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Abstract. Usually, modelling of fuel cell systems uses 
complex expressions, based on the knowledge of physical-
chemical phenomena. These models require a good knowledge 
of the parameters involved in the processes that, in many cases, 
are difficult to determine. A solution to avoid this difficulty 
consists in using black-box models, such as those based on 
artificial neural networks (ANN). 
This paper presents the modelling of a PEM fuel cell system, 
using ANNs. The selected ANN structure has been validated for 
the transient state, during the start up of the system, and in 
steady state. Results are shown for a commercial PEM fuel cell 
system. 
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1. Introduction 
 
Fuel cells are highly non-linear systems. So, appropriate system 
identification techniques should be used to obtain, in an 
experimental way, a good model. This model should reproduce, 
with enough accuracy, the dynamic characteristics of the 
analysed process. 
Currently, a high number of models that describe the behaviour 
of a fuel cell exist, estimating the voltage for a given group of 
parameters. However, few models are able to predict the 
transition process between two steady state points. In this sense, 
around 80% of the operating situations in fuel cells applied to 
road transport is dynamic [1]. For that reason, dynamic 
simulations are needed to improve the reliability of fuel cell 
systems. However, the models based on physical principles, 
described by means of differential equations, are quite complex 
and need a high computing time. 
In this context, this paper presents the modelation of fuel cell 
systems behaviour by means of ANNs. This technique needs to 
know the inputs and its corresponding outputs, without 
necessity of additional information. These required data have 
been obtained from measurements taken in a commercial PEM 
fuel cell system. 
 
2. PEMFC modelling with ANNs 
 
The empiric equations used to model a PEMFC stack, give the 
fuel cell voltage as indicated in expressions (1) and (2), [3], [4]. 
 

 
 (1) 

 (2) 
 
Where: Eo is the open circuit voltage; b and R represent the 
Tafel slope and the ohmic resistance, respectively, and m, n, α, 
β and K are constants of the empiric equation. These parameters 
are derived from mathematical and statistical considerations. 
The problem is that the value of the aforementioned constants 
depends on the physical properties and the operating conditions 
of the fuel cell. On the other hand, the mathematical 
relationship between these constants and the physical properties 
or operating conditions is not well defined [5]. 
In [6] and [7], these constants are presented, under 
representative operating conditions. However, to avoid the 
calculation of those constants in a wide range of operating 
conditions, techniques based on ANNs can be used to model the 
physical processes [8]. 
ANNs simulate the behaviour of natural systems by means of 
the interconnection of basic processing units called neurons. 
Neurons are highly connected with each other by means of 
links. They can receive external signals or signals coming from 
other neurons affected by a factor called ‘weight’. The output of 
the neuron is the result of applying a specific function, known 
as ‘activation or transfer function’, to the sum of its inputs, plus 
a threshold value called ‘bias’. With these general 
characteristics it is possible to develop different network 
structures. 
Depending on the type of problem we are dealing with and its 
specific conditions, the most adequate network structure will be 
different. Besides, within the same type of neural network, there 
are several configurations: number of layers, number of neurons 
in each layer, transfer functions and learning rules. 
Although the modelling using ANNs has great advantages, also 
presents some disadvantages. Among them, the complexity in 
selecting the right type of network and its architecture  (number 
of layers, number of neurons per layer, activation functions, 
learning algorithm parameters, etc) can be emphasized. In fact, 
the number of structures that can be used for solving a problem 
is very large, and so, it is necessary to make a good selection of 
the network to use. For this purpose a software tool, called 
SARENEUR [11], has been used. This software has been 
developed in the Matlab environment and allows selecting and 
verifying the performance of neuronal networks. 
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First of all, the type of ANN and the learning rule must be 
defined. For our model, the Multi-Layer-Perceptron with the 
Backpropagation learning rule has been selected. 
Besides, one factor in determining the right size and structure 
for the network is the number of inputs and outputs which it 
must have. The lower the number of inputs, the smaller the 
network can be. However, sufficient input data to characterize 
the problem must be met. Thus, the following parameters have 
been considered: 
 

– Input parameters: fuel cell temperature, hydrogen 
consumption, hydrogen pressure, oxygen flow and inlet air 
temperature. 

– Output parameters: fuel cell voltage and current. 
 

When applying the SARENEUR tool, two different situations 
have been considered: the fuel cell in steady state and the start 
up transient. Initially, several valid structures have been 
obtained for the steady state, and their performance have been 
validated with data measured during the start up transient. 
Afterwards, a solution has been proposed that uses the same 
ANN structure for both situations, with good agreement with 
the measurements. Thus, with the aim of obtaining only one 
structure of ANN, which can be applied in both situations, it 
was decided to apply a logarithmic scale, as shown in 
expression (3). 
 

new data = log (old data + 10) (3) 
 
3. Results 
 
A group of experimental measurements have been made of a 
commercial Fuel  Cell  System  Nexa  Ballard  of 1.2 kW to 
obtain enough data to train and test the selected ANN structure. 
These measurements include different parameters, such as: 
temperature of the stack of the fuel cell system, current, voltage, 
hydrogen consumption, hydrogen pressure, air flow 
stoichiometry, etc. For each parameter, a total of 2004 samples 
have been recorded. 
As it has been justify, for this fuel cell, the ANN structure 
which presents good results in the start up transient and the 
steady state is the structure MLP 5-5-2, with activation 
functions L-P. It means that the selected ANN structure is a 
Multilayer Perceptron with 5 input data (fuel cell temperature, 
hydrogen consumption, hydrogen pressure, oxygen flow and 
inlet air temperature) and 2 output data (voltage and current). 
Besides, the ANN structure has a hidden layer with 5 neurons 
and the activation functions are log-sigmoid and linear. Finally, 
a logarithmic scale has been applied to the input data, as shown 
in expression (3) 

 
Fig. 1. PEMFC system voltage and current, in transient and 

steady state 
 
Figure 1 shows the voltage and current curves of the fuel cell 
system Nexa Ballard of 1.2 kW. This figure shows the 

simulated values and the measured data, from the start up to the 
steady state. It can be appreciated that the results obtained with 
the selected ANN structure and the real data are almost 
superimposed. 
 
4. Conclusions 
 
This model allows predicting the behavior of the PEMFC 
technology in the transient (start up) and steady state. 
The training strategy and the ANN topology have been tested 
with numerous parameters and network structures, to obtain 
high precision results. The software tool SARENEUR has been 
used in this process. The final selected ANN structure has been 
validated with experimental data obtained from the commercial 
device Nexa Ballard, of 1.2 kW. Finally, it is interesting to 
point out that it has been necessary to normalize the input data 
with a logarithmic scale. 
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