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Graphical abstract 
 

 

Abstract 
 

This paper presents the neural network modeling method to perform fault detection for 

proton exchange membrane fuel cell dynamic systems under an open-loop scheme. These 

methods use a radial basis function neural network and a multilayer perceptron neural 

network to perform fault identification. Five types of faults which commonly happened in 

the vehicle systems have been introduced to the modified benchmark model developed 

by Michigan University. The developed algorithm of RBF and MLP network models are 

implemented on Matlab/Simulink environment using the healthy data sets and faulty data 

sets obtained from the simulation. All five simulated faults have been successfully detected 

where the residual is designed sensitive to fault amplitude as low as +10% of their nominal 

values. Thus, it is possible to apply the developed algorithm to real dynamics system of 

vehicles for monitoring and maintenance purposes. 
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1.0  INTRODUCTION 
 

The worldwide energy demand is rely on the fossil fuels 

and therefore increasing the emission of carbon 

monoxide from the vehicles to the environment.  The 

proton exchange membrane (PEM) fuel cell vehicle 

has been given more and more attention because 

nowadays it uses non-fossil based alternative fuels and 

produces a zero emission to the air [1]. Although 

prototype of fuel cell vehicles has already been 

introduced, it remains to reduce the cost and 

enhance their efficiencies [2]. Automotive fuel cell 

applications have more stringent fuel cell operation 

requirements than stationary applications [3]. Fuel cells 

in vehicles must operate over a wide range of 

conditions related to temperature, humidity and 

pressure [4]. Severe power degradation in the fuel cell 

stack during the transient phenomena in the fuel cell 

operation is also a problem due to load variations. 

Since the late 1980s, artificial neural networks have 

been widely implemented for fault diagnosis. They can 

indeed learn and approximate any continuous 

nonlinear function and does not need the knowledge 

of the physical process behind it. When they are 

properly trained, neural networks have strong capacity 

to model complex nonlinear mapping with accuracy 

[5]. Some researchers used it in fuel cells for different 

purposes in control environment [6-12]; Jemei et al. [6] 

developed a dynamic neural network in order to 

control a PEM fuel cell system process. Pukrushpan et 

al. [7,8] used the control strategies based on modeling 

to analyze and protect the fuel cell systems from 

oxygen starvation during the changes of stack current. 

Open-loop and static feedforward controller also 

studied by Grujicic et al. [9] to analyze and optimize 

the transient behavior of PEM fuel cell. Based on the 
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open-loop control strategy, Kamal and Yu [10,11] have 

applied the fault diagnosis to the PEM fuel cell systems 

based on the neural network-based model. The aim of 

this paper is to analyze and to compare the result of 

fault detection under open-loop system for RBF and 

MLP neural network model. Besides that, to check and 

verify the effectiveness of the algorithm develop in 

order to perform fault detection of five faults occurred 

in the vehicle systems. 

 

 
Table 1 The neural network modeling parameters  
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2.0  FUEL CELL NEURAL NETWORK MODELS  
 

Artificial neural network model (ANN) is a 

mathematical model designed to train, visualize and 

validate neural network model [12] and the ANN is a 

model-free estimator as it does not rely on an assumed 

form of the underlying data [13]. A neural network 

provides a general way to model a nonlinear system 

with memory and it has been used by many 

researchers to describe the relationship between the 

input and output of monitored systems. Radial basis 

function (RBF) neural networks is a forward network 

consist of three layers which are the input layer, 

hidden layer and output layer [10].The multi-layer 

perceptron (MLP) networks with the back-propagation 

(BP) training algorithm [14] are the most commonly 

used type of feed-forward neural MLP has three types 

of layers: an input layer, a hidden layer and an output 

layer. In this work both networks; RBF and MLP are 

consist of input layer, hidden node and output layer 

which are used during training and testing. The model 

structure of the RBF and the MLP network model has 

been set to thirteen with three outputs are also being 

analyzed. The equation and parameter setting used in 

this work for both networks are illustrated in Table 1.  

 

 

3.0  FAULT SIMULATION 
 

The common problem with the compressor is to 

experience surge when it is operating near to the peak 

point of its efficiency where the compressor speed is 

increasing. The pressure in the manifold also will 

increase.  Besides that, the meter reading of the sensor 

is also out of range. Due to these common problems; 

compressor, pressure in manifold and sensor reading 



29                          Mahanijah Md Kamal & Dingli Yu / Jurnal Teknologi (Sciences & Engineering) 76:8 (2015) 27–31 

 

 

have been used as faults in the vehicle systems  

simulated by +10% deviation superimposed to the 

input of compressor, the inlet manifold, the net power, 

λO2 and stack voltage. The inputs to the vehicle 

systems are randomly generated within the range of 

100 A to 300 A for the current stack and 100 V to 235 V 

for compressor voltage. Figure 1 shows the 

construction of faults implemented in the 

Matlab/Simulink model [15].  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1 The Simulink block of component, actuator and sensors faults for open-loop systems 

 

 

4.0  SIMULATION RESULTS  
 
Before the algorithm for the RBF network model and 

MLP network model can be implemented to closed-

loop control, it is tested for open-loop control due to its 

simplicity. From the stability point of view, the open-

loop system is easier to build because system stability is 

not the major problem. On the other hand, stability is a 

major problem in the closed-loop control system, 

which may tend to overcorrect errors that can cause 

oscillations of constant or changing amplitude. 

Because of these reasons, both; the RBF network 

model and MLP network model have been tested 

under open-loop condition. By applying the residual 

generator equation given by equation in (1), it 

determines that problems have occurred in the PEMFC 

systems. In order to do this, the filtered squared model 

prediction error for each output is used as fault 

detection signal, where a residual signal is generated 

by the combination of these prediction errors [15].  

 

 

                                                                        (Eq. 1) 

  

 

where eNP is the filtered modeling error of net power, 

eλO2 is the filtered modeling error of λO2 and eSV is 

the filtered modeling error of stack voltage.  

The filtered squared error signals pattern for both 

networks is quite similar as shown in Table 2(a). 

However, fault cannot be detected straight away due 

to more than one faults occurred their output signals. 

Therefore, Table 2(b) presented the fault detection of 

five faults after performing the residual generator as in 

equation (1). The result in Table 2 shows the simulation 

graph of RBF network and MLP network when 

performing fault detection analysis. From the 

observation all five faults are detectable and give 

quite similar outputs results in terms of the residual 

signals where the amplitude of sensorsv for RBF is 

nearly to 0.035 while the amplitude of sensorsv for MLP 

network is nearly to 0.04. 

 

 

5.0  CONCLUSION 
 

The main study of this work is to clarify and check the 

effectiveness of RBF and MLP network models 

algorithm in performing the fault detection under 

open-loop condition. The simulation results show that 

the +10% faults in three sensors, actuator, component 

are successfully detected. The results for both networks 

show that these two algorithms able to detect and 

identify five faults with similar amplitude. Thus, both 

algorithms developed from these two neural network 

models are able to perform fault detection in order to 

detect the common scenarios happen inside the 

vehicle systems. 
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Table 2 Fault detection in open-loop control   
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