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Abstract

The main goal of this work is to realize a PEMFC model that can be used efficiently for the global modelling of the fuel cell system. The
modelling method proposed in the paper is an approach from an empirical point of view that allows a PEMFC model of “black-box” class to be
developed. Moving least squares (MLS) have therefore been employed to approximate the cell voltage characteristics V, using an experimental
dataset measured in determinate conditions. The MLS approach appears to present a good balance of response surface accuracy, smoothness,
robustness, and ease of use. This kind of numerical model offers good perspectives for the systems identification, the simulation of the systems,
the design and the optimization of process control, etc. The results prove that the method is suitable for predicting and describing the fuel cell
behaviour in all the points of the approximation domain. The proposed model can be included in a numerical application to optimize the operation

of an existing fuel cell system.
© 2007 Elsevier B.V. All rights reserved.
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1. Introduction

Fuel cells power generating systems represent a solution to
replace traditional distributed power sources because of their
high efficiency, clean operation and multiple applications (trans-
port, residential, portable) [1,2]. Fuel cell based power plants are
currently under rapid development and first plants are expected
by the next few years with size ranging from 20 to 250 kW, up to
1 MW [2]. In particular, proton exchange membrane fuel cells
(PEMFC) are most suitable for automotive applications because
of their low operation temperature, providing a fast start-up, and
high power density. The design and analysis of a complete fuel
cell system demand the correct modelling of the fuel cell stack
and of the other sub-systems around.

Over the last 17 years, many PEMFC models, either theo-
retical or empirical, from simple zero-dimensional to complex
three-dimensional models, have been developed (analytical
models, mechanistic models, semi-empirical and empirical
models). There are several papers which review some of the work
about PEMFC modelling, for example [3,4]. Semi-empirical
approaches combine theoretically derived differential and alge-
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braic equations with empirically determined relationships [5-9].
The empirical approaches develop algebraic models based on
experimental datasets. They describe the performance of a true
system working in given conditions. Such models can be based
on analytical expressions [10] or they can be described by pure
numerical approaches.

The main goal of this work is to realize a PEMFC model
that can be used efficiently for the global modelling of the fuel
cell system. The modelling method proposed in the paper is an
approach from an empirical point of view that allows PEMFC
model of “black-box” class to be developed. The MLS approx-
imation method is the core of the proposed method. The MLS
method is widely used in meshless methods but it has been suc-
cessfully applied for response surface generation in the context
of optimization [11]. The MLS algorithm uses an experimental
dataset, cell voltage versus current density, measured in determi-
nate experimental conditions (pure hydrogen fuel, air as oxidant,
cell temperature, pressure, membrane humidity, reactants stoi-
chiometry), in order to create the PEMFC numeric model. Such
numerical models are extensively employed in various areas of
the science and of the technology offering good perspectives
in the systems identification, the simulation of the systems, the
design and the optimization of process control, etc. The proposed
model can be included in a numerical application to optimize the
operation of an existing fuel cell system.
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Fig. 1. Application architecture.

2. Analysis and modelling

Based on the MLS method a numerical approximation
method for PEMFC modelling has been developed as is shown
in Fig. 1.

The central element of this application is the “Approx-
imation” module. This module creates an entity defining
algebraically the surrogate model based on the MLS approxi-
mation. There are two main operations defined on this surrogate
model entity: calibration and approximation. A pre-sampled
dataset is needed to calibrate the model. Once calibrated, the
algebraic surrogate model provides the “approximation” func-
tion that outputs the approximate value and the gradient for every
point of the feasibility domain.

2.1. The proposed fuel cell modelling approach

The proposed model belongs to the family of the surrogate
models. Most engineering design problems require experiments
and simulations to evaluate design objective and constraint func-
tions as function of design variables. One way of alleviating
this burden is by constructing approximation models (known
as surrogate models, response surface models, metamodels or
emulators) that mimic the behaviour of the simulation model as
closely as possible. Surrogate models are constructed using a
data-driven, bottom—up approach. This approach is also known
“behavioural modelling” or “black-box modelling”. The most
popular surrogate models are polynomial response surfaces,
kriging, support vector machines and artificial neural networks
[12].

Most of the response surface construction methods use global
least squares (GLS) methods. The GLS methods use a single
quadratic or cubic polynomial representing the entire para-
metric space of the random variables. However, the MLS,
kriging and radial basis functions (RBF) methods produce
higher accuracy in response prediction compared to the GLS
methods.

Numerically the MLS and kriging produces the least error.
Between kriging and MLS it is difficult to choose one over the
other, but MLS consistently produces marginally smaller errors
than kriging [13]. Moreover, the MLS metamodelling seems to
be more flexible and easy to use than kriging method.

The MLS metamodelling appears to present a good balance
of response surface accuracy, smoothness, robustness and ease
of use. Therefore, we have used MLS in this paper to generate
the response surfaces from our 3D data sets.

This paper proposes and develops a numerical method for
modelling the fuel cell. The performance of the fuel cells
depends on several factors. The most important factors are the
fuel cell operating temperature, the pressure of the reactants,
the stoichiometry of the reactants, the nature of the membrane,
the humiditification of the membrane, diffusion layer, electro-
catalyst layer and the sort of the channels. The proposed method
starts from the experimental dataset presented in [6]. This dataset
is given in stationary conditions for a PEMFC supplied with
hydrogen and air, and it gives measured cell voltage V= V(J, p,
T) as a function of the current density J, the air pressure p and
the absolute fuel cell temperature 7.

As described [6] the experimental dataset were acquired on
a PEMEFC in the experimental conditions presented in Table 1.

2.2. The moving least squares approximation (MLS) based
model

Among the large number of numerical methods about func-
tion approximation the moving least squares method provides
both an accurate local function approximation and a contin-
uous gradient approximation [11,14—17]. However, also other
approximation techniques could be employed like those based
on feed-forward neural networks [18,19].

A short overview of the MLS method is exposed below.
Considering the sampled dataset {(y;, X;) }:=1.....n, Where:

- y={yiti=1... . n={y(Xi)}i=1... n is the vector of function val-
ues in the experimental points;

- x; €D is the vector of the coordinates of the i experimental
points, with D the experimental domain containing N samples.

According to MLS, the local character is ensured by a weight
function w(x, x;) defined on a support region B(x;) around X;:

>0, Vxe Bx)
w(X, X;) = w(X — X;) =0, ifnot v
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Table 1
Experimental conditions [6]
Type Area Preparation
CESHR, low platinum By the rolling method and
I.| ELECTRODES loading 50 cm? | impregnated with DuPont
0.4 Pt mg cm™ Nafion solution
Type Relative humidity
2. | MEMBRANE Nafion 115 100%
CARBON CLOTH Teflon content
3.
SUBSTRATE 40 %
o . Teflon content
4. | DIFFUSION LAYER 35%
. Teflon content
5. | ELECTROCATALYST 30%
Type Stoichiometric ratio
6. | FUEL Hydrogen 12
99.99% purity )
Type Stoichiometric ratio
Oxygen
7. | OXYDANT 99.99% purity, 2.0
or
House air
g, | OPERATING 50 °C and 70 °C
TEMPERATURES
9. OPERATING 1 atm, 3 atm and 5 atm
PRESSURES
with x the vector of the coordinates of a generic point. This B(x) = [w(x —x1)p(X1), ..., WX — X,)Pp(X,)] @)

weight function defines a finite domain of influence B(x;) C D,
around any experimental point x;, where D is the approximation
domain.

For every point x of the domain D let J(x) be the moving
least squares approximation given by:

F0 = pixa;x) ©)

j=1

where p;(x) is the jth basis (generally amonome), m (m < N) is the
number of the bases, and a;(x) are the coefficients of each base.
The m basis terms form the following m-dimensional vector:

PTx) = {p;®)ViL;, m <N 3)

The vector a(x)=[a;(X), ..., an(X)]T of the coefficients is
obtained by solving a regression problem using the weighted
least squares error J(a(x)) for the N sampling points, defined as
follows:

2

N m
Jao) =Y wx —x) | S pixia;x) - y; @

i=1 j=0

The minimization of the error J(x) with respect to the coefficients
aj(x) gives:

a(x) = A~ OBy ®)
where the matrix A and B are defined by:

N
A =) w(x —x)pxi)p (x;) (6)

i=1

To guarantee the non-singularity of A, for a point x, an ade-
quate support B(x;) for each sample point x; is needed so that
w(x — x;) # 0 for at least m experimental points [17].

The expression of the global approximation is

¥ = PT®A™ )B(x)y ®)

2.3. Adapting the experimental domain for the MLS
approximation

The experimental domain D is a discrete one and is defined
by the three-dimensional points x(J, p, T) € D. It includes exper-
imental points at two operating fuel cell temperature values
(50°C and 70°C) and at three values of the air pressure (1,
3 and 5 atm) achieved in the experimental conditions mentioned
in Section 2.1. It is apparent that the experimental domain is
included in the approximation domain D C D.

To adapt the experimental data with the MLS approximation,
a support domain B(x;) is considered around each experimental
point. Thus, an entity is introduced to associate each experimen-
tal point x; with a scalar r value, by which the support domain
can be defined. This support can be constructed either by using
a sphere

Sr={xllx = x| <r} )
or, a n-dimensional cube:
Sy ={x|lx; — x| <r 1 <i=<n} (10)

To ensure the computational feasibility and the accuracy of the
application the following issues are requested:
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Fig. 2. Adapting experimental domain: (a) initial domain; (b) transformed domain.

1. each point of the approximation domain D must be included
in m compact supports, built around the experimental points,
where m represents the number of bases;

2. acorrect sizing of the compact supports, because an outsized
support Sy of the function w(x — x;) would corrupt the local
character of the approximation;

3. the experimental points included in the compact supports
must be as uniformly distributed as possible according to
each coordinate.

Taking into account the previously mentioned criteria the ini-
tial experimental domain has been transformed, obtaining a new
domain (Fig. 2a and b), where the experimental points are more
uniformly distributed. First of all, the parameters temperature
and pressure have been normalized (Tipax =343 K, pmax =35 atm)
obtaining the relative values Ty and pre . Since the relative
temperature Ty and the relative pressure py) are uniformly dis-
tributed, only the current density J has been first transformed
and then normalized. The transformation is a linear one with
moving coefficients which depend on the parameters Ty and
Drel- This transformation is given by the following relationship:

| J

Jirans = ' )

T TG T+ ap  tanh(prel + by - Trel + b2) (11)
Jtrans

ians.rel = 0 27— 12

trans,rel max(Jirans) .

In Eq. (11) the values of the coefficients are:

a; =17.7175
a; = —6.3675
by = —3.9445
by = 4.3645

The expression of the transformation function has been cho-
sen to have almost a uniform transformed domain. To achieve
this goal the examination of the experimental domain D has been
made at first. Then a hyperbolic function has been chosen as the
base of the transformation function. The coefficients of the trans-
formation function have been computed accordingly to obtain
a transformed domain, which is almost a rectangular polyhe-
dron. Fig. 3 illustrates the steps, which have been followed at
this stage.

The approximation method has been applied in the new trans-
formed domain and then the inverse operation has been made to
return to the initial domain.

3. Results

After pre-processing the experimental data, the MLS method
can be applied to approximate the stationary characteristic of
the PEMFC.

To estimate the accuracy of the method, the average of the
global error for all the experimental points is given. The expres-
sion of this error is, in percentage:

_ 100

S0 =
i=1

Vix;) — V(x;)

V(xi) (1

where x;=(J;, pi, T;) € D, and N is the number of the experi-
mental points. The computed value is £, = 1.62%. In Figs. 4-7
the symbols ‘x’ represent the experimental dataset (the cell
potential vs. current density with 7, p as parameters) and the
solid line represents the MLS approximation of the experimental
data. Figs. 4 and 5 show the approximated fuel cell charac-
teristics in the experimental conditions (Section 2.1). The two
figures illustrate that the developed model fits with accuracy the
experimental dataset.

However, the true interest of the method is the prediction and
the description of the fuel cell behaviour in all of the points of the
approximation domain. To prove these facilities the procedure
of “cross-validation” [20] is used.
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T T ¢
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Fig. 3. Explanatory for the choosing process of the transformation function.
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Fig. 4. Fuel cell voltage approximated characteristic, at 7=50°C, for three
different pressures: 1, 3 and 5 atm (‘+* experimental data).
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Fig. 5. Fuel cell voltage approximated characteristic, at 7=70°C, for three
different pressures: 1, 3 and 5 atm (‘+* experimental data).
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Fig. 6. Fuel cell voltage approximated characteristic with predicted data for 2
and 4 atm.
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Fig. 7. Fuel cell voltage approximated characteristic with the 3 atm data points
exclusion.

The experimental dataset is split into Dg distinct segments
[20]. Then the approximation is made using data from Dg — 1
of the segments and its performance is tested using the remaining
segments. Thus, another experiment is made by excluding exper-
imental points. Starting from this reduced experimental domain
the characteristic curve is reconstructed. This reconstruction
includes the curve corresponding to the excluded points.

Fig. 6 shows the approximated results for five operating air
pressures 1, 2, 3, 4, Satm at 70 °C fuel cell temperature. For
“cross-validation” 40 new points (20 for 50 °C temperature and
the others 20 for 70 °C temperature), which have been obtained
from the approximated results for 2 and 4 atm, have been added at
the initial dataset. Then the experimental real points for the 3 atm
pressure have been excluded. Fig. 7 shows the approximated
results obtained by the exclusion of the experimental real points
for the 3 atm pressure and proves the accuracy of the prediction
of the fuel cell performance in the whole approximation domain.

Fig. 8 shows, as a comparison, the error waveforms in case
all the experimental data set were taken into account and in case
all the dataset, without the input points of the 3 atm curve, were
considered. The both curves have the same rate that proves the

25 T T

&, (%)

0 1
0 0.2 0.4 0.6 0.8 1 1.2

J(A cm™)

Fig. 8. The comparative analysis of the errors for the two cases: (A) all the
dataset; (B) the dataset without the input points for 3 atm pressure.
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Fig. 9. Fuel cell voltage predicted characteristic and the cell power density
(dotted line), at T=70°C and p =3 atm.

coherence of the proposed method. Of course, the first is lower,
but they both grow with the current density in the non-linear
region. The dispersion of the experimental points and the great
values of the gradient on the domain boundary proximity are
the reasons of this fact. The error can decrease if additional
experimental points are introduced. Anyway, this part of the
domain is not interesting for the fuel cell operation. As is shown
in Fig. 9 the power density attains the maximum value before
this region and the fuel cell operate at acceptable efficiencies
before this point.

4. Conclusions

This paper proposes and develops a numerical method for
modelling fuel cells with the help of moving least squares. The
use of MLS is justified by the fact that it is a powerful method for
approximating experimental data. The proposed model belongs
to the family of surrogate models.

In conclusion, it can be said that:

- the proposed methodology is suitable for modelling PEMFC
starting from experimental data. It also can be easily used to
approximate the fuel cell behaviour for more input parameters
than the temperature and pressure (stoichiometry, membrane
humidity);

- the initial experimental domain must be transformed to obtain
a new domain, where the distances between experimental
points are more uniformly along the coordinates, to ensure
both the convergence and the accuracy of the method;

- the validation of the method has been made using the proce-
dure of “cross-validation”. It is based on the graphical results

and relative errors estimation. The level of the relative errors
shows the goodness of this approach;

- the method can be improved to obtain a better precision
in the neighbourhood of the domain boundary by adjust-
ing the compact supports associated to the experimental
points;

- the PEMFC static characteristics can be predicted and used
for the development of the global model of the fuel cell
system.
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