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Abstract— The comparison of different single cell PEMFC 
models and the estimation of model parameters are described in 
this article. Three different models are selected from literature 
and reviewed. For each PEMFC model the polarization curves 
were developed and then compared. Nonlinear Least Squares 
Method have been implemented to find the parameters of each 
model. The results show that some of the parameters estimated 
are in agreement with the experimental and simulation model 
polarization curves while there are more errors in the estimation 
of  the parameters describing the activation losses.  

Keywords—Least Square, PEMFC, Modeling, Estimation 
Parameters  

I. INTRODUCTION  

 A Fuel Cell is an electrochemical device that produces 
electricity from the chemical reaction between hydrogen and 
oxygen. The by-products are heat and water – making Fuel 
Cells (FC) an obvious choice in modern sustainable 
transportation and stationary power applications. Several 
electromechanical auxiliary components add up to a FC to 
form the Fuel Cell System (FCS) [1] . There are, actually, 
different types of FCS [2]. This paper focusses on the Proton 
Exchange Membrane Fuel Cell (PEMFC) within these 
systems. As well known, in the case of a PEMFC a thin 
permeable polymer electrolyte is used in the cell [3] which 
also leads to it being called a polymer electrolyte membrane 
fuel cell. PEMFC have gained popularity due to the possibility 
to be used in low temperature mobile applications like electric 
vehicles[4], [5] . One of the key areas of development in FCS 
technology is their design, simulation and control. However, 
the simulation or control of FCS is not possible unless a 
detailed mathematical model of the FCS exists. Accurate 
system identification and modelling of the FCS, therefore, 
becomes an essential prerequisite for efficient use of FCS. 
While mathematical models exist in literature for FCS, there 
are certain parameters in these models that are influenced by 
the geometry, physical and chemical properties of elements 
inside the cell and are generally considered as constants. In 
addition, there are coefficients in the FCS model, which need 
to be established empirically to completely model the system. 
Pukrushpan [6] gives a very detailed model of the PEMCF for 
control purposes after applying nonlinear regression to 
determine unknown parameters. A lot of PEMFC modelling 
relies on the works of J C Amphlett [7] on a Ballard Mark IV 

PEM cell.   The single cell PEMFC model forms the basis of 
FC research and this paper looks at some static models and 
their parameter estimation using least squares methods. 
Limited work can be found in the area of parameter estimation 
for PEMFC and this still remains an area under improvement. 
Askarzadeh and Rezazadeh [8] proposed an Innovative Global 
Harmony Search (IGHS) Algorithm for the parameter 
estimation in PEM fuel cells. Forrai et al [9] presented 
parameter estimation results using a current interrupt test and 
a system identification approach for diagnostics purposes. In 
another study, Priya et al [10] have utilized a simple Genetic 
Algorithm Optimization to estimate the parameters of the Fuel 
Cell. Genetic algorithms however, may suffer from premature 
convergence and weak exploitation capabilities [11] [12].   
Particle Swarm Optimization (PSO) is another artificial 
intelligence algorithm which has been successfully used for 
parameter estimation of a PEMFC [13]. Meiying Ye et al [14] 
report on a PSO for a PEMFC parameter estimation using 
experimental and simulated data. They claim that the PSO 
method outperforms the GA and other optimization methods 
for parameter estimation. It is also a known fact that the 
PEMFC model parameters are influenced by the changes in 
operating conditions [15] such as moisture content, 
temperature , pressures , flow rates, humidity, reactant purity, 
load current, membrane electrode assembly properties etc. 
While most artificial intelligence and complex algorithms do 
provide reasonable accuracy, their computation time is large 
and they require several runs to achieve the results. A faster 
method would be very useful and may lend itself to use in real-
time operation to monitor any change in parameters with 
regard to operating conditions. Wu and Chen [16] apply a 
moving –horizon least squares estimator in order to estimate 
FC parameters in the presence of time varying disturbances. 
They approximate the static nonlinearity parts by a series of 
piecewise linear functions. Moreira and Silva [17] also 
presented a simpler method of parameter estimation and 
modelling using a linear least squares method.  The least 
squares method simply tries to fit the simulated and 
experimental values to minimize the sum of squared residuals. 
The method of least squares is also used for parameter 
estimation of several other systems of interest with ease [18]. 
The experimental data (polarization curve) of the fuel cell is 
normally used to approximate a close fit curve using the 
estimated parameters. Several researchers have proposed 
PEMFC models, which have very slight differences. Horng 
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Wen Wu [19] presents a review of transport processes and 
performance modeling of FC systems. In the review, [19] 
highlighted the need for a more detailed model of the FC 
system. The improvements in FC technology is directly 
related to accurate modeling of the systems and estimation of 
parameters. In a recent review of parameter estimation 
techniques [15], stated that there is no literature which serves 
as a reference point for parameter estimation in FC technology 
and the authors in [15] do present a comprehensive discussion 
on different parameter estimation techniques. Parameter 
estimation needs to be based on a sound model. This paper 
attempts to focus on the differences and similarities between 
the models used by different researchers and the effect of 
parameter estimation on them. The current study is part of a 
larger study focused on comparing different models and 
parameter estimation techniques. This paper compares the 
three wide-spread PEMFC models for FCS [6], [20], [21] in 
same conditions and experimentally by using a nonlinear 
least-squares method. Following the model discussion, the 
parameters identified in each model will be estimated and their 
respective errors compared. 

II. MATHEMATICAL MODELS FOR PEMFC 

A. Model I 

First, Model I is based on [6] and provides the equations 
to model a single cell of the PEMFC. The cell voltage is given 
by subtracting the losses from a theoretical maximum Nernst 
voltage as shown: = − ( + + )                 (1)                            

The single cell output voltage has a theoretical Nernst 
voltage, which takes into account the temperature, and partial 
pressures of the gases. The chemical and thermodynamic 
losses of potential through activation voltage, ohmic voltage 
and concentration voltage are then subtracted from the Nernst 
voltage. The Nernst voltage, which gives the thermodynamic 
potential of the reactions [7], is: E = 1.229 − 0.85 × 10 ( − 298.15) + 		4.3085 ×10 	 log + log	( )                                          (2) 

The fuel cell temperature is T while  is the partial 
pressure of hydrogen and  is the partial pressure of oxygen. 
The Gibbs standard free energy for the reaction −∆  at 
temperature of 258C is around -237.3 kJ/mol and leads to a 
standard reversible potential of 1.229V ( ) . This is the 
highest value that can be obtained at this standard temperature. 
As the temperatures rises, this potential drops by 0.85 ×10 	  for each degree and is captured in the Nernst voltage 
equation. The value of  is found using the following 
formula: =	 ∆

                                         (3) 

Where F is Faradays constant and n is the number of 
electrons per molecule of hydrogen. The activation losses 
arise due to the energy required to break the bonds and the 
sluggish rate of reactions at the electrode surface [22].  Model 
I describes the activation losses as: = = + (1 − )                        (4) 

In this case va , vo  and c1 are constants that need to be 
estimated.  The next set of parameters are found in the ohmic 
potential losses. The resistance of electron flow through 

conducting electrodes and the resistance of ion flow through 
the membrane gives rise to ohmic losses defined as: = 	 	                                     (5) 

The ohmic loss is proportional to the ohmic resistance 
density in the membrane and electrode. This resistance is 
calculated through the use of membrane thickness tm and the 
membrane conductivity	 .  		 = 		                                     (6)                   

The membrane conductivity is derived using the 
membrane water content, temperature and several constants: = ( − ) 	 −            (7) 

In the above equation, and overall in the ohmic losses 
equation there are three parameters b1, b2 and b3 which need to 
be estimated. The parameter  denotes the membrane water 
content with a lower limit of 0 and upper limit of 14 [6].  The 
concentration losses arise due to concentration gradients as the 
reactants get used up at the cell surfaces and the slow transport 
of reactants to and from the reaction sites [23] . = 	                              (8) 

  In total, there are eight parameters that need to be 
estimated. There are three constants, c2, c3 and 	which 
need to be retrieved in order to retrieve the concentration 
losses. The parameter  is the maximum current density, 
which causes an abrupt loss in voltage. There are three 
parameters arising from activation losses (va , vo  and c1 ). For 
ohmic losses, a single  parameter is retrieved. 

B. Model II 

Model II is based on  [21] for the single cell voltage model of 
the PEMFC, which considers the same overall equation of 
losses as is in equation (1).  The Nernst voltage equation is the 
same as in equation (2) for Model I while the activation 
voltage loss is given by: = + 	 	( )                             (9)                   
 
 Where the parameter  and Tafel slope  are defined 
using the transfer coefficient	 . = − ( ) 						 				 = = 0.025               (10) 

 Where R is the universal gas constant and is  the 
exchange current density which depends on catalyst area and 
reactant partial pressures [24]. Under ohmic losses, all forms 
of resistance such as ionic, electronic and contact resistance 
may be added up to form a single parameter called the total 
cell internal resistance Ri. This is the same as ohmic resistance 
stated in [6].  

The concentration losses are defined using the limiting 
current density iL and can be stated as: 

                                                                   =                          (11)            

 
In Model II five parameters need to be estimated.  These 

are E,  ,	  ,	  and iL. 
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C. Model III 

 Model III is based on the work of [21]. The Nernst voltage 
is expressed in many forms however; the equations can be 
derived to be the same as in equation (2) of Model I.  

The activation losses are defined using the Tafel equation 
in terms of the exchange current density   and a 
parameter	 . 

   V = 	log	                               (12) 

Model II states that the ohmic losses arise mainly from the 
ionic resistances in the electrolyte and the ohmic loss equation 
is the same as in Model I. The concentration losses can be 
stated as:           = 1 − 	                        (13) 

Where the  is the amplification constant, k is the mass 
transport constant and iL is the limiting current of the cell. For 
Model III the cell voltage requires the estimation of these three 
parameters in the concentration losses. The other parameters 
are  and . In this was the cell voltage (equation 1) in 
Model III can be expanded as: = E − 	log	  -i	R  -  α i log 1 −   (14)                         

The Nernst voltage E is found through equation (2). The 
Nernst equation in all three models requires the calculation of 
gas species partial pressures. Model III calculates the partial 
pressures empirically using the saturation pressure of 
water	 	, which is stated as ( )	in other models 

								 = 0.5 . ∗ . −                (15)  

= 4.192 . − 														(16) 
 Model III uses the following coefficients for saturation 

pressure calculation.                                  = −2.1794 + 0.02953	 − 9.1837 ×																														10 + 1.4454	 × 10                   (17) 

Here Tc is the temperature in degrees Celsius. Model I [6] 
derives the partial pressure based on the mass of the gases m, 
the volumes ( 	for cathode and  for anode), temperature 
and the respective gas constants R.  							 =                                     (18) 							 =                                      (19) 

Model I utilizes the saturation pressure equation proposed 
in [25] to determine the mass values for partial pressure 
calculations.  = −1.69	 × 10 + 3.85	 × 10 −															3.39	 × 10 + 0.143 − 20.92                    (20)             

III. METHODOLOGY 

The three models were created in MATLAB® software 
and a nonlinear least squares method using the Levenberg-

Marquardt algorithm was used to estimate the parameters. 
These were retrieved  and compared to those available in 
literature for the above 3 models. Afterwards experimental 
data was used to estimate the parameters by using the 
polarization curve of the experimental data points. For the 
non-linear least squares application, a set of current-voltage 
data points {(i1,v1)…,( in,vn)} have been extracted from the 
available polarization curves obtained by the parameters. The 
inputs il (l=1,…n), the current density, would form the input 
vector i, the outputs vl (l=1,…n), the cell voltage, would form 
the output vector v. The polarization curve based on the 
estimated parameters has been then compared with the 
previous one and the error computed both for each parameters 
and for all polarization curve. The estimated polarization 
curve was denoted another set of voltage values, given by the 
column vector   as follows:   = ( , )                                   (21) 

Where the vector  is made up of the parameters to be 
identified, whose number changes according to the model. For 
example in the case of Model III: = (E, , ,		 , , )T                       (22) 

The error in estimation can be given by the scalar E given 

by the Euclidean norm of the error between the estimated and 
the actual output voltages: = ‖ − ‖                                 (23) 

The error is then minimized by using a second order 
method, like the Levenberg Marquardt one. 

 

IV. SIMULATION RESULTS  

Keep In the following, the three models have been 
compared with same input conditions. The input pressure for 
both hydrogen and oxygen (air) was modelled at 1bar and the 
temperature of 25°C. The parameters in each model were 
estimated using the Levenberg Marquardt Non Linear Least 
Squares Method and compared to the original parameter 
supplied by the authors of the models in literature. The 
percentage error for each parameter is provided together with 
the error E given by (23). 

A. Model I  

 Fig. 1 shows the activation, ohmic and concentration loss 
zones in Model I with increasing current density.  

 

 

 

 

 

 

 

 

 

 

 
Fig. 1 Voltage losses in Model 1 
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The parameters used in Fig. 1 are shown in table 1, 
together with the error on the parameter estimation and the 
norm of the error. Note the Nernst voltage is constant as 
expected. Activation losses appear more pronounced at lower 
current densities. Following the parameter estimation with 
least squares, Table 1 provides a summary of the estimated 
parameters in Model I. All parameters have been estimated on 
the basis of the norm of cost function less than 10-6.  

TABLE 1. ESTIMATED AND ACTUAL PARAMETERS FOR MODEL 1 (NORM OF 

ERROR= 10.2) 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

The estimated parameters were used to simulate the 
polarization curve within the same operating conditions and 
the comparison is presented in Fig. 2. Despite the under – 
estimation of the two parameters in Table 1, the estimated 
polarization curve data fits onto the model curve.  

B. Model II 

 Model II displays similar trends in voltage losses 
however; the activation losses are more gradual with a sharp 
loss at lower current densities as seen in Fig. 3. The parameters 
used to get the results in Fig. 3 are shown in Table 2. In all 
three models, the ohmic losses behave linearly with current 
density owing to the linear nature of its equation in all models.  

 

 

 

 

 

 

 

 

 

 The estimated polarization data points are shown on the 
model curve in Fig. 4 following least squares parameter 
estimation. While the estimated and model points are in 
agreement, it is useful to note that activation losses at lower 
current are not well defined. The initial sudden loss on the 
polarization curve indicates activation losses. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

C. Model III  

 

 
 
 
 
 
 
 
 
 
 
 
 

 

In Model III, the activation losses behave very similar to 
Model II given the Tafel equations were identical. The 
parameters used to get the results in Fig. 5 are shown in Table 
3.The presence of the mass transport coefficient k as a power 
of the current density ensures a more pronounced 
concentration loss as the current density increases.  

 

 

 

 

 

 

 

 

 

 

 

Parameter C2/imax C3 Rohm  vo va c1 
Original 0.09 2 0.15 0.13 0.3 10 

Estimated  0.089 1.93 0.15 0.131 0.3 9.97 
Error % 1.1 3.5 0 0 0 1 

 
Fig. 2 Least Squares fitting of Model 1 

 
Fig. 3 Voltage losses in Model II 

 
              Fig. 4 Least Squares fitting of Model II 

TABLE 2. ESTIMATED AND ACTUAL PARAMETERS FOR MODEL II 
(NORM OF ERROR =1.52) 

Parameter Rohm iL io 
Original 0.15 1.6 3e-7 

Estimated 0.153 1.53 3.3e-7 
Error % 0 4.3 0 

 
Fig. 5 Voltage losses in Model III 

 
Fig. 6 Least Squares fitting for Model III 
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Fig. 6 shows the data points plotted using the estimated 
parameters. Ohmic losses appear linearly as in all three 
models and the Nernst voltage is constant across the current 
densities.  

 

 

 

 

 

V. EXPERIMENTAL RESULTS  

The PEMFC which has been used for the experimental 
validation has a membrane with an active area of 62 cm2; a 
gas diffusion layer with a thickness is equal to 0.42 mm and a 
graphic block in the anode and the cathode side. This PEMFC 
is shown in Fig. 7. More details about the component 
characteristics are mentioned in Table 4. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The results of all three models were also compared to 
experimental polarization curves of the PEMFC presented in 
[26] as shown in Fig. 8. While the overlapping polzarization 
curves of the three different models are mostly in agreement, 
the experimental results are better approximated in the linear 
ohmic losses region. Fig. 9 shows the absolute error of each 
model with parameter estimation compared to the 
experimental results as shown in Fig. 8.  Despite the 
reasonable estimation of the transfer coefficients αa,  αc and α1 
for the activation voltage, the estimated data is not in 
agreement for the activation losses of the model.  This could 
be due to the number of other variables like saturation and 
electrode area which need to be estimated separately for more 
accurate modelling of activation losses on the polarization 
curves. 

 

 

 

 

 

 

 

 

 

 

At lower current densities, Model III has higher absolute 
error. This could be the result of poor parameter estimation for 
activation losses, which normally occur at lower current 
densities. For higher current densities, the losses in the 
polarization curves are mostly linear due to ohmic losses and 
errors in this region of current density are almost randomly 
distributed and very small across the three models.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

TABLE 3 ESTIMATED AND ACTUAL PARAMETERS FOR MODEL III (NORM 

OF ERROR =1.57) 

Parameter Rohm b5  α K iL 
Original 0.19 0.03 1.2e-7 0.85 0.87 1.4 

Estimated 0.19 0.01 1e-7 0.7 1.1 1.29 
Error % 0 66.6 16 17 26 7.8 

Fig. 4 The stack PEM fuel cell   

 
Fig. 5 Experimental and model polarization curves 

TABLE 4. SPECIFICATION OF FUEL CELL 

Description Values 

Stoichiometry air 1.5 

Stoichiometry hydrogen 3 

Number of the cell 42 

Surface area 62 Cm2 

T° max 65 °C 

 
Fig. 6 Error in each model with experimental results 

TABLE 5. NOMENCLATURE 

Parameter Definition Value 
T Fuel cell temperature °C
i cell current density A/cm2 

 Water saturation pressure bar 
 Hydrogen partial pressure bar 

 Oxygen partial pressure bar 

 Hydrogen pressure bar 
E Nernst input voltage V 

 Cathode pressure bar 
 Membrane thickness μm 
 Membrane water content - 
 Maximum Current 

Density 
A/cm2 

 Active area of the fuel cell cm2 
F 96487 C 
R 8.31 J/molK 
α Transfer Coefficient  1 
n Number of moles of 

electrons 
2 
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VI. CONCLUSION  

Three well-known PEMFC single cell models have been 
compared and modelled by using the nonlinear least squares 
method. These three models were discussed the 
approximation presented both in simulation and on 
experimental data. The three models provided very similar 
outputs with slight variation only. The major difference was 
in the modelling of activation losses at low current densities. 
The error is modelling is linked to other hidden variables that 
cannot be identified by external measurement of voltages and 
currents.  Future work in this study will involve the use of 
other methods such as Total least Squares (TLS) and Genetic 
Algorithm (GA) optimization to estimate these parameters. 
Further work also needs to be done on the accurate modeling 
of activation losses and accurate estimation of parameters 
related to activation losses. A promising technique which is 
under investigation by the authors is the Allan Variance 
analysis, which does not need the construction of an iterative 
regressor [27] [28]. 
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