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Abstract – In this paper two artificial intelligence techniques to predict and control behavior of a 25W
fabricated proton exchange membrane (PEM) fuel cell, have been investigated. These approaches are:
“Parametric Neural Network (PNN)” and “Group Method of Data Handling (GMDH)” for the first time.
A PNN model is developed by introducing a “p” parameter in the activation function of the neural network.
PNN model with its specific tangent hyperbolic transfer function have the ability to be with different
nonlinearity degrees of input data. To develop GMDH network, quadratic polynomial was utilized. To
determine proper weights of GMDH network, back propagation algorithm has been used. The input layer
consists of gas pressure, fuel cell temperature and input current experimental data, to predict the output
voltage. The results show that both generalized Parametric and GMDH-type neural networks are reliable
tools to predict the output voltage of PEM fuel cell with high coefficient of determination values of 0.96
and 0.98.

Key words: Proton exchange membrane fuel cell / hydrogen modeling / output voltage prediction /
parametric neural network / group method of data handling

1 Introduction

Proton exchange membrane fuel cells (PEMFCs) have
a great potential for fossil fuel power sources replace-
ment due to the decrease of petroleum based energy re-
sources, increasing power demand, rising of the oil prices
and global warming. Fuel cell technologies have received
much attention in recent years owing to their advantages
such as higher efficiency, no dependence on fossil fuels, no
emissions of polluting and greenhouse gases (SOx, NOx,
CO2, CO) and silent performance due to no mobile parts
and, etc. Fuel cells, which are classified by their electrolyte
type, are electrochemical devices that convert chemical
energy stored in fuels such as hydrogen to electrical energy
directly, without combustion process. Their efficiency can
reach as high as 60% in electrical energy conversion and
overall 80% in combined heat and power (CHP) systems,
with >90% reduction in major pollutants [1, 2]. Among
different types of fuel cells, PEMFC due to low operating
pressure and temperature and high power density is more
suitable than other types of fuel cell for vehicles and local
hydrogen production purposes. Their optimum operating
temperature is below 90 ◦C. As an outline, reactions in
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a PEM fuel cell can be illustrated as following: hydro-
gen in anode electrode changes into hydrogen ions, and
electrons are released. The membrane just let the ions to
pass through, so electrons move through an external cir-
cuit creating the electric current. The ions reaching the
cathode are reduced with the electrons and oxygen, and
finally water is a byproduct. Redox reactions are shown
as below:
Reaction at anode:

H2 → 2H+ + 2e (1)

Reaction at cathode:

1/2 O2 + 2e + 2H+ → H2O (2)

PEM fuel cells considerable features such as low operating
temperature, high power density, rapid load change com-
patibility and easy assembling, have made them a reliable
choice for the next generation power sources for trans-
portation, stationary, and portable applications [3–12].
We require a suitable predicting model to have a correct
and comprehensive view of a fuel cell before the opera-
tion, determination of the optimal operating conditions
and also checking the operation conditions that cannot
be tested or measured. The purpose of this study is to
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Nomenclature

Symbols

P Pressure (Bar)

T Temperature (◦C)

I Current (A)

V Output voltage (V)

VC Cell voltage (V)

Pe Electric power (W)

n Number of cells

F Faraday constant

N Total number of training output

Oj Output of jth layer

yi Predicted output

ŷi Real output value

ȳi Mean of predicted output

E Mean squares error function

x Input

bj Bias

fp Parametric transfer function

t Target (real output)

Oo Network output

xh Output signal of weights of first hidden layer

xo Output signal of weights of second hidden layer

p Parametric neural network regulator

Oh Output of first hidden layer

Greek

β Learning rate

α Momentum factor

g(t) Gradient of SSE

σ Slope of transfer function

δoo Returned signal from output to second hidden layer

δoi Returned signal from second hidden layer

δho Returned signal from second hidden layer weights

δhi Returned signal from first hidden layer

Terminology

SSE Sum of square error

MAPE Mean Absolute percentage error

achieve this kind of model by the neural network. In gen-
eral, modeling for the fuel cells can be divided into two
categories: theoretical models based on mass and energy
conservation laws and physical relations of mass, momen-
tum and heat; and semi-empirical models based on nu-
merical calculations and data obtained from experimental
tests. Several models have been proposed for the control
of fuel cell systems in which, various simplifications, soft-
ware and boundary conditions are used. Semi-empirical
methods present an efficient model from experimentally
derived data that can model the effects of changing pa-
rameters. Relative humidity, reactant gas stoichiometry,
gases pressures and temperature are just some of the pa-
rameters which are involved in PEM fuel cells process.
Many articles are available on the steady-state models,
mainly focused on the design of the PEM fuel cell and
select its optimal function point [13]. Baschuk and Li pre-
sented an integrated physical and electrochemical model

for various cells components [14]. Nguyen and White de-
veloped a model to evaluate different humidities [15].
The model accounts for water transport across the mem-
brane by electro-osmosis and diffusion, heat transfer from
the solid phase to the gas phase and latent heat asso-
ciated with water evaporation and condensation in the
flow channels. Fuller and Newman simulated PEM fuel
cell operation in different electrodes feed statuses of wet
gas [16]. Water management, thermal management, and
fuel consumption were examined in detail. Bernardi and
Verbrugge presented a simple one-dimensional mathemat-
ical model for water transport in porous electrodes [17].
They also investigated the factors that limit cell perfor-
mance. Wang et al investigated flow and two-phase trans-
mission of gas-liquid in a PEM fuel cell (anode air) and
also, methanol fuel cell [18]. Du and Shi have provided
a Computational fluid dynamics (CFD) model for the
dense structured catalyst layer [19]. In fact, relatively few
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models have been presented in the literature for tran-
sient behavior and control of fuel cell systems [20]. With
a Quasi-three dimensional dynamic model for a PEM fuel
cell by Mueller et al. [21], that dynamic equations were
solved for a typical but simplified quasi-three dimensional
geometric representation of a single cell repeat unit of a
fuel cell stack. A model for predicting cell loads, with em-
phasis on the response time to change the dynamics of the
system temperature was proposed by Shan and Choe [22].
Simulations had been performed to analyze the effects of
load currents on the behaviors of the fuel cell. A con-
trol strategy based forward-looking model was studied
by Na et al. [23]. A linearization approach to generate
a dynamic model is presented by Nasiri [24]. The men-
tioned static and dynamic models, built the basic foun-
dation for the study of mechanisms and understanding of
the physical phenomena in polymer fuel cells. Despite ad-
vances in the modeling, physical models proposed for fuel
cells are not sufficiently accurate due to complex non-
linear nature of their process. Usually modeling is per-
formed by providing models that are based on knowledge
of the chemical and physical phenomena. These models
require a good understanding of their process parame-
ters. In many cases, determining the parameters for oper-
ating a fuel cell system is difficult [25]. One way to solve
this problem is the exploitation of raw experimental data
with a “black box” model that requires no initial knowl-
edge about the system. Several techniques can be used
to create a black-box model, however, a neural network
model that is well designed, provides a functional and
accurate input-output relationship that is due to its ex-
cellent ability to multi-dimensional topography. Neural
network can predict the desired output variables faster
and more accurate than doing a physical model. For this
reason, it is widely used in various fields of science and
technology. Most neural network models presented in pa-
pers have been investigated for fuel cell systems from ac-
tive and dynamic aspects. Ogaji et al. [26] presented a
Multi-Layer Perceptron (MLP) neural network with cell
temperature and pressure input and output voltage. Ou
and Achenie [27] presented a hybrid neural network model
to evaluate the effect of Pt loading. Chávez-Ramı́rez [28]
developed a neural network model for high power PEM
fuel cell [28]. Sisworahardjo [29] investigated a feed for-
ward neural network model for a 100 W portable fuel cell
with input parameters of current and temperature to es-
timate hydrogen flow rate and voltage. In reference [30]
the author developed an optimal model for PEM fuel cell,
based on Taguchi method using neural networks and ge-
netic algorithms. A neural network-based model for the
dynamic mechanical behavior of a PEM fuel cell is pre-
sented in reference [31]. The associated experimental con-
ditions specifying the vibration tests to train and validate
were defined. Kim and Lee [32] checked the diagnosis
and health status of PEM fuel cell using output volt-
age algorithm and Hamming Neural Network (HNN). In
this paper, a specific transfer functioned neural network
which we named “parametric neural network” is designed
to predict behavior of a fabricated 25W PEM fuel cell.

The input layer consists of gas pressure, current and tem-
perature and the output layer consists of voltage. A num-
ber of studies has been done in GMDH method and NN
for engineering fields. System classification techniques are
employed in different fields to model and predict the per-
formance of unknown and complicated systems based on
given input-output data [33]. For this reason, soft com-
puting methods, which involve computation in an impre-
cise environment, have attracted considerable attention
of researchers. The components of fuzzy logic, neural net-
work and evolutionary algorithms have great potential in
solving complex non-linear system classification and con-
trol problems [34]. Many studies have been done to use
evolutionary methods as suitable tools for system classifi-
cation [35–37]. Among these methods, the group method
of data handling (GMDH) algorithm is a self-organizing
method which is generated based on the evaluation of
their performances on a set of multi-input and single out-
put data pairs (Xi, Yi) (i = 1, 2, . . . , M). The GMDH was
investigated by Ivakhnenko [38] as a multivariable analy-
sis approach for complex systems modeling and classifica-
tion. In this way, the GMDH can be employed to model
complicated systems without having exact knowledge of
the systems. The GMDH works by creating an analytical
function in a feed forward network based on a quadratic
node transfer function in which coefficients are achieved
by regression process [39]. Actually, the real GMDH al-
gorithm in which the model coefficients are approximated
by means of the least square method has been categorized
as complete induction and incomplete induction, which
represent the combinatorial (COMBI) and multi-layered
iterative algorithms (MIA), respectively [40]. Use of self-
organizing networks has result in successful application of
the GMDH type algorithm in a wide range of engineering,
science and economics [41–47]. A comprehensive review of
utilizing evolutionary algorithms in the design of artificial
neural networks is presented in reference [48]. In recent
years, genetic algorithms have been used in a feed forward
GMDH type neural network for each neuron searching its
best set of connection with the preceding layer [49]. In
the present work, models are developed with respect to
GMDH and ANN and experimental PEM fuel cell. The
results are verified against experimental values. The pa-
per is organized as follows: Fabricated fuel cell system and
experimental steps are reported in the next section. Sec-
tion 3 provides different steps to develop the parametric
ANN-based models. Results and discussions are reported
in Section 4.

2 Fabricated PEM fuel cell system
and experimental steps

2.1 Fabricated PEM fuel cell

In line with this project, to provide training data for
the neural network, a PEM fuel cell was needed. In order
to eliminate this need, a PEM fuel cell was designed and
built commensurate with the project. After designing the
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Fig. 1. Three-dimensional view of end plates and graphite
electrodes design.

Fig. 2. Final fabricated PEM fuel cell.

components, the fuel cell was built and assembled in Ma-
terial and research center of Isfahan. The fabricated PEM
is a double cell stack, with 25 cm2 active area for each cell.
The membrane current density is 0.8–1 A/cm2. The fab-
ricated PEM is a Hydrogen-Oxygen type and therefore
the catalyst for both anode and cathode electrodes sides
was the same and made of carbon-platinum. The cata-
lyst load is 0.5 gr/cm2. Depth of the graphite electrodes
gas transmission channels is considered 1 mm. Figure 1
shows a three-dimensional view of end plates and graphite
electrodes design. The final fabricated PEM fuel cell is de-
picted in Figure 2.

2.2 Experimental tests

There were some operational preconditions that
should be respected for the fuel cell tests. To perform
the tests on the fabricated PEM fuel cell the following
points were required to be observed:

– Humidity of 95% is required in the input gas. The
definition of the humidity is the ratio of the partial
pressure of water vapor in an air-water mixture to

the saturated vapor pressure of water at a prescribed
temperature or relative humidity of the exhaust gas.

– Pressure difference between two sides of the membrane
should not be over −0.5 bar.

– The maximum acceptable operating pressure for the
inlet gas is 2 bar.

– To begin the test, the open circuit voltage should be
reached to 1.9 V.

– The acceptable stoichiometric ratio of the reaction is
1 or 1.5 for both the anode and cathode side.

– During the test, cell voltage should not reach to less
than 0.4 V, because in that case due to the high cur-
rent density, fuel does not reach the catalyst sites and
called catalyst starvation occurs.

For running the fuel cell for the first time the break in
process is needed. The break in process is necessary to
have a stable performance and also prevention of ther-
mal shocks and possible leaks in the system. This opera-
tion is performed by injection of the moist inert gas, such
as N2, to the fuel cell and the increasing cell tempera-
ture with increasing the inlet gas temperature from 30
to 80 ◦C during 3 h. Inert gas injection will likely push
the remained gas in cells, outside. The temperature of
65−80 ◦C is suitable for testing. The electrochemical re-
actions could be carried out at lower temperatures, such
as 40−50 ◦C, but the reactions are less efficient and the
fuel cell more likely to be flooded. The test which was
considered for the PEM fuel cell was voltage-current test.
It should be noticed that sudden changes in the current
driven from the PEM fuel cell due to sudden changes in
the load, cause the sticking together and closed spaces in
C-Pt catalyst. To avoid this, it was planned to change
the current with small steps (e.g. 1A) during the test.
To calculate the required oxygen and hydrogen flow rate,
Equations (3) and (4) are used [33]. The required O2 and
H2 for the stack was calculated 0.1530 and 0.4615 SLPM
(standard liter per minute) respectively.

Oxygen consumption =
In

4F
[moles.s−1]

=
32 × 10−3 × Pe

4VcF
= 8.29 × 10−8 × Pe

Vc
[kg.s−1] (3)

Hydrogen consumption =
In

2F
[moles.s−1]

=
2.02 × 10−3 × Pe

2VcF
= 1.05 × 10−8 × Pe

Vc
[kg.s−1] (4)

2.3 Data collection

Table 1 shows the set of test process conditions pre-
pared for the fabricated PEM fuel cell.

Figure 3 shows the PEM fuel cell test stood in Material
and research center of Isfahan.

Figure 4 shows the V -I test results. It was planned to
change the current with small steps (e.g. 1A) during the
test, to avoid catalyst adherence.
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Table 1. Set of test process conditions.

������������Conditions

Test
numbers Test 1 Test 2 Test 3 Test 4 Test 5 Test 6 Test 7

T (◦C) 68 63 73 68 73 78 78
P (bar) 1 1.5 1 1.5 1.5 1 1

Fig. 3. Structure of the PEMFC test.
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Fig. 4. V -I test results.

3 Parametric artificial neural networks

3.1 Parametric neural network

Artificial neural network is a powerful modeling tool
that can be used to receive complex relations between
input-output data. Many types of artificial neural net-
work models have been developed that can be used for
various applications. Essential component of the struc-
ture is simple. The weights can be changed or modified
in various ways by the transfer function in order to de-

Fig. 5. Basic structure of neural networks.

fine connections between the input layer, hidden layer and
output layer. The built neural network can quickly receive
and process the input data and deliver the outputs. Some
of the notable features of artificial neural networks are:

– Adaptive learning.
– Self-organizing.
– Immediate operators.
– Fault tolerance.
– Grouping.
– Overall generalization.
– Stability-Flexibility [50].

The main advantage of neural network is the excellent
nonlinear approximation ability, and there will be fewer
assumptions for model construction compared to the tra-
ditional statistic models. The physical model is usually
based on transfer phenomena, electrochemistry and heat
conduction, however its derivation process is very compli-
cated and its efficiency is not as well as the neural network
model. Therefore, the neural network would be an appro-
priate choice for PEMFCs modeling. Figure 5 shows the
basic structure of neural networks [51].

An input bias bj in addition to input data is linked to
the jth neuron. The output of the jth neuron will be:

Oo = F

(
k∑

i=1

wjixi − bj

)
(5)

In this study the presented neural network is a feed for-
ward MPL structured network, with two hidden layers.
The input layer consists of 3 neurons (for 3 input vari-
ables) and the output layer is a single neuron (for 1 out-
put variable). Two hidden layers consist of 17 and 12 neu-
rons, respectively. The ANN is trained by updating the
weights using a back propagation learning rule. The error
is returned from the intermediate and output layers and
used to correct the weight coefficient. The output of the
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last layer, compared with the desired value and the differ-
ence between them, generates an error. This error back to
the previous layers is used as the weight updater. Moving
backward, node input is multiplied to transfer functions
derivate with respect to previous inputs, and the node
output is created. This process continues until it reaches
the first layer, and finally weight updating is completed by
Equation (6). This process is continued until, for desired
input, the network output will be close to the target.

wji (t + 1) = wji (t) − βg (t) + α (wji (t) − wji (t − 1))

(6)

g (t) =
∂ (SSE)
∂wji wji=wji(t)

(7)

In which Sum of Square Error is defined as:

SSE =
∑N

j=1
(tj − Oj)

2 (8)

The transfer function used in parametric neural net-
work is a tangent hyperbolic one, since it is a bipolar
function for upper and lower limits. Furthermore, back-
propagation method needs differentiable function to ad-
just the weights. Equations (9) and (10) show the tangent
hyperbolic transfer function and its derivative.

tanh(x) = a =
ex − e−x

ex + e−x
(9)

tanh′ x = (1 + tanhx) (1 − tanhx) (10)

In this study “p” parameter has been defined in order to
have a transfer function which can transform proportional
due to network requirements. Changes of “p” parameter
proportional to changes of the nonlinearity degree in the
data-set would help network learning process. In other
words, the “p” parameter makes the transfer function
adaptive. Equation (11) shows the general form of the
standard hyperbolic function.

f(x) =
a (1 − e−σx)

1 + e−σx
(11)

This function can be controlled by a and σ parameters.
Figure 6 illustrates the effect of these parameters on gen-
eral form of the transfer function schematically.

To avoid drastic changes of a and σ a mathematical re-
strictive function can be utilized which is the logarithmic
function. In other words, 1

LnP or e−P can be used instead
of a. p plays the role of regulator of the transfer function.
This is possible by comparing the value of trained “p”
with “1” if the parameter is near 1 then it is linear and
the farther it is from 1 the more nonlinearity it has. Thus
MPNN is somehow a gray box rather than a sole black
box. Finally the transfer function used in the parametric
neural network can be given by Equation (12) [52, 53].

fP (x) =
1

ln (P )
(tanh (ln p × x)) (12)

Fig. 6. Effect of a and σ parameters on general form of the
transfer function.

Equation (13) presents the Mean Squares error function.

E =
1
2

∑
k

[t (k) − Oo (k)]2 (13)

Equations (14)–(20) present the change of “p” parameter
and its relations:

pnew = pold − σ
∂E

∂pold
(14)

δoo (k) ≡ ∂E

∂Oo (k)
= Oo (k) − t (k) (15)

δoi (k) ≡ ∂E

∂xo (k)
=

∂E

∂Oo (k)
∂Oo (k)
∂xo (k)

= ∂oo (k) × tanh′ (ln pk × xo (k)) (16)

δho (j) ≡ ∂E

∂Oh (j)
=
∑

k

∂E

∂xo (k)
· ∂xo (k)
∂Oh (j)

=
∑

k

δoi × Wkj (17)

δhi (j) ≡ ∂E

∂xh (j)
=

∂E

∂Oh (j)
· ∂Oh (j)

∂xh (j)
= δho (j) × tanh′ (ln pj × xh (j)

)
(18)

∂E

∂pk
=

∂E

∂Oo (k)
· ∂Oo (k)

∂pk
= − 1

pk × ln pk

× [δoo (k) × Oo (k) − δoi (k) × xo (k)] (19)
∂E

∂pj
=

∂E

∂ho (k)
· ∂ho (j)

∂pj
= − 1

pj × ln pj

× [δho (j) × Oh (j) − δhi (j) × xh (j)] (20)

Figure 7 shows the structure of the designed parametric
neural network.

Each data set was separated into two parts, namely
training data and validation data. The training data were
used to train the neural network to obtain the weights
for the network and determine when training should be
stopped. The training error will normally decrease during
the initial phase of training. Training is done by assigning
random weights to each neuron, evaluating the output of
the network and calculating the error between the out-
put of the network and the known results by means of an
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Fig. 7. Structure of the designed parametric neural network.

error or objective function. When the error becomes too
large, the weights have to be adjusted and the process
goes back for evaluate the output of the network. This
cycle is repeated till the error becomes low or the conver-
gence criterion is satisfied. However, when the network
begins to over fit the data, the error on the training set
will typically begin to rise. When the training error in-
creases for a specified number of iterations, the training
is stopped, and the weights and biases at the minimum of
the training error are returned. The validation data were
employed to assess the performance of a trained neural
network with unseen data. 80% of the whole data were
employed for the training part and the remaining data
were used for the validation part. The training target was
defined to continue the irritations for 6000 epochs.

After training the network one may look at the PNN
and realize the degree of nonlinearity of the network. This
is possible by comparing the value of trained “p” with “1”.
If the parameter is near to 1, then it is linear and the
farer it is from 1 the more nonlinearity it has. Thus PNN
is somehow a gray box rather than a sole black box.

3.2 Theoretical modeling of GMDH type of artificial
neural network

The group method of data handling (GMDH) is a cat-
egory of inductive algorithms for computer-based mathe-
matical modeling of multi-parametric data sets that fea-
tures parametric optimization of models. The method
is a set of neurons in which various pairs of them in
each layer are connected through a quadratic polynomial,
therefore, generate new neurons in the next layer. This
turn of phrase may be used in modeling to map inputs
to outputs. This description includes the function f̂ in
order to predict the output ŷ for a specified input vector
X = (x1, x2, x3, . . . , xn). The function f and y are the
actual input and output which are defined as followings:

yi = f(xi1, xi2, xi3, ..., xin) (i = 1, 2, 3, . . . , M) (21)

ŷi = f̂(xi1, xi2, xi3, ..., xin) (i = 1, 2, 3, . . . , M) (22)

Then, a GMDH type neural network must be applied in
order to minimize the square of difference between the

actual output and the predicted one:

M∑
i=1

[
f̂(xi1, xi2, xi3, ..., xin) − ŷi

]2
→ min (23)

The connection between the input and output vari-
ables can be stated by a Kolmogorov-Gabor polyno-
mial [38, 40–42]:

y = ao +
n∑

i=1

aixi +
n∑

i=1

n∑
j=1

aijxixj

+
n∑

i=1

n∑
j=1

n∑
k=1

aijkxixjxk + . . . (24)

ŷ = G(xi, xj) = ao + a1xi + a2xj + a3x
2
i + a4x

2
j + a5xixj

(25)

For each pair of xi, xj as input variables, the coeffi-
cients ai in Equation (25) are calculated by regression
techniques, in order to minimize the difference between
the actual output, y, and the calculated one, ŷ. In fact,
a hierarchy of polynomials is built using the quadratic
form provided in Equation (25) whose coefficients are cal-
culated in a least-squares sense. In this respect, the co-
efficients of each quadratic function Gi are obtained to
optimally fit the output in the whole set of input–output
data pair, as follows:

E =

M∑
i

(yi − Gi)2

M
→ min (26)

In order to construct the regression polynomial in the
form of Equation (25) that best fits the dependent ob-
servations (yi, i = 1, 2, . . . , M) in a least-squares sense, in
the GMDH algorithm, all the possibilities of two indepen-
dent variables out of total n input variables are selected.

In fact,
(

n
2

)
= n(n−1)

2 neurons will be consequently built

up in the first hidden layer of the feed forward network
from the observations {(yi, xip, xiq); (i = 1, 2, . . . , M}
for different p, qÎ {1, 2, . . . , n}. The M data triples
{(yi, xip, xiq); (i = 1, 2, . . . , M} could be built from the
observation utilizing such p, qÎ {1, 2, . . . , n} in the form of⎡

⎣x1p x1q y1

x2p x2q y2

x3p x3q yM

⎤
⎦

Using the quadratic sub-expression in the form of Equa-
tion (25) for each row of M data triples, the following
matrix equation can be readily obtained as

Aa = Y (27)
a = {a0, a1, a2, a3, a4, a5} (28)

Y = {y1, y2, y3, . . . yM}T (29)
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Fig. 8. A generalized GMDH network structure of
chromosome.

where a is the vector of unknown coefficients for the
quadratic polynomial in Equation (25), and Y is the vec-
tor of output values from observation. A is given by:

A =

⎡
⎢⎢⎢⎢⎣

1 x1p x1q x1px1q x2
1p x2

1q

1 x2p x2q x2px2q x2
2p x2

2q

−− −− −− −− −− −−
1 xMp xMq xMpxMq x2

Mp x2
Mq

⎤
⎥⎥⎥⎥⎦ (30)

The least-squares technique from multiple-regression re-
sult is expressed as:

a =
(
AT A

)−1
AT (31)

This process for each neuron of the next hidden layer is
iterated and neurons in each layer are only connected to
the neuron in its adjoining layer. Such a solution from nor-
mal equations is directly rather susceptible to round off
errors [48,49,54–57]. Taking this advantage, it was possi-
ble to perform a simple encoding scheme for the genotype
of each character in the population as already proposed
by [46–49]. The encoding schemes are shown in Figure 8.

According to Figure 8, output neuron (abbcadad) in-
cludes twice ad because the neuron (ad) at the first layer
is connected to the output layer by directly going through
the second layer. This process takes place when a neuron
passes some adjoining hidden layers and connects to an-
other neuron in the next following hidden layer. In this
method, the number of repetitions of neuron was given
by 2ñ where ñ is the number of the passed hidden lay-
ers [46–49].

For the validity check three parameters are used: R2 as
the absolute fraction of variance, RMSE as the root-mean
squared error and MAPE as the mean absolute percentage
of error, which are given by:

R2 = 1 −
[∑M

i=0

(
Yi(model) − Yi(Actual)

)2
∑M

i=1

(
Yi(Actual)

)2
]

(32)

RMSE =

[∑M
i=0

(
Yi(model) − Yi(Actual)

)2
M

]1/2
(33)

MAPE =

[∑M
i=0

∣∣Yi(model) − Yi(Actual)

∣∣
M
∑M

i=1

(
Yi(Actual)

)
]

(34)

Fig. 9. R2 for: (a) GMDH model and (b) ANN model.

Fig. 10. Variation of relative error against corresponding
experimental voltage values (a) for GMDH model; (b) for
ANN model.

4 Results and discussions

Figure 9 depicts a comparison between ANN output
and GMDH output, while Figures 9a and 9b are for ANN
and GMD respectively. As can be seen, both ANN and
GMDH, have trained networks very well. Trained GMDH
model according to slightly higher R2 is reasonable model.

In Figure 10, the deviation percentage of the GMDH
and ANN trained networks output data, from experimen-
tal data is shown. Figure 10a shows the trained network
by ANN with maximum deviation of 14% and Figure 10b
shows the trained network by GMDH where the maxi-
mum deviation is 8%.
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Fig. 11. Comparison between measured and predicted volt-
age: (a) for GMDH and (b) for ANN.

Fig. 12. Comparison between experimental voltage and out-
comes of the ANN and GMDH approaches versus pressure.

In Figure 11, the agreement between the ANN and
GMDH outputs with experimental results is compared,
where Figures 11a and 11b are for ANN and GMDH re-
spectively. The agreement with experimental results is
high in both networks, but GMDH results are still slightly
better.

Figure 12 shows the changes in voltage among changes
of pressure for the experimental results and the results of
ANN and GMDH. As it is shown there is a very good
agreement between the results of these models and ex-
perimental results.

In Figure 13 the voltage changes among changes of
current for the experimental results and the results of
ANN and GMDH are shown. As it is shown, in higher
temperature and pressure fuel cell achieve higher values
of power.

Temperature changes among voltage changes for the
experimental results and the results of ANN and GMDH
are shown in Figure 14. As it is shown there is a very
good agreement between the results of these models and
experimental results and deviations are negligible.

One feature of GMDH method is that in this method
for each output by weighting of each input an equation
can be produced. This method defines the best weight

Fig. 13. Comparison between experimental voltage and out-
comes of the ANN and GMDH approaches versus current.

Fig. 14. Comparison between experimental voltage and out-
comes of the ANN and GMDH approaches versus temperature.

Table 2. Comparison between the performances of GMDH
and ANN model.

GMDH model ANN model

R2 0.98900000000 0.9689000000

MAPE 0.00006982917 0.0001481063

RMSE 0.02851850400 0.0590257550

for each set of inputs and therefore produces the best
formulas with the highest accuracy. The equation is as
follows:

V = 0.00144548 + N12 × 1.16105− N24 × 0.162184
(35)

N12 = 1.68554− I × 0.103175 + I × N34 × 0.0483137

+ (I)2 × 0.00041073 + N342 × 0.0796619
N24 = −7.10333 + N27 × 1.44962− N27 × N34

× 0.359465 + N34 × 10.7265− N342 × 4.02303
N27 = 1.53042 + P × 0.396269 + P × I × 0.0119142

− (P )2 × 0.130447− I × 0.0566935 + (I)2

× 0.000410735
N34 = −2.60027 + T × 0.100025− T × P × 0.0248346

− (T )2 × 0.000455714− P × 0.136567 + (P )2

× 0.886792

Some statistical measures for voltage are given in Table 2,
respectively. The correlation coefficient is high in all sec-
tions and this shows that accuracy of the trained networks
is appreciated.
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5 Conclusions and perspectives

In this study, experimental results were obtained from
the PEM-type fuel cell which has been manufactured and
tested in laboratory. By employing these experimental re-
sults in ANN and GMDH algorithms, two models were de-
signed and the results of these two models have been com-
pared. Parametric neural network has a “p” parameter in
its tangent hyperbolic transfer function which makes it
adaptive due to different nonlinearity degrees of network
input data. The PNN model can realize the degree of non-
linearity of the input data. Thus, PNN is somehow a gray
box rather than a sole black box. By utilizing GMDH al-
gorithm we could also define high accurate equations for
output voltage depending on input temperature, pressure
and gas flow for training networks. Both methods showed
an excellent agreement with experimental data while the
GMDH model had less deviation. For the first time, to
model and predict the fuel cell voltage GMDH algorithm
was employed in this work. The results of the networks
trained by ANN and GMDH are very reasonable and they
can be used in the design of a PEM fuel cell.
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