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Abstract

A fuel cell system model is necessary to prepare and analyse vibration tests. However, in the literature, the mechanical aspect of the fuel cell
systems is neglected. In this paper, a neural network modelling approach for the mechanical nonlinear behaviour of a proton exchange membrane
(PEM) fuel cell system is proposed. An experimental set is designed for this purpose: a fuel cell system in operation is subjected to random and
swept-sine excitations on a vibrating platform in three axes directions. Its mechanical response is measured with three-dimensional accelerometers.
The raw experimental data are exploited to create a multi-input and multi-output (MIMO) model using a multi-layer perceptron neural network
combined with a time regression input vector. The model is trained and tested. Results from the analysis show good prediction accuracy. This
approach is promising because it can be extended to further complex applications. In the future, the mechanical fuel cell system controller will be
implemented on a real-time system that provides an environment to analyse the performance and optimize mechanical parameters design of the
PEM fuel system and its auxiliaries.
© 2007 Elsevier B.V. All rights reserved.
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Nomenclature
a search direction of the ‘Levenberg—Marquardt’
method
FPE final prediction error
G™D(0) the gradient of L®(8)
i number of inputs
J number of outputs
LD(@) minimization criterion of the ‘Levenberg—

Marquardt’ method

n number of delays

N number of points in the training set

Nei input i time regressor

Nsj output j time regressor

qij Lipschitz coefficient

Pee(t)  autocorrelation of the prediction error

Fus(t) cross-correlation between the inputs and the pre-
diction error

R®D(®) the Hessian of L (6)

T number of points in the pruning set

ul(®) excitation signal vector
u?(1) sampling frequency vector

Vv number of points in the validation set

Vv Levenberg—Marquardt minimization criterion or
training error

Vr test error

w! vector of weights between inputs and the hidden
layer

w? vector of weights between the hidden layer and
outputs

Y(¥) measured outputs

Y(r)  predicted outputs

Z total number of time regressors

Zn training data set

Zr pruning data set

Zy validation data set

Greek symbols

e prediction error

0 vector of weights

og(t) variance of the prediction error

o(?) time regression vector

1. Introduction

Because of a worldwide increase in air pollution and power
demand, an efficient and clean generation of electrical energy
has become a necessity. With low emissions and very high-

conversion efficiencies, fuel cells are the best candidate to
become the primary source of power in the future [1]. Therefore
worldwide attention has been focused on their development.

A fuel cell is a device that can directly convert chemical
to electric and thermal energy. Among different kinds of fuel
cells, the proton exchange membrane fuel cell (PEM) has the
advantage of a low-operational temperature (20—100 °C), high-
power density and light weight. PEM has gained a lot of attention
and is considered as the most promising fuel cell technology in
the future and a potential alternative power source [2]. It fits at
best the requirements of the transportation systems. However
in order to implement fuel cells in transportation systems, we
need to master the mechanical behaviour of fuel cell systems and
the influences of mechanical loads on their structure. Durability
versus mechanical loads is also a matter of concern.

Therefore, experimental investigations under mechanical
loads are necessary to acquire further knowledge. In order to
optimally pilot and control the tests, highly efficient models with
good performance in static and dynamic operational conditions
are required.

Before enumerating these models, it is useful to distinguish
the two terms: ‘dynamic’ and ‘mechanical’ in the fuel cell
field. The term ‘dynamic’ is related to the fuel cell dynamical
physicochemical aspect as transient behaviour while ‘mechan-
ical’ indicates its mechanical vibrating aspect as eigen modes
and frequencies.

In the literature, a large number of steady-state models are
available, which mainly focus on designing the PEM and choos-
ing the operating point [3]. Baschuk and Xianguo [4] have
developed a model considering all three reasons of polarization
in a unified fundamental approach. Voss et al. [5] suggested
a technique for water removal from the PEM. Nguyen and
White [6] developed a model to investigate the effectiveness
of three humidification designs. Fuller and Newman [7] sim-
ulated a PEMFC operation in conditions of moist gas in the
electrodes. Bernardi and Verbrugge [8] formulated a simpli-
fied one-dimensional model for liquid water transport in porous
electrodes. Wang et al. [9] studied gas—liquid two-phase flow
and transport in air operated PEMFC as well as direct methanol
fuel cell. Djilali and Berning [10] presented an overview of the
role of various transport phenomena in fuel cell operation and
some of the physical and computational modelling challenges.
Du and Shi [11] exposed a computational fluid dynamic (CFD)
model for a PEM by taking into account the catalyst layer with
agglomerate structures.

There are relatively few dynamic models proposed in the
published works that have studied transient behaviour [12] and
fuel cell control: a quasi-three-dimensional dynamic model for
physical, chemical and electrochemical processes in PEM [13],
a model to predict responses of the electric load on the cell
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by emphasising the temperature response on the dynamic load
[14], a model predictive control-based strategy [15], an exact
linearization approach to create a dynamic model [16], a study
of a fuel cell stack dynamic response including the nonlinear-
ities [17], a model of a fuel cell hybrid system connected to a
nonlinear load power [18].

These fuel cell static and ‘dynamic’ models provide a funda-
mental foundation for exploring mechanisms and understanding
physical phenomena in the PEM. In spite of advances in mod-
elling, several of these physical methods are not accurate enough
because of the complex nonlinear nature of the fuel cell. Usu-
ally, modelling is done with models based on the knowledge
of physicochemical phenomena. These models require a good
knowledge of the process parameters. In most cases, these
parameters are difficult to determine for an operating fuel cell
system [19]. One way to solve this problem is to exploit raw
experimental data by creating a “black box” model which
requires no preliminary knowledge about the system [20]. Sev-
eral techniques can be implemented to create a black box model
but a well-designed artificial neural network (ANN) model
provides useful and reasonably accurate input—output relations
because of its excellent multi-dimensional mapping capability.
It can predict the desired output variables faster and more accu-
rately than a physical model. For this reason, ANN has been
extensively employed in various areas of science and technology.

All applications of neural networks fuel cell models proposed
in publications concern the ‘dynamic’ aspect such as: an adap-
tive fuzzy identification model based on input—output sampled
data [21], a dynamic recurrent neural network model for fuel
cell dynamic operating modes [22], a Q-Newton neural net-
work model which estimates the voltage considering different
operating conditions and delivered current [23], a multi-layer
perceptron (MLP) model that inputs pressures and temperatures
at the stack and outputs voltage of the fuel cell [24,25], a hybrid
neural network model consisting of an ANN component and
a physical component that takes into consideration the effect
of Pt loading [26], a back-propagation feed-forward network
and a radial basis function network to predict the cell voltage
and to study the effect of Pt loading [27]. All of these studies
were conceived to predict the cell voltage or cell power density
(mA cm™2) or to determine the operating temperature of PEM.

However, a model that predicts the nonlinear mechanical
response of a fuel cell system submitted to vibrations during
a duration of time has not yet appeared in published works. In
this paper, a method based on a MIMO multi-layer perceptron
(MLP) neural network combined with a time regression input
vector is proposed [28]. A specified experimental set has been
designed and a fuel cell system, in operation, vibrated according
to the three axes.

The paper is organised as follows. Section 2 provides a gen-
eral description of the test bench which includes the vibrating
platform, the fuel cell system and the acquisition system. Sec-
tion 3 explains the neural network modelling approach. Section
4 illustrates simulation results for different excitations; they
are compared to experimental findings and discussed. Finally,
Section 5 concludes the paper and outlines the practical imple-
mentation of the black box model.

Fig. 1. The vibrating platform.

2. The test bench

The experimental setup is composed of a vibrating platform, a
PEM fuel cell system to be modelled and an acquisition system.

2.1. The vibrating platform

The vibration tests were realized by using the vibrating plat-
form represented in Fig. 1.

The platform is composed of two tables: one for horizontal
solicitations and the other for vertical excitations. The first table
vibrates in X and Y axes directions, the second one in the Z-axis
direction. The platform has the following properties:

e frequency sweeping: 63000 Hz,

e maximum displacement of the vibrating table (peak to peak):
50 mm,

e maximum velocity: 1.8 m s—1,

e maximum force: 35.6 kN.

Using specific software, it is thus possible to control excita-
tions as swept sine, shocks and random vibrations. The vibration
platform also has the capacity to reproduce any kind of signals.

2.2. The PEM fuel cell system

The PEM fuel cell system is considered as a mechanical
system to be modelled. The aim is to represent its nonlinear
mechanical behaviour. The system is screwed to the vibrating
table (see Fig. 2).

The control accelerometer is directly fixed on the vibrating
table and 3 three-dimensional measurement accelerometers are
distributed on the fuel cell system (see Fig. 3).
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Fig. 2. The mechanical system fixed on the vibrating table.

2.3. The acquisition system

The installation is equipped with an acquisition system. How-
ever, raw data, necessary to feed the neural model, cannot be
accessed. For this reason, a USB interface with a new acquisition
program is implemented.

Another advantage of the new program is the method of
choosing the sampling frequency. In fact, frequency bandwidth
for the realized tests varies from 6 to 1250 Hz. If data are col-
lected with a constant sample rate, its value should be around
12,500 Hz. Therefore, with excitations like swept sine, a very
large data vector is obtained. That will lead to increase the train-
ing set dimension and eventually the model estimation time.
The processing of such a vector with common devices, even
with powerful PCs is time consuming.

To solve this problem, the new acquisition program allows
collection of data with a variable sampling frequency in real
time. This permits to cover all the frequency bandwidth with a
reasonable number of points.

3. Modelling approach

The neural network approach for system modelling consists
of several steps, as shown in Fig. 4. During the tests, data are col-
lected. Then, the neural network structure is chosen: Hopfield,
Elman networks, multi-layer perceptron (MLP) or radial basis
networks. This stage also includes selecting inputs and outputs,

the number of layers and number of neurons in each neural net-
work layer. Afterwards, the data collected during the tests are
divided into three different sets: the first and second sets are used
to estimate the model through training and pruning and the third
one is employed to validate the model.

3.1. Tests

Collecting results from several dynamic load tests is the first
step of the procedure. Before capturing data needed to setup the
neural network, it is important to carry out tests to assess the
general behaviour of the system, e.g. the resonance frequencies
and nonlinearity degree [29].

The system is excited in the three axes directions separately.
Therefore, there are three models to show the system’s mechan-
ical behaviour in each of the three directions of excitations. The
procedures for developing these models are similar. This is the
reason why only the Z-axis model is exposed in the following.

During the Z-axis direction tests, the system is excited with
two types of vibrations:

e swept sine with a frequency bandwidth from 6 to 1250 Hz and
acceleration amplitude from 0.1 to 1 g,

e random vibration with frequency bandwidth from 6 to
1250 Hz, a root mean square (rms) value of 0.35 g and a max-
imum value of 0.95 g. In fact, the random vibration used here
is related to a road profile directly measured on the vehicle
where the fuel cell system is destined to be installed.

A unique neural network is created in order to model the
system according to these two types of excitation in the Z-axis
direction.

3.2. Selection of the neural model structure

The second step deals with finding the neural network struc-
ture. A multi-layer structure of feed-forward MLP is chosen
here because of its capability in nonlinear modelling. It has
one hidden layer, even if the number of layers may be grad-
ually increased as greater flexibility is needed for more complex
systems.

The network contains nine outputs (see Fig. 7) which corre-
sponds to the prediction of nine measuring channels for the three
three-dimensional accelerometers. They are here compared with
the measurements of these accelerometers.

A point should be clarified: the excitation signal is in the Z
axis direction but the measured accelerations are in the X, ¥ and
Z axes directions.

The number of inputs has to be determined. Indeed, the only
actual input is the acceleration subjected to the vibrating table.
However, the neural network is fed with values of acceleration
and measured outputs from the previous time instants. This is
known as time regression (NNARXM), which is essential in
modelling the nonlinear behaviour and is a dominant factor in the
calculation time (see Fig. 5). It can be derived by using Lipschitz
approach [30]. In the next paragraph, a brief presentation of this
method is given.
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Control accelerometer

Three-dimensional measurement accelerometers

|

Fig. 3. The accelerometers.
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Tests

Select neural model

structure

Estimate model

Validate model

Fig. 4. Steps of the modelling approach.

Define the training set:
Zy = {[U'@), Y (), t=1,...,N} (D

which is composed of an (2,N) imposed acceleration matrix:

and an (9,N) output matrix Yo corresponding to the measured
outputs:

Yio) = Y 0: 2 (0;. .Y ()] 3)

where N is the total number of points in the training set.
The neural network input is the time regression vector ¢(f),
which is calculated as follows:

o) = [e1, 92,93, ..., ¢:]
=l —Du't=2)...u'(t — Nep)u(t — 1) ui?
x(t—2)...u*(t — N) y'(t — Dyt —2)...y!
X (t — Ng1) y*(t — 1) y*(t —2) ... y*(t — Ng2) ...’
x (1= 1)yt =2)...)°( = No)] )

where Ne; and Ng; are, respectively, the number of input (i) and
output (j) time regressors, i varies from 1 to 2 and j varies from 1
to 9 and u! (r) and u2(?) are, respectively, the values of the control
accelerometer signal and the sampling frequency corresponding
to each point.

The values of time regressors depend on the degree of nonlin-
earity computed by means of the Lipschitz coefficient. For each
different input u/(f) and output y/(7), the Lipschitz coefficient is
calculated with the expression:

Zymm—ﬂm)zrﬂ
$iltm) — ¢i(t0) | | 0

The approach consists in choosing different delay couples N;

s Im F I ®)

qij

U'(0) = [u' (0);u*(0)] (2)  and Ny;. Foreach couple, the Lipschitz coefficients are computed
u"(t—l) —_— <1 (t)
%) AN — 3

=2

W(EN,) i yi(t)
W(t-1y = ——————> i
1
i EE— 1
(-2 : Neural Network :
W(t-N,) . NNARXM i
4 1
Yoy o :
ey :
1
s : 1
¥ (t N.n') 2 | 1
p 1
i
, i 1
Y(t-1) —_— 1
. 1
y (t-Z) —‘p 1

yaNy P J g f)

Fig. 5. A neural network with NNARXM regression vector.
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Lipschit coefficient for i=1 and j=1

Fig. 6. Lipschitz coefficient.

for all input /() and output y/(f) combinations. The greatest Dij
coefficients are selected to calculate the criterion:

Dij 1/ pij
;= (Hﬁq{;(k)) (6)
k=1

where n=N,; + Ny; for each combination.

If n, the number of delays, is too small, the Lipschitz coeffi-
cient tends to infinity. From a certain value of n, the Lipschitz
coefficient decreases slightly.

The results of the calculations for i=1 and j=1 are shown
in Fig. 6. At first, the curve decreases and then stabilizes for a
precise value of Ne; and Ng;. In this study, Ne; has a value of 6
and Ns; a value of 3.

After the calculation of the N,; and Ny; for all the inputs 40)
and the outputs y/(¢), z, the total number of time regressors is
calculated by

7= Ne1 + Ne2 + Ngi + - -+ + Ny (7
The results of the calculations are

Net =6, Neo=1,
Ny =3, Ngs =3,
Ng =3 and Ny =5

NSI = 31
N86 = 57

NSZ = 31
NS7 = 39

NS3 = 57

Thatmeans zequals40 (z=6+1+3+3+5+3+3+5+3+3+5
=40).

One hidden layer containing 18 neurons is initially chosen
(Fig. 7). The experience showed that the number of neurons is
large, but it will be optimized later using specific algorithms.
The nonlinear activation functions [31] for the hidden neurons
are a hyperbolic tangent type f(x) = tan i(x) with values between
—1 and 1. For the output neuron, a linear activation function
fix)=x1s selected. This choice results from various tests carried
out with different activation functions on each layer.

After the choice of the neural network structure, it is trained
according to a minimization criterion and then optimized by a
pruning technique. Finally, the model is validated. In order to

do this, data collected during the tests are divided into three
different sets, one for each of these tasks.

3.3. Estimate the model

This section is composed of two parts: training [32] and
pruning [33] discussed, respectively.

3.3.1. Training

The first set of the collected data Zy(U', Y') is used in the
training. It is important that Zy includes information concerning
the global behaviour of the system like all the amplitude lev-
els and frequencies of interest. If Zy shows redundancy for an
operating range and a lack of information for another operating
range, the model accurately predicts in the first case but with
difficulties in the second. During the study, a vector composed
of 2080 points (N=2080:1520 coming from random tests and
560 from swept-sine tests) is chosen. All the values of this vector
are normalized between —1 and 1.

The model parameters (weights) are determined during the
training. They constitute the model that will be able to give the
best prediction of the real outputs of the system. The model that
satisfies the minimal value of the following criterion is chosen:

N

1 N T N
VN = ﬁz{[Y(t) —Y@o) [Y(0) - Y(|o)]} ®)

t=1

where N is the number of points of the training set (TS),
YO =Y'(r)= [yl(t); yz(t); e y9(t)] is the vector of real mea-
sured outputs in the TS, ¥(r) = [$'(¢]0); 3%(110); ...; 3°(¢]0)] is
the vector of the predicted outputs, and 6 is the vector of weights
to be defined.

In fact, there are two types of weights:

e W!, containing the weights between the inputs and the hidden
layer (40(z) x 18(initial number of neurons)=720), and the
18 bias values for the neurons in the hidden layer.

e W2, containing the weights between the hidden layer and the
outputs (18(initial number of neurons) x 9(number of out-
puts) = 162) and the 9 bias for the outputs neurons.

Thus, 6=[W2W!] is a vector containing: 720+ 18+
162 +9=909 weights.

This approach based on the minimization of Vy is called
the prediction error method (PEM) [34]. Among the different
minimization methods which use the PEM criterion, the MLP
network combined with NNARXM regression vector uses the
‘Levenberg—Marquardt’ method [35]. It minimizes an approx-
imation of the criterion Vy called L)(#) in a neighbourhood
which is a sphere of radius 8’ centred around the current itera-
tion 6

euth — argngn(L(i)(G)) in the neighbourhood |6 — Q(i)| <80
C))
The next iteration values are computed by the formula:

pith = g 1 0 (10)
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——————— g | Output 9

Output 8

D

Qutput 1

Fig. 7. The initial neural network.

where f) is the search direction given by

P =—[ROD)+ 2911 G(HY) (11) Select initial paran;eters 9, 1®
where et q()
. |
e 1 is a parameter that varies between 0 and infinity, whose A v
determination is explained in Fig. §, Determine the search direction
o the gradient: £ = [REM+IP 1 GEeW)
(@)
GOy — dL™(6) v .
T P Calculate #7
| « T ; v
= =Y {[w(t, 6] [y() — $(t16D)] 12 . —
N,;{ (e, 0] [y(t) — 3|01 (12) B0 Ts=s IV=05
where (1) . (1) (1)
arn V<025=>2"=21"
), _ 316 i
Yz, 09 = a0 (13)
e the hessian:
, d?>LD9) 1 <& T .
ROV = —5—| =3 2 AW 0N 9 00)
9= t=1

(14)

To determine A, there are two different methods: direct and
indirect methods. The indirect method of Fletcher [36], pre-
sented in Fig. 8, is used here. The approach consists in computing

the ratio: gt =g 4 ()
i _ YD) = Vn @Dy (VD) - Vv + f9) AT =29

T VN (D) — LO@EDY T (Vy(0D) — LO@D 4 fO)
(15) Fig. 8. Determination of A,
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x10°  x = t'ai"inig error, += IFPE, o= testl error_ Select a sufficiently large model
structure (18 hidden neurons)

ol

A v
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to any input

|
v

A

The optimal architecture is the one
which yields a minimal FPE

Fig. 10. Pruning.
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Fig. 11. The final neural network after pruning.
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where

LY@ + )= VnED) + TGO + 3 fTROD)f (16)
3.3.2. Pruning

The principle of pruning is to initially start out with rela-
tively large network architecture and then successively prune the

Zooming - Input (Zv1 - U*(1,0:900))

network branches (weights) of one at a time until the optimal
architecture is found. Stopping criterions other than the quadratic
error Vyy used in the training section are explored. Thus, the final
prediction error FPE and the test error Vr are introduced in this
section [37]. Both criteria provide information about the ability
of the model to reliably predict outputs for unknown entries,
i.e. the second set of data Zr(U?, ¥2) which is not used in the
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of the article.)
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training section. The number of points of Zr is here equal to
2000.

3.3.2.1. Final prediction error. The final prediction error is
expressed in the formula:

o
FPE = ¥y = 50 (1 +2 (17

N

Autocorrelation coefficients for prediction error (output # 1)

11

where p is the number of weights and o2 is the noise variance
estimated as follows

2 =2 v, z% (18)
€ N + p ?
The FEP reaches its maximum value 02 /2 when N tends towards

infinity. However, as the vector of training is finite (N =2080 in
this study), the error is always higher than aez /2.

Autocorrelation coefficients for prediction error (output # 2)
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Fig. 13. Correlations for random tests. (For interpretation of the references to color in this figure citation, the reader is referred to the web version of the article.)
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3.3.2.2. Test error. Test error Vr computation is based on a
second data set ZT(UZ, Y2) which is completely different from
the first data set Zy(U', Y') used for training. A value of Vr
close to Vy means that the model obtained after the training
is accurate. In fact, the test error is composed of two types of
error:

e The bias error which appears when the optimized model is
not found in the set of candidate models defined in the neu-
ral structure selection (Section 3.2). It happens when there
are not enough neurons to model the system. This is called
undertraining.

e The variance error which is due to an excessive number of
neurons in the network. This increases the number of local
minima and the variance of estimated weights. The model

Histogram of prediction errors

identifies not only the system but also the noise present in the
vector Zy. This case is called overtraining.

Fig. 9 shows the effects of both errors. The curve of Vr
decreases, then increases. The curve’s minimum corresponds
to the best model.

3.3.2.3. Architecture of the connections. Another important cri-
terion is the choice of the best neural architecture. In fact,
the network should not be entirely connected. The principle
is to initially start out with relatively large network architec-
ture, and then prune the weights of one at a time until the
best architecture is found [38]. Fig. 10 explains this proce-
dure.
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Fig. 14. Histograms for random tests. (For interpretation of the references to color in this figure citation, the reader is referred to the web version of the article.)
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Listed below is an explanation of some symbols mentioned  where 6/ is the reduced vector of weights [39]:
in the above figure:

8V = V@, Z") — V@, Z") (20)
0 A N . where V) is the FPE error and p1? is the number of remaining
VW = V@O, Z%) — VN, Z7) (19)  weights at the jth iteration.
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Fig. 15. Visualization of the prediction—sine tests. (For interpretation of the references to color in this figure citation, the reader is referred to the web version of the
article.)
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Fig. 11 shows how pruning affects the initial network with 18 the measurements, visualization and reliability of the predic-
neurons in the hidden layer. Only 16 neurons and 728 weights tions.

are necessary.
3.4.1. Correlations
If the whole information concerning the dynamics of the

system is introduced into the model, the prediction error & =
Model validation is performed with a third data set Zy( U3, Y(t)— Y1) is independent from the particular set of data used

¥3) different from Zy and Z7. The validation approach is based  for validation. To prove this independence, two important func-
on three analyses: correlations between the predictions and tions are calculated: the autocorrelation 7..(7) of the prediction

3.4. Validate the model
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Fig. 16. Correlations for sine tests. (For interpretation of the references to color in this figure citation, the reader is referred to the web version of the article.)
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error € and the cross-correlations 7y (7) between the inputs and
the prediction error [40]. The correlations results for this study
are shown in Figs. 13 and 16:

N @ﬁ:ZﬁTMLQ—@@U—uQ—@): | ifr=0
) SN (e, 0) — &)’ 0 ifr#0
(21)
Pue(T) = S (et — . 6) — 8) o e
\/va:l(U(t) — O (e, 6) — £)°
(22)

3.4.2. Visualization of the prediction

The graphic representation, that contains, respectively, the
measured outputs and the predictions calculated by the model,
gives an idea of the accuracy of the predictions according to
different modes (see Figs. 12 and 15).

15

3.4.3. Prediction reliability
The prediction reliability for a given input is computed as
follows:

e Estimation of the prediction error variance compared to the

regression vector ¢(f):

o(t) = E{e(t,0)| (1)) (23)

Estimation of the interval of prediction confidence [41], see
Figs. 14 and 17, by using the estimated variance and assuming
that the prediction error has a Gaussian distribution:

Y(1) € [Y(210) — op; Y (110) + o] (24)

. Results and discussions
For all the figures of this section, the measurement Y(7) is in

blue and the prediction Y(#) is in red. The validation is realised
for two different inputs: random and swept-sine tests vector.

Histogram of prediction errors
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Fig. 17. Histograms for sine tests. (For interpretation of the references to color in this figure citation, the reader is referred to the web version of the article.)
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4.1. Random tests

The 9000 samples in Zy1(U3, Y?) are issued from random
tests. The results are shown in Figs. 12—14.

The comparison between the measured outputs and the one-
step ahead predictions shows how the model describes the
system dynamic behaviour. Fig. 12 shows the visualization of
the nine outputs predictions. It is important to indicate that the
prediction is not the same for the nine outputs. There are two
reasons for this difference:

e The first reason is related to the fact that outputs 3, 6 and 9
measure the accelerations in the Z axis direction according to
the three measurement accelerometers positions. Outputs 1,
4 and 7 measure the X axis direction and outputs 2, 5 and 8
measure the Y axis directions. Therefore, it is expected that
the prediction of the outputs which measure the Z axis accel-
erations (direction of the excitation), is better because the
correlations between the excitation and these outputs have
higher values than the other outputs.

e The second reason is that the dynamic response of the fuel
cell system is not the same in every part of the system. The
measurement accelerometers have different positions. There-
fore, the amplitudes of the measured responses vary with the
accelerometers positions. For example, the outputs 1 (axis
X), 2 (axis Y) and 3 (axis Z) for the first three-dimensional
accelerometer measure higher acceleration values than the
two other accelerometers.

Despite this difference, for all outputs, predictions are close to
the measured values. However, visual inspection is not enough.
For this reason, correlation results and the histogram of the
prediction error ¢ for all the outputs are shown in Figs. 13 and 14.

As displayed in Fig. 13, the correlation coefficients remain
around 1S.D. The autocorrelation functions of all the outputs
tend to be zero and the cross-correlation functions vary in a band
ranging from —0.05 to 0.05, close to zero. The result means that
the prediction error is independent of the control input. So, all the
information about the dynamics of the system was incorporated
into the model. Another proof is given by the shapes of the
histograms shown in Fig. 14. The majority of the ¢ values are
around zero.

4.2. Swept-sine tests

The 5000 samples of Zyr(U*, Y*) are issued from swept-sine
tests. The results are available in Figs. 15-17.

A good visual prediction is noticed in this section (Fig. 15).
The autocorrelation functions are shown in Fig. 16. They con-
verge towards zero and stay within a band around zero. The
cross-correlation functions vary from —0.1 to 0.1. The his-
tograms are shown in Fig. 17. They are symmetrical around
zero and have the majority of values around ¢ equal zero.

For the two types of excitations (random and swept sine),
predictions are within close range when compared to measure-
ments. However, the accuracy of the predictions is not the same.
The results for the swept sine are less good than the random

case but are still largely acceptable. It is related to the fact that
the training vector is composed from 1520 points coming from
random tests for just 560 points coming from swept-sine tests.
And for the same kind of excitation, the model predicts better in
the Z axis direction (outputs 3, 6 and 9) than the other axes.

5. Conclusion

In this paper, a neural approach, using a multi-layer percep-
tron combined with ‘NNARXM’ time regression input vector,
is proposed to model the mechanical nonlinear behaviour of a
PEM fuel cell system. An experimental setup is designed for
this purpose. The mechanical system is vibrated in the three
axes direction X—Z with swept sine and random vibrations. The
goal is to create models for all three axes. Only the Z axis model
is discussed here because of the methodology similarity in all
three cases. A MIMO model is trained and validated with data
collected from the experimental setup. The obtained results are
accurate. This approach is promising because it may be extended
to more complex cases. Future work will deal with practical
implementations of the black box model that involves:

e The creation of a unique model for all three axes. Such a
model, which predicts the mechanical behaviour according
to the three axes directions, is very useful to reduce calcu-
lations time. In fact, inputs and outputs correlations between
different axes permit the reduction of the number of the global
neural network neurons. A second advantage is that a global
model may be used as a fuel cell system controller. It may be
implemented in a real-time system in order to provide an envi-
ronment to analyse the performance and optimize mechanical
parameters design of the PEM fuel system and its auxiliaries.
For example, durability tests versus mechanical loads are for
sure the most important tests to be carried out. The black
box model allows simulating the expected response and then
building indicators that are compared in real time with the
actual response during tests. A discrepancy warns against a
fundamental change in the system as the failure of a compo-
nent.

e Creating a neural modal that can predict the best accelerom-
eters positions is a major milestone in test preparations. Thus
for the preliminary phase, it is very interesting to clamp on the
tested mechanical structure the greatest number of available
sensors. Indeed, as the knowledge about the system is a priori
rather weak, it is difficult to know where to clamp sensors in
order to get the most sensitive mechanical response to loads. A
Fourier analysis of each sensor response can drive the choice
of the sensors number and positions to keep for the main tests.
A more interesting method is the possibility to create a neural
model that can predict the best sensor positions, eventually
not used within the preliminary tests.
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