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Nomenclature Vinea Measured voltage
Veal Calculated voltage
H, Hydrogen t The number of iterations
H* Positive proton N Population size
e Negative electron wt Weight vector of individual i
0O, Oxygen W Optimal weight vector
Hy0 Water Xt Population
Enernst Cell reversible voltage xt Position of individual i
Vact Activation voltage loss g The current optimal solution
Vohm Ohmic volt.age loss vt Trail vector of individual i
Veon Concentration voltage loss Xt Local elite archive
n The number of cells X Global elite archive
¥5ta°k gutput. voltaie Pep Selection probability
T Cpeutng ol cpernons o Scionpobabily
H, . P ydrog Tinax The maximum number of iterations
Po, Partla'll pressure of oxygen PEMFC Proton exchange membrane fuel cell
Rpa Relative humidity of vapour at the anode PEMFCs Proton exchange membrane fuel cells
R Relative humidity of vapour at the cathode FC Fuel cell
Pu,0 Saturation pressure of the water FCs Fuel cells
P, Inlet pressure at the anode NFL No free lunch
P, Inlet pressure at the cathode NNA Neural network algorithm
A Membr.ane area WOA Whale optimization algorithm
I Operating c.urrent SOA Seagull optimization algorithm
Co, Conc.e.ntratlon (.)f'oxygen TSO Transient search algorithm
< Empirical coefflc1ent BSA Backtracking search algorithm
Rn, Membrape re51s.tance TSA Tunicate swarm algorithm
R. Connections resistance JAYA Jaya algorithm
t Thi?kr}e.ss of the membrane STOA  Sooty tern optimization algorithm
DPm Resistivity of the membrane SCA Sine cosine algorithm
14 Parametric coefﬁcie.nt MLNNA Multiple learning neural network algorithm
J Actual current density
Jimax Maximum current density

1. Introduction

Under the background of the aggravation of urban air pollution,
more and more researchers focus on generating efficient and green
electricity through alternative energy resources. The fuel cell is
regarded as one of the promising alternative energy resources [1-3].
Energy resources driven by fuel cells (FCs) are clean and efficient and
produce electricity based on a series of electro—chemical reactions
[4-6]. A FC system usually consists of three major components, which
are cathode, anode, and electrolyte [7-9]. According to the electrolyte
material, FCs can be divided into many types, such as alkaline FCs,
proton exchange membrane FCs, phosphoric acid FCs, and solid oxide
FCs [10]. Note that, among the various types of FCs, proton exchange
membrane fuel cell (PEMFC) has received increasing attention due to
the following three advantages: (1) PEMFC can generate electricity
directly based on the reactions between hydrogen and oxygen, which
doesn't produce harmful emissions [4]; (2) PEMFC usually operates in
low-temperature environments, which is suitable for portable energy
utilities [11]; (3) PEMFC has high energy efficiency and can produce
power of high densities, which is appropriate for automotive utilities
[12].

However, PEMFC also faces two challenges. On one hand, the
catalyst in the electro—chemical reactions is expensive, which will
increase its cost and harms its commercial competitiveness [13]. On
the other hand, its output voltage is unregulated due to the operating
losses, which include activation losses, ohmic losses, and concentra-
tion losses. This reflects the following three aspects [14-16]: (1)

activation losses lead to the high decay of output voltage; (2) ohmic
losses cause the decrease linearly of output voltage; (3) concentration
losses can result in the decrease rapidly of the output voltage at higher
loads. Given the two challenges, modelling PEMFC characteristics
based on some nonlinear differential equations plays a vital role in the
design, simulation, evaluation, analysis, and development of
high-efficiency PEMFC systems [4,17].

At present, many modelling approaches for PEMFC have been pro-
posed, such as mechanistic models [18], empirical models [19], and
semi-empirical models [20]. Among the reported PEMFC models,
mathematical modelling derived from semi-empirical equations devel-
oped by Mann et al. [21-23] is very popular and has been widely used for
forecasting the polarization characteristics of PEMFC under various
operating conditions. Although Mann's PEMFC model is very popular,
several empirical parameters in the differential evolutions of this model
are unknown. To achieve a precise PEMFC model, it is necessary to
accurately estimate these unknown parameters.

Metaheuristic methods have three remarkable advantages
compared with traditional numerical methods, which are population-
based optimization technique, randomness, and insensitivity to the
initial solutions. Benefiting from the three advantages, using meta-
heuristic methods to estimate the unknown parameters of PEMFC
models has been a hot research topic in recent years. Hegazy et al. [8]
adopted the bald eagle search algorithm to estimate the parameters of
the BCS 500 W PEMFC model and NedStack PS6 PEMFC model. Xu
et al. [24] designed a hybrid optimization method based on Jaya al-
gorithm and Nelder-Mead simplex approach for three PEMEFCs
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estimation cases including two with seven unknown parameters and
one with nine unknown parameters. Sultan et al. [25] identified the
parameters of four types of PEMFC models including 250 W stack
PEMFC model, BCS 500 W PEMFC model, AVISTA SR-12 500 W
PEMFC model, and Temasek 1000 W stack PEMFC model by the
improved salp swarm algorithm. Rizk et al. [26] utilized an improved
artificial ecosystem optimizer to identify the parameters of three types
of PEMFCs, i.e. BCS 500 W PEMFC model, 250 W stack PEMFC model,
and the NedStack PS6 PEMFC model. Duan et al. [27] employed a
stain bowerbird optimizer to identify the parameters of four PEMFC
models, i.e. Ballard V 5,000 W PEMFC model, SR-12 500 W PEMFC
model, BCS 500 W PEMFC model, and Temasek 1000 W stack PEMFC
model. Lu et al. [28] extracted the parameters of the NedStack PS6
PEMFC model and the Nexa PEMFC model by an improved crow
search algorithm. The parameters of the BCS 500 W PEMFC model,
500 W SR-12 PEMFC model, and 250 W stack PEMFC model were
estimated by atom search optimizer and harris hawks optimization in
[29]. The parameters of the Ballard Mark V PEMFC model, Horizon
H-12 PEMFC model, and the NedStack PS6 PEMFC model were
computed by an adaptive sparrow search algorithm in [30]. The pa-
rameters of the 250 MW stack PEMFC model and the NedStack PS6
PEMFC model were evaluated by a modified monarch butterfly opti-
mization in [31]. Diab et al. [32] estimated the parameters of the 250
W stack PEMFC model, SR-12 500 W PEMFC model, and 250 W stack
PEMFC model, by marine predators algorithm and political optimizer.
Seleem et al. [33] used an equilibrium optimizer to extract the pa-
rameters of the NedStack PS6 PEMFC model. Parameters extraction of
Ballard Mark V PEMFC model, AVISTA SR-12 PEMFC model, and 250
W stack PEMFC model was addressed by whale optimization algorithm
in [22]. Yang et al. [34] proposed an improved barnacles mating
optimization algorithm to identify the parameters of the Horizon 500
W PEMFC model and NedStack PS6 PEMFC model. Although many
achievements have been made in the field of parameter extraction of
PEMFCs, more research is still necessary due to the following reasons:

1) Parameter precision. Parameter precision is closely associated with
the quality of modelling PEMFCs. Improving the estimation accuracy
of the unknown parameters is an extremely effective way of achieving
highly accurate PEMFC models;

No-free-lunch (NFL) theorem [35-37]. In general, it is a common
approach that parameter estimation of the PEMFC model is converted
into an optimization problem to be solved. According to the basic idea
of the NFL theorem, an optimization algorithm can't beat the other
optimization algorithms on all optimization problems. Therefore,
developing more efficient optimization algorithms to extract the pa-
rameters of PEMFC models with different characteristics has been a
hot research direction.

2

—

Motivated by the mentioned two reasons, a new variant of neural
network algorithm (NNA) [38], namely multiple learning neural
network algorithm (MLNNA), is presented for parameter extraction of
PEMFC models. NNA is inspired by artificial neural networks and has a
very simple structure, which employs bias operator and transfer
operator to balance its global search ability and local search ability.
The bias operator plays a similar role to the bias current. The transfer
operator is to pull one individual toward the direction of the current
optimal solution. In view of the unique structure of the artificial neural
network, NNA shows outstanding global search ability. In addition,
NNA needs two parameters including population size and terminal
condition. Further, the two parameters are required for every
population-based optimization algorithm. However, NNA has a slow
convergence rate and tends to trap into the local optimal solutions for
complex nonlinear optimization problems. To enhance the global
search ability of NNA, two elite archives are introduced. On one hand,
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a local elite archive used to save historical best solutions of each in-
dividual is built, which is employed to guide bias operator and transfer
operator. On the other hand, a global elite archive used to save his-
torical elite solutions of the population is created, whose task is to
guide the transfer operator. In addition, to enhance the global search
ability and keep the population diversity of MLNNA, six candidate
learning strategies based on the introduced two elite archives are
designed for bias operator and transfer operator in the proposed
MLNNA. The main contributions of this work are stated below:

1) MLNNA is presented for parameter identification of PEMFC models.
MLNNA only requires the essential parameters, i.e. population size
and terminal condition, for optimization. Thus, it is very easy for
MLNNA to be applied to different types of PEMFC models;

2) Local elite archive and global elite archive are introduced to guide the
search directions of bias operator and transfer operator, respectively;

3) The optimization performance of MLNNA is investigated by the well-
known CEC 2015 test suite consisting of 15 challenging benchmark
test functions;

4) MLNNA is employed for parameter estimation of two different types
of PEMFC models, i.e. the BCS 500 W PEMFC model and the NedStack
PS6 PEMFC model.

The rest of this work is organized as follows. Section 2 introduces the
problem formulation of the PEMFC model. Section 3 presents the pro-
posed MLNNA. Section 4 checks the performance of MLNNA for nu-
merical problems. The performance of MLNNA for parameter extraction
of PEMFC models is evaluated in Section 5. Section 6 discusses how
effective the improved strategies are in MLNNA. Lastly, Section 7 pre-
sents the conclusions and further work.

2. Problem statement

This section is to describe the PEMFC model, which includes three
subsections. Section 2.1 presents the chemical reaction of hydrogen and
oxygen. Section 2.2 derives the mathematical formulation of the PEMFC
model. The objective function of the PEMFC model is formulated in
Section 2.3.

2.1. Basic knowledge

As mentioned above, the basic principle of the PEMFC is that the
chemical energy is converted into the electrical power by the chemical
reaction between hydrogen and oxygen. The expression of the chemical
reaction can be written by [11,39].

H, - 2H" +2¢™ [€))

1
2H" +2¢ + EOZ — H,0 + heat + electricity 2)

where H, is hydrogen, H is a positive proton, e~ is a negative electron,
O, is oxygen, and H,O is water. From Eq. (1) and Eq. (2), hydrogen and
oxygen are the fuel; water and electricity are the products. In addition,
this reaction also generates some heat.

Fig. 1 demonstrates the schematic of the proton exchange membrane
fuel cell. According to Fig. 1, the hydrogen is first divided into positive
protons and negative electrons by the platinum-based electrodes. The
positive protons and the negative electrons move to the cathode via the
membrane (the membrane plays the role of the electrolyte) and the
external circuit, respectively. The positive protons and the negative
electrons are mixed with the oxygen at the cathode, which produces the
water and releases heat. Note that, the moving process of the negative
electrons will generate the electricity of the cell.
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Fig. 1. The schematic of the proton exchange membrane fuel cell.

2.2. Mathematical formulation

The applied PEMFC model in this work is from [21], which is a
combination of modelling based on mechanistic modelling and empirical
modelling. For this model, the output voltage V.. of a sole PEMFC is
written by [4,40]

Vcell :Enemsl - Vacl - Vohm - Vcon (3)
where Ejemst is the cell reversible voltage, V. is the activation voltage
loss, Vonm is the ohmic voltage loss, and V.o, is the concentration voltage
loss. When n cells are connected in series to form a stack, the output

voltage Vi of this stack can be represented by

Vaack =1 Veen (4)
2.2.1. Cell reversible voltage Enemnst

Epernst can be computed by
Eperng = 1.229 —0.85 x 1073(T —298.15) +4.308,5 x 10~°

X T(In(Py,) +0.5 x In(Po,)) 5)

where T is the operating cell temperature (K), Py, is the partial pressure
of hydrogen (atm), and Py, is the partial pressure of oxygen (atm). Py,
and Py, can be denoted by

Ry, - P 1
P, = . 2 = Rua-Pryo 16357\ ©)
P, ) eXP(A.TLm)
Pu = R - Prtso | e 1 )
H, = fhe " FRy0 | -
z B0 exp 42k

where Ry, is the relative humidity of vapour at the anode, Ry, is the
relative humidity of vapour at the cathode, Py, is the saturation pressure
of the water (atm), P, is the inlet pressure at the anode (atm), P, is the
inlet pressure at the cathode (atm), and A is the membrane area (cm?).

Py,0 can be produced by

Pi,0=2.95 x 1072(T —273.15) —9.18 x 107%(T — 273.15)°

. 3 ®
+1.44 x 1077(T —273.15)° — 2.18
2.2.2. Voltage activation voltage loss Vet
V. can be obtained by
Vi = — [€1 +&T +&T In(Co,) + &T In(1)] 9

where I is the operating current (A), Co, is the concentration of oxygen
mol/em®, g(ie {1,2,3,4}) are empirical coefficients. Co, can be
computed by

Po,
= 10
5.08 x 106 x exp(—%%) 10

Co,

2.2.3. Ohmic voltage loss Vopm
Vonm can be generated by

Vohm = I(Rm + RL) (11)
Pm -1

R, = 12

1 (12)

where R,, is the membrane resistance (Q), R. is the resistance of the
connection (Q), [ is the thickness of the membrane (cm), and p,, is the
resistivity of the membrane (Q-cm). p,,, can be computed by

181.6[1+0.03(5) +0.062(5)" ()]

303

P = 20,634 — 3()Jexp (4. 1812%) as
where 1 is an adjustable parameter.
2.2.4. Concentration voltage loss Vcon
Veon can be achieved by
Vaw=—pn (u) a4
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1
J= (15)

where f is a parametric coefficient, J is the actual current density A/ cm?,
and J,,, is the maximum value of J A/cm?.

2.3. Objective function

From Egs. (3-15), to evaluate the performance of the applied
PEMFC model, seven unknown parameters need to be estimated,
which are &, &, &3, &, 4, R. and f. To estimate these parameters, it is a
common method that parameter estimation of the PEMFC model is
converted into an optimization problem. Further, the optimization
problem is to minimize the total of the squared errors (TSE) between
the measured voltage points and the calculated stack voltage points.
Therefore, mathematically, this objective function can be expressed by

Minimize(TSE) = Minimize f(&,, &, 3,84, 4 Re, f) =

N
Minimize ( S Vs — Vmea,if)
R. <

i=1
s.t. j-min S l S /lmax,Rc,min S = Rc,maxvﬁmin S /} S /))maxﬂ §/,min S §j S ‘f/‘.max%
j=1,2,3,4

(16)

where N is the number of measured voltage points, Vinea, is the measured
voltage at the measured voltage point i, V., ; is the calculated voltage at
the measured voltage point 1, &; ,;, is the lower boundary of &;, ; ..., is the
upper boundary of &js Amin 18 the lower boundary of A, Am.x is the upper
boundary of 4, Rcmin is the lower boundary of R., R.max is the upper
boundary of R, S, is the lower boundary of g, and g, is the upper
boundary of . As can be seen from Eq. (16), a smaller TSE means a more
accurate PEMFC model.

3. The proposed multiple learning neural network algorithm

In this section, the proposed MLNNA is discussed. Section 3.1 presents
the motivation of MLNNA. The framework of MLNNA is presented in
Section 3.2. Lastly, Section 3.3 describes the implementation of MLNNA
for optimization.

3.1. Motivation

Fig. 2 presents the framework of NNA. As can be seen from Fig. 2, the
inspiration for NNA is from the artificial neural network and the imple-
mentation of NNA can be described as follows. In one loop, the weight
matrix is first updated. Then the population is updated based on the

Population ()

Artificial neural network
(Inspiration of NNA)

Update weight matrix
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weight matrix. Next, if the bias condition is met, the bias population and
bias weight matrix will be performed; otherwise, the transfer population
is executed. The obtained population and weight matrix will go to the
next iteration of the loop.

In NNA, each individual x; = [x{,,x{,,...,x{p] has a weight vector
wi = [Wi;, Wi, ..., wiy], where D is the number of variables, t is the
number of iterations, and N is population size. In addition, w! needs to
meet the following formula:

N
Zw;J:l,i:l72,...,N,j:1,2,...,N an
i=1

=1,2,....N 18)

The weight matrix W* = {w!,w,...,w} is updated by

19)

!
Wu—

t I I
wi;+2m (wgJ Wi,f)

where a; is a random number between 0 and 1 with uniform distribution
and wy; is the jth variable of the optimal weight vector w;, = [Wg 1,Wj 5.,
w;, p]. Note that the indexes of optimal weight vector and optimal indi-
vidual are the same. The way of weight matrix W' = {w!, w5, ..., w4}

used to update the population X* = {x!,x%, ...,x4} can be expressed as
N

vi=x{+x-y wii=1,2,..,Nj=12..,N (20)
i=1

where v} is the trail vector of the ith individual.

Bias operator and transfer operator are the core components of NNA,
which are employed to perform global exploration and local exploitation,
respectively. The modification factor «* is employed to control the
execution time of the two operators. According to the authors of NNA, «*
is computed by

K=k' % 0.99 (21)

The transfer operator can be written as
=yl 4 2, (g — V) (22)

where gt is the current optimal solution and a; is a random number be-
tween 0 and 1 following a uniform distribution. From Eq. (6), the transfer
operator means that v/ moves towards the direction of g‘. The bias
operator is more complex than the transfer operator, which includes bias

Transfer population

Population (#+1)

Weight matrix |<l+1| Bias weight matrix |
* =l

[=t4]

Fig. 2. The framework of NNA.
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population and bias weight matrix. If a biased population is performed
for one individual, it means Np(1 < Np < D) elements in this individual
are replaced with the randomly generated elements. Further, the bias
population can be represented as

Np=[D-x'] (23)

Viow) =los) T (o) —low),s=1,2,...,Np 24

where a3 is a random number between 0 and 1 with uniform distribution,
Qs a set consisting of Np integers between 1 and D, ly is the lower limit

of the Q(s)th element, uq is the upper limit of the Q(s)th element. If a
bias weight matrix is performed for one individual, which indicates
Nw(1 < Nw <N) elements in the weight vector of this individual are
replaced with the randomly generated elements. Further, the bias weight
matrix can be defined as

Ny =[N -«"] (25)
Wige =67 =1,2,..., Ny (26)

where R is a set consisting of Ny integers between 1 and N, and c is a
random number between 0 and 1 following a uniform distribution. In
addition, the population X* in NNA is initialized by

Xy =b+as-(u— 1) (27)

where a4 is a random number between 0 and 1 following a uniform
distribution.

For one metaheuristic method, how to balance its global exploration
and local exploitation is closely related to the performance of this method
in solving global optimization problems. More specifically, if this method
pays more attention to global exploration, this method will suffer from a
slow convergence rate; if this method spends more time on local
exploitation, this method may be trapped into a local optimum. In NNA, a
modification factor is employed to balance its global exploration and
local exploitation. According to Eq. (21), Fig. 3 shows the change of
modification factor with the increasing number of iterations. From Fig. 3,
the modification factor becomes small gradually. When the number of
iterations is equal to 600, the value of the modification factor is very
close to 0. The smaller the value of the modification factor is, the larger
the chance of performing transfer operator (global exploration) is. Given
the disadvantage of balancing global exploration and local exploitation,
NNA may easily get trapped in a local optimum for complex optimization
problems.

Modification factor
=
Fe

54
w
T
L

0 200 400 600 800 1,000
The number of iterations

Fig. 3. The change of modification factor with the increasing of the number
of iterations.
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Multiple learning strategies are very helpful for keeping the popula-
tion diversity, which is one of the often used methods to improve the
convergence performance of metaheuristic methods [41-43]. Motivated
by this, to enhance the global search ability of NNA, the proposed
MLNNA designs three candidate learning strategies to perform bias
population and transfer operator, respectively.

3.2. The framework of the proposed MLNNA

As mentioned previously, this work focuses on improving the global
search ability of NNA in solving complex nonlinear optimization prob-
lems by the designed multiple learning strategies for biased population
and bias transfer operators. Further, the designed multiple learning
strategies are based on two introduced archives, i.e. local elite archive
and global elite archive.

e Local elite archive. This archive is to save the historical best solution
of each individual. Local elite archive X| can be denoted as X; =
{xtLvhxtL,z, ...,xtL,N}, where xthl- =[x i1, ;2 ...,xi‘i_’D] means the his-
torical best solution of individual i,i = 1,2,...,N;

e Global elite archive. This archive is to save the historical outstanding
solutions of the whole population. Global elite archive X§ has the
same length with X*, which can be denoted as X5 = {x§1,%G2, -,

xtG,N}'

Next, the designed learning strategies for bias population and transfer
operator based on the two archives are introduced in detail.

3.2.1. The designed learning strategies for bias population

In NNA, bias population is performed by Eq. (24). Eq. (24) indicates
that some elements of trail vector v{ are replaced with some random
numbers meeting the boundary constraints. This mechanism in Eq. (24)
doesn't consider the obtained helpful information. To overcome this
drawback, a new mechanism used to perform bias population is intro-
duced, which can be expressed as

o if 0< pgp < V5
Viow =4 O if V3 < pgp <25 (28)

lQ(S> + a3 (LlQ(lY) — lQ(_?)), if 23 < pgp <1

where pgpp is a selection probability and O' = [0},0,,...,0%] is an
opposite vector produced by opposition-based learning. In addition, pgp
is a random number between 0 and 1 with a uniform distribution.
Further, O' can be computed by

o=V _+V. v (29)

max min

where V¢ and V!

max min

are the upper boundary and the lower boundary of
the trail population V* = {¥{ v}, ...,v4}, respectively. According to Egs.
(28) and (29), the built mechanism for bias population has the following
features:

e This mechanism considers the historical optimal solution of each in-
dividual as shown in the first term on the right-hand side of Eq. (28)
(e 0<pp < 1/3 is met). The historical optimal solution of one in-
dividual contains some beneficial information for this individual to
find the better solutions. Given this, many reported metaheuristic
methods, such as particle swarm optimization and its many improved
versions, employ historical optimal solutions of individuals to guide
the search directions of individuals. Thus, using historical optimal
solutions in Eq. (28) also can help the corresponding individuals to
move towards the direction that there are more chances for MLNNA
to achieve better solutions;
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e This mechanism takes into account the opposite solutions of in-
dividuals as shown in the second term on the right-hand side of Eq.
(28) (i.e. 13 < ppp < Z31is met). Opposition-based learning has been
widely used to improve the performance of metaheuristic methods,
such as self-adaptive sine cosine algorithm with opposition-based
learning [44], opposition-based learning Harris hawks optimiza-
tion [45], crow search algorithm based on opposition-based
learning [46], and selective opposition based grey wolf optimiza-
tion [47]. The effectiveness of opposition-based learning is based on
the theory that one solution and its opposite solution have the same
chance to find better solutions [48]. That is, one solution may be
inferior to its opposite solution in terms of fitness value. Motivated
by the theory of opposition-based learning, as can be seen from
Eq. (29), the opposite vector O' is introduced to the designed
mechanism, which can increase the chance of MLNNA obtaining
better solutions;

This mechanism also keeps the feature of the original NNA as pre-
sented in the third term on the right-hand side of Eq. (28) (i.e. 23 <
pep < 1 is met);

The three learning strategies in Eq. (28) are employed to perform a
bias population from three different angles, which have the same
importance to improve the global search ability of NNA. Therefore,
the three learning strategies share the same selected probability.

3.2.2. The designed learning strategies for transfer operator

As discussed in Section 3.1, with the number of iterations increased,
more time of NNA will be consumed by the transfer operator. In NNA, as can
be seen from Eq. (22), the transfer operator is guided by the current optimal
solution g*. Thus, if g* is a locally optimal solution rather than a global
optimal solution, NNA is more likely to be trapped in the local optimum. To
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increase the chance of NNA escaping from the local optimum, the transfer
operator in MLNNA is driven by the current optimal solution g*, local elite
archive X} and global elite archive X§, which can be expressed as

Vi 20 (g —vi),if 0 < po < 13

xt = Vi + 205 (x[L.i - Vf) if 13 < pro <3 (30)

v+ 206 (xg, —v) i 25 < pro < 1

where a4, as and ag are three random numbers between 0 and 1 with
uniform distribution, and p is the selection probability. In addition, pq
is a random number between 0 and 1 following uniform distribution.
According to Eq. (30), the first term of the right-hand side (i.e. 0 < po <
1/3 is met) is the same as Eq. (22) in NNA, which is guided by the current
optimal solution g'; the second term of the right-hand side (i.e. 13 <
pro < %3 is met) is guided by the local elite archive X}, which is local
learning model; the third term of right-hand side (i.e. 23 < pyo < 1 is
met) is guided by the global elite archive X5, which is a global learning
model. The three learning strategies have the same importance for
MLNNA to find better solutions and are assigned the same selected
probability.

3.3. Implementation of MLNNA

Fig. 4 shows the pseudocode of MLNNA. By observing Fig. 4, MLNNA
has a simple structure and its core idea is the designed multiple learning
strategies for the bias operator and the transfer operator. The features of
MLNNA can be summarized as follows:

MLNNA Algorithm

Input: N,D,l,u,t(t=0),x' (k" =1), and the maximum number of iterations 7,

max

01: Initialize weight matrix W' and population X' by Eqs. (17), (18) and (27), respectively
02: Initialize local elite archive X| and global elite archive X;; by X| =X"and X =X"

03:  Compute the fitness value of each individual and find the optimal solution g’ and the optimal weight w,
04: Updatet by r=t+1

05. While <7,

06. For each individual ie N do

07: Generate the new weight matrix w; by Eq.(19) and the trail vector v; by Eq. (20)
08: If rand <k’

09: Generate the selection probability pg,

10: Perform the bias operator for v by Egs. (28), (29) and the weight w! by Egs. (25), (26)
11: Else

12; Generate the selection probability p,.

13; Perform the transfer function operator for v/ by Eq.(30)

14: End if

15: End for

16: For each individual ie N do

17: If f(x")< f(x)

18: x, ="

19: End if

20: Generate a random integer ¢ between 1 and N

21 If f(x™) < f(xg,)

22; xG,=x"

23: End if

24: End for

25% XH=-x X=X

26: Compute the new modification factor & via Eq. (21)

27:  Select the optimal solution g'and the optimal weight w,

28: Updatet by r=1+1

29: End while

Output: g

Fig. 4. The pseudocode of the proposed MLNNA.
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Table 1
Experimental results of NNA and MLNNA on CEC 2015 test suite.
No. NNA MLNNA
MAX MEAN MIN STD MAX MEAN MIN STD
F; 2.583E+07 1.049E+07 3.993E+06 5.167E+06 3.614E+06 1.711E+06 6.374E+05 8.257E+05
Fy 4.640E+04 8.668E+03 2.105E+02 9.466E+03 4.639E+04 1.647E+04 2.042E+02 1.674E+04
F3 3.204E+02 3.201E+402 3.200E+02 8.657E-02 3.203E+02 3.201E+402 3.200E+4-02 9.398E-02
F4 9.039E+02 7.434E+402 6.411E+02 7.319E401 8.358E+02 6.909E+02 5.752E+02 5.891E+01
Fs 9.352E+03 7.216E+03 5.191E+03 8.846E+02 8.323E+03 6.757E+03 5.458E+03 7.268E+-02
Fe 2.566E+06 1.118E+06 2.709E+05 5.790E+-05 9.746E+05 4.304E4-05 3.968E+04 2.339E405
F; 8.230E+02 7.712E4+02 7.191E+02 2.226E+401 8.333E+02 7.731E402 7.238E+02 2.432E+01
Fg 2.192E+06 1.053E+06 2.882E+05 5.477E+05 6.954E+05 2.781E+05 2.664E+04 1.670E+05
Fy 1.012E+03 1.009E+03 1.007E+03 1.139E+00 1.009E+-03 1.007E+03 1.006E+03 6.406E-01
Fio 7.670E+05 2.028E4-05 1.800E+04 1.826E+05 5.332E+04 1.836E+04 7.985E+4-03 1.281E+04
Fiu 3.017E4+03 2.691E+03 2.452E+03 1.367E+02 2.871E+03 2.614E403 2.296E+03 1.281E+02
Fia 1.400E+03 1.374E+03 1.312E+03 4.068E+4-01 1.400E+03 1.391E+03 1.310E+03 2.729E4-01
Fi3 1.300E+03 1.300E+03 1.300E+03 2.221E-02 1.300E+-03 1.300E+03 1.300E+-03 8.275E-03
Fi4 8.266E+04 7.178E+04 5.093E+04 8.054E+03 8.083E+04 6.910E+04 6.042E+04 8.400E+03
Fis 1.617E+03 1.613E+03 1.606E+03 2.178E+00 1.616E+03 1.609E+03 1.602E+03 4.249E+-00
Table 3
Search boundaries of the applied PEMFC models.
Search The unknown parameters
bound
i & & & &4 i R. p
Lower —1.199,69 0.001 3.60e-5 —2.60e-4 10 le-4 0.013,6
boundary
Upper —0.853,20 0.005  9.80e-5 —9.54e-5 24 8e-4  0.500,0
boundary

(c) (d)

Fig. 5. The statistical results of NNA and MLNNA on CEC 2015 test suite. “W”
means the percentage that MLNNA outperforms NNA; “T” indicates the per-
centage that MLNNA has the same performance with NNA; “L” denotes the
percentage that MLNNA is inferior to NNA. (a) MAX. (b) MEAN. (c) MIN.
(d) STD.

e When solving optimization problems, MLNNA only needs the basic
population size and terminal condition. Thus, it is very easy for
MLNNA to be applied for solving different types of global optimiza-
tion problems.

As can be seen from Egs. (28) and (30), multiple learning strategies
are designed for performing the optimization tasks in MLNNA,
which are very helpful for keeping the population diversity and can
increase the chance of MLNNA to escape from the local optimum to
some extent.

Like neighbourhood topology [49,50] used in metaheuristic methods,
the built global elite archive in MLNNA also can enhance the global
search ability of NNA by increasing the chance of communication
among individuals.

MLNNA doesn't introduce complex operation rules. Thus, MLNNA is
very easy to be coded and implemented.

4. Performance evaluation of MLNNA

This section verifies the validity of the improved strategies by
comparing the performance between NNA and MLNNA on the well-
known CEC 2015 test suite [51]. CEC 2015 test suite consists of 15 test
functions, i.e. two unimodal functions (i.e. F; and Fg), three simple
multimodal functions (i.e. F3, F4, and Fs), three hybrid functions (i.e. Fg,
Fy, and Fg), and seven composition functions (i.e. Fg, F19, F11, F12, F13,
F14, and Fy5). Note that, these test functions are minimization problems
and most of these test functions are complex multimodal functions. Thus,
the selected CEC 2015 test suite is suitable for investigating the global
search ability of MLNNA for complex optimization problems. As done in
[38], the population size and the maximum number of iterations are set
to 50 and 5,000 for NNA and MLNNA, respectively. Besides, each algo-
rithm is executed 30 independent runs for each test function with
50-dimensional and experimental results are recorded based on the
following indicators: the mean solution (MEAN), the worst solution
(MAX), the best solution (MIN) and standard variance (STD).

Table 1 shows the experimental results obtained by NNA and MLNNA
on CEC 2015 test suite. Fig. 5 presents the statistical results of NNA and
MLNNA based on Table 1. According to Table 1 and Fig. 5, MLNNA
outperforms NNA on 80 percent of test functions (i.e. Fy, Fo, F3, F4, Fs, Fg,
Fg, Fo, F10, F11, F14, and Fy5) in terms of MAX; MLNNA can beat NNA on
67 percent of test functions (i.e. F1, F4, Fs, F¢, Fg, Fo, F19, F11, F14, and Fy5)
in terms of MEAN, MLNNA is superior to NNA on 67 percent of test
functions (i.e. Fy, Fo, F4, Fg, Fg, Fo, F10, F11, F12, and Fy5) in terms of MIN;
MLNNA shows advantages over NNA on 60 percent of test functions (i.e.
F1, F4, Fs, Fg, Fo, F1g, F11, F12, and Fy3) in terms of STD. In addition,

Table 2

Datasheets of the applied PEMFC models.
Model n A (cm?) 1 (um) Py, (bar) Pg, (bar) T (K) Rpa R Jmax (A -cm™2)
NedStack PS6 65 240 178 1.0 1.0 343 100% 100% 1.400
BCW 500 W 32 64 178 1.0 0.209,5 333 100% 100% 0.469
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Fig. 6. Convergence curves obtained by NNA and MLNNA.(a) F1.(b) F2.(c) F3.(d) F4.(e) F5.(f) F6.(g) F7.(h) F8.(i) F9.(j) F10.(k) F11.(1) F12.(m) F13.(n) F14.(0) F15.
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MLNNA is only inferior to NNA on one test function (i.e. Fy), three test
functions (i.e. Fy, F7, and Fp5), three test functions (i.e. Fs, F7, and Fq4),
and six test functions (i.e. Fo, F3, F7, Fg, F14, and F;5) in terms of MAX,
MEAN, MIN, and STD, respectively. MLNNA outperforms NNA on CEC
2015 test suite in terms of solution quality.

To compare the convergence performance of NNA and MLNNA, Fig. 6
shows the convergence curves obtained by MLNNA and NNA on CEC
2015 test suite. From Fig. 6, MLNNA has obvious convergence advan-
tages over NNA on six test functions, i.e. Fy, F4, Fs, Fg, Fg, and Fy¢. For F1;
and Fi4, although NNA shows competitiveness, MLNNA still can find
better solutions with a faster speed. In addition, MLNNA and NNA have
similar convergence performances on F7, F13, and F;5. Besides, NNA only
outperforms MLNNA on the rest two test functions, i.e. Fy, and Fi5, in
terms of convergence performance. Clearly, MLNNA is superior to NNA
in terms of convergence performance on CEC 2015 test suite.

5. Application in the parameter estimation of PEMFC models

Section 4 has demonstrated the excellent global search ability of
MLNNA in solving complex numerical optimization problems. This lays a
very good foundation for the application of MLNNA in the parameter
estimation of PEMFC models. The considered PEMFC models in this
section are the classical NedStack PS6 PEMFC model and BCS 500 W
PEMFC model, whose datasheets and search boundaries have been
shown in Tables 2 and 3, respectively. The data information in Tables 2
and 3 can be found in [52].

To verify the competitiveness of MLNNA, 10 powerful metaheuristic
methods are compared with MLNNA, which are NNA, whale optimiza-
tion algorithm (WOA) [53], seagull optimization algorithm (SOA) [54],
transient search algorithm (TSO) [55], backtracking search algorithm
(BSA) [56], tunicate swarm algorithm (TSA) [57], Jaya algorithm (JAYA)
[58], sooty tern optimization algorithm (STOA) [59], sine cosine algo-
rithm (SCA) [60], and chaotic neural network algorithm with competi-
tive learning (CLNNA) [61]. For a fair comparison, population size and
the maximum number of function evaluations for all the applied
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Table 6
The estimated data based on the extracted optimal parameters by MLNNA on
BCW 500 W PEMFC model.

No. Measured data Estimated data Estimated error
Imea (A) Vinea (V) Vcal(v) ‘Vcal - Vmea‘z

1 0.6 29 28.997,219,3 0.000,007,7
2 2.1 26.31 26.305,937,5 0.000,016,5
3 3.58 25.09 25.093,557,0 0.000,012,7
4 5.08 24.25 24.254,622,5 0.000,021,4
5 7.17 23.37 23.375,418,3 0.000,029,4
6 9.55 22.57 22.584,616,8 0.000,213,7
7 11.35 22.06 22.071,328,7 0.000,128,3
8 12.54 21.75 21.758,464,4 0.000,071,6
9 13.73 21.45 21.461,263,1 0.000,126,9
10 15.73 21.09 20.987,741,3 0.010,456,8
11 17.02 20.68 20.694,508,7 0.000,210,5
12 19.11 20.22 20.230,984,5 0.000,120,7
13 21.2 19.76 19.770,941,1 0.000,119,7
14 23 19.36 19.366,022,1 0.000,036,3
15 25.08 18.86 18.866,463,5 0.000,041,8
16 27.17 18.27 18.274,718,5 0.000,022,3
17 28.06 17.95 17.953,309,7 0.000,011,0
18 29.26 17.3 17.292,879,3 0.000,050,7
TSE 0.011,697,8

30 600

—e—Measured data —e—Measured data

28 —— Estimated data = 500 - |—Estimated data
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5}

i:; z: ézoo
S S
;;5) 20 g 200

18 100

16 0

0 5 10 15 20 25 30 0 10 20 30
Stack current (A) Stack current (A)
(a) (b)

Fig. 7. Characteristic curves based on the estimated optimal parameters by
MLNNA on BCW 500 W PEMFC model. (a) V-I curve. (b) P-I curve.

Table 4

Statistical results obtained by MLNNA and 10 compared algorithms on BCW 500 W PEMFC model.
Algorithm Indicator

MAX MEAN MDN MIN STD

WOA 2.798,572,0 0.500,550,8 0.250,207,1 0.020,157,0 0.652,639,3
SOA 0.058,284,2 0.026,365,5 0.026,165,1 0.014,142,2 0.009,763,4
TSO 5.368,867,0 3.510,389,4 4.437,429,2 0.038,903,6 1.546,316,4
BSA 0.014,414,6 0.012,071,0 0.011,947,8 0.011,713,0 0.000,503,0
NNA 0.013,286,1 0.012,059,2 0.011,955,1 0.011,719,1 0.000,372,0
TSA 0.028,108,4 0.018,040,5 0.016,904,1 0.012,613,0 0.004,267,5
SCA 0.612,602,4 0.147,508,5 0.109,207,7 0.023,830,7 0.117,212,0
JAYA 0.272,693,8 0.079,100,9 0.060,150,8 0.030,005,8 0.054,918,7
STOA 0.251,756,2 0.036,466,4 0.024,290,9 0.012,835,7 0.044,512,3
CLNNA 0.021,017,6 0.013,205,8 0.012,672,4 0.011,785,9 0.001,830,2
MLNNA 0.013,150,1 0.011,803,3 0.011,706,5 0.011,697,8 0.000,266,9

Table 5

The estimated optimal parameters by MLNNA and 10 compared algorithms on BCW 500 W PEMFC model.
Algorithm The estimated optimal parameters TSE

& & &3 &4 A R, B

WOA —0.870,005,3 0.002,268,4 0.000,038,4 —0.000,190,1 19.903,153,8 0.313,377,9 0.014,226,1 0.020,157,0
SOA —-1.166,717,9 0.004,021,3 0.000,093,9 —0.000,192,7 20.587,955,7 0.139,593,5 0.015,697,9 0.014,142,2
TSO —0.855,268,5 0.002,697,6 0.000,069,4 —0.000,183,8 19.650,330,9 0.492,583,6 0.013,605,6 0.038,903,6
BSA —0.961,315,8 0.003,015,6 0.000,068,9 —0.000,193,0 20.892,120,5 0.100,000,0 0.016,173,5 0.011,713,0
NNA —0.853,729,3 0.002,381,2 0.000,048,9 —0.000,192,8 20.700,761,0 0.100,001,9 0.016,028,4 0.011,719,1
TSA —1.199,700,0 0.003,303,1 0.000,041,4 —0.000,191,3 24.000,000,0 0.442,336,2 0.015,940,2 0.012,613,0
SCA —1.157,253,9 0.003,649,0 0.000,071,5 —0.000,197,2 24.000,000,0 0.186,353,4 0.017,192,3 0.023,830,7
JAYA —0.853,200,0 0.002,178,9 0.000,036,0 —0.000,190,1 22.155,864,3 0.526,215,7 0.013,600,0 0.030,005,8
STOA —1.012,049,2 0.002,734,9 0.000,041,0 —0.000,193,3 22.845,001,9 0.268,871,6 0.016,113,7 0.012,835,7
CLNNA —0.935,050,8 0.003,074,9 0.000,077,8 —0.000,193,3 21.597,296,0 0.139,526,4 0.016,306,3 0.011,785,9
MLNNA —0.874,717,4 0.002,301,6 0.000,039,7 —0.000,193,0 20.876,926,2 0.100,000,0 0.016,126,0 0.011,697,8
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Table 7

The ranking results from Friedman test for the applied algorithms on BCW 500 W PEMFC model.
Algorithm WOA SOA TSO BSA NNA TSA SCA JAYA STOA CLNNA MLNNA
Ranking 8.77 (9) 6.53 (6) 10.97 (11) 2.40 (2) 2.53 (3) 5.33 (5) 9.07 (10) 8.47 (8) 6.80 (7) 3734 1.40 (1)

observing Table 4, the obtained best solution is 0.011,697,8. The best

—T
——WOA

e solutions of BSA, NNA, and CLNNA are very close to that of MLNNA,
4 BSA which are 0.011,713,0, 0.011,719,1, and 0.011,785,9, respectively. In
e addition, the best solutions of TSO and JAYA are more than 0.03, which
3 RN is obviously more than those of the other algorithms. That is, TSO and
% o, JAYA aren not suitable for extracting the unknown parameters of the
e [Ze-MLNNAJ BCW 500 W PEMFC model. Table 5 shows the estimated optimal pa-
-55 rameters by MLNNA and the compared algorithms on BCW 500 W

1 PEMFC model. The estimated data based on the extracted optimal pa-

e rameters by MLNNA on BCW 500 W PEMFC model has been listed in

Table 6. According to Table 6, Fig. 7 shows the characteristic curves

based on the estimated optimal parameters by MLNNA on BCW 500 W

PEMFC model. As seen in Fig. 7, the estimated data obtained by MLNNA

is very similar to the measured data.

In addition, Table 7 lists the ranking results from the Friedman test
for the applied algorithms on BCW 500 W PEMFC model. By observing
Table 7, all algorithms can be sorted from the best to the worst in the
following order: MLNNA, BSA, NNA, CLNNA, TSA, SOA, STOA, JAYA,
WOA, SCA, and TSO. MLNNA is the best of all algorithms in terms of
the performance of estimating the unknown parameters of the BCW
500 W PEMFC model. Besides, Fig. 8 displays the average convergence
curves of MLNNA and the compared algorithms on the BCW 500 W
PEMFC model. As can be seen from Fig. 8, MLNNA has obvious
convergence advantages over TSA, SOA, STOA, JAYA, WOA, SCA, and
TSO. Although NNA, CLNNA, and BSA show strong competitiveness,
they are slightly inferior to MLNNA in terms of convergence perfor-
mance. Note that, NNA, CLNNA, and BSA can obtain a faster
convergence speed than MLNNA before 15,000 function evaluations.
After this, NNA, CLNNA, and BSA gradually converge to some fixed
(2) Rank-based method. This method is to sort the applied algorithms values while MLNNA still can continue to find better solutions. This

according to the obtained experimental results. In this section, the demonstrates the excellent ability of MLNNA to escape from the local

well-known Friedman test [62-65] is employed to get the average optima.

rankings of the applied algorithms;

(3) Convergence-based method. This method is to compare the
convergence performance among the applied algorithms by
observing the obtained convergence curves by the applied algo-
rithms on each PEMFC model.

L L 1 1 L 1 L |
0 0.5 1 1.5 2 2.5 3 3.5 4 4.5 5
The number of function evaluations x10%

Fig. 8. Convergence of MLNNA and the compared algorithms on the BCW 500
W PEMFC model.

algorithms are set to 50 and 50,000, respectively. The other control pa-
rameters of the compared algorithms are extracted directly from the
corresponding references. Each algorithm is executed 30 independent
runs for each case and the statistical results are recorded. To compare the
performance among the applied algorithms, the obtained experimental
results are discussed by the following methods:

(1) Value-based method. This method is to evaluate the obtained so-
lution quality in terms of five performance metrics, i.e. the mean
solution (MEAN), the worst solution (MAX), the median solution
(MDN), the best solution (MIN) and standard variance (STD). The
best results are highlighted in bold as shown in Tables 4, 5, 8 and 9;

5.2. Experimental results on the NedStack PS6 PEMFC model

The experimental results of MLNNA and the compared algorithms on
the NedStack PS6 PEMFC model have been displayed in Table 8. As seen
in Table 8, MLNNA can get the best MEAN and MDN. MLNNA and NNA
can share the best MIN, which is 2.079,172,7. In terms of MAX and STD,
MLNNA is only slightly inferior to BSA and can beat the other nine al-
gorithms. In addition, the best solutions achieved by BSA, JAYA, and
CLNNA are 2.079,172,7, 2.079,168,9, and 2.080,330,5, which are very
close to that of MLNNA. For TSO, TSA, SCA, and STOA, their best solu-
tions are significantly more than those of the rest seven algorithms,
which shows that the four algorithms aren't suitable for parameter

5.1. Experimental results on BCW 500 W PEMFC model

Table 4 shows the results of MLNNA and the compared algorithms on
the BCW 500 W PEMFC model. From Table 4, MLNNA can find the best
MAX, MEAN, MED, MIN, and STD, which means that MLNNA is superior
to the compared algorithms in of the solution quality and the stability. By

Table 8

Statistical results of MLNNA and 10 compared algorithms on the NedStack PS6 PEMFC model.
Algorithm Indicator

MAX MEAN MDN MIN STD

WOA 4.815,119,6 3.391,756,2 2.104,337,0 2.104,337,0 1.028,058,1
SOA 3.487,852,1 2.424,022,0 2.257,518,9 2.105,816,9 0.358,277,5
TSO 7.314,491,3 3.499,808,6 2.991,472,6 2.127,722,9 1.376,477,8
BSA 2.198,173,5 2.132,802,4 2.128,365,1 2.079,172,7 0.039,686,7
NNA 2.409,173,4 2.130,814,2 2.087,611,3 2.079,165,7 0.077,927,9
TSA 2.670,029,8 2.287,907,3 2.243,680,0 2.148,199,3 0.127,647,2
SCA 6.416,707,7 3.598,925,7 3.249,874,7 2.299,791,6 1.109,547,7
JAYA 4.960,889,1 2.309,973,0 2.163,201,1 2.079,168,9 0.528,338,8
STOA 3.375,255,4 2.414,671,5 2.225,163,2 2.130,789,4 0.356,851,5
CLNNA 2.285,108,7 2.153,205,3 2.140,810,8 2.080,330,5 0.052,937,7
MLNNA 2.199,531,0 2.096,328,3 2.079,165,7 2.079,165,7 0.039,777,4
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Table 9
The estimated optimal parameters by MLNNA and 10 compared algorithms on NedStack PS6 PEMFC model.
Algorithm The estimated optimal parameters TSE
& & & & A R. p
WOA —0.853,200,0 0.003,267,3 0.000,098,0 —0.000,095,4 13.226,355,2 0.100,252,9 0.017,246,5 2.104,337,0
SOA —0.868,326,3 0.002,444,6 0.000,036,0 —0.000,095,4 13.183,541,4 0.100,000,0 0.016,283,3 2.105,816,9
TSO —0.853,200,0 0.002,535,3 0.000,045,7 —0.000,095,4 14.258,862,5 0.100,928,4 0.034,383,2 2.127,722,9
BSA —0.997,674,0 0.002,884,5 0.000,040,6 —0.000,095,4 13.094,760,2 0.100,000,0 0.013,600,0 2.079,172,7
NNA —1.199,699,2 0.004,246,1 0.000,095,9 —0.000,095,4 13.094,707,9 0.100,000,0 0.013,600,0 2.079,165,7
TSA —1.199,700,0 0.003,813,8 0.000,064,8 —0.000,095,4 14.376,959,8 0.100,104,6 0.037,295,6 2.148,199,3
SCA ~1.199,700,0 0.003,480,5 0.000,041,4 —0.000,095,4 15.557,642,0 0.100,000,0 0.051,493,4 2.299,791,6
JAYA —1.199,700,0 0.004,276,0 0.000,098,0 —0.000,095,4 13.095,492,7 0.100,000,0 0.013,600,0 2.079,168,9
STOA —0.877,283,3 0.002,612,3 0.000,046,1 —0.000,095,4 13.936,326,9 0.102,480,8 0.028,849,5 2.130,789,4
CLNNA —0.922,863,7 0.002,606,0 0.000,036,3 —0.000,095,4 13.105,970,5 0.100,039,3 0.013,933,1 2.080,330,5
MLNNA -1.097,728,8 0.003,143,9 0.000,038,3 —0.000,095,4 13.094,707,9 0.100,000,0 0.013,600,0 2.079,165,7
Table 10 estimation of the NedStack PS6 PEMFC model. Table 9 presents the
The estimated data based on the extracted optimal parameters by MLNNA on the extracted optimal parameters by MLNNA and the compared algorithms
NedStack PS6 PEMFC model. on the NedStack PS6 PEMFC model. The estimated data based on the
No. Measured data Estimated data Estimated error extracted optimal parameters by MLNNA on the NedStack PS6 PEMFC
N model has been shown in Table 10. According to Table 10, Fig. 9 depicts
Imea(A) Vinea(V) Vea (V) ‘Vcal — Viea| .. . .
the characteristic curves based on the estimated optimal parameters by
; zg: g;g;‘ gjg?g’g::’g g~gzz’ggz’; MLNNA on the NedStack PS6 PEMFC model. As can be seen from Fig. 9,
3 9 58.94 50.048,342.0 0.011.738.0 the. measured data includes 2.9 voltage points. The rn.easured data and t.he
4 15.75 57.54 57.496,144,3 0.001,923,3 estimated data have large differences at voltage point 11, voltage point
5 20.25 56.8 56.717,480,5 0.006,809,5 14, voltage point 22, and voltage point 23. However, the estimated data
6 24.75 56.13 56.044,192,1 0.007,363,0 is very similar to the measured data at the rest 25 voltage points.
; 2;5 gi'gz :iézg’gi;g g'ggi”gizg In addition, the ranking results from the Friedman test for the applied
9 45 53.61 53.632.898.6 0.000,524.3 algorithms on the: NedStack PS6 PEMFC rr}odel have been presented in
10 51.75 52.86 52.943,890,3 0.007,037,6 Table 11. According to Table 11, all algorithms can be sorted from the
11 67.5 51.91 51.439,581,9 0.221,293,2 best to the worst in the following order: MLNNA, NNA, BSA, CLNNA,
12 72 51.22 51.027,142,0 0.037,194,2 JAYA, TSA, STOA (SOA), WOA, TSO, and SCA. MLNNA is the best of all
13 % 49.66 49.418,847,6 0.058,154,5 algorithms in terms of the performance of estimating the unknown pa-
14 99 49 48.628,063,9 0.138,336,4 & p ating t p
15 105.8 48.15 48.032,343,2 0.013,843,1 rameters of the NedStack PS6 PEMFC model. Besides, Fig. 10 shows the
16 110.3 47.52 47.638,017,6 0.013,928,2 average convergence curves of MLNNA and the compared algorithms on
17 117 47.1 47.049,696,4 0.002,530,5 the NedStack PS6 PEMFC model. From Fig. 10, MLNNA can get a better
12 ﬁ: 22'22 :gi:?;gi’z g'gig’zgg’g solution with a faster speed than TSA, SOA, STOA, JAYA, WOA, SCA, and
20 141.8 44.85 44.840.386.7 0.000,092,4 TSQ. Note that, NNA, CLNNA, and BSA show excellent global search
21 150.8 44.94 44.018,951,8 0.048,862,3 ability. However, MLNNA is slightly superior to NNA, CLNNA, and BSA
22 162 42.45 42.976,582,2 0.277,288,8 in terms of convergence performance. By observing Fig. 10, like Fig. 8,
ii 1;2 s :(1)-22 :?-go’(gﬁ’z gﬁ;?g’; MLNNA still shows a stronger ability to escape from the local optimal
. . .017,120, .113,650, ; i
- 189 40.09 40.347.023.2 0.066,060.9 solutions compared with NNA, BSA, and CLNNA.
26 195.8 39.51 39.653,440,7 0.020,575,2
27 204.8 38.73 38.712,836,6 0.000,294,6
28 211.5 38.15 37.994,529,9 0.024,170,9
29 220.5 37.38 37.003,268,4 0.141,926,7 7 T T T T T T T T T
TSE 2.079,165,7 o
6k TSO H
—*—BSA
——NNA
65 10,000 A5 TSA |
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Fig. 9. Characteristic curves based on the estimated optimal parameters by

MLNNA on NedStack PS6 PEMFC model. (a) V-I curve. (b) P-I curve. Fig. 10. Convergence curves of MLNNA and the compared algorithms on the

NedStack PS6 PEMFC model.

Table 11

The ranking results from Friedman test for the applied algorithms on the NedStack PS6 PEMFC model.
Algorithm WOA SOA TSO BSA NNA TSA SCA JAYA STOA CLNNA MLNNA
Ranking 9.10 (9) 6.83 (7) 9.47 (10) 3.57 (3) 3.07 (2) 6.53 (6) 9.60 (11) 5.13 (5) 6.83 (7) 4.20 (4) 1.67 (1)
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6. Discussion on the effectiveness of the improved strategies

This work is aimed at extracting the unknown parameters of PEMFC
models by the designed MLNNA. MLNNA is an improved version of NNA.
This section is to discuss the validity of the improved strategies for
introducing MLNNA based on the experimental results in Section 4 and
Section 5.

The core idea of MLNNA is to enhance the global search ability of
NNA in solving complex nonlinear optimization problems by designing
multiple learning strategies, which are based on the introduced two elite
archives, i.e. local elite archive and global elite archive. The two elite
archives are used to design the learning strategies of the transfer oper-
ator and bias operator. Further, in MLNNA, there are three candidate
bias operators and three candidate transfer operators. The three bias
operators are driven by the individuals in the local elite archive, the
individuals in the opposite population, and the random individuals in
the search space. The three transfer operators are driven by the current
optimal individual, the individuals in the local elite archive, and the
individuals in the global elite archive. MLNNA can make full use of the
obtained population information, which is very helpful for improving
the population diversity and increasing the chance of escaping from the
local optimal solutions.

The global search ability of MLNNA on complex numerical optimi-
zation problems is checked by comparing the performance between NNA
and MLNNA on the well-known CEC 2015 test suite in Section 4. CEC
2015 test suite includes two unimodal test functions and 13 multimodal
test functions. Note that, multimodal test functions with multiple local
optimal solutions are more difficult to be solved compared with unim-
odal test functions. According to the experimental results presented in
Table 1, MLNNA outperforms NNA on 80 percent of test functions, 67
percent of test functions, 67 percent of test functions, and 60 percent of
test functions in terms of MAX, MEAN, MIN and STD, respectively. In
addition, as can be seen from Fig. 6, MLNNA has obvious convergence
advantages over NNA on more than half of the test functions. That is,
MLNNA has better global search ability than NNA.

Section 5 discusses and analyzes the application of MLNNA in
parameter estimation of PEMFC models. The BCW 500 W PEMFC model
and the NedStack SP6 PEMFC model are considered in this work. Each
model has seven unknown parameters to be estimated. The experimental
results can be described as follows: (1) for BCW 500 W PEMFC model,
from Table 4, MLNNA can get better solutions than the compared algo-
rithms on the defined five value-based indicators, i.e. MAX, MEAN, MDN,
MIN, and STD. Fig. 7 presents the characteristic curves based on the
estimated optimal parameters by MLNNA, which demonstrate the esti-
mated parameters have high accuracy. In addition, according to the re-
sults of the Friedman test shown in Table 7, MLNNA is the best of all the
applied algorithms. Besides, as can be seen from Fig. 8, MLNNA displays
better convergence ability than 10 compared algorithms; (2) for the
NedStack PS6 PEMFC model, by observing Table 8, BSA can obtain the
first place on MEAN, MDN, and MIN, which is only inferior to BSA on
MAX and STD. According to the characteristic curves based on the esti-
mated optimal parameters by MLNNA presented in Fig. 9, the extracted
parameters have high precision. In addition, looking at Table 11, MLNNA
is superior to the compared algorithms based on the Friedman test re-
sults. Besides, MLNNA can achieve a better convergence performance
than 10 compared algorithms as shown in Fig. 10.

Based on the above discussion, the designed multiple learning stra-
tegies driven by the created local archive and global archive are very
effective for improving the global search ability of NNA in solving
complex nonlinear optimization problems.

7. Conclusion and further work
This work presents a new variant of neural network algorithm (NNA),

named multiple learning neural network algorithm (MLNNA), for
extracting the unknown parameters of proton exchange membrane fuel
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cell (PEMFC) models. In view of the high non-linearity of the objective
function, it is a very challenging task to estimate the unknown parame-
ters of PEMFC models. The core idea of MLNNA is to accelerate the
convergence rate and enhance the global search ability of NNA by the
designed multiple learning strategies. Further, the designed multiple
learning strategies are based on the built local elite archive and global
elite archive, which are introduced to bias operator and transfer operator.
Note that, MLNNA only needs the essential population size and terminal
condition for solving global optimization problems. The effectiveness of
the improved strategies in MLNNA is evaluated by the well-known CEC
2015 test suite and two typical PEMFC models, i.e. BCS 500 W PEMFC
model and the NedStack PS6 PEMFC model. Experimental results prove
the excellent global search ability of MLNNA and the great potential of
MLNNA to be applied to parameter extraction of PEMFC models.

Further work will focus on the following two aspects. On the one
hand, although the excellent global search ability of MLNNA has been
proven in the parameter extraction of proton exchange membrane fuel
cell models, the performance of MLNNA on other practical engineering
problems needs to be investigated according to No-Free-Lunch theorem.
Thus, we plan to use MLNNA to solve more practical problems, such as
energy efficient cluster head selection in wireless sensor networks, wind
power prediction, and space nuclear reactor fuel design. On the other
hand, the created local archive and global archive are the basis of
MLNNA. However, when solving a large scale optimization problem,
there is a large amount of data that needs to be moved in and out of the
two archives frequently. This will cause a huge time overhead and re-
duces the computational efficiency. Therefore, how to improve the
computational efficiency of MLNNA in solving large scale optimization
problems is another research topic.
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