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Abstract. In this paper, a nonlinear offline model of proton exchange membrane fuel cell (PEMFC) 
is built by using a support vector regression machine (SVRM) based on particle swarm optimization 
(PSO) algorithm. During the process of modeling, the PSO aims to optimize the parameters of 
SVRM. Compared with the artificial neural network (ANN) approach, the prediction results show 
that the SVRM approach is superior to the conventional ANN in predicting the stack voltage with 
different hydrogen pressure. The mean absolute percentage error (MAPE) of 36 test samples is 
0.73%, such that prediction result was provided by leave-one-out cross validation (LOOCV) test of 
SVRM. So it is feasible to establish the prediction model of PEMFC system by using SVRM 
identification based on the PSO. 

Introduction 
Fuel cell, as an electrochemical device, can directly convert the chemical energy to electrical 

energy and thermal energy without burning. Among the various available fuel cells, the proton 
exchange membrane fuel cell (PEMFC) is the focus of current development efforts because it is 
capable of low operating temperature, low emission, high power density, high efficiency, fast 
startup and quick response. The PEMFC system is a nonlinear, multi-variable system , a sound 
model can help size, simulate, evaluate and optimize PEMFC research programs [1], and is thus of 
great importance to users and researchers. 

In the last several decades, fruitful results from PEMFC system modeling have been obtained. 
But, most of the existing models focus on the design of the PEMFC [2] [3]. What matters most to 
PEMFC users, however, are not PEMFC relevant internal details but its performance under different 
operating conditions. What users really need are prediction models, with which they can predict the 
PEMFC performance under various operating conditions. To meet the demand of this, some 
researchers have attempted to establish novel PCMFC models. Black-box identification technique 
such as the artificial neural network (ANN) has been used to derive a PEMFC model from the 
experimental data [4] [5]. The artificial neural network has the ability to learn and approach the 
nonlinear function, and has been considered as a powerful computing tool for establishing the 
mathematical relationship of the nonlinear system based on the input-output data. But, ANN has the 
following insurmountable shortcomings: lack of a unified mathematical theory; easy to enmesh 
local minimization; weakly generalization ability for the small-sample dataset; prone to over-fitting, 
etc. 

Support vector regression machine (SVRM), proposed by Vapnik and co-workers, is a new 
powerful statistical learning approach base on structural risk minimization (SRM) and 
Vapnik-Chevronenks dimensions principle [6] [7]. Research shows that predictive results of SVRM 
with many excellences, such as fast-learning, global optimization and excellent generalization 
ability for the small-sample dataset, are generally superior to those of other pattern recognitions and 
regressions. At present, SVRM has become a focus in machine learning research and is employed in 
a wide range of prediction problems [8] [9] [10]. In this paper, the SVRM prediction model, based 
on particle swarm optimization (PSO) algorithm for its parameter optimization, and integrating 
leave-one-out cross validation (LOOCV), was set up according to the PEMFC stack voltage dataset, 
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which was measured under different H2 pressure by N. Bhoopal et al. [11], and its predictive errors 
were compared with that of ANN model. 

Description of the PEMFC  

The typical structure of a single PEMFC is consists of anode, electrolyte membrane and 
cathode.The electrochemical reactions at the anode and cathode in a single PEMFC is below: 

Anode reactions:     H2→2H++2e-     

Cathode reactions:    O2+4H++4e-→2H2O  

Overall reactions:    2H2+O2→2H2O   

On the anode side, hydrogen molecule splits up into two hydrogen protons and two electrons. 
Electrons trough an external circuit and form current, while protons migrate through the electrolyte 
membrane. On the cathode side, the oxygen reacts with protons coming from anode and electron 
coming from external circuit, and finally produces with water and heat. 

Theory of SVRM  
In SVRM, the basic idea is to map X from the input space into a higher-dimensional feature 

space F via a nonlinear mapping function Φ(x), and then to conduct linear regression in F space. 
Therefore, SVRM is to find the linear relation Eq. (1) based on a given dataset (x1, y1), …, (xn, yn). 

( ) ( ) ,f bΦ= +⋅x w x : ,  .R F w FnΦ → ∈                                          (1) 
Where w is a vector for regression coefficients in F, b is a bias. They are estimated by 

minimizing the regularized risk function R(C), namely:  
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Where n is the number of training samples, ε is the maximum deviation allow during the 
training and C represents the associated penalty for excess deviation during the training, (1/2)||w||2 
is used as a measurement of function flatness. The second term in Eq. (2), 
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so called empirical risk and measured by ε-insensitive loss function Lε(f(xi)-yi), which indicates 
that it does not penalize errors below ε. 

By minimizing Eq.(2), the array w can be as: 

*

1

( ) ( ).w x
l

i i i
i

α α Φ
=

= −∑                                                         (4) 

where l is the number of SVs. Finally, the linear relation Eq. (1) has the following explicit form: 
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In Eq. (5), ( , ) ( ) ( )
i i

k Φ Φ= ⋅x x x x is a kernel function. Choosing different kernel function can 
generate different SVRM models. There are four commonly used kernel functions, i.e., linear kernel, 
radial basis kernel, polynomial kernel, sigmoid kernel, etc. In this paper, the radial basis kernel (6) 
was utilized: 

2( , ) exp( )i ik γ= − −x x x x ，                                                       (6) 
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The SVRM prediction model  

The datasets used in this study was generated by N. Bhoopal et al., includes 36 samples. The 
detailed experimental procedure can be referred from Ref. [11].  

For a given PEMFC stack, the relation between stack voltage V and current density I is 
influenced by many operating parameters, such as cell temperature, air flow rate, air pressure, 
hydrogen flow rate, hydrogen pressure, etc. However, due to the high number of operating variables, 
a complete experimental database of PEMFC under the different operating conditions is difficult to 
obtain and no data are available in the open literature yet [12] [13]. Up to now, almost no model has 
ever been able to accommodate all these operating variables. SVRM model is no exception. 
Hydrogen pressure is one of the most operating parameters for the fuel cell and has a significant 
effect on the fuel cell. In order to analyze the effects of different hydrogen pressure on output 
voltage, in our SVRM model, current density I and hydrogen pressure P were employed as input 
variables, while as stack voltage V as output variables. The modeling and prediction were conducted 
by using the 36 samples based on SVRM approach via leave-one-out cross validation (LOOCV). 
Cross validation, sometimes called rotation estimation, is a technique for assessing how the results 
of a statistical analysis will generalize to an independent data set. It is mainly used in settings where 
the goal is prediction, and one wants to estimate how accurately a predictive model will perform in 
practice. As the name suggests, leave-one-out cross validation (LOOCV) involves using a single 
observation from the original sample as the validation data, and the remaining observations as the 
training data. This is repeated such that each observation in the sample is used once as the 
validation data. 

Results and analysis 
The indexes from the 5th and 7th columns in Table 1 illustrate the PEMFC stack voltage predicted 

by ANN prediction model and SVRM prediction model, respectively. Table 2 lists MAE, MAPE and 
R2 of the prediction results by ANN and SVRM.  

From Table 1, it can be observed that, among all 36 samples, there are 27 samples of SVRM 
prediction model, the absolute percentage errors are within a very small range of 0-0.50%, 6 
samples equal to zero and 15 samples only reach 0.01%. The maximum absolute percentage error is 
not exceeded 5.00%. This reveals that the precise of the SVRM models, which is small enough to 
meet the demand of experiments. 
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Table 1: Measured and predicted results 
 

NO 
 

Current 
(A) 

H2 
pressure 

(Bar) 

Practical 
value 
(V) 

ANN  SVRM 
Prediction 

(V) 
Error 

 
 Prediction 

(V) 
Error 

 
1 1.0000 0.2000 2.7000 2.6000 3.70%  2.5981 3.77% 
2 2.0000 0.2000 2.6000 2.5700 1.15%  2.6000 0.00% 
3 3.0000 0.2000 2.5000 2.5680 2.72%  2.4999 0.00% 
4 4.0000 0.2000 2.4000 2.4500 2.08%  2.4001 0.00% 
5 5.0000 0.2000 2.3000 2.2900 0.43%  2.4000 4.35% 
6 5.7000 0.2000 2.2000 2.1900 0.45%  2.2001 0.01% 
7 6.6000 0.2000 2.1000 2.0000 4.76%  2.0999 0.00% 
8 7.5000 0.2000 2.0000 2.0000 0.00%  1.9998 0.01% 
9 7.7000 0.2000 2.0000 2.0000 0.00%  2.0001 0.00% 
10 1.0000 0.4000 2.8000 2.9000 3.57%  2.8002 0.01% 
11 2.0000 0.4000 2.7000 2.7000 0.00%  2.6955 0.17% 
12 3.0000 0.4000 2.7000 2.6000 3.70%  2.6605 1.46% 
13 4.0000 0.4000 2.6000 2.5000 3.85%  2.5998 0.01% 
14 5.0000 0.4000 2.5000 2.4000 4.00%  2.3989 4.05% 
15 5.7000 0.4000 2.2000 2.2300 1.36%  2.2521 2.37% 
16 6.6000 0.4000 2.1000 2.1000 0.00%  2.0998 0.01% 
17 7.5000 0.4000 2.0000 2.0000 0.00%  1.9997 0.01% 
18 7.7000 0.4000 2.0000 2.0000 0.00%  2.0010 0.05% 
19 1.0000 0.5000 2.9000 2.8000 3.45%  2.8998 0.01% 
20 2.0000 0.5000 2.7000 2.6700 1.11%  2.7003 0.01% 
21 3.0000 0.5000 2.6000 2.4500 5.77%  2.6002 0.01% 
22 4.0000 0.5000 2.5000 2.5100 0.40%  2.5003 0.01% 
23 5.0000 0.5000 2.4000 2.3400 2.50%  2.4021 0.09% 
24 5.7000 0.5000 2.3000 2.2300 3.04%  2.3003 0.01% 
25 6.6000 0.5000 2.2000 2.1000 4.55%  2.2002 0.01% 
26 7.5000 0.5000 2.1000 2.0000 4.76%  2.1003 0.01% 
27 7.7000 0.5000 2.1000 2.0000 4.76%  2.0996 0.02% 
28 1.0000 0.6000 2.9500 2.8900 2.03%  2.9503 0.01% 
29 2.0000 0.6000 2.8000 2.7700 1.07%  2.7862 0.49% 
30 3.0000 0.6000 2.6500 2.5700 3.02%  2.6255 0.92% 
31 4.0000 0.6000 2.5600 2.4580 3.98%  2.4795 3.15% 
32 5.0000 0.6000 2.4800 2.4400 1.61%  2.3994 3.25% 
33 5.7000 0.6000 2.3400 2.3000 1.71%  2.3825 1.81% 
34 6.6000 0.6000 2.2500 2.2000 2.22%  2.2525 0.11% 
35 7.5000 0.6000 2.1200 2.0000 5.66%  2.1200 0.00% 
36 7.7000 0.6000 2.1100 2.0000 5.21%  2.1102 0.01% 

 
Table 2 lists the generalization performance by ANN and SVR. From this table, it can be seen 

that the MAE, MAPE index estimated by SVRM is 0.0181 and 0.73%, respectively, are both less 
than those of ANN model (0.0597, 2.46%). This shows that the prediction errors based on SVRM 
model are smaller than those achieved by ANN model, the prediction accuracy of SVRM is greater 
than that of ANN. Table 2 also gives the multiple correlation coefficients of ANN and SVRM of 36 
samples, and their R2 are 0.958 and 0.983 respectively. It also reveals that the regression effect by 
SVRM is better than that of ANN model. 
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Table 2: Comparison of prediction performance of ANN and SVRM 
Model MAE (V) MAPE R2 
ANN 0.0597 2.46% 0.958 

SVRM 0.0181 0.73% 0.983 
 

Fig.1, shows the comparison between practical voltage and prediction voltage predicted by 
SVRM. 

 
Fig. 1: Comparison of target values vs. estimated values predicted by SVRM 

 
It is visible from Fig1 that nearly all the prediction points of SVRM model lie on or very close to 

the straight-line with slope 1. This reflects that the PEMFC voltage values predicted by SVRM are 
in quite good agreement with the measured values.  

Conclusions  
Since the relation between stack voltage of proton exchange membrane fuel cell and its current 

density is nonlinear and influenced by hydrogen pressure, we use the SVRM, based on particle 
swarm optimization algorithm for its parameter optimization to develop a new prediction model for 
PEMFC. In the SVRM prediction model, PEMFC current density and hydrogen pressure were 
employed as input variables, the stack voltage act as output variables. The prediction result was 
provided by leave-one-out cross validation test of SVRM and compared with those of ANN model. 
The result shows that the accuracy of SVRM is higher enough to meet the demand of engineering 
and its prediction performance is better than ANN. These indicate that the black-box SVRM model 
can applies to the simulation and prediction of PEMFC. 
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