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ABSTRACT – This article studies the degradation of a proton
exchange membrane fuel cell (PEMFC), using a model-based
technique. With this objective, a new accurate model is proposed
and compared with a conventional model reported in the litera-
ture. This new model allows tracking the changes in the estimated
parameters, reducing the variation and time computing compared
to the conventional model. The behavior of the parameters is
analyzed in the time based on a recent dataset through 1000 hours
of operation. The results show that the proposed model could
represent the PEMFC accurately, reducing the deviation standard
of the estimated parameters by over 90%. Also, the estimated
parameters of the proposed model show trends with respect the
time. Those trends are analyzed to study their relation with
PEMFC degradation.

Keywords – Fuel cell systems, PEMFC, Degradation, Model, Pa-
rameter.

1. INTRODUCTION
One of the main objectives in the fight against climate change

is reducing the emissions of greenhouse gas in the systems that
generate energy [1]. Among all the factors that contribute to cli-
mate change, the transportation sector has been identified as a
significant source of greenhouse gas emissions [2]. Hydrogen-
powered hybrid vehicles offer a potential solution to reduce
carbon dioxide emissions from transportation [3]. The Proton
Exchange Membrane Fuel Cell (PEMFC) has become a com-
mon solution as a generation source for transport and station-
ary applications because of its characteristics, including zero
carbon dioxide emissions, low-temperature operation, a solid
membrane between electrodes, high energy density, and other
[4]. Despite all its advantages, the cost and service life of the
PEMFC remains a barrier to the advancement of these systems
[5]. As a way to improve these barriers, researchers are develop-
ing new methods for measuring the health state and forecasting
the degradation of PEMFC to extend the remaining useful life
(RUL) [6].

A PEMFC is an electrochemical device that has complex
mechanisms for degradation [7]. Some works in the literature
analyze the behavior of the PEMFC and its degradation mecha-
nisms, therefore, fault detection and prognostics of the PEMFC
is an active field of research [5].

Finding a model that represents the degradation of the dif-
ferent components in an accurate and precise way has been the
objective of several works in the literature [8]. Nevertheless, the
multi-physics simulation of the different systems that compose
the PEMFC could drive into a model with a considerable num-
ber of parameters, high computational cost, and a problematic
implementation [9]. Due to non-linearity, strong time-variation,
and other characteristics that difficult obtain a physical model of
PEMFC, numerous data-driven methods have been applied [10–
15]. However, these methods often required a great quantity of
data and involve a high computing burden for its application [9].

To face this problem, some works are developed hybrid meth-

ods that use semi-empirical models to emulate the behavior
of the PEMFC and data-driven algorithm to predict the health
state of the fuel cell (FC) [16–18]. Despite this, the focus of
these articles is the prognostic, not the accuracy of the model
or the comparison between different semi-empirical models.
Some researchers investigated and compared different models
of PEMFC and its applications [19]. However, the focus of this
article is the comparison between the models regarding the error
with the experimental data, but the accuracy and precision of the
parameters obtained are not analyzed.

Other works in the literature like [20–23], employ meta-
heuristic optimization algorithms to fit a conventional semi-
empirical model to the experimental data. The aim of these
articles is to compare the development of the optimization al-
gorithm proposed and compared with other algorithms, taking
reference to the sum of the squared errors (SSE). Despite this,
in [20–23] the precision and accuracy of the estimated set of
parameters are not analyzed.

Considering the above, this article develops a comparison be-
tween the proposed model and the conventional, taking as cri-
teria the sum of the squared errors (SSE), the accuracy of the
minimum find, and the precision of the estimated parameters.
After, is developed an analysis of the estimated parameters over
time to detect trends that reflect the degradation of the PEMFC.

The remaining part of the article is organized as follows:
in section 2, presented the conventional model, the proposed
model, the experimental data, and the optimization problem
stated to fit the models. In the next section are shown the re-
sults for the comparison between both models and the analysis
of the estimated parameters for the proposed model. Finally, a
conclusion of the work is shown in section 4.

2. METHODOLOGY

The conventional model is a semi-empirical one frequently
used to simulate the PEMFC under a polarization [24]. The
common use of this model is due to the easy implementation in
comparison with other models. This model represents the elec-
trochemical behavior of one fuel cell, like a subtraction between
the reversible voltage (ENernst) and three different loss factors:
activation losses (Vact), ohmic losses (VOhm), and concentra-
tion losses (Vcon). To represent the PEMFC stack, the model is
scaled multiplying by the number of cells (Ncells) like is shown
in (1) [24].

Vstack = Ncells × (ENernst − Vact − Vohm − Vcon) (1)

The reversible voltage (ENernst) is defined by (2) and de-
pends on the temperature (T ) and the partial inlet pressures of
the hydrogen and oxygen, respectively (PH2 , PO2).



ENernst = 1.229− 0.85× 10−3 · (T − 298.15)

+ 4.3085× 10−5 · T ×
[
ln(PH2) +

1

2
ln(PO2)

]
(2)

The three losses factors are represented by equations (3), (4),
and (5).

Vact = −[ξ1 + ξ2 ·T + ξ3 ·T · ln (CO2
)+ ξ4 ·T · ln (Ifc)] (3)

Vohm = Ifc(RM +RC) (4)

Vcon = −β × ln

(
1− J

Jmax

)
(5)

In the above equations, ξ1, ξ2, ξ3, and ξ4 are semi-empirical
coefficients; CO2

is the concentration of oxygen at the cathode
surface; Ifc is the output current from the fuel cell stack; RM
and RC are membrane and contact resistance, respectively; J is
the current density and Jmax is the maximum current density.

The proposed model in this work defines the stack voltage
(Vstack) and the reversible voltage (ENernst) as the same in the
conventional model. However, it introduces some simplifica-
tions regarding the activation, ohmic, and concentration losses
defined by (6), (7), and (8).

Vact =
RT

2αF
ln

(
J + Jloss

J0

)
(6)

Vohm = J ×Req (7)

Vcon = −βeq × ln

(
1− J

Jmax

)
(8)

In (6), R represents the constant of an ideal gas, F is the Fara-
day constant, J0, Jloss and α are the exchange current density,
lost internal current density, and the charge transfer coefficient,
respectively. On the other hand, Req in (7) models the losses
to transport ions and electrons; both are proportional to the cur-
rent density level of the cell. Finally, βeq in concentration losses
is an adjusting coefficient like beta, but its limits are defined to
increase the search region and improve the fitting.

2.1. Experimental data

To estimate the health state of the fuel cell, it is commonly
employed the polarization test, which obtains experimental data
called polarization curve (PC). PC is a graphic that describes
the voltage of the fuel cell at a different level of current, and
with constant operating conditions like temperature, pressures
at the electrodes, etc. The experimental data used in this work
are described and available in [25]. The experimental data is
composed of 11 PCs that are shown in Fig. 1. Each PC is per-
formed at intervals of 100 hours until 1000 hours of operation
are reached. The operating conditions of all PCs are illustrated
in Table 1.

2.2. Optimization problem

An inverse problem is posed to estimate the parameters that
minimize the error between the model and the PC. The fitting
process aims to minimize the SSE between the experimental
voltage (V exp) in the PC and the theoretical voltage calculated
(V cal) by the model. This is a typical least square problem
where the experimental data fits the conventional and proposed
model, each separately. The objective function to be minimized
in the fitting process is expressed in (9).
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Fig. 1. Experimental polarization curves every 100 hours.

Table 1. Test conditions of the polarization curves.

Measurement variable Anode Cathode
Cell temperature [K] 358, 15

Stoichiometry factor 2 3.5
Relative humidity 50% 80%
Inlet pressure of electrodes [atm] 1.0856 1.0856
Cell activate area [cm2] 25

Thickness of membrane [µm] 15

Maximum current [A] 80

min
S∈∆

Fobj =

N∑
i=1

(
V exp
i − V cal

i

)2
(9)

In the above equation, N is the number of points of the polar-
ization curve, and S is the mathematical set that contains the pa-
rameters of the model. ∆ is the mathematical region delimited
by the boundaries (Lb ≤ φ ≤ Ub) in Table 2 to the conventional
and proposed model.

Table 2. Boundaries of the search region to the conventional and proposed
model.

Variable (φ) Lower bound (Lb) Upper bound (Ub)
Conventional model

ξ1 -1.1997 -0.8532
ξ2 1× 10−3 5× 10−3

ξ3 3.6× 10−5 9.8× 10−5

ξ4 −2.60× 10−4 −9.54× 10−5

λ 10 24
β 0.0136 0.5
RC 1× 10−4 8× 10−4

Proposed model
α 0.1 0.9
J0 1× 10−9 1× 10−2

Req 1× 10−5 1
βeq 1× 10−5 0.5
Jloss 1× 10−5 1× 10−1

To solve the optimization problem, Bald Eagle Search (BES)
algorithm is used. This algorithm has shown promising results
in parameter estimation of the PEMFC model [24]. This novel



nature-inspired meta-heuristic optimization algorithm is deeply
described in [26].

3. RESULTS AND DISCUSSION

To analyze the variations in the objective function (SSE) and
the set of estimated parameters, statistics criteria were calcu-
lated for the eleven PCs in the experimental data. For each PC,
the optimization algorithm was executed 30 times to fit the pa-
rameters and calculates the fitting error (SSE). The purpose of
the multiple executions is to calculate the variation of the SSE
and the estimated parameters. These variations could be pro-
duced if exists multiple global minima in the solution region that
affects the optimal point found by the optimization algorithm.

3.1. Comparative of the two worked models

An example of the results for the two worked models is shown
in Fig. 2 for the PC taken at 0 hours of operation when the fuel
cell is considered new. The mean of the SSE for the proposed
and conventional model is 4.16×−4 and 5.99×−4, respectively.
For the other PCs, a similar result of the SSE is achieved and
illustrated in Table 3. The proposed model shows a lower SSE
compared to the conventional model for all the PCs.

Regarding time computing, the proposed model has a mean
of 30.11 s, compared to the conventional model with a mean of
46.96 s. It is worth mentioning that all the calculations were
performed in Matlab software on a CPU i5-10505 with 32 GB
of memory RAM.
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Fig. 2. Experimental and estimated polarization curve at 0 hours.

Table 3. Statistical results of the objective function for the eleven PCs.
Polarization
test [hours]

Mean of SSE Std. Deviation of SSE
Conventional

model
Proposed

model
Conventional

model
Proposed

model
0 5.99× 10−4 4.16× 10−4 4.02× 10−18 5.65× 10−19

100 6.33× 10−4 2.53× 10−5 1.19× 10−18 1.25× 10−8

200 1.54× 10−3 1.72× 10−5 1.56× 10−18 1.38× 10−19

300 2.02× 10−3 7.23× 10−5 1.82× 10−18 2.57× 10−19

400 1.79× 10−3 3.84× 10−5 1.26× 10−18 2.12× 10−19

500 2.47× 10−3 8.07× 10−5 1.45× 10−18 3.72× 10−19

600 2.62× 10−3 6.68× 10−5 1.59× 10−18 3.15× 10−19

700 2.22× 10−3 6.91× 10−5 1.39× 10−18 2.90× 10−19

800 1.97× 10−3 1.04× 10−4 1.66× 10−18 3.27× 10−19

900 2.16× 10−3 1.51× 10−4 1.72× 10−18 3.50× 10−19

1000 1.55× 10−3 3.75× 10−5 1.17× 10−18 2.50× 10−19

The variation of the estimated parameters was assessed with
the relative standard deviation (RSD), defined by the ratio be-
tween the standard deviation and the mean of the parameter. The
calculus of the RSD was established for each parameter of both
models in the 11 PCs. For each PC, was selected the parameter
with the maximal RSD, and the results are displayed in Table 4.

Table 4. Parameters with the maximum variation to both models.

PC [h]
Conventional model Proposed model

Parameter RSD Parameter RSD
0 ξ1 1.37× 10−1 Jloss 1.63× 10−7

100 ξ1 1.26× 10−1 Jloss 1.26× 10−2

200 ξ1 1.32× 10−1 J0 5.69× 10−8

300 ξ1 1.38× 10−1 J0 1.17× 10−7

400 ξ1 1.35× 10−1 J0 9.05× 10−8

500 ξ1 1.27× 10−1 J0 1.08× 10−7

600 ξ1 1.31× 10−1 J0 1.25× 10−7

700 ξ1 1.28× 10−1 βeq 3.12× 10−2

800 ξ1 1.35× 10−1 J0 1.56× 10−7

900 ξ1 1.40× 10−1 βeq 5.10× 10−7

1000 ξ1 1.29× 10−1 J0 1.11× 10−7

As shown in Table 4, the proposed model displays a maxi-
mum RSD of 6 orders of magnitude less than the conventional
model for all the PCs, except the PC at 100 and 700 hours, where
the differences are one order of magnitude. In the conventional
model, the maximum RSD is presented in the parameter ξ1 for
all the PCs. The probability distributions of the parameter ξ1
for the 11 PCs are shown in Fig. 3, where could be observed a
standard deviation between 12.6% and 14% compared with the
mean. These variations are due to the multiple combinations
of parameters in the solution region of the conventional model,
which generate the same global minimum value of the SSE.
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The parameter ξ1 was eliminated from the proposed model by
redefining the activation losses, resulting in a lower variation of
the estimated parameters for the proposed model as is illustrated
in Table 4, and Fig 4. In Fig. 4, the probability distribution of
βeq can be found. βeq is the parameter with the maximum vari-
ation for the proposed model. However, the maximum standard
deviation of βeq is approximately 3.12%, which is negligible
compared to the mean value as shown in Fig. 4.
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3.2. Parameters estimated

The results observed in Table 4, Fig. 3 and Fig 4 indicate that
tracking the changes at the time of βeq is easier compared with
ξ1 due to the lower variation. Considering that the other param-
eters of the proposed model present a lower standard deviation
compared with βeq , this section analyzed the estimated parame-
ters at the time for the proposed model. The average data of the
five parameters estimated for the proposed model are shown in
Fig. 5 for each PC.

As could be observed in Fig. 5, some of the five parameters
as α, Req , and βeq display a trend at the time. Due to the above,
these three parameters are chosen to extract the trend compo-
nent and represent the degradation in the activation, ohmic, and
concentration losses. A parametric trend is calculated by fitting
a function to the chosen parameters. Two different functions are
fit to each parameter of the proposed model taking like the in-
dependent variable the time of operation in hours. The first is a
simple linear trend that follows the function expressed in (10).

Ytrend = a+ b× t (10)

Where, Ytrend is the trend component calculated, a and b are
the parameters of the linear trend, and t is the time of oper-
ation. The second function used in the trend calculation is a
root-square function stated in (11).

Ytrend = Xini + c×
√
t (11)

In the above equation, Xini is the value at 0 hours of op-
eration, and c is the parameter of the trend function. For the
two parametric functions used to calculate the trend component,
the mean absolute error (MAE) is employed as a criterion for
the fitting process. The linear and root-square trend component
calculated for the three parameters of the proposed model are
illustrated in Fig 6. The fitting error and statistical comparison
of the two parametric trends for each parameter are presented in
Table 5.

As suggested the Table 5 and Fig. 6, the root-square function
achieves a lower MAE, MAPE, and RMSE for all the estimated
parameters of the proposed model. For example, the MAPE of
the root-square trend is 2.5%, 23.2%, and 13.7% lower than the
linear trend, to the α, Req , and βeq , respectively. Furthermore,
the Req has the lowest MAPE between the chosen parameters
with a 12.3%.

4. CONCLUSIONS

As a result of the comparison between the two models stud-
ied, it was found that the proposed model presents an SSE of
at least 30% less than the conventional model. Also, reduce
the variation in the estimated parameters by more than 90%
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Fig. 5. Mean of estimated (a) α, (b) J0, (c) Req , (d) βeq , and (e) Jloss for the
proposed model to all PCs.
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Fig. 6. Parametric trend component fitting to (a) α, (b) Req , (c) βeq estimated.

for all the PCs, with a maximum relative standard deviation of
3.12×10−2. The simplifications in the proposed model prevent
that multiple sets of parameters generate the same value for the
objective function. The above reduces the standard deviation
of the estimated parameters and the computational burden with-
out increasing the SSE. Additionally, some parameters of the
proposed model show a clear trend over time and reflect the pro-
gressive degradation of the PEMFC. Hence, the proposed model
could be used for supervision, prognostics, and health manage-
ment strategies for PEMFC, especially in online applications.
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