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Abstract

Due to the nonlinear and time variant characteristics of Proton Exchange Membrane Fuel Cell (PEMFC), its
control is complicated. Thus, a suitable model is needed for PEMFC to gain higher performance stabilization
and control. In this paper, the prediction of complicated behaviour of PEMFC is investigated using Artificial
Neural Networks (ANN). The averaged cell voltage is regarded as the output; the current density and the cell
temperature are considered as the inputs of neural networks. The experimental data are utilized for training and
testing the networks. Multilayer perceptron (MLP) with one and two hidden layers and Radial Basis Function
(RBF) networks are built, optimized, and tested in MATLAB environment. In order to study the efficiency of the
neural network model, a comparison of the results is made through the Support Vector Machine (SVYM) model.
It is shown that neural model has better and more accurate prediction results than the SYM model of fuel cell,
especially in low current region of fuel cell operation. In addition, the performance prediction of PEM fuel cell
neural models with noisy data is carried out in order to check the effect of noise on the optimal structure of
networks as well as the robustness of neural models.
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1. Introduction

High demand for energy as well as environmental problems due to the development of human
society makes the tendency to consume energy resources with little pollution and higher
production efficiency. During recent decades, considerable attention has been paid to fuel
cells among the renewable energies. PEM fuel cell is considered as a suitable resource to
produce electrical energy among various kinds of fuel cells for its high efficiency, quick start
up, high current density, very low intrusion to the environment, light weight, as well as low
operational temperature.

Nonlinear and time variant characteristics of PEMFC degrade the control performance of
conventional controllers. A suitable mathematical model of the system is needed for precise
controlling of the process. Several mathematical models have been proposed for a better
understanding of the characteristics and evaluation of the performance of PEM fuel cell by
numerous authors [1]-[10]. Most of the models are based on the knowledge of
electrochemistry, thermodynamics, and fluid mechanics and need a number of PEM
parameters and approximate. Hence, they are not appropriate for the desired control of a fuel
cell system.

Artificial neural networks have proved themselves as powerful tools for modelling of
unknown systems. A trained neural network with sufficient neurons in hidden layers can
learn the relationships between its input and output signals with high accuracy during a
process known as learning algorithm.
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In recent years, the efficient techniques based on artificial neural network (ANN) have
attracted much attention for fuel cell systems. So far, many investigations based on neurd
networks for modeling and control of PEM fuel cell has been developed in the previous
literature. Saengrung et al. in [11] have investigated performance prediction of a commercial
proton exchange membrane fuel cell system by using two artificial neural networks including
the back-propagation (BP) and radial basis function (RBF) networks which the air flow and
stack temperature are as the inputs and stack voltage and stack current are as the outputs.
Rouss and Charon in [12] have proposed a method based on a MIMO multi-layer perceptron
(MLP) neural network combined with a time regression input vector approach for the
mechanical nonlinear behaviour of a proton exchange membrane (PEM) fuel cell system.
Paulo et al [13] to control the output voltage of a proton exchange membrane fuel cell by
parametric cerebellar model articulation controller (P-CMAC) have proposed a new approach
to design neura optimal control systems. Lobato et a in [14] have designed three types of
neura networks, that have as common characteristic the supervised learning control
(Multilayer Perceptron, Generalized Feedforward Network and Jordan and Elman Network),
to model the performance of a polybenzimidazole-polymer electrolyte membrane fuel cells
operating upon a temperature range of 100-175 -C. Shaoduan et a. [15] have incorporated
the effect of Pt loading in the ANN model of Proton exchange membrane fuel cells that can
be very helpful when the effect of Pt loading is needed for further analysis of a fuel cell
system. Jeme et a. [16] have developed a proton exchange membrane fuel cell (PEMFC)
system neural network model which has four input nodes including stack current, stack
temperature, hydrogen flow, and oxygen flow and a linear output neuron to estimate the
voltage. For the power tracking of fuel cell a model-predictive control is used in Golbert’s
work [17]. Hatti et a. [18] have modelled the static behaviour of the proton exchange
membrane fuel cell is using artificial neura networks. A practical method of estimation for
the internal-resistance of polymer electrolyte membrane fuel cell (PEMFC) stack have
adopted based on radial basis function (RBF) neural networks by Wei et al. [19]. Hatti et a.
[20] have proposed Quasi-Newton neural network model which considering the cell
operational temperature as inputs, the cell voltage and current density as the outputs. Hatti
and Tioursi [21] have obtained a dynamic neural network control model by introducing a
delay linein the input of the neural network to control of a PEM fuel cell system process. The
application of non-linear predictive control with neural networks to regulate the cell voltage,
acting on the hydrogen pressure, trying to reduce the variation of the input control variable
have investigated by Cirrincione et a in [22].

Fuel cell is an electrochemical device, which is considered as a multi-input and multi-
output (MIMO) system that is hard to model by conventional methods. Herein, PEMFC is
regarded as a two input and one output system in which the current density and cell
temperature are chosen as the inputs and the averaged cell voltage is selected as the output of
the neural network. In this paper, the RBF network and the MLP network with one and two
hidden layers are considered to identify the PEMFC. These networks are made, optimized,
and tested with experimental data obtained from a Ballard MK5-E [23]. In order to study the
efficiency of the neural network model, the acquired results are compared with the SVM
model of PEMFC. In continue, the performance prediction of PEM fuel cell neural models
with noisy data is carried out in order to check the effect of noise on the optimal structure of
networks as well as the robustness of neural models.

This paper is arranged as follows: In Section 2, the PEMFC is studied concisely. Section
3 is briefly concerned with MLP and RBF neural network theory. The modelling of PEMFC
by means of neura network and preparing the network for training are shown in detail in
Section 4. In section 5, ssimulation results of neural models are indicated. The effect of noise
isinvestigated in section 6. Finally, conclusion is stated in Section 7.
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2. Proton Exchange Membrane Fuel Cell

Fuel cell is a new device for distributed power generations, which can produce electrical
energy continuously as long as hydrogen and oxygen are fed to it.

In recent years, the PEM fuel cell is being widely developed for using in vehicles and
portable applications and is seen as the main fuel cell candidate technology for light-duty
transportation applications [24]. The schematic of aPEMFC isshownin Fig. 1.
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Fig. 1. Schematic of a Proton Exchange Membrane Fuel Cell

In normal operation of a PEMFC, the hydrogen gas is fed to the anode side and oxygen,
usually from the air, is fed to the cathode side. In the anode and at the presence of platinum,
which is usually used as catalyst, the hydrogen gas releases electrons and H* ions (or
protons). The polymer electrolyte only alows the protons to pass through it, and not
electrons. Via the external circuit, the electrons move from anode to the cathode and
accordingly an electrical current flows through the circuit. At the cathode, oxygen reacts with
the electrons taken from the external circuit and the protons from the polymer electrolyte and
produces water. Total reaction, which is occurred in the fuel cell, is shown by:

H, + %02 9,3%® H,0 + dectrical power + thermal power D

The produced voltage by a single fuel cell is very small about 0.7 V. This means that in
order to use in practical applications, many fuel cells have to be connected in series. Such
connection of fuel cellsin seriesis known as a stack.

Among empirical PEM fuel cell models described in the literature, Amphlett et al. [25]
and Kim et al. [26] introduce an influential model, which is widely used in analytical
problems. Based on these models, the cell voltage is defined by the following expression:

Veell = Enernst = Vact - Vohmic - Veon (2)

where Eong 1S the open cell voltage and shows reversible voltage of the cell. V., Vonmic and
Veon are activation, ohmic, and concentration voltage drops, respectively. More details are
entirely discussed in literature. EQ. (2) provides a good representation of PEMFC behaviour,
but the coefficients of this model are extremely related to operating conditions such as cell
temperature, inlet pressures, and flow rates and so on. Therefore, PEMFC parameters are
time varying and it is very difficult to keep them unchanged during its operation. Hence, the
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model will give incorrect results with constant parameters. A novel modelling approach, such
as neural network in this paper, is required to indicate a better control performance.

3. Neural network theory

A neural network is a parallel-distributed processor with important virtue of the ability to
learn from input data by using of alearning algorithm. The ANN is made up
of an interconnection simple processing unit, known as neurons. Neurons can be either linear
or nonlinear. Usually, situated neurons in the hidden layer are selected nonlinear while the
neurons in the output layer are chosen linear. In recent researches, neural networks have been
considered as potent tools for modelling of complicated and unknown systems. Neural
networks can adapt themselves with variations in the environment conditions and learn the
characteristics of their input signals.

Multilayer perceptron and radial basis function networks are two different kinds of neural
networks, which are commonly used in system predictions. MLP network is a feed forward
neural network that is successfully utilized for identification of systems in many branches of
science. MLP is made up of one or more hidden layers. It employs Back Propagation
algorithm (BP) for training the network. In Back-propagation algorithm, the layer weights
and biases are updated until the stopping criterion is satisfied [27]. RBF network is one of the
most powerful neural networks, which is used in function estimation problems. In
comparison with the MLP network that can have multiple hidden layers, the RBF network is
composed of three layers. The input layer for supplying the input signals to the network, the
middle layer, which contains RBF functions, and the output layer, which is a linear
composition of middle layer outputs for producing the final output.

4. Modeling of PEMFC by neural networks

The performance of PEMFC is affected by operating variables such as current density |,
cell temperatureT, oxygen pressureP,,, oxygen flow rateqy,, hydrogen pressurer,,
hydrogen flow rateqy,, membrane humidity| , and many other factors which influence the
terminal voltage of afuel cell. Therefore, the output voltage is defined by:

U = f(l ’T’POZ’qOZ’PHZ’qHZ’I ’) (3)

A model regarding all of cell parameters has not been introduced, yet. Our neural models
are no exception. In this experiment, the current density, that can change with varying loads,
and the cell temperature —a parameter that changes during the operation— are taken as
variables while the other parameters are held constant. Accordingly, the Eq. (3) is simplified
and expressed by:

u=f£(T) (4)

Thus, a neural network model with two inputs and one output is formed. The current
density and cell temperature are selected as the inputs and averaged cell voltage is chosen as
the output signal of network. Herein, the studied PEMFC isa BALLARD 5KW MK5-E with

36 cells and 232cm? active area for each cell. Air and hydrogen pressures are both regulated
to 3atm . The studied PEMFC has been introduced in Ref [23]. The fuel cell system is
operated in different conditions and experimental data is acquired to be utilized in neural
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network. The obtained data at 24°°, 31°, 39°°, 56°C, and 72°° in various current densities are
used for training and testing the NN model. In our investigation among the collected data, the
data at 56°° is selected for testi ng the network and other collected data are used for training
the NN. For training the network, the range of input data must be specified. The range of
current density is from zero to 700 maA/cm? and cell temperature is in the range of 20°° to
80°°. Normalized dataincrease the trai ning speed. Thus, by using the Eq. (5), al the raw data

including averaged cell voltage, current density and temperature can be normalized to have a
range between 0 and 1.

X — Xraw_ Xmin 5
normalized Xmax _ Xmin ( )

Fig. 2 shows the experimental data with which the averaged cell voltage is defined
according to current density and temperature.
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Fig. 2. Averaged cell voltage according to current density and cell temperature of 5SKW
Ballard fuel cell

5. Simulation Results

5.1. Performance prediction of MLP model
A typical MLP network with two hidden layersis shownin Fig. 3.
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Fig. 3. MLP network with two hidden layers for performance prediction

At first, performance prediction is performed by MLP model with one hidden layer. For
the best performance of MLP network, the number of epochs and neurons in the hidden layer
must be optimized. By trial and error method, the number of neurons is changed from 1 to 10
and in each case the optimal number of epochs is found. To find the optimum number of
epochs, the Mean Square Error (MSE) curve for training and testing data set is plotted. For an
increasing number of epochs, the MSE of training data set decreases monotonously. In
contrast, the testing data set curve decreases monotonously to a minimum and then, it startsto
increase as the training continues. This heuristic approach suggests that the minimum point
on the testing curve be used as a suitable criterion for training stop [27]. Tria and error
results are shown in Table 1. As the results show, 3 neurons with 25 epochs have the best
performance so that the MSE values for both the training and testing data sets are less than
other cases and acceptable. Therefore, are selected as optimal values.

In MLP network, the hidden neuron activation functions are hyperbolic tangent sigmoid
and the output neuron islinear.

Table 1. Tria And Error Results For Finding The Optimal Structure Of Mlp
Network With One Hidden Layer

#Neurons  Optimum epochs M SE- training M SE- test
1 26 0.0052079 0.0024434
0.0013635 0.0024647
GO0060961 © ) 0.0014725
0.00070443 0.0025523
0.000462 0.012915
0.00013958 0.0164
0.00112 0.057462
0.00089131 0.085045
0.000709 0.12658
0.012614 0.2175

The prediction of averaged cell voltage for testing data set is represented in Fig. 4.
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Fig. 4. Performance prediction of MLP with one hidden layer for testing data

As Fig.4 shows, the optimized MLP model performs very well and the predicted values
are very close to the actual values.

Secondly, the MLP neural network with two hidden layers is considered to identify the
PEMFC model. Consequently, the number of neurons in the first hidden layer is fixed at 3
and the number of neurons in the second hidden layer is determined by trial and error
method. As Table 2 indicates, 2 neurons in the second hidden layer with 25 epochs have the
best performance and are selected as optimal values. The prediction of averaged cell voltage
for testing data set is shown in Fig. 5.

Table 2. Tria And Error Results For Finding The Optimal Structure
Of MIp Network With Two Hidden Layers
Opt- MSE-

#Neurons epochs raining M SE- test
1 18 0.0057941 0.0086884
3 25 0.0025194 0.0079329
4 18 0.0018195 0.010877
5 25 2.31e-03 0.007752
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Fig. 5. Performance prediction of MLP with two hidden layers for testing data

The results indicate the satisfactory predictions for both of the MLP networks at the whole
operating range. The MLP with one hidden layer is suggested rather than MLP with two
hidden layers due to its simple structure and better performance in terms of MSE. It is found
that using of more than one hidden layer do not improve the performance prediction of the

neural network.

5.2. Performance prediction of RBF model

Fig. 6 shows the configuration of the RBF neural network which is solely composed of
one hidden layer. In this network, the hidden neuron activation functions are Gaussian and

the output neuron islinear.
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Fig. 6. RBF network for performance prediction
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By trial and error method, the optimal number neurons at the hidden layer are found at 10.
Fig. 7 indicates the predicted data at 56°C , which were selected as testing data set.
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Fig.7. Performance prediction of RBF network for testing data

The obtained results represent that in this case the RBF model do not act better than the
MLP networks in performance prediction of averaged cell voltage. The MSE for training and
testing data in RBF model is obtained at 0.0011 and 0.00482, respectively. In this case,
among the built and optimized neural network models, the MLP model with one hidden layer
acts better than others in terms of mean square error. Moreover, it uses fewer numbers of
neurons in the hidden layer; therefore, it is suggested.

In order to study the efficiency of the neural network model, the support vector machine
model for PEMFC—investigated in Ref [28]—is also ssimulated and the obtained result from
the SVM model is compared with the best predictions of the investigated neural networks, i.e.
MLP with one hidden layer. Fig. 8 shows the obtained results.
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Fig. 8. The comparison between the MLP with one hidden layer and SVM models

The neural network model performs a better identification of the fuel cell averaged voltage
rather than the SVM model especially in beginning of curve. As Ref [28] represents, although
the SVM model has satisfactory results, but a considerable error exists between actual values
and predicted values in the beginning of curve. For obviation of this problem, the SVM
model needs more data points for training at the beginning of curve. If several data points are
found and the SVM s trained again, the predicted values in the beginning of curve can be
improved [28]. Neural network models have better performance at the beginning of curve as
compared to SVM model, and this feature shows the ability of neural networks in
performance predictions.

6. Noise effect

In the following section, the performance prediction of PEM fuel cell neural models with
noisy data is carried out in order to check the effect of noise on the optimal structure of
networks as well as the robustness of neural models. The noisy data is derived by adding the
normal noise to the averaged cell voltage. Therefore, the noisy averaged cell voltage can be
obtained by:

Vioisy = Vroise- free(L1evel " rand) (6)

where Ve free 1S the original noise free averaged cell voltage, Vs, is the averaged cell
voltage with noise, rand is a random number between -1 and 1, and level is the relative

10
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percentage of error to be added. Here, the MLP with one hidden layer and RBF networks are
studied with the noise level at 1%.

The MLP network with one hidden layer is trained again with noisy data and optimal
structure is found. Four neurones in hidden layer with 29 epochs are obtained for optimal
structure. The optimal structure of neural model changes when noise is applied to the system.
Fig. 9 represents the performance prediction of MLP model with noisy data.

The RBF network with one hidden layer is also trained again with noisy data and optimal
structure is found. Optimal structure for hidden neurones in RBF network is acquired at 11
which involve one neuron more than free noise RBF network. Fig. 10 shows the performance
prediction of RBF model with noisy data.

As it can be seen, if there is an additive noise, the predicted values by MLP and RBF
models are close to the noisy values. In the presence of noise (level 1%) the performance
prediction precision is acceptable in engineering.
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Fig. 9. Performance prediction of MLP with one hidden layer for testing noisy data
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Fig.10. Performance prediction of RBF network for testing noisy data

7. Conclusion

In this paper, the performance prediction of a Balard MK5- E PEMFC is investigated
using the MLP and RBF networks. Herein, PEMFC is regarded as a two input and one output
system in which the current density and cell temperature are chosen as the inputs and the
averaged cell voltage is selected as the output of the neural networks and is simulated in
Matlab environment. The obtained results show that optimized neural network models can
successfully predict the averaged cell voltage and they are more accurate than other
modelling solutions such as SVM model especialy in low current region of fuel cell
operation. In addition, the performance prediction of PEM fuel cell neural models with noisy
datais carried out in order to check the effect of noise on the optimal structure of networks as
well as the robustness of neural models. The results show that with noisy data the optimal
structure change and neural models have satisfactory precision when are faced with noise.
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Nomenclature

H, Hydrogen gas

0, Oxygen gas

pt Platinum

H,0 Water

Vel Cell voltage (V)

Enernst Reversible voltage (V)
Vat Activation voltage drop (V)
Vohmic Ohmic voltage drop (V)
Veon Concentration voltage drop (V)
U Average voltage of cell (V)
| Current density (mA/cm?)
T Cell temperature (°C)

Po2 Oxygen pressure (atm)

do2 Oxygen flow rate (slpm)
Pyo Hydrogen pressure (atm)
AH2 Hydrogen flow rate (slpm)

| Membrane humidity
Xnormalized ~ NOrmalized data

X raw Raw data
X min Minimum of data
X max Maximum of data
j Gaussian function
Vhoisy Averaged cell voltage with noise
Vioie free  Origina noise free averaged cell voltage
level Random number between -1 and 1
rand Relative percentage of error
References

[1] D. Yu, S. Yuvaragan, “Electronic circuit model for proton exchange membrane fuel cells,”
J. Power Sources, vol. 142, no. 1/2, pp. 238-242, Mar. 2005.

[2] D. M. Bernadi, M. W. Verbrugge, “A mathematical model of the solid-polymer-
electrolyte fuel cell,” J. Electrochem. Soc., vol. 139, no. 9, pp. 2477-2491, Sep. 1992.

[3] S. Yerramalla, A. Davari, A. Feliachi, T. Biswas, “Modeling and simulation of the
dynamic behavior of a ploymer electrolyte membrane fuel cell,” J. Power Sources, vol.
124, no. 1, pp. 104-113, Oct. 2003.

13



Rezazadeh et al.

[4] JC.Amphlett, R. F. Mann, B. A. Peppley, P.R.Roberge, A.Rodrigues, “A model
predicting transient responses of proton exchange membrane fuel cells,” J. Power
Sources, vol. 61, no. 1/2, pp. 183-188, Jul./Aug. 1996.

[5] T. F. Fuller, J. Newman, “Water and therma management in solid polymer electrolyte
fuel cells,” J. Electrochem. Soc., vol. 140, no. 5, pp. 1218-1225, May 1993.

[6] G. Maggio, V. Recupero, L. Pino, “Modeling polymer electrolyte fuel cells. An
innovative approach,” J. Power Sources, vol. 101, no. 2, pp. 275-286, Oct. 2001.

[7] J. J. Baschuk, X. Li, “Modelling of polymer electrolyte membrane fuel cells with variable
degrees of water flooding,” J. Power Sources, vol. 86, no. 1/2, pp. 181-196, Mar. 2000.

[8] A. Rowe, X. Li, “Mathematical modeling of proton exchange membrane fuel cells,” J.
Power Sources, vol. 102, no. 1/2, pp. 82-96, Dec. 2001.

[9] S. Busquet, C. E. Hubert, J. Labb’e, D. Mayer, R.Metkemeijer, “Anew approach to
empirical eectrical modelling of afuel cell, an electrolyser or aregenerative fuel cell,” J.
Power Sources, vol. 134, no. 1, pp. 41-48, Jul. 2004.

[10] T. Berning, D. M. Lu, N. Djilali, “Three-dimensional computational analysis of transport
phenomena in a PEM fue cdll,” J. Power Sources, vol. 106, no. 1/2, pp. 284-294, Apr.
2002.

[11] Saengrung, A., Abtahi, A., Zilouchian, A., “Neura Network Model for a Commercial
PEM Fuel Cell System,” J. Power Sources, vol. 172, pp. 749-759, 2007.

[12] V. Rouss, W. Charon, Multi-input and multi-output neural model of the mechanical
nonlinear behaviour of a PEM fuel cell system, 2008, vol. 175, pp.1-17.

[13] Paulo E. M. Almeida, Marcelo Godoy Simdes,” Neural Optimal Control of PEM Fuel
Cells with Parametric CMAC Networks’, IEEE TRANSACTIONS ON INDUSTRY
APPLICATIONS, VOL. 41, NO. 1, ANUARY/FEBRUARY 2005.

[14] J. Lobatoa, P. Canizaresa, M. A. Rodrigoa, J. J. Linaresa, C.-G. Piuleach, S. Curteanu,
“The neura networks based modeling of a polybenzimidazole-based polymer electrolyte
membrane fuel cell: Effect of temperature”, J. Power Sources, vol. 192, (2009), pp. 190—
194.

[15] Shaoduan Ou, Luke E.K. Achenie, “A hybrid neural network model for PEM fuel cells’,
J. Power Sources, vol. 140, (2005), pp. 319-330.

[16] S. Jeme’, D. Hissel, M.C. Péra, JM. Kauffmann, “On-board fuel cell power supply
modeling on the basis of neural network methodology,” J. Power Sources, vol. 124,
(2003), pp. 479-486.

[17] Golbert J, Lewin DR. Model-based control of fuel cells: (1) Regulatory control. J. Power
Sources, 2004;135:135-51.2002;12:831-9.

[18] M.Hatti, M.Tioursi, W.Nouibat, “Static Modeling by Neural Networks of a PEM Fuel
Cell,”, IEEE Conference, pp. 2121-2126, 2006.

[19] L. Wei, Z. Xin-jian, M. Zhi-jun, “Estimation of equivalent internal-resistance of PEM
fuel cell using artificial neural networks’, Springer, J. Cent. South Univ. Technol.
(2007)05—0690-06.

[20] M. Hatti, M. Tioursi,W. Nouibat, “A Q-Newton Method Neural Network Model for
PEM Fuel Cdlls,” Industrial Informatics IEEE International Conference, 2006, pp. 1352—
1357.

[21] M.Hatti, M.Tioursi and W. Nouibat, “Neural Network Approach for Semi-Empirical
Modelling of PEM Fuel-Cell”, IEEE ISIE 2006, July 9-12, 2006, Montreal, Quebec,
Canada.

[22] Cirrincione, M., Pucci, M., Cirrincione, G., Simdes, M.G., “A neura non-linear
predictive control for PEM-FC,” J. Electrical System, pp. 1-18, 2005.

14



Rezazadeh et al.

[23] F. Laurencelle, R. Chahine, J. Hamelin, K. Agbossou, M. Fournier, T.K. Bose, A.
Laperrire, “Characterization of a Ballard MK5-E proton exchange membrane fuel cell
stack”, Fuel Cells 1 (1) (2001) 66-71.

[24] Fuel cell hand book, seven edition, EG& G Technical Services, Inc, November 2004.

[25] J. C. Amphlett, M. Baumertr, F. Mannr., “Performance modeling of the Ballard mark 1V
solid polymer electrolyte fuel cell”. J. Electrochem. Soc. vol. 142, no. 1, pp. 9-15, Jan.
1995.

[26] J. Kim, M. Lees, S. Srinivasan., “Modeling of proton exchange membrane fuel cell
performance with an empirical equation”. J. Electrochem. Soc. vol. 142, no. 8, pp. 2670-
2674, Aug. 1995.

[27] Neural networks, a comprehensive foundation, second edition, Simon Haykin, 1999.

[28] Zhong, Z.D., Zhu, X.J., Cao, G.A., “Modeing a PEMFC by support vector machine,” J.
Power Sources, vol. 160, pp. 293-298, 2006.

15



