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Abstract: Proton Exchange Membrane Fuel Cells (PEMFCs) are the main focus of their current development as power sources
because they are capable of higher power density and faster start-up than other fuel cells. The humidification system and output
performance of PEMFC stack are briefly analyzed. Predictive control of PEMFC based on Support Vector Regression Machine
(SVRM) is presented and the SVRM is constructed. The processing plant is modelled on SVRM and the predictive control law is
obtained by using Particle Swarm Optimization (PSO). The simulation and the results showed that the SVRM and the PSO re-
ceding optimization applied to the PEMFC predictive control yielded good performance.
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INTRODUCTION

Fuel cells have attracted more attention in the
last few years due to scarcity of the world energy
source. The Proton Exchange Membrane Fuel Cell
(PEMFC) is the focus of current development efforts
because it is capable of higher power density and
faster start-up than other fuel cells (Zhang et al.,
2004). Research emphasis is on high power density
with adequate energy conversion efficiency. PEMFC
performance is related to many factors, among which
electrolyte membrane humidity is very important.
The membrane requires adequate humidification for
proper performance (Rowe and Li, 2001). But when
for a fuel cell product which structure, the character of
the electrolyte membrane and the catalyzer content
could not be changed, we can improve the PEMFC
power by adjusting the electrolyte membrane humid-
ity (Li et al., 2004; Sridhar et al., 2001). To maintain
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high fuel cell efficiency requires, a predictive control
system for the output power is necessary for main-
taining optimal temperature, membrane humidity and
pressure of reactants across the membrane. We use
the Support Vector Regression Machine (SVRM) to
build a predictive model for the output power predic-
tion control system of PEMFC. SVRM is an impor-
tant part of Statistical Learning Theory, and has good
potential for modelling time-sequence events (Miiller
et al., 1999). Because of its distinct advantage in
modelling of nonlinear system, SVRM has become a
new strong tool in the intelligent control field in re-
cent years. Supported by mathematical theory, SVRM
nonlinear modelling and SVRM nonlinear control
theory is a new control theory suitable for complex
nonlinear system. Particle Swarm Optimization (PSO)
is a population based stochastic optimization tech-
nique developed by Kennedy and Eberhart (1995),
who were inspired by the social behavior of birds in a
flocking and fish in a school. PSO uses local proc-
esses to learn from the unpredictable group dynamics
of social behavior, applies it to solve optimization
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problems, as an evolutionary computation technique,
is easy to implement and has few parameters to adjust.
In view of the above virtues, we apply PSO algorithm
to the receding optimization of PEMFC predictive
control.

The remainder of this paper is organized as fol-
lows: Section 2 describes the basic principle of
SVRM and SVRM predictive control. Section 3 fo-
cuses on the mathematical modelling of PEMFC. The
Particle Swarm Optimization algorithm for receding
optimization and PSO based predictive control of
PEMFC are described in Section 4. The last section
gives the conclusion and direction of future works.

PRINCIPLES OF SUPPORT VECTOR MACHINES
REGRESSION (SVMR) AND SVRM PREDICTIVE
CONTROL

Principles of Support Vector Machines Regression
(SVMR)

SVMR’s basic idea is to map the data x into a
high dimensional feature space F via nonlinear ¢
mapping and to do linear regression in this feature
space (Miiller et al., 1999).

S~ Kx)+b, M

with g:R"—>F, weF, where b is threshold.

Then the nonlinear regression in low dimen-
sional input space R” can be mapped into the high
dimensional feature space F' where linear regression
is performed. We may determine @ from the data by
minimizing the sum of the empirical risk functional
Remplf] and a complexity term lo||* since ¢ is fixed
(Miiller et al., 1999). So we may find function f that
minimizes the risk functional:

R[f1= Ryl 14 2] =X CCr )= 1)+ Ao
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where / denotes the sample size, C(-) is a cost function
determining how we penalize estimation errors and 4
is a regularization constant.

The vector @ can be written in terms of the data
points

= Z(ai —a)p(x;) )

with @, @, being the solution of the Rye,[f].

Considering Egs.(1) and (3), we may get the re-
gression function in the low dimensional input space.

S ()= (@, = )@(x,)- (x))+b
“)
= (&, - k(x,,x) +b,

k(x;,x)=(P(x;)- ¢(x)) is kernel function.
The kernel approach is employed to address the
problem of dimensionality.

SVRM predictive control
For a single input single output nonlinear model
(Wang and Wang, 2004):

y(ktD)=f (y(k),..., y(k —n),u(k),...,u(k —m)), 5)
yeRueRm<n.
where u is the input control variable of the system, y is
the output variable of the system.
Given the continuous controlled input: u(k—m),
u(k—m+1), ..., u(k). The system output: y(k—n),
y(k—n+1), ..., y(k). If we let:

U)=0), y(i—1),..., y(i—n), u(@), u(i-1), ..., u(i—-m)),

(6)
where i=1, 2, 3, ..., n. Then the corresponding pre-
dictive control is:

Y= (U()). (N

So the training samples: (U(i), y(i+1)), i=1,2,3, ..., n.

We may get the linear output shown as follows
by using SVRM to map the dataset to high dimen-
sional space.

P+ =2 (o ~a)KUGUK)+b,  (8)

i=l1

where U(i) are the support vectors.
The model can be trained online or off-line. The
SVRM model can be modified online.
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MATHEMATICAL MODELLING OF PEMFC

The reason for choosing a PEMFC lies in its easy
and safe operational modes, low temperature gradient,
low chance of catalyst poisoning and wide scope of
application in power distribution systems (Freire and
Gonzalez, 2001). Various attempts were made to
model fuel cell systems. Most processes in industry
when considering small changes around an operating
point, can be described by a linear model of very high
order (Camacha and Bordon, 1999). Since the per-
formance of the PEMFC is dependent more on hy-
drogen humidification than on oxygen humidification
(Sridhar et al., 2001), our work in this paper is re-
stricted to the humidification of hydrogen using
Nafion” membrane. When the flow rate of hydrogen,
area and membrane type are constant for a given
PEMFC, we may change the relative humidification
of hydrogen to improve the performance of the fuel
cell (Sridhar et al., 2001). The relationship between
fuel cell power output and hydrogen humidification
can be simplified as a first-order plus dead-delay
(Camachao and Bordon, 1999; Li et al., 2004).

The transfer function of this model is:

K

G(s)=
1+7s

E

where K is the steady state gain of the system, 7 is
time constant, z4 is the dead time. The input variable is
the relative humidification of hydrogen. Output
variable is the output power of the fuel cell. Based on
data in (Sridhar et al., 2001) and using the reaction
curve method, we obtained the process parameters:
K=32, =20, 74=4. Fig.1 shows the step response of
the process.

PARTICLE SWARM OPTIMIZATION
PREDICTIVE CONTROL OF PEMFC

BASED

PSO algorithm

PSO is initialized with a group of random so-
lutions (called swarms). Each potential solutions,
called particles, fly through the problem space at
velocities following those of the current optimum
particles and searches for optima by updating gen-
erations (Shi and Eberhart, 1999). In every iteration,
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Fig.1 Reaction curve of the process

each particle is updated by following two “best”
values. The first one is the best solution (fitness)
achieved so far (fitness value is also stored). This
value is called pbest. Another “best” value tracked by
the particle swarm optimizer is the best value ob-
tained so far by any particle in the population. When
this best value is a global best, it is called gbest. When
a particle takes part of the population as its topo-
logical neighbors, the best value is a local best and is
called /best (Shi and Eberhart, 1999). After finding
the two best values, the particle updates its velocity
and positions with the following equations:

v[]=wxv[J+cl xrand()(pbest]|—present[])
+c2xrand()(gbest[|—present[]), 9)
present||=present[]+v[], (10)

where v[] is the particle velocity, w is inertia weight. It
regulates the trade-off between the global exploration
and local exploitation abilities of the swam. present(]
is the current particle (solution). pbest[] and gbest[]
are defined as stated before. rand() is a random
number between (0,1). c1, ¢2 are learning factors.

The inertia weight is set to the following equa-
tion (Shi and Eberhart, 1999):

W=Winax—((Wimax—Wmin)/it€Vmax) X iter, (11)

where wy,y 18 the initial value of weighting coefficient;
Wmin 18 the final value of weighting coefficient; iter .y
is the maximum number of iterations or generation;
iter is the current iteration or generation number.

PSO algorithm for receding optimization in pre-
dictive control
The receding optimization objective function of
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the predictive control is shown as follows (Onnen et
al., 1997):

minjzi[r(kﬂ)—y(kﬂ)]z, (12)

where p is the predictive horizon, y(k + i) is predicted

output values, r(k+i) is the reference. & is present time.

The equation accounts for the minimizing of the
variance of the process output from the reference.

PSO was used in 1999 as an optimization tech-
nique to control process (Yoshida, 1999). Xiao (2004)
proposed PSO for neural network predictive control
and used adaptive PSO for the receding optimization
of the RBF neural network predictive control. One of
the advantages of PSO is that it takes real numbers as
particles. It is not like GA, which needs to change to
binary encoding, or special genetic operators have to
be used. So we can directly set the predicted output
values as particles while the reference is the
pre-determined setpoints. The fitness function is the
optimization objective function J. When the predic-
tive horizon p is chosen as 100, the swarm size is set
to 50, maximum iteration number is set to 1000.

The flow chart of the PSO algorithm for predic-
tive control is shown in Fig.2.

We simulate the receding optimization of the

Initialize particles with random position
and velocity in M (control horizon)
dimension space

»

A

Calculate the current fitness J
for each particle

v

For each particle, compare fitness and pbest.
If fitness is better, then pbest=fitness

v

For each particle, compare fitness and gbest.
If fitness is better, then gbest=fitness

v

Update position and velocity of particles
according to Eqs.(9) and (10)

Fig.2 Flow chart of PSO for predictive control

objective function. PSO learning factors cl=c2=2,
Winax=0.95, Wiin=0.4, iterm,=1000.

The simulation process of PSO searching dy-
namics for PEMFC optimization is shown in Fig.3
showing the generations of the populations during the
PSO dynamic optimization process.

The axes show: x=gbest(1); y=gbest(2); z=
ghbest(2); gbest expresses the global best obtained by
any particle in the population shown in Eq.(9).

PSO based predictive control of PEMFC

We conducted simulation of the PEMFC, and the
process plant is described in Section 3. Based on
experiments, SVRM parameters are set as follows:
based on the Lagrangian multipliers C is set to 10.
Kernel function is chosen as Gaussian standard de-
viation. The cost function adopted linear ¢ insensitive
cost, and ¢ is set to 0.1. PSO learning factors c1=c¢2=2,
while the other parameters can be chosen as described
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Fig.3 Search dynamic for PEMFC optimization (c1= c2=2,
Wmnax=0.95, wnin=0.4). (a) Generation 1; (b) Generation 2;
(c) Generation 10; (d) Generation 50; (e) Generation 100;
(f) Generation 200
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in the above section.
The output regression and predictive result for
the random input can be seen in Fig.4.

System output

Random input

Fig.4 Output regression based on SVRM and PSO
receding optimization

The grey curve in Fig.4 is the original output
curve of the first 100 steps in for the random input
signal, the black curve shows the predictive output of
the system. The circles show the SVRM regression
result of the input-output data.

Fig.4 shows that the regression curve is very
near to the original data, indicating that the regression
result is good. The predictive curve obtained by using
the Gaussian standard deviation kernel function dif-
fers little from the actual value and so, has predictive
ability.

CONCLUSION AND FUTURE WORK

This paper introduced a PSO based predictive
control of PEMFC output power. The processing
plant is modelled on SVRM and the receding opti-
mization adopted PSO algorithm. SVRM is a model-
ling approach based on structural risk minimization
principles. We may get more accurate model for
PEMFC with small samples by using the SVRM
modelling approach. PSO optimization requires only
simple mathematical operators. This algorithm is
simple to implement and effective, and is inexpensive
in terms of memory and time required. This approach
provides solutions with better quality within a rea-
sonable time limit. The results of the experiment
showed that the presented algorithms are effective.
The presented predictive control based on SVMR and
PSO algorithm for receding optimization resolved the
delay of the PEMFC and reduced the complexity of
the receding optimization algorithms. We may make

the output power of the PEMFC change with the set
point and improve the output performance by ad-
justing the relative humidification of hydrogen. Thus
this predictive control algorithm is very important for
fuel cell optimization management. We will construct
more accurate mathematical model and combine
other optimization methods to get the most optimiza-
tion predictive control signal series, and design the
online SVM identification to achieve online real-time
predictive control of PEMFC output power.

References

Camacho, E.F., Bordon, C., 1999. Model Predictive Control.
Springer, Berlin; New York.

Freire, T.J.P., Gonzalez, E.R., 2001. Effect of membrane
characteristics and humidification conditions on the im-
pedance response of polymer electrolyte fuel cells.
Journal of Electroanalytical Chemistry, 503(1-2):57-68.
[doi:10.1016/S0022-0728(01)00364-3]

Kennedy, J., Eberhart, R., 1995. Particle Swarm Optimization.
Proceedings of IEEE International Conference on Neural
Network, IV:1942-1948.

Li, G., Wu, M.S,, Yu, D.T., 2004. Prediction control algorithm
and application of output power of fuel cells. Chinese
Journal of Power Source, 28(6):348-350 (in Chinese).

Miiller, K.R., Smola, A., Rétsch, G., Scholkopf, B., Kohl-
morgen, J., Vapnik, V., 1999. Predicting Time Series with
Support Vector Machines. Advances in Kernel Meth-
ods—Support Vector Learning. MIT Press, Cambridge,
MA, p.243-254.

Onnen, C., BabuSka, R., Kaymak, U., Sousa, J.M., Verbrug-
gen, H.B., Isermann, R., 1997. Genetic algorithms for
optimization in predictive control. Control Eng. Practice,
5(10):1363-1372. [doi:10.1016/S0967-0661(97)00133-0]

Rowe, A., Li., X.G., 2001. Mathematical modelling of Proton
Exchange Membrane Fuel Cells. Journal of Power
Sources, 102(1-2):82-96. [doi:10.1016/S0378-7753(01)
00798-4]

Shi, Y., Eberhart, R., 1999. Empirical Study of Particle Swarm
Optimization. Proceedings of Congress on Evolutionary
Computation, p.1945-1950.

Sridhar, P., Perumal, R.K., Rajalakshmi, N., Raja, M.,
Dhathathreyan, K.S., 2001. Humidification studies on
polymer electrolyte membrane fuel cell. Journal of Power
Sources, 101(1):72-78.  [doi:10.1016/S0378-7753(01)
00625-5]

Wang, D.C., Wang, M.H., 2004. On SVMR predictive control
based on GA. Control and Design, 19(9):1067-1070.
Xiao, J.M., 2004. Research on Neural Network Predictive
Control Based on Particle Swarm Optimization. Pro-
ceedings of the 5th World Congress on Intelligent Control

and Automation, Hangzhou, China (in Chinese).

Yoshida, H., 1999. A Particle Swarm Optimization for Reac-
tive Power and Voltage Control in Electric Power Sys-
tems Considering Voltage Security Assessment. IEEE
SMC’99. Tokyo, Japan.

Zhang, Y.J., Ouyang, M.G., Lu, Q.C., Luo, J.X,, Li, X.H.,
2004. A model predicting performance of proton ex-
change membrane fuel cell stack thermal systems. 4p-
plied Thermal Engineering, 24(4):501-513. [doi:10.1016/
j-applthermaleng.2003.10.013]



