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ABSTRACT
A new Blackbox technique has been presented in the current paper for model estimation of the solid 
oxide fuel cells (SOFCs) for providing better results. The proposed method is based on a Hierarchical Radial 
Basis Function (HRBF). The presented method is then developed by a new modified metaheuristic, called 
Developed Coronavirus Herd Immunity Algorithm. The suggested model has been named DCHIA-HRBF. 
The proposed model is then trained by some data and prepared for the identification and prediction. 
The model is then analyzed and were put in comparison with several latest techniques for validation of 
the efficiency of the technique. It is also verified by the empirical data to prove its validation with the 
real data. Simulation results specified that the suggested DCHIA-HRBF delivers high effectiveness as an 
identifier and prediction tool for the SOFCs.
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1. INTRODUCTION
The fossil fuels utilization as a long-lasting 

energy resource is hardly justified [1]. In particular, 
emissions of greenhouse gasses, carbon dioxide, and 
nitrous oxides are considered to be main reasons for 
global warming [2, 3]. Moreover, the fast population 
growth of the world causes the requirement for 
energy a necessary resource. It is estimated that this 
type of energy feeds nearly entire transportation 
and about 2/3 of electrical power [4]. In addition, 
these sources are not renewable and will run out 
one day [5, 6]. Examining the use of sustainable and 
renewable alternative sources is crucial and can meet 
needs of human [7]. Hence, work with different 
types of fuel cells (FC) as a new kind of sustainable 
sources of energy, due to its stability and safe and 
clean consumption, has increased [8].

An advantage of fuel cells is proper electric 
effectiveness and fuel permeability of them. 
Reactions that are electrochemical are optimal and 
are carried out by supplying hydrogen and oxygen 
(air molecules) [9]. Consequently, 2H  oxidation 
fuel can be obtained with great efficiency [10]. The 
most significant element that affects the efficiency 
of the fuel cell is the catalyst [11]. Catalysts 
accelerate reactions at the positive and negative 
electrodes [12]. According to the electrolyte nature 
they can be classified into various types [13]. For 
various utilizations, specific fuels and materials 
are needed [14]. several fuel cells have been 
introduced. For example, Molten Carbonate Fuel 
Cell (MCFC), PEMFC, Alkaline Fuel Cell (AFC), 
Direct Methanol Fuel Cell (DMFC), Fosderic 
Acid Fuel Cell (PAFC), and Solid Oxide Fuel Cell 
(SOFC). Today, many researchers have focused 

http://creativecommons.org/licenses/by/4.0/.
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on building and improving solid oxide fuel cells 
[15]. SOFCs are beneficial widely due to electrical 
effectiveness of them, using gas potentiality, CH4 
or biogas as fuel [16]. Different studies have 
pointed out the importance of fuel cells due to the 
lack of environmental pollution and the lack of 
noise and high efficiency [17]. Solid oxide fuel cell 
includes the cathode and the anode side, split by a 
component with high density like electrolytes such 
as gallium and zirconium [18]. Although many 
different approaches are developed for proper 
SOFCs model recently, it is challengeable yet [19]. 
Hence, it has been tried to deal with these challenges 
by combining and designing new techniques which 
may lead to an optimal design of the solid oxide 
fuel cells [20].

Xiong et al. [21]  the SOFC system performance 
by identifying effective parameters through a simple 
competitive congestion metaheuristic technique. 
The optimization way with two solutions includes 
a simple learning equation and the new method 
of stochastic numbers which can solve voltage 
simulation problem. To assess the results of the 
suggested stochastic procedure of optimization, 
the Siemens energy cylindrical stack and the 5-kW 
dynamic tube cell were used. The dynamic behavior 
of the SOFC model was simulated with the help 
of precise identification of effective parameters 
through random metaheuristic procedures. The 
results showed that the optimized SOFC has 
more accuracy and reliability compared to other 
stochastic optimization algorithms.

Alhumade et al. [22] estimated the efficient 
parameters of SOFC through modern metaheuristic 
techniques. In the present study, the Equilibrium 
Optimization (EO) technique was used to find 
the effective system parameters to achieve the best 
simulation. To assess the efficiency of the optimized 
system, the simulated values were put in comparison 
with the actual voltage, and the accuracy of the 
simulation was measured using the Sum of Mean 
Squared Error (SMSE) criterion. The model was 
analyzed in both fixed and dynamic positions. The 
results of random optimization technique were put in 
comparison with several optimization methods like 
Archimedes Optimizer (AO), Student Psychology-
based Optimizer (SPBO), Seagull Optimizer (SO), 
Marine Predator optimizer (MPO). The results of the 
output voltage simulation by optimization technique 
showed that the EO technique has a minimum SMSE 
(1.0406), so the results showed the superiority of EO 
for SOFC optimization.

Yang et al. [23] found the SOFC parameters 
using the extreme learning machine-based random 
optimization technique. Since the best way to 
control the optimal simulation of the output voltage 
is to find the effective parameters of the SOFC. 
In the present study, they used the optimization 
method to accurately simulate the voltage across 
the SOFC. To apply the proposed method, a 5 
kW SOFC was used. The simulation results of the 
optimized model showed that the optimization 
technique has a high ability to simulate voltage. 
Because by accurately identifying the effective 
parameters of the system and increasing the speed 
in the simulation, it increases the efficiency of the 
system in energy production.

Ba et al. [24] analyzed the optimal  Hopfield 
rotor Neural Network (RHNN) to evaluate the 
performance of SOFC model. Their innovation 
was to represent an optimized hybrid model which 
includes the RHNN model and the Gray Wolf 
Optimization algorithm (GWOA) to recognize the 
SOFC system efficiency. The Mean Square Error 
(MSE) was used to evaluate the proposed combined 
method. The proposed combined method was 
put in comparison with other popular technique 
consequences. The comparison achievements 
indicated that the optimized RHNN approach 
has a minimum error value. Moreover, the system 
optimized can calculate complex calculations in 
less time.

Jia et al. [25] evaluated the performance 
of SOFC by identifying unknown parameters 
using the Elman Neural Network (ENN) and 
Quantum Pathfinder (QPF) technique. The aim 
was to accurately simulate the output voltage of 
the system. To achieve the minimum MSE value 
between simulated voltage, and empirical voltage, 
the optimal ENN technique was performed in the 
SOFC system. The simulated values   showed that the 
QPF-Elman model with 0.0014 MSE values, GWO-
RHNN with 0.0017 MSE value, and PF-Elman with 
0.0018 MSE value can simulate the voltage. The 
results using the obtained values   showed that the 
QPF-Elman model has the most suitable simulation 
with a minimum angle. 

However, the models introduced in the 
literature help investigate and optimize the solid 
oxide fuel cell, they face some limitations. Some 
models are based on different thermodynamic and 
mathematical laws, which are complex to be used in 
the applications. Therefore, using the experimental 
modeling can be so efficient and feasible for the 
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SOFC, with no information of the internal details. 
Hierarchical Radial Basis Function networks 
(HRBF) contains several RBF networks which are 
accumulated in cascade architecture to divide and 
solve it in multiple steps. Until now, there is no 
research work about using HRBF in modeling the 
solid oxide fuel cells.

In this study, the fuel utilization has been 
considered for modeling of the stacks. The main 
purpose is to use a radial basis function (RBF)-
based artificial neural network (ANN) to provide 
a new Blackbox model identifier. In this paper, the 
HRBF network has been designed for modeling of 
the SOFC stack. Here, the hierarchical structure is 
also improved using a new improved metaheuristic 
algorithm to provide an SOFC model with higher 
efficiency.

2. THE FUNCTIONAL SOFC
The operational SOFC depends mostly on the 

transport system by using hydrogen and oxygen in 
reactions that are electrochemical. The conversion 
of the fuel’s chemical energy and its oxidation into 
electricity is provided via the charge over 3 major 
elements [26]. A cathode and an anode is consisted 
in a dense electrolyte the main function of which is 
based on the results of oxygen-carrying charge ions 
( 2  O − ) from the division of air into oxygen ions and 
electrons [27]. Consequently, the generated ions 
from the dense electrolyte are taken to be stabilized 
with hydrogen at free electrodes and anodes [28]. 
The electrical power generated through the freed 
electrons moves to an exterior circuit by the outside 
bath. The main reactions of a SOFC are based on 
hydrogen-fed anode, oxygen-fed cathode and the 
whole transfer process, which are explicitly defined 
in subsequent models as follow [26]:

2
2 2 2H O H O e− −+ → +   (1)

2
2

1 2  
2

O e O− −+ →   (2)

And the total reaction is as follows:

2 2 2
1  
2

H O H O+ →   (3)

Optimizing the effectiveness and operation of 
FCs via enhancing materials (with nanostructures) 
applied as FC elements is presently under 
consideration. For instance, the utilization of 
aluminum magnesium as a negative electrode 
component like cobalt and different materials with 

other formulations applied as positive electrodes 
such as manganese (Mn) and the use of thin layers 
of electrolyte [29].

Different materials and their various compounds 
are used to improve SOFC improvement. 
However, for multi-purpose materials for use in 
SOFC devices, further development is needed 
and cell’s each element is better with reinforced 
characteristics [30]. Such issues mostly depend 
on the materials’ operation at the scale level of 
scale. Therefore, the major elements of the FC 
package need a profound knowledge of the process 
science to adapt, nevertheless, the many technical 
issues associated with this SOFC improvement are 
concerned to science of materials directly [31]. For 
example, the material challenges associated with 
electrolyte inducers in terms of manufacturing 
process and cost can be considered. 

In addition, any improvements in material 
properties in SOFC mainly affect chemical 
compatibility, electrical conductivity, thermal 
stability, and catalyst capacity. Moreover, the 
typical characteristics of such elements should 
include: first, interface and electrolyte should both 
be extremely densified to avoid gas composition. 
Second, cathode and anode should be adequately 
organized and porous structured to allow gas 
transfer at sites of reaction with maximum 
electronic and ionic conductivity of the two 
electrodes. In addition, from an electro-chemical 
perspective, the electrolyte must be strongly ionic 
inductor and the interfaces must be an electrical 
inductor next to the electrodes. 

3. THE RADIAL BASIS FUNCTION NETWORK 
(RBF)

RBF networks are a popular kind of feed 
forward ANN that can be utilized in different 
applications. This network delivers one hidden RBF 
layer with a linear output layer. The main advantage 
if these networks is that the learning speed of the 
RBF networks is too fast. Consider an RBF network 
with input and output as [ ]1 2, , , nW w w w= … , and 

[ ]1 2, , , nZ z z z= … , respectively. 
RBF unit is a neuron with several actual inputs 

W  and one output Z  calculated as:

( )Z f U=   (4)

W T
U

b
β−

=   (5)

where, b R∈  specifies the width, nT R∈  defines 
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the center, .β  determines a weighted norm and is 
formulated as:

( ) ( )2 TW W Wβ β β=   (6)

 and :f R R→  defines the network activation 
function that is considered as:

( ) 2wf w e−=   (7)

Consequently, the RBF function defines the 
equation below:

 ( )
2

1

W Th
b

k ik
i

f W w e
β− 

− 
 

=

= ∑   (8)

1,2, ,k M= …   (9)

where,  ikw R∈  and kf  represents the thk  weights 
of the output unit and network output, respectively.

The main purpose of learning the RBF network 
is to provide appropriate values for the units of RBF 
parameters and the weights of the output layer, such 
that the it approaches to a function that is defined 
by an example set, namely training set. The training 
process provides the best results when the value of 
error between the measured data and the desired 
data is minimum. The error value is given below:

( )2

1 1

1
2

L M

i
j i

E e t
= =

= ∑∑   (10)

( ) ( ) ( )i j ie t d t f t= −  
 (11)

4. THE HIERARCHICAL RADIAL BASIS 
FUNCTION (HRBF) NETWORK

With assuming terminal instruction 
set (T ) and a function set ( F ) utilized to 
generate a HRBF network model is defined by 

[ ] [ ]2 3 1 2 , , , , , ,N nS F T w w w= ∩ = + + … + ∪ … , where i+  
defines the instructions of the non-leaf nodes (nlN) 
with i  arguments. The instructions of the leaf 
nodes width no arguments are 1 2, , , nw w w… . The 
nlN output is evaluated as a model of hierarchical 
radial basis function network which can be seen in 
Fig. (1). 

The i+  is an original function operator 
including i  number of inputs. Here, Gaussian 
RBF has been employed for the networks. The 
inputs number and RBF are considered equal, i.e., 
n M= . During the HRBF network tree generation 
process, when i+  has been chosen, i  numbers of 
randomly generated real values have been utilized 

for defining the connecting power between the thi  
node and its offspring. 

Furthermore, 22 n×  tunable variables iα  and 
iβ  have been randomly generated as the variables 

of the RBF. The thi  output is achieved using Eq. 
(4)- Eq. (8). The HRBF network tree output has 
been evaluated by depth-first method from the 
left side. Optimal selection of the HRBF network 
arrangement is a nonlinear and complex problem. 
A proper technique for optimum choice of the 
network arrangement is to use metaheuristics. In 
this study, the provided structure is optimal-based 
in a new developed algorithm, which is Developed 
Coronavirus Herd Immunity Algorithm.

 
(A) 

 
(B) 

 
(C) 
 

Fig. 1. (A) basic RBF network, (B) HRBF network, and (C) tree-structural HRBF network  

  

Fig. 1. (A) basic RBF network, (B) HRBF network, and (C) 
tree-structural HRBF network
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5. DEVELOPED CORONAVIRUS HERD 
IMMUNITY ALGORITHM
5.1. Coronavirus herd immunity optimizer

Viruses develop and spread rapidly between 
people very quickly. A large population should be 
vaccinated to prevent the spread of the virus, but it 
will take some time for the vaccine to be discovered 
for the new virus. Therefore, until a new vaccine is 
discovered, the health care organizations make the 
following recommendations to people:
1) Infected people and those who have been in 

communication with them should be isolated 
and quarantined. 

2) To prevent the spread of the virus, the principle 
of herd immunity is used, and thus a large part 
of the population must be protected to protect 
susceptible individuals.

5.2. Inspiration
Viruses multiply in the host body after being 

transmitted between people. The new virus spread 
many countries from Wuhan, China, in December 
2019, which the World Health Organization called 
the epidemic of coronavirus (COVID-19). As of 
March 27, 2020, there were 532,279 cases in 199 
countries and around the world.

Covid-19 can stay in the body for 2 to 11 days 
without any symptoms. Due to the fact that there 
is still no cure for this disease, the mortality rate of 
this disease is between 0.25 and 3.0%.

The spread of the disease is stopped by herd 
immunity, at which time a many persons in the 
community are immune to the disease, either 
by natural infection or by vaccinating. One of 
the methods that reduces the transmission of 
coronavirus and controls the spread of this disease 
is herd immunity because in this case higher 
than 65% of the population is improved from the 
disease. In this method, the principle of survival of 
the fittest (in Darwinian theory) is used.

The infected one with the corona virus in two 
ways: 

1) When they are in close contact (less than 2 
meters) with an infected person, they become 
infected with droplets of cough or sneezing. 

2) When the surface or device is a carrier of the 
virus and after contact with it, the person 
touches their nose, eyes or mouth. Herd 
immunity and quarantine in the country are 
methods used by governments to prevent 
the COVID-19 epidemic until the vaccine is 
discovered. 
A person who is infected with the corona virus 

can spread the virus to others. If a person has a 
strong immune system, he or she will defeat the 
virus and become immune, otherwise he or she will 
die. Older people have a weaker immune system or 
may have other illnesses such as cancer, diabetes or 
heart disease. As a result, older people are less likely 
to defeat the corona virus. According to research, 
the following steps are necessary to attain herd 
immunity:
- Many infected people transmit the virus to 

more people and infect them.
- Many infected people have improved and few 

have died.
- Over time, most people will be immune against 

the illness.
In the Coronavirus herd immunity optimizer, 

the herd immunity method is modeled. The 
contents of COVID-19 with the optimization 
context are presented in Table 1, and a set of stages 
is described below, and these stages are specified by 
CHIO:

Stage 1 initialize optimization problem and 
variables of CHIO in this stage. The following 
formula represents the objective function in the 
optimization problem at this stage.

( )min
x

f x   (12)

Where, x  is between lb  and ub . The degree 
of immunity of each individual or the objective 

Table 1. Connection between COVID-19 and context of optimization  
 

Context of Optimization  Context of COVID-19  No 
Reaching maximum age Mortality rate  1 
Basic reproduction rate Reproductive number 2 

Solution  (infected, susceptible, immuned) Case 3 
Pick random case and rely on the basic reproduction rate  Social distancing  4 

Weak fitness value and inherit COVID-19 features  Possibility of infection  5 
Basic reproduction rate  Transmission speed  6 

Fitness value Immunity rate 7 
 
  

Table 1. Connection between COVID-19 and context of optimization
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function of each case is determined by ( )f x . The 
decision variable, or each person’s gene, is denoted 
by x , that x  is equal to ( 1 2, , , )nx x x… , and the whole 
number of genes in each case expressed by n . The 
upper and lower bounds of gene are specified by iub  
and ilb , That ix  is between ilb  and iub .

CHIO contains 4 algorithmic variables which 
are described below:
- The quantity of initial diseased case which starts 

with one item here, and expressed by 0C .
- The maximum number of iterations is indicated 

by _Max Itr .
- The population size is indicated by HIS .
- The problem dimensionality is expressed by n .
- CHIO also includes two main control variables, 

which are quantified at this stage:
- Basic reproduction rate ( )rBR  is used to control 

CHIO operators, which is done by distribution 
the virus pandemic among people.

- The maximum age of people infected is 
determined by AgeMax . This variable defines the 
status of infected people. Infected people who 
reach AgeMax  is either die or improve.
Stage 2 Create herd immunity (HI) population 

Primarily, CHIO creates a random set of individuals 
in the number of HIS . A set of created items 
according to the following formula is saved as a 2D 
n HIS×  matrix in the HI population.

 
11 1

1 2
22 2

1 2

1 2

n

n

HISHIS HIS
n

xx x
xx x

HIP

xx x

 
 
 =
 
 
  





  



   (13)

In the above formula, each row j  specifies a 
case jx , that is obtained according to the following 
formula: ( ) ( )0,1 , 1,2, , .j

i i i ix lb ub lb U i n= + − × ∀ = …   as 
mentioned earlier, the objective function for each 
case is obtained according to Formula 1. the status 
vector ( S ) for wholly cases in HI population is 
started by infected case (1) or sensitive case (0). 
Also, the quantity of infected cases (one) in S  is 
started as many as 0C  by chance.

Stage 3 Coronavirus HI development, which 
is the CHIO’s key development loop. Case ( jx ) 
related gene ( )j

ix  is remain constant or is obtained 
under the influence of social distancing using the 
three laws according to rBR :

( )

( )

( )( )
( )( )
( )( )

   
11     . / /  
3

2   . / /     
3

  . / /  

j
i r

j j
i i r

j
i r

j
i r

x t r BR

x t C x t r BR infected case

N x t r BR susceptiblecase

R x t r BR immuned case

 
 
 

≥ 
  + ← < × 
 
 < × 
 

<  

   

(14)

Here r  creates a random amount between 0 
and 1. The rules have been stated in the following: 

Infected item: In the range of 0,1
3 r

r
BR

 
∈  
 

, the new 

gene amount of ( )1j
ix t +  is impacted by some social 

spacing and that is attained by the dissimilarity 
among present one and the one attained from an 
infected item cx  for example

( ) ( )( )1j j
i ix t C x t= =    (15)

Here 

( )( ) ( ) ( ) ( )( )j j j c
i i i iC x t x t r x t x t= + × −     (16)

The amount of ( )c
ix t  has been chosen from 

some infected case cx  based on the status vector 
( )S , thus, 

( 1)ic i S= =

Susceptible item: defined in 1 2 ,
3 3r rr BR BR ∈  

, the 
new gene value of ( )1j

ix t +  is impacted by some social 
spacing and that is attained by the dissimilarity 
among present one and the one attained from a 
susceptible item vx for example

( ) ( )( )1j j
i ix t N x t+ =     (17)

Here

( )( ) ( ) ( ) ( )( )j j j v
i i i iN x t x t r x t x t= + × −     (18)

The amount of ( )v
ix t  is randomly extent from 

some susceptible case vx  based on the status 
vector ( )S , thus, ( 0)iv i S= = .

Immuned item: In the range of 2 ,
3 r rr BR BR =  

, the new gene amount of ( )1j
ix t +  is impacted by 

several social spacing and that is attained by the 
dissimilarity among the present one and the one 
attained from an immuned item zx  for example

( ) ( )1 (j j
i ix t R x t+ =    
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Here

( )( ) ( ) ( ) ( )( )j j j v
i i i iR x t x t r x t x t= + × −    (20)

The amount of z
ix (t) is extent from the finest 

immuned item zx  according to the status vector (
S ) for example: 

( ) ( )~ [ 2] .
k

z j
j k Sf x arg min f x==

The next stage is to update HI population. The 
immunity amount ( )( )1jf x t +  of each created item 

( )1jx t +  is designed and the present case ( )jx t  is 
changed by the created item ( )1jx t + , if improved, 
such as ( )( ) ( )( )1j jf x t f x t+ < . If 1jS =  the age 
amount jA  is increased by one. 

The following formula is used to update the 
status vector ( )jS .

( )( ) ( ) ( )
( )
( )( )

( )( ) ( ) ( )
( )

1
1

1

0 _ 1

1
1

2
1

j
j

j
j

j j
j

j

f x t
f x t

f x

S is Corona x t
S

f x t
f x t

f x
S

 +
+ < ∧

∆


= ∧ +← 
 +

+ > ∧
∆

 =

    (21)

A binary value equal to 1 is denoted by 
( )( )_ 1jis Corona x t +  while the new case ( )1jx t +  has 

taken a amount from some infected one. The 

( )f x∆  is the average amount of the population 

immune rates for example  ( )1

HIS
ij

f x

HIS
=∑ . In case the 

immunity rate of new individual is more proper 
than the mean population immunity, the degree 
of immunity of individuals is obtained according 
to social distance. As a result, we will have a more 
secure population. When the newly produced 
population is sufficiently safe against the epidemic, 
we will obtain the HI threshold.

Stage 5 is Fatalness cases. If the rate of immunity 
( )( )1jf x t +  of the present infected person ( 1)jS =  

cannot recover for a definite iterations’ number 
as quantified using the variable _Max Age  (i.e., 

_ )jA Max Age≥  so this person is considered died. 
Then, to variegate the present population and 
escape local optimization, it is recreated over again 
by ( ) ( ) ( )1 0,1j

i i i ix t lb ub lb U+ = + − × ,  1,2, , .i n∀ = …  
Stage 6 Stop condition CHIO repeats phases 

three through six until the termination condition 
is happened. The termination condition usually 

depends on the maximum number of repetitions. 
After reaching the termination criterion, the whole 
number of safe cases prevails over the population 
and the infected cases vanish.

5.3. Developed Coronavirus Herd Immunity 
Algorithm (DCHIA)

Although, the original Coronavirus Herd 
Immunity (CHI) optimizer is a recent metaheuristic 
optimizer, it delivers effective achievements for 
the considered problems [32], it can have some 
problems such as achieving low convergence speed 
and local optimization which can be modified 
by some improvements. Here, a recent advanced 
version of CHI algorithm is suggested to provide 
an effective version of this algorithm to use as an 
optimal tool to model parameters identification.

One mechanism is to use the opposition-based 
learning (OBL) mechanism [33]. This mechanism 
is a mechanism to increase the exploration ability 
of the metaheuristics [34]. This mechanism 
generates a complement value for the candidate 
to provide pairs of initial populations. In the new 
population, the pairs compete with each other 
and the better one is selected as the new candidate 
which is analyzed by performing the two pairs to 
the objective function [35]. This new candidate can 
be the original candidate or the complement one. 
The complement value of each candidate can be 
calculated as follows: 

 ( ) ( ) ( ) ( ), , ,j new j max j min j
i i i ix t x t x t x t= + −  (22)

where,  ( ),j new
ix t  defines the opposite position of  

( )j
ix t , and  ( ),j min

ix t  describe the lower boundary 
and  ( ),j max

ix t  is the higher boundary for the solution. 
In this study, 40% of the initial population 

has been achieved by this mechanism. The next 
advancement is to use the chaos theory. Using 
chaos theory, we can provide results with higher 
convergence speed. The method generates pseudo-
random candidates which improve the speed of 
the algorithm convergence. Different types of 
Chaos mechanisms have been introduced [36]. 
Logistic map is one of the popular types of these 
mechanisms. By updating random parameter r  as 
pseudo-random variable, the updated parameters 
has been obtained as given below:

( ) ( ) ( )( )1 1r i r i r iβ+ = × × −  
(23)

where, β  describes the control parameter in the 
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range [0, 4] (here, 3β = ) [37], and ( )0r  specifies a 
random amount between 0 and 1.

5.4. Algorithm validation
This section is about validation of the 

proposed Developed Coronavirus Herd Immu-
nity Algorithm. The computer validation is 
implemented on MATLAB R2018b environment. 
During the validation, the control parameters 
are firstly defined for evaluation and then, some 
of the standard benchmark functions have been 
introduced for using in the evaluation. Afterward, 
researches of the studied functions are executed. 
The achievements of the optimizer are then put in 
comparison with some latest algorithms to indicate 
its effectiveness. The analyzed algorithms are 
Chimp optimization algorithm (COA) [38], Locust 
Swarm Optimizer (LS) [39], Emperor Penguin 
Optimization algorithm (EPOA) [40], and original 
Coronavirus Herd Immunity Algorithm [32]. Table 
2 displays the utilized control parameters for the 
studied algorithms.

The maximum iteration and the population 
size for all algorithms containing the suggested 

Developed Coronavirus Herd Immunity Algorithm 
are set 50 and 200, respectively. Table 3 indicates 
the employed benchmark functions for validation 
and their constraint, and optimal value.

The optimizers were independently imple-
mented 35 times on each one of the test functions 
to bring authentic achievements. To verify the 
ability of the proposed Developed Coronavirus 
Herd Immunity Algorithm, four measurement 
indicators have been utilized. The indicators include 
average amount, lowest (min) and highest (max) 
values, and the value of standard deviation of the 
algorithms’ run during 35 times implementation. 
Table 4 states the results of comparison among the 
suggested Developed Coronavirus Herd Immunity 
optimizer and some state of the art algorithms. 

It can be observed from Table 4 that the 
achieved amount for values of max, min, and 
average for the proposed method are the smallest 
in the proposed Developed Coronavirus Herd 
Immunity Algorithm. So, due to the minimization 
nature of the introduced benchmark functions, the 
proposed method provides the best results in terms 
of accuracy. Also, with a glance on the standard 

Table 2. Utilized control parameters for the studied algorithms 
 

Algorithm Parameter Value 

Chimp optimization algorithm (COA) [38] 
𝑟𝑟𝑟𝑟1and 𝑟𝑟𝑟𝑟2 Random 
𝑚𝑚𝑚𝑚 Chaotic 

Locust Swarm Optimization (LS) [39] 
F 0.6 
L 1 
g 20 

Emperor penguin optimizer (EPOA) [40] 

𝐴𝐴𝐴𝐴 [-1.5, 1.5] 
Temperature value (𝑇𝑇𝑇𝑇′) [1, 1000] 

𝑀𝑀𝑀𝑀 2 
𝑓𝑓𝑓𝑓 [2, 3] 
S [0, 1.5] 
𝑙𝑙𝑙𝑙 [1.5, 2] 

 
  

Table 3. Employed benchmark functions for validation and their constraint, and optimal value 
 

Type Function Formula Dimension Range 𝐹𝐹𝐹𝐹𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 

Unimodal 

Sphere 𝐹𝐹𝐹𝐹1(𝑥𝑥𝑥𝑥) = �𝑥𝑥𝑥𝑥𝑚𝑚𝑚𝑚2
𝑚𝑚𝑚𝑚

𝑚𝑚𝑚𝑚=1

 30 [-100,100] 0 

Schwefel2.22 𝐹𝐹𝐹𝐹2(𝑥𝑥𝑥𝑥) = � |𝑋𝑋𝑋𝑋𝑚𝑚𝑚𝑚| + � |𝑥𝑥𝑥𝑥𝑚𝑚𝑚𝑚|
𝑚𝑚𝑚𝑚

𝑚𝑚𝑚𝑚=1

𝑚𝑚𝑚𝑚

𝑚𝑚𝑚𝑚=1

 30 [-10,10] 0 

Multimodal 
Original 

Functions 

Rosenbrock’s 𝐹𝐹𝐹𝐹3(𝑥𝑥𝑥𝑥) =  �[100(𝑥𝑥𝑥𝑥𝑚𝑚𝑚𝑚+1 − 𝑥𝑥𝑥𝑥𝑚𝑚𝑚𝑚2)2
𝑚𝑚𝑚𝑚−1

𝑚𝑚𝑚𝑚=1
+ (𝑥𝑥𝑥𝑥𝑚𝑚𝑚𝑚 − 1)2] 

30 [-30,30] 0 

Quartic 𝐹𝐹𝐹𝐹4(𝑥𝑥𝑥𝑥) = �𝑖𝑖𝑖𝑖𝑥𝑥𝑥𝑥𝑚𝑚𝑚𝑚4 + 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑚𝑚𝑚𝑚[0,1)
𝑚𝑚𝑚𝑚

𝑚𝑚𝑚𝑚=1

 30 [-128,128] 0 

 
  

Table 2. Utilized control parameters for the studied algorithms

Table 3. Employed benchmark functions for validation and their constraint, and optimal value
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deviation value, it is clear that this value for all of the 
function for the proposed Developed Coronavirus 
Herd Immunity Algorithm is the lowest amount 
among the others. The lowest amount of standard 
deviation for this optimizer is a prove for its higher 
precision, i.e., the algorithms’ higher reliability 
among the other compared algorithms. 

6. METHODOLOGY
6.1. The method of optimizing HRBF using DCHIA

As can be seen, the suggested Developed 
Coronavirus Herd Immunity Algorithm provides 
efficient results for the analyzed studied cases. 
Therefore, we aimed to use this technique for 
optimizing the HRBF structure. The main learning 
process for optimal HRBF network construction 
based on Developed Coronavirus Algorithm is 
given in the following. 

1) Initializing the population with random 
candidates (including the parameters of the 
HRBF network trees)

2) Optimal parameters selection based on Developed 
Coronavirus Algorithm 

3) If termination condition has been reached, go to 
(4), Else, go to (2)

4) The optimal parameters have been achieved 
by the Developed Coronavirus Optimizer. The 
model architecture of HRBF network has been 
determined in this phase and the optimum 
arrangement of the tree has been established.

5) If the termination condition has been reached, or 
there are not better results, go to (6), Else, go to 
(4).

6) If a promising achievement is achieved, the 
algorithm has been terminated; Else, go to (2).

6.2. Optimal Modeling of SOFC based on DCHIA-
HRBF

During the simulation of the SOFC stack, it is 
determined that the relation between the output 
voltage of the stack (V ) and the current density ( I )  
can be affected by different operating parameters, 
like 

2H  and 
2O  flow rates, cell’s temperature, 

and the 
2H  and 

2O  pressures. Although, because 
of existing a lot of operating variables, there is 
no perfect empirical database for SOFCs under 
different operational conditions [41]. 

Still now, there is no comprehensive 
methodology to integrate all of these operating 
variables. In this study, we used the proposed 
DCHIA-HRBF for modeling the system with higher 
accuracy, however, it is not an exception which 
is due to the systems’ complexity with several 
variables. One significant operating variable which 
has a high impact on the SOFCs is temperature. The 
current density is a proper variable for investigating 
the impact of different temperatures on the output 
voltage. This variable selected by the temperature of 
fuel cell and uncontrollable load as variables.

Various methods have been introduced for 
nonlinear systems identification. This study 
considers a two-input, one-output Blackbox for 
system identification of the SOFCs, such that:

[ ]1 1 1, , , , , , , ,i i i i n i i i m iV f V V V I I I T+ − − − −= … …   (24)

By considering the inputs (i.e., 1, , , ,i i i m iI I I T− −… )  
and the output (i.e., 1, , ,i i i nV V V− −… ), the main 
construction of the system can be shown by Fig. (2).

Table 4. The results of comparison among the suggested DCHIA and some latest optimizers 
 

 

              Metaheuristics 
 

Function 

COA [38] LS [39] EPOA [40] 

Average SD Average STD Average STD 

F1 10.1264e-1 13.2648e-1 13.3817e-2 17.3729e-2 14.9471e-3 25.6447e-3 

F2 16.6647e-2 24.0413e-2 20.3648e-2 25.3482e-2 20.8594e-2 28.2081e-2 

F3 18.3614 17.6379 15.2258 12.7464 9.8294 6.9647 

F4 1.328e-4 1.0098 1.0072 0.068 0.0052 0.0042 

              Metaheuristics 
 

Function 

CHI [32] DCHIA 

Average STD Average STD 

F1 26.3925e-4 15.3251e-5 10.2374e-6 18.3617e-6 

F2 23.2574 e-2 15.4341e-3 16.6222e-3 27.8507-3 

F3 6.0157 5.9246 3.6274 2.0367 

F4 0.0098 0.0083 0.0076 0.0053 

Table 4. The results of comparison among the suggested DCHIA and some latest optimizers
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Tapped delay line (TDL) extracts the output data 
from the system within the delay line as seen in Fig. 
(2). The major target here is to provide a technique 
based on DCHIA-HRBF technique to identify Eq. 
(24). The method includes three main stages. The 
firs one is to pre-process the input training data. 
The second stage is to use the pre-processed data 
to train and design the proposed DCHIA-HRBF 
model. Finally, the last stage is to use the designed 
model for new input data prediction.

7. SIMULATION RESULTS 
7.1. Pre-processing the data

In the present research, we utilized a model 
from [42] to provide a proper dataset for training 
the DCHIA-HRBF model. The simulation contains 
two clusters of cell voltage and current density 
data under 1073.15 K and 1273.15 K to train 
the data. Both of the group has 699 data pairs. 
The operational variables of the FC including 
temperatures and stack current density (0–700 mA 
cm−2) are changeable. The range of the operational 
variables of the FC is indicated in Table 5.

To pre-process the input data to provide a proper 
training, we need to normalize the scale all of the 
input data to a definite range. This range is usually 
is between 0 and 1. Several methods are introduced 
for normalizing the data [43]. Here, Linear Scaling 

methodology has been utilized for scaling current 
density, cell voltage, and temperature between 
0 and 1. By considering z  as an input data, the 
Linear Scaling can be defined as follows:

 j min

max min

z z
z

z z
−

=
−

′   (25)

where, minz  and maxz  stand for the lowest and the 
highest amount of the data.

7.2. Parameter selection of the suggested DCHIA-
HRBF

For speeding up the identification process, we 
should prune some of the useless parameters. As 
mentioned before, the proposed DCHIA-HRBF 
network includes two inputs (temperature and 
current density), one output (voltage), and 4 nodes 
for hidden layer.

7.3. The Main Objective
The parameters of the HRBF network have 

been assumed as the decision parameters herein. 
The decision variables should be optimally selected 
by the Developed Coronavirus Herd Immunity 
Algorithm to provide an optimized configuration 
for the HRBF network. Therefore, the population 
here includes the Gaussian function (GF)’s width 

 
Fig. 2. The main configuration of the proposed DCHIA-HRBF 

  

Fig. 2. The main configuration of the proposed DCHIA-HRBF

Table 5. The range of the operational variables of the FC 
 

Operational variables Lower Range Upper Range Unit 
Temperature 873.15 1273.15  Kelvin (K) 

Current density 0 700 mA/cm2 
 
  

Table 5. The range of the operational variables of the FC
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and center and the weights of the output. So, the 
population definition in HRBF network is as 
follows:

1 2 3 4 11 12 13 14

21 22 23 2,4 1 2 3 4

, , , , , , , ,
, , , , , , ,

a a a a c c c c
p

c c c c α α α α
 

=  
 

   (26)

Therefore, the population includes 16 
parameters for each candidate vector, where, 4 
widths and 4 centers for the RBF network’s hidden 
unit and 4 weights are considered for connection. 
The constraints for the parameters are as follows:

0.1 3ia≤ ≤
3 3jic− ≤ ≤
1 1iα− ≤ ≤   (27)

1,2,3,4; 1, 2i j= =   (28)

The solution candidates (decision variables) of 
the generation have been assessed by a performance 
index (PI). This study uses HRBF network has been 
employed to model the SOFC stack. The main 
objective function for this study is formulated 
below

( )1

1
50 M

j

PI
e j

=

=
×∑

  (29)

here, M refers to the samples number for the 
experimental information, and ( )e j  describes the 
error amount between the output of model and 
empirical output. The major concept is to lessen 
this index using the Developed Coronavirus Herd 
Immunity Algorithm.

In the classic methods, to optimize the above-
mentioned performance index, the decision 
variables are achieved by using gradient descent 
learning algorithm. In this study, Developed 
Coronavirus Herd Immunity Algorithm has been 
used for this purpose. Table 6 indicates the optimal 
selected decision variables including the outputted 
weights and the GF’s widths and centers.

As mentioned, the optimal parameter values 
have been achieved by minimizing Eq. (29). Fig. 
(3) shows the optimal value that is achieved by 
the proposed method. As can be observed from 
Fig. (3), the best cost for the performance index is 
119.442.

 
Table 6. Optimal selected decision variables of the network 

 
Parameter Value Parameter Value 

𝑟𝑟𝑟𝑟1 1.856 𝑐𝑐𝑐𝑐11 0.255 
𝑟𝑟𝑟𝑟2 1.439 𝑐𝑐𝑐𝑐12 -0.763 
𝑟𝑟𝑟𝑟3 2.615 𝑐𝑐𝑐𝑐13 -0.446 
𝑟𝑟𝑟𝑟4 2.408 𝑐𝑐𝑐𝑐14 -0.259 
𝛼𝛼𝛼𝛼1 -0.556 𝑐𝑐𝑐𝑐21 -1.437 
𝛼𝛼𝛼𝛼2 0.772 𝑐𝑐𝑐𝑐22 1.565 
𝛼𝛼𝛼𝛼3 0.709 𝑐𝑐𝑐𝑐23 -2.962 
𝛼𝛼𝛼𝛼4 0.591 𝑐𝑐𝑐𝑐24 -0.101 

 
 

Table 6. Optimal selected decision variables of the network

 
Fig. 3. The convergence value curve of the best cost candidates 

  

0 50 100 150 200
Time (s)

120

130

140

150

160

170

180

190

Fig. 3. The convergence value curve of the best cost candidates
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Fig. 4. Current-voltage curve validation for the achieved method based on DCHIA-HRBF and other 

comparative algorithms for T 873.15 K 
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Fig. 4. Current-voltage curve validation for the achieved method based on DCHIA-HRBF and other comparative algorithms for 
T=873.15 K

 
Fig. 5. Current-voltage curve validation for the achieved method based on DCHIA-HRBF and other 

comparative algorithms for T 1223.15 K 

  

0 100 200 300 400 500 600
Current density (mA/cm2)

0

0.2

0.4

0.6

0.8
Experimental
ICHIA-HRBF
CHIA-HRBF
GA-RBF

Fig. 5. Current-voltage curve validation for the achieved method based on DCHIA-HRBF and other comparative algorithms for 
T=1223.15 K 

Fig. 6. Current-voltage curve validation for the achieved method based on DCHIA-HRBF and other comparative algorithms for 
T=1173.15 K

 
Fig. 6. Current-voltage curve validation for the achieved method based on DCHIA-HRBF and other 

comparative algorithms for T 1173.15 K 
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Fig. (4-6) show the current-voltage curve 
for the optimized method based on the trained 
data for T 1173.15 K=  according to the suggested 
DCHIA-HRBF comparing with GA-RBF [41], and 
the original CHI-HRBF for confirmation with the 
experimental data.

Based on Fig. (4-6), the suggested DCHIA-
HRBF model provided the best confirmation 
with the experimental data during different 
Temperatures. In the next step, we utilized the 
DCHIA-HRBF network for data prediction. Here, 
after performing the training step, DCHIA-HRBF 
network has been modeled and prepared for using 
in prediction. In the present study, we also used 
the test data from [42]. The prediction analysis 
is also performed by considering the 873.15 K  
with current density between 0 and 600 mA cm−2. 
To verify the results of the predicted output, it is 
confirmed by experimental data. The evaluation is 
shown in Fig. (4-6). 

8. CONCLUSIONS
The current paper suggests a new methodology 

for Blackbox system identification of the solid oxide 
fuel cells (SOFCs). The approach has been was 
developed by a new developed version of Radial 
Basis Function (RBF), called Hierarchical RBF 
(HRBF) to provide better results. To provide higher 
efficiency for the proposed HRBF, its structure 
was optimized by a new developed metaheuristic, 
called Developed Coronavirus Herd Immunity 
Algorithm. The proposed model named DCHIA-
HRBF and after designing the model based on 
training data, its efficiency was confirmed with 
comparison of some other latest approaches. The 
approach was also verified by doing a validation 
by the empirical data. The achievements indicated 
that the proposed DCHIA-HRBF provides high 
efficiency as an identification and prediction tool 
for the SOFCs.
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