
(37)

where, L describes the length of the longest diagonal line in
the solution space and f (swarm)i represents the mean value of
f (swarm)i as the cost value of the ith individual.

The population will be kept in high diversity if D < Dlow . By
adopting the mutation coefficient to the algorithm, the updated
new extracted branch grasses can be considered as follows:

PopNew = PopNew + ϕ × σ × τ (38)

Gbest = Gbest + ϕ × σ × τ (39)

where, σ represents a stated parameter, τ ∼ N(0, 1), ϕ ≥ 10 ×

Dlow is defined to meet D < Dlow after adopting the mutation. In
this study, anti-cosine mechanism is applied to α to enhance the
self-learning ability of the Sde as follows:

α = Poplow +
(
1 + Pophigh − Poplow

)
×

⎛⎝1 − arccos

⎛⎝
(
−2 ×

Nit
Itmax

+ 1
)

π

⎞⎠⎞⎠× α (40)

where, Poplow and Pophigh describe the lower value and the higher
value of the population, respectively, Nit describes the number of
iterations and Itmax stands for the maximum iterations value.

Fig. 3 gives the diagram flowchart of the proposed MGRA.

Fig. 3. The diagram flowchart of the proposed MGRA.

4.3. Algorithm validation

After designing a metaheuristic, it should be validated by some
test functions to show its ability in optimization. In this study,
5 test functions including unimodal and multimodal functions
are adopted for analyzing the algorithm efficiency. After the an-
alyzing, it is also compared with some well-known algorithms
including Deer Hunting Optimization Algorithm (DHO) (Brammya
et al., 2019), Owl search algorithm (OSA) (Jain et al., 2018),
Chaotic fruit fly optimization algorithm (CFA) (Mitić et al., 2015),
Moth search algorithm (MSA) (Wang, 2018) to show its higher
efficiency. Table 2 illustrates the over-all information of the test
functions for validation. During the optimization, for all the al-
gorithms, the population size is considered 100, and the stopping
criteria is considered based on the maximum number of achieved
functions.

To show a comparison among the algorithms, different values
including ‘‘Median’’ as the median value of the test function,
‘‘std’’ as the standard deviation, and ‘‘minimum’’ and ‘‘maximum’’
as the minimum and maximum cost values for the algorithms,
respectively have been employed.
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Table 2
Over-all information of the employed test functions for validation.
Model Function Formulation Optimal

Unimodal Rotated high conditioned elliptic F1 (x) = f1 (M (x − o1)) + F∗

1 100
Rotated Bent Cigar F2(x) = f2 (M (x − o2)) + F∗

2 200
Rotated discuss F3 (x) = f3 (M (x − o3)) + F∗

3 300

Multimodal Shifted and rotated Rosenbrock F4 (x) = f4
[
M
[

2.048(x−o4)
100

]
+ 1

]
+ F∗

4 400

Shifted and rotated Ackley F5 (x) = f5 (M (x − o5)) + F∗

5 500

Table 3
Comparative results of the algorithms.

MGRA DHO (Brammya et al., 2019) OSA (Jain et al., 2018) CFA (Mitić et al., 2015) MSA (Wang, 2018)

F1 Maximum 4.85E+06 6.85E+07 6.74E+06 5.82E+06 7.42E+05
Minimum 3.56E+05 9.16E+06 8.25E+05 1.42E+05 5.31E+04
Median 3.61E+05 1.34E+07 2.35E+06 4.75E+05 3.41E+05
std 1.93E+06 4.16E+07 5.80E+05 2.16E+05 1.62E+05

F2 Maximum 3.14E+03 8.64E+06 4.37E+04 6.19E+03 1.58E+03
Minimum 15.40E+02 3.62E+06 6.24E+03 3.53E+02 2.58E+02
Median 10.53E+02 5.37E+06 2.83E+04 5.28E+02 2.41E+02
std 2.48E+02 2.59E+06 7.34E+03 7.11E+02 2.53E+02

F3 Maximum 6.85E+03 6.13E+04 5.92E+04 12.3E+03 1.35E+03
Minimum 1.27E+03 1.99E+02 6.17E+03 4.73E+03 2.83E+02
Median 4.64E+03 5.61E+03 4.51E+03 8.19E+03 3.57E+02
std 5.17E+02 1.94E+04 4.13E+03 2.57E+04 1.48E+02

F4 Maximum 8.36E+01 6.22E+02 7.54E+02 4.28E+02 1.85E+02
Minimum 5.80E+01 4.31E+02 4.19E+02 1.14E+02 2.23E+02
Median 6.29E+01 5.15E+02 6.64E+02 5.37E+02 2.14E+02
std 5.13 3.43E+01 4.83E+01 2.76E+01 3.19E+01

F5 Maximum 4.83E+01 4.89E+02 7.04E+02 6.39E+02 5.20E+02
Minimum 4.65E+01 3.16E+02 2.45E+02 3.85E+02 5.20E+02
Median 4.67E+01 3.95E+02 4.55E+02 4.46E+02 5.20E+02
std 3.97E−04 5.17E−04 3.99E−03 4.18E−04 7.72E−05

As can be observed from Table 3, the minimum value for all
five functions based on the suggested MGRA is the least. This
indicates that the proposed algorithm has the highest precision
with the minimum error among the compared methods. the other
important index in Table 3 is that the standard deviation of the
MGRA is the minimum. So, the proposed method has the highest
robustness among the compared methods.

5. Simulation results

5.1. Optimal parameters calculation

The main objective is to minimize the fuel cell fabrication cost
based on a new metaheuristic, called modified grass fibrous root
optimization algorithm. Indeed, the optimization process is based
on finding optimal parameter values for the PEMFC. The step wise
procedure for the method is as follows:

– Start procedure
– min C = Cin +

∑n
t=1

Ct
(1+Rd)t

– Determine the optimal values for λair , λH2 , Psys, i, T
– Return the solution

It is clear that the optimum operating temperature for the sys-
tem is 75.6 ◦C, the optimum system pressure is 0.52 MPa, the
optimum current density is about 0.57 mA/cm2, and the optimal
stoichiometry coefficients for air and hydrogen are 1.53 and 1.32,
respectively. The results of the modified GRA have been also
compared with basic GRA, OSA, and CFA to show its efficiency
toward them (see Table 4).

The optimal cost for the proposed MGRA, basic GRA, OSA (Li
et al., 2020), and CFA (Qin et al., 2018) are estimated at 0.0524
$/kWh, 0.0648 $/kWh, 0.1011 $/kWh, and 0.1017 $/kWh. Fig. 4
shows the total cost of system for the compared algorithms. The

Table 4
Optimal parameter selection for PEMFC based on four selected algorithms.
Algorithm Parameter

λair λH2 Psys T i

MGRA 1.53 1.32 0.52 75.6 0.57
GRA 1.45 1.26 0.44 74.1 0.60
OSA 1.12 1.05 0.14 74.2 0.33
CFA 1.35 1.18 0.38 68.5 0.55

results show that by increasing the number of iterations, the
objective function moves to the minimum possible value.

To give more precise analysis of the method, sensitivity analy-
sis has been adopted for the system. Here, variables are changed
in each analysis, whereas, the other values get their optimal
values that are obtained from MGRA.

5.2. The impact of pressure changes on the cell construction cost

Fig. 5 shows the effect of the system pressure variation on
total cost. As can be seen, by enhancing the input system pres-
sure, the total cost has been decreased, but growing the system
pressure because of the physical and mechanical structure of
the electrodes and the membrane, as well as the bipolar plates,
is impossible which is because of the reason that membrane
contains an ion exchange fuel which is too thin and over-pressed
to break it.

By increasing the pressure, the linkages between the catalyst
and the gas diffusion plates is eliminated, whereas the surfaces
of gas diffusion commonly contain paper carbon or carbon coat-
ings that are highly corrosive to the structure. Consequently,
understanding the arrangement of its elements is tailored.
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Fig. 4. The total cost of system for the compared algorithms.

Fig. 5. The effect of the system pressure variation on total cost.

Fig. 6. The effect of the system temperature variation on total cost.

5.3. The effect of temperature variations on the total cost

In this subsection, we consider variant values for the operating
temperature, while the other parameters of the fuel cell are fixed
in their optimal values. As can be observed from Fig. 6, the total
cost of the system has been reduced by temperature increasing.
It is important to note that the heat resistance for the Nafion
as a fuel cell membrane is a restrictive factor for the extremely
high operating temperature. Also, the best time to move protons
through the membrane is when the water is transferred in the
two phases of the heater and operating fluid. During increasing
the peak operating temperature value, the only water phase in
the PEMFC is the steam phase that affects the hydrogen exchange
which makes a significant decreasing in the system efficiency.
This reason makes that in 75.6 ◦C, the passing water though the
water is completely biphasic.

Fig. 7. The effect of the system current density variation on total cost.

5.4. The impact of current density on the cell construction cost

Fig. 7 shows the effect of the system current density variation
on total cost. As can be seen, because of the relationships in
the model, the current density cannot be directly modified. But
the results show that current density enhancement increases the
cost of total system which is due to most significant ways to
enhance the porosity of the porous membrane–catalyst–porous
membrane current to do with relatively efficient methods during
the membrane electrode assembly fabrication.

5.5. The effect of stoichiometric coefficients of air and hydrogen on
the cell construction cost

Fig. 8 shows the effect of the system stoichiometric coeffi-
cients of air and hydrogen on total cost. As can be observed from
the results, the total cost has been grown if the stoichiometry
value has been increased. The stoichiometric ratio variations of
the air have less impact than the hydrogen on the total cost. Thus,
this ratio can be grown to get the best values of parameters with
this restriction that due to increasing this ratio directly related to
the input air to the compressor increasing, while the compressor
power is a limiting factor for the total cost reduction.

Fig. 9 shows the effect of the system efficiency on the total
cost. As can be observed, by enhancing the fuel cell system
performance, its total cost is reduced.

6. Conclusions

This paper proposed an optimal method to minimize the total
cost of a 50-kW polymer membrane fuel cell (PEMFC) stack and
its auxiliaries like humidifiers and compressors. The model of the
analyzed system was a functional-economic model such that all
its elements are economically modeled. For solving the minimiza-
tion problem, a newly modified version of Grass Fibrous Root
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Fig. 8. The effect of the system stoichiometric coefficients of air and hydrogen on total cost.

Fig. 9. The effect of the system efficiency on the total cost.

Optimization Algorithm (MGRA) was introduced. After designing
the system, the optimal results were compared with some other
well-known algorithms including OSA, CFA, and the basic GRA.
The minimum value was achieved by the proposed MGRA with
0.0524 $/kWh. Sensitivity analysis was then implemented on
the proposed method by changing the parameters to show the
reliability of the system against different variations. Final results
showed the ability of the proposed methodology toward different
variations.

CRediT authorship contribution statement

Haibing Guo: Investigation, Methodology, Writing. Hai Tao:
Conceptualization, Data curation, Writing - original draft, Writing
- review & editing. Sinan Q. Salih: Conceptualization, Data cura-
tion, Writing - original draft, Writing - review & editing. Zaher
Mundher Yaseen: Conceptualization, Data curation, Writing -
original draft, Writing - review & editing.

Declaration of competing interest

The authors declare that they have no known competing finan-
cial interests or personal relationships that could have appeared
to influence the work reported in this paper.

Acknowledgment

Key Research and Development Program in Shaanxi Province
(2020GY-078).

References

Aghajani, G., Ghadimi, N., 2018. Multi-objective energy management in a
micro-grid. Energy Rep. 4, 218–225.

Ahadi, A., Ghadimi, N., Mirabbasi, D., 2014. Reliability assessment for components
of large scale photovoltaic systems. J. Power Sources 264, 211–219.

Akbary, P., Ghiasi, M., Pourkheranjani, M.R.R., Alipour, H., Ghadimi, N., 2019.
Extracting appropriate nodal marginal prices for all types of committed
reserve. Comput. Econ. 53 (1), 1–26.

Akkar, H.A., Mahdi, F.R., 2017. Grass fibrous root optimization algorithm. Int. J.
Intell. Syst. Appl. 11 (6), 15.

Aouali, F.Z., Becherif, M., Ramadan, H.S., Emziane, M., Khellaf, A., Mohammedi, K.,
2017. Analytical modelling and experimental validation of proton exchange
membrane electrolyser for hydrogen production. Int. J. Hydrogen Energy 42
(2), 1366–1374.

Bagal, Hamid Asadi, et al., 2018. Risk-assessment of photovoltaic-wind-battery-
grid based large industrial consumer using information gap decision theory.
Sol. Energy 169, 343–352.

Bandaghiri, P.S., Moradi, N., Tehrani, S.S., 2016. Optimal tuning of PID controller
parameters for speed control of DC motor based on world cup optimization
algorithm. Parameters 1, 2.

Bejan, A., 2020. AI and freedom for evolution in energy science. Energy AI
100001.

Bernardi, D.M., Verbrugge, M.W., 1992. A mathematical model of the
solid-polymer-electrolyte fuel cell. J. Electrochem. Soc. 139 (9), 2477–2491.

Brammya, G., Praveena, S., Ninu Preetha, N., Ramya, R., Rajakumar, B.,
Binu, D., 2019. Deer hunting optimization algorithm: A new nature-inspired
meta-heuristic paradigm. Comput. J..

Cao, Y., Wu, Y., Fu, L., Jermsittiparsert, K., Razmjooy, N., 2019. Multi-objective
optimization of a PEMFC based CCHP system by meta-heuristics. Energy Rep.
5, 1551–1559.

Corrêa, J.M., Farret, F.A., Canha, L.N., Simoes, M.G., 2004. An electrochemical-
based fuel-cell model suitable for electrical engineering automation
approach. IEEE Trans. Ind. Electron. 51 (5), 1103–1112.

Cuevas, E., Reyna-Orta, A., Díaz-Cortes, M.-A., 2018. A multimodal optimization
algorithm inspired by the states of matter. Neural Process. Lett. 48 (1),
517–556.

Cui, Z., et al., 2019. A pigeon-inspired optimization algorithm for many-objective
optimization problems. Sci. China Inf. Sci. 62, 070212.

Dhiman, G., Kumar, V., 2018. Emperor penguin optimizer: A bio-inspired
algorithm for engineering problems. Knowl.-Based Syst. 159, 20–50.

Ebrahimian, H., Barmayoon, S., Mohammadi, M., Ghadimi, N., 2018. The price
prediction for the energy market based on a new method. Econ. Res.-Ekon.
Istraž. 31 (1), 313–337.

El-Fergany, A.A., Hasanien, H.M., Agwa, A.M., 2019. Semi-empirical PEM fuel cells
model using whale optimization algorithm. Energy Convers. Manage. 201,
112197.

Eslami, Mahdiyeh, et al., 2019. A new formulation to reduce the number of
variables and constraints to expedite SCUC in bulky power systems. Proc.
Nat. Acad. Sci. India Sect. A 89 (2), 311–321.

Fan, X., Sun, H., Yuan, Z., Li, Z., Shi, R., Razmjooy, N., 2020. Multi-objective
optimization for the proper selection of the best heat pump technology in
a fuel cell-heat pump micro-CHP system. Energy Rep. 6, 325–335.

Fathy, A., Rezk, H., 2018. Multi-verse optimizer for identifying the optimal
parameters of PEMFC model. Energy 143, 634–644.

http://refhub.elsevier.com/S2352-4847(20)30344-9/sb1
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb1
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb1
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb2
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb2
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb2
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb3
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb3
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb3
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb3
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb3
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb4
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb4
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb4
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb5
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb5
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb5
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb5
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb5
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb5
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb5
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb6
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb6
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb6
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb6
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb6
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb7
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb7
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb7
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb7
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb7
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb8
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb8
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb8
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb9
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb9
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb9
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb10
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb10
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb10
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb10
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb10
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb11
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb11
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb11
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb11
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb11
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb12
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb12
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb12
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb12
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb12
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb13
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb13
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb13
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb13
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb13
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb14
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb14
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb14
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb15
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb15
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb15
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb16
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb16
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb16
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb16
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb16
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb17
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb17
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb17
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb17
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb17
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb18
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb18
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb18
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb18
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb18
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb19
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb19
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb19
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb19
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb19
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb20
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb20
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb20


H. Guo, H. Tao, S.Q. Salih et al. / Energy Reports 6 (2020) 1510–1519 1519

Firouz, Mansour Hosseini, Ghadimi, Noradin, 2016. Concordant controllers based
on FACTS and FPSS for solving wide-area in multi-machine power system. J.
Intell. Fuzzy Systems 30 (2), 845–859.

Gheydi, Milad, Nouri, Alireza, Ghadimi, Noradin, 2016. Planning in microgrids
with conservation of voltage reduction. IEEE Syst. J. 12 (3), 2782–2790.

Gollou, A.R., Ghadimi, N., 2017. A new feature selection and hybrid forecast
engine for day-ahead price forecasting of electricity markets. J. Intell. Fuzzy
Systems 32 (6), 4031–4045.

Gong, W., razmjooy, N., 2020. A new optimization algorithm based on OCM and
PCM solution through energy reserve. Int. J. Ambient Energy (just-accepted),
1–47.

Grujicic, M., Chittajallu, K., 2004. Design and optimization of polymer electrolyte
membrane (PEM) fuel cells. Appl. Surf. Sci. 227 (1–4), 56–72.

Hamian, M., Darvishan, A., Hosseinzadeh, M., Lariche, M.J., Ghadimi, N., Nouri, A.,
2018. A framework to expedite joint energy-reserve payment cost mini-
mization using a custom-designed method based on Mixed Integer Genetic
Algorithm. Eng. Appl. Artif. Intell. 72, 203–212.

Hosseini Firouz, M., Ghadimi, N., 2016. Optimal preventive maintenance policy
for electric power distribution systems based on the fuzzy AHP methods.
Complexity 21 (6), 70–88.

Jain, M., Maurya, S., Rani, A., Singh, V., 2018. Owl search algorithm: a novel
nature-inspired heuristic paradigm for global optimization. J. Intell. Fuzzy
Systems 34 (3), 1573–1582.

Kandidayeni, M., Macias, A., Khalatbarisoltani, A., Boulon, L., Kelouwani, S., 2019.
Benchmark of proton exchange membrane fuel cell parameters extraction
with metaheuristic optimization algorithms. Energy.

Khan, S.S., Rafiq, M.A., Shareef, H., Sultan, M.K., 2018. Parameter optimization of
PEMFC model using backtracking search algorithm. In: 2018 5th International
Conference on Renewable Energy: Generation and Applications (ICREGA).
IEEE, pp. 323–326.

Khodaei, H., Hajiali, M., Darvishan, A., Sepehr, M., Ghadimi, N., 2018. Fuzzy-based
heat and power hub models for cost-emission operation of an industrial
consumer using compromise programming. Appl. Therm. Eng. 137, 395–405.

Leng, H., Li, X., Zhu, J., Tang, H., Zhang, Z., Ghadimi, N., 2018. A new wind power
prediction method based on ridgelet transforms, hybrid feature selection and
closed-loop forecasting. Adv. Eng. Inform. 36, 20–30.

Li, D., Deng, L., Su, Q., Song, Y., 2020. Providing a guaranteed power for the BTS
in telecom tower based on improved balanced owl search algorithm. Energy
Rep. 6, 297–307.

Liu, Y., Wang, W., Ghadimi, N., 2017. Electricity load forecasting by an improved
forecast engine for building level consumers. Energy 139, 18–30.

Mahmoudi, S., Sarabchi, N., Yari, M., Rosen, M.A., 2019. Exergy and exergoeco-
nomic analyses of a combined power producing system including a proton
exchange membrane fuel cell and an organic rankine cycle. Sustainability 11
(12), 1–25.

Mir, M., Dayyani, M., Sutikno, T., Mohammadi Zanjireh, M., Razmjooy, N., 2020.
Employing a Gaussian particle swarm optimization method for tuning multi
input multi output-fuzzy system as an integrated controller of a micro-grid
with stability analysis. Comput. Intell. 36 (1), 225–258.

Mitić, M., Vuković, N., Petrović, M., Miljković, Z., 2015. Chaotic fruit fly
optimization algorithm. Knowl.-Based Syst. 89, 446–458.

Na, W., Gou, B., 2007. The efficient and economic design of PEM fuel cell systems
by multi-objective optimization. J. Power Sources 166 (2), 411–418.

Namadchian, A., Ramezani, M., Razmjooy, N., 2016. A new meta-heuristic algo-
rithm for optimization based on variance reduction of guassian distribution.
Majlesi J. Electr. Eng. 10 (4), 49.

Qin, Y., Sun, L., Hua, Q., 2018. Environmental health oriented optimal tem-
perature control for refrigeration systems based on a fruit fly intelligent
algorithm. Int. J. Environ. Res. Public Health 15 (12), 2865.

Razmjooy, N., Khalilpour, M., Ramezani, M., 2016. A new meta-heuristic opti-
mization algorithm inspired by FIFA world cup competitions: Theory and its
application in PID designing for AVR system. J. Control Autom. Electron. Syst.
27 (4), 419–440.

Razmjooy, N., Madadi, A., Ramezani, M., 2017. Robust control of power system
stabilizer using world cup optimization algorithm. Int. J. Inf. Secur. Syst.
Manage. 5 (1), 7.

Razmjooy, N., Ramezani, M., 2014. An improved quantum evolutionary algorithm
based on invasive weed optimization. Indian J. Sci. Res. 4 (2), 413–422.

Saeedi, Mohammadhossein, et al., 2019. Robust optimization based optimal
chiller loading under cooling demand uncertainty. Appl. Therm. Eng. 148,
1081–1091.

Shahrezaee, M., 2017. Image segmentation based on world cup optimization
algorithm. Majlesi J. Electr. Eng. 11 (2).

Tian, M.-W., Yan, S.-R., Han, S.-Z., Nojavan, S., Jermsittiparsert, K., Razmjooy, N.,
2020. New optimal design for a hybrid solar chimney, solid oxide electrolysis
and fuel cell based on improved deer hunting optimization algorithm. J.
Cleaner Prod. 249, 119414.

Tizhoosh, H.R., 2005. Opposition-based learning: a new scheme for machine
intelligence. In: International Conference on Computational Intelligence for
Modelling, Control and Automation and International Conference on Intelli-
gent Agents, Web Technologies and Internet Commerce (CIMCA-IAWTIC’06),
Vol. 1. IEEE, pp. 695–701.

Tsuchiya, H., Kobayashi, O., 2004. Mass production cost of PEM fuel cell by
learning curve. Int. J. Hydrogen Energy 29 (10), 985–990.

Wang, G.-G., 2018. Moth search algorithm: a bio-inspired metaheuristic
algorithm for global optimization problems. Memet. Comput. 10 (2),
151–164.

Wang, B., Wu, K., Yang, Z., Jiao, K., 2018. A quasi-2D transient model of proton
exchange membrane fuel cell with anode recirculation. Energy Convers.
Manage. 171, 1463–1475.

Ye, Haixiong, et al., 2020. High step-up interleaved dc/dc converter with high
efficiency. Energy Sources A 1–20.

Yin, Z., Razmjooy, N., 2020. Pemfc identification using deep learning developed
by improved deer hunting optimization algorithm. Int. J. Power Energy Syst.
40 (2).

Yu, Dongmin, Ghadimi, Noradin, 2019. Reliability constraint stochastic UC by
considering the correlation of random variables with Copula theory. IET
Renew. Power Gener. 13 (14), 2587–2593.

Zhi, Y., Weiqing, W., Haiyun, W., Khodaei, H., 2019. Improved butterfly
optimization algorithm for CCHP driven by PEMFC. Appl. Therm. Eng. 114766.

Zhou, X., et al., 2020. Effects of surface wettability on two-phase flow in the
compressed gas diffusion layer microstructures. Int. J. Heat Mass Transfer
151, 119370.

http://refhub.elsevier.com/S2352-4847(20)30344-9/sb21
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb21
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb21
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb21
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb21
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb22
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb22
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb22
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb23
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb23
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb23
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb23
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb23
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb24
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb24
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb24
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb24
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb24
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb25
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb25
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb25
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb26
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb26
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb26
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb26
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb26
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb26
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb26
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb27
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb27
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb27
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb27
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb27
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb28
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb28
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb28
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb28
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb28
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb29
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb29
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb29
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb29
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb29
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb30
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb30
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb30
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb30
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb30
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb30
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb30
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb31
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb31
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb31
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb31
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb31
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb32
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb32
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb32
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb32
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb32
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb33
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb33
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb33
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb33
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb33
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb34
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb34
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb34
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb35
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb35
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb35
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb35
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb35
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb35
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb35
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb36
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb36
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb36
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb36
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb36
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb36
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb36
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb37
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb37
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb37
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb38
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb38
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb38
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb39
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb39
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb39
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb39
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb39
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb40
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb40
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb40
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb40
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb40
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb41
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb41
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb41
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb41
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb41
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb41
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb41
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb42
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb42
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb42
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb42
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb42
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb43
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb43
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb43
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb44
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb44
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb44
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb44
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb44
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb45
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb45
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb45
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb46
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb46
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb46
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb46
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb46
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb46
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb46
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb47
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb47
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb47
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb47
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb47
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb47
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb47
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb47
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb47
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb48
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb48
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb48
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb49
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb49
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb49
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb49
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb49
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb50
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb50
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb50
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb50
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb50
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb51
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb51
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb51
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb52
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb52
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb52
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb52
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb52
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb53
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb53
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb53
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb53
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb53
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb54
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb54
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb54
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb55
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb55
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb55
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb55
http://refhub.elsevier.com/S2352-4847(20)30344-9/sb55

	Optimized parameter estimation of a PEMFC model based on improved Grass Fibrous Root Optimization Algorithm
	Introduction
	The system overview
	Mathematical modeling of the system
	Improved grass fibrous root optimization algorithm
	Basic grass fibrous root optimization algorithm
	Modified grass fibrous root optimization algorithm
	Algorithm validation

	Simulation results
	Optimal parameters calculation
	The impact of pressure changes on the cell construction cost
	The effect of temperature variations on the total cost
	The impact of current density on the cell construction cost
	The effect of stoichiometric coefficients of air and hydrogen on the cell construction cost

	Conclusions
	CRediT authorship contribution statement
	Declaration of competing interest
	Acknowledgment
	References


