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Health State Estimation and Long-Term Durability
Prediction for Vehicular PEM Fuel Cell Stacks Under

Dynamic Operational Conditions
Xingwang Tang , Lei Shi, Ming Li, Sichuan Xu , and Chuanyu Sun , Member, IEEE

Abstract—To establish a reliable long-term estimation and prog-
nosis for the state of health (SOH) and voltage degradation predic-
tion of fuel cell stacks (FCSs), this article initiates a fusion prognos-
tic strategy and a rolling prediction framework for long-term SOH
estimation for FCSs based on the designed 2500-h prolonged dura-
bility experiment on vehicular FCS. Specifically, a time-varying
dynamic degradation model is first developed to track the dynamic
performance deterioration of FCSs based on the electrochemical
mechanism and dynamic equivalent circuit model of the fuel cell.
Subsequently, an improved Informer model is proposed for SOH
estimation and voltage degradation prediction. The experimental
results validate that the proposed model can effectively monitor
the dynamic degradation behavior of the proton exchange mem-
brane FCS, exhibiting superior accuracy in forecasting long-term
voltage degradation. Moreover, the model can precisely predict the
long-term aging trend and voltage periodic recovery of FCSs, with
a root-mean-square error ranging from 0.33 to 1.04 V and a mean
absolute percentage error below 0.5%. Finally, a rolling prediction
framework for SOH estimation of FCSs, applicable to cloud-based
implementation schemes, is developed to provide quantitative SOH
estimation for each operational period, facilitating the development
of FCS design and control strategies.

Index Terms—Dynamic degradation models, long-term
durability test, proton exchange membrane fuel cell stack,
rolling prediction framework, state of health.

I. INTRODUCTION

GREEN and low-carbon development has become the over-
arching trend in global energy evolution, with hydro-

gen energy emerging as the most promising secondary green
energy source. As the key energy conversion devices within
the hydrogen industry chain, fuel cell stacks (FCSs) play a
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pivotal role in the field of power electronics equipment such as
fuel cell hybrid electric vehicles, fixed power systems, energy
storage systems, mobile portable power devices, and drones [1],
[2], [3], [4]. However, the lower lifetime of proton exchange
membrane (PEM) fuel cells inhibits their widespread commer-
cialization development [5], [6], [7]. Concerning the durability
and reliability of fuel cell stacks (FCSs), current vehicular FCSs
have a maximum service life of around 5000 h [8], while the
expected life is at least 8000 h by 2025 for commercial low-duty
automobiles [9], [10]. The primary factor contributing to the
limited operational lifespan of fuel cells is the highly nonlinear
degradation process of PEM fuel cells, encompassing multiple
physical fields (heat transfer, mass transfer, two-phase flow, and
electrochemistry), components (membrane electrode assembly,
catalyst layer (CL), and gas diffusion layer), and factors (tem-
perature, humidity, atmospheric pressure, external loads, and
operating environment) [11], [12], [13]. During normal FCS
operation, components experience irreversible degradation over
time, resulting in a natural decline in performance. Furthermore,
adverse operating conditions, such as the start-stop cycle, load-
changing cycle, and thermal cycle cause issues like membrane
thinning, ionic conductivity reduction, membrane pinhole and
crack, and electrochemical surface area reduction. These unde-
sirable phenomena further accelerate performance deterioration
and, thus, affect the external characteristics.

The comprehensive examination of durability has become an
important and pressing concern with the practical implemen-
tation of vehicular FCSs. The state of health (SOH) for fuel
cells has a significant impact on the development of energy
management strategies for vehicular FCSs [14], [15], [16], [17].
To overcome the challenge of low durability in PEM fuel cells
and ensure their sustained and reliable performance throughout
vehicle operating cycles, it is necessary to undertake essential
management and system maintenance during fuel cell usage,
including monitoring the SOH and predicting the future aging
trend of FCSs. Therefore, prognostics and health management
systems that can improve the durability of FCSs are considered
to be superior solutions [18]. Within such a framework, the
voltage degradation prediction or SOH of the PEM fuel cell
can be predicted regularly. This proactive approach allows for
the implementation of preventive maintenance based on the
current SOH level, thereby mitigating irreversible degradations
and prolonging the lifespan of fuel cells. Hence, investigating
prognostic methods becomes significantly meaningful, aiming

https://orcid.org/0000-0002-8770-8989
https://orcid.org/0009-0001-7846-7829
https://orcid.org/0000-0003-4932-7787
mailto:tangxingwang@tongji.edu.cn
mailto:tangxingwang@tongji.edu.cn
mailto:2011681@tongji.edu.cn
mailto:scxu@tongji.edu.cn
mailto:limingtiger@jlu.edu.cn
mailto:chuanyu.sun@hit.edu.cn
https://doi.org/10.1109/TPEL.2024.3502499


TANG et al.: HEALTH STATE ESTIMATION AND LONG-TERM DURABILITY PREDICTION 4499

to enhance durability and reduce the development cost associ-
ated with FCSs.

Given the complexity of the vehicular FCS and the fact that
the degradation mechanisms of fuel cells have not been entirely
revealed until today, it is challenging to build accurate models
to represent the deterioration phenomena of the PEM fuel cell.
Many studies have been reported in this field to accurately char-
acterize the current SOH level and future voltage degradation
trend of FCSs [19], [20]. Prognostic methods for SOH estimation
of FCSs can be broadly categorized as model-based, data-based,
and hybrid methods [21], [22], [23]. The model-based method
predicts the degradation rate based on the empirical or physical
models of the FCS. Ou et al. [25] combined the Unscented
Kalman filter with three kinds of empirical degradation models
to explore the degradation behavior of FCSs and proposed a
model-driven lifespan prediction method. The model is verified
using the experimental data of fuel cell vehicles performing mail
service on real roads, revealing that the method can be applied to
the degradation trend prediction under real conditions. Ou et al.
[25] proposed a semiempirical model based on the polarization
behavior of FCSs and introduced the electrochemical surface
area (ECSA) decay model and equivalent resistance model to
predict the future decline trend of fuel cells. In addition, recov-
ery factors are also introduced into the model to characterize
the performance recovery of PEM fuel cells after start-up and
shutdown. Futter et al. [26] established a two-dimensional (2-D)
physical model of FCSs to simulate the chemical degradation
processes of the PEM and verified the correctness of the degra-
dation model through experimental data obtained by Acceler-
ated Stress Test. Results show that the model can effectively
predict the decay rate of the PEM under varying working pres-
sures, humidity levels, and voltages. While empirical models or
semiempirical models can predict the future aging trend of fuel
cells to a certain extent and simplify the modeling process, PEM
fuel cell stacks present challenges due to their complex nature
as highly multiphysics, multiscale, and interplayed nonlinear
characteristics. This complexity results in unclear degradation
mechanisms, making it challenging to fully capture the aging
behavior and related model parameters through model-based
methods. With that being said, current model-based methods
cannot meet the commercialization requirements in terms of
accurately assessing the aging behavior of FCSs.

Compared with model-based prediction methods, data-driven
prediction methods do not need to analyze the internal decay
mechanisms of fuel cells [27]; the method learns the decay
behavior of FCSs from the aging experimental data through
machine learning or deep learning models, which can usually
achieve high prediction accuracy. The combination of deep
neural networks and PEM fuel cell prognostics has recently ex-
pressed a broad research perspective. The deep-learning-based
methods, such as the convolutional neural network [28], [29],
echo state network [30], [31], and recurrent neural network
family methods [32], [33], have been well studied by many
researchers and have shown satisfactory performance in degra-
dation prediction. Lv et al. [34] proposed a Transformer-based
prognostic framework with the series-attention mechanism to
predict the degradation of the fuel cell and uses the relative

voltage-loss rate as a health indicator in this model. The result
shows that the proposed algorithm exhibits advantages in long-
term prognostic, but with the further extension of the predic-
tion horizon, the prognostic performance is hard to guarantee.
Pan et al. [35] divided the degradation trend of fuel cells into
reversible decay and irreversible decay and used the adaptive
Kalman filter algorithm and nonlinear autoregressive with the
exogenous model to extract and predict the information of irre-
versible decay and reversible decay, respectively. The prediction
results show that the method has good prediction ability. To sum
up, although data-driven methods have achieved good prediction
results, especially under steady-state conditions, long-term SOH
estimation, or degradation prediction of FCSs under dynamic
load conditions is still challenging.

In addition, some scholars combined the advantages of model-
based prediction methods and data-driven prediction methods
and proposed a hybrid method to predict the degradation of PEM
fuel cells in the early stage [36], [37]. Generally, the hybrid
method can be subdivided into three types [38], [39], [40].

1) The model-based method is used to extract the degradation
features of the PEM fuel cell, and then use the data-driven
method to predict the degradation trend and estimate SOH.

2) The degradation model or measured data is fitted based on
the data-driven method, and then the model-based method
is used to predict degradation trends.

3) The degradation prediction is implemented using two or
more model-based and data-driven methods, and each re-
sult is weighted and summed to obtain the final estimation
result of SOH.

Based on a comprehensive review of the long-term esti-
mation and prognostic for vehicular FCSs, it is evident that
while some researchers have conducted extensive research on
how to estimate the current SOH and predict the degradation
trend accurately, significant challenges persist in this domain.
These challenges are particularly pronounced in the context of
vehicular FCSs, including the scarcity of long-term durability
data and the need for credible long-term prognostic of fuel
cell lifetime. Besides, a more significant challenge is that the
polarization characteristics of FCSs during the degradation pro-
cess cannot be obtained by existing methods. Moreover, these
methods are based on extracting the voltage of the fuel cell at
a certain current offline to estimate its health state. However,
when the FCS is operated under dynamic cycles, the current is
constantly changing, and it is difficult to obtain the voltage at
a certain current continuously. To tackle the above challenges
and problems, this article proposes a fusion prognostic strategy
and a rolling prediction framework for long-term degradation
prediction for FCSs based on the designed 2500-h long-term
durability experiment. In comparison to existing literature, the
novelties and contributions of this study can be summarized as
follows.

1) A complete durability experiment of the vehicular FCS
is designed, and the corresponding long-term degradation
characterization data of the vehicular FCS under the dy-
namic operation scenario is collected.

2) A time-varying dynamic degradation model is developed
to track the dynamic performance deterioration of FCSs
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Fig. 1. Schematic diagram of the FCS and durability test platform.

TABLE I
BASIC TECHNICAL PARAMETERS OF PEMFC SINGLE CELL

based on the electrochemical mechanism and dynamic
equivalent circuit model (ECM) of the fuel cell.

3) A fusion prognostic strategy using the improved Informer
model and time-varying degradation model is first pro-
vided to make a credible long-term estimation and prog-
nostic for vehicular fuel cell stacks.

4) A rolling framework for SOH estimation, applicable to
cloud-based implementation schemes, is developed to
provide quantitative SOH estimation for each operational
period, facilitating the development of FCS design and
control strategies.

II. EXPERIMENT SETUP OF FUEL CELLS DURABILITY DATASET

As depicted in Fig. 1, the 85 kW vehicular FCS employs a
durability test system, including some other necessary acces-
sories such as the air subsystem, hydrogen subsystem, thermal
management subsystem, electrical subsystem, control module,
and fuel cell stack module (refer to Table I for detailed pa-
rameters). The experiment control platform mainly includes
the upper computer (UP), the rapid control prototype (RCP)
controller (Woodward MotoHawk SECM-112) with the 32-bit
Freescale MPC564xA microprocessor, and the CAN-USB Bus
Analyzer (Kvaser). Before the experiments, the controller codes
in Simulink are compiled via MATLAB/Simulink RTW and then

Fig. 2. Designed durability test scheme. (a) Passenger vehicle power demand.
(b) Durability test dynamic cycle. (c) Test protocol.

downloaded into the RCP controller using the software Moto-
Tune. During durability testing, the UP software and Kvaser
toolkit are applied to transmit the controller instructions and
monitor various system operation states in real time. Besides,
the operating parameters of the vehicular fuel cell stack at
each power are determined according to the optimal working
conditions provided by the manufacturer.

To verify the reliability of the proposed lifespan prediction
method for vehicular FCSs, a dynamic operation cycle tailored
to match the actual power output of fuel cell hybrid electric
vehicles is devised, as shown in Fig. 2. The durability dynamic
cycle includes idling, low, medium, and high load stages of
vehicle operation, each lasting 1200 s, with a maximum load-up
rate of 20 A/s and a maximum load-down rate of 30 A/s. In this
durability performance test protocol, 7526 cycles are performed
over a period of 2500 h. Notably, after every 36 cycles, a
shutdown procedure is performed to simulate the effect of the
start-stop cycle on fuel cell degradation. During the test, the
polarization curve and reference voltage (voltage at the reference
current of 102 A) are measured every 100 h to evaluate the
performance of the vehicular FCS. After obtaining the current
degradation voltage data of the vehicular FCS, the improved
singular spectrum analysis method is used to eliminate the noise
existing in the original data to enhance the effective degradation
characteristic information of the obtained fuel cell voltage data.
The improved singular spectrum analysis methods can refer to
the previously published article [23].

III. DYNAMIC DEGRADATION MODEL OF PEMFCS

The voltage of the fuel cell is an important parameter to char-
acterize the degradation trend. According to Chinese National
Standard [41] (GB/T38914-2020), the fuel cell degradation
trend is the change in cell voltage corresponding to the same
reference current, where the reference current is the current at
an average cell voltage of 0.7 V when the fuel cell is first used.
During normal operation of the fuel cell, the voltage is affected
by factors such as hydrogen and air pressure, concentration,
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temperature, and so on [42], [43]. In general, the output voltage
of fuel cells consists of four components, which are open voltage
Eocv, activation lossVact, ohmic lossVohm, and concentration loss
Vconc. The typical polarization curve model can be characterized
as

Estatic
cell

= Eocv − Vact − Vohm − Vconc (1)

Enernst = 1.229− 0.85× 10−3 (Tcell − 298.15)

+ 4.3085× 10−5Tcell [ln (PH2
) + 0.5 ln (PO2

)] (2)

Estatic
ocv = Enernst − RT

zF
ln

(
jloss

j0

)
(3)

⎧⎪⎪⎪⎨
⎪⎪⎪⎩
Vact =

RTstack

2ξaF
ln
(

jcell+jloss
j0

)
Vohm = Rr · jstack

Vconc = kc
RTstack

4ξc·F · ln
(
1− jcell

jlim

) (4)

where jstack is the current density, j0 is the exchange current
density, jloss is the crossover current density, jlim is the limiting
current density, kc is the concentration losses coefficient, ξ is the
charge transfer coefficient, andTcell is the operating temperature
of the fuel cell.

However, (2)–(4) are generally applicable to describe the volt-
age response of fuel cells under static operating conditions [44],
but it is inadequate for capturing the transient voltage evolutions
under dynamic conditions, making it unsuitable for characteriz-
ing the dynamic changes in fuel cells during vehicle operating
cycles. In general, PEM fuel cells exhibit a fast dynamic behavior
during operation, which is known as the “double charge layer”
phenomenon [45]. Since electron transport is more rapid than
gas mass transfer, when the load current changes dynamically,
the increase or disappearance of charge will have a certain
time delay, which will affect the activation and concentration
polarization. Therefore, there is a time delay for the activation
and concentration potentials, and then the voltage will change
dynamically with the current (voltage undershoot) until reaching
new steady-state values. To characterize the dynamic degrada-
tion behavior of PEM fuel cells under dynamic driving cycles,
particularly focusing on the “double charge layer” phenomenon
during sudden voltage changes, the dynamic output voltage of
the fuel cell, including steady-state voltage and changing-load
voltage, can be defined by the (5), and the corresponding time-
varying dynamic degradation model of the fuel cell under the
vehicular cycle is shown in Fig. 3. The output voltage of the fuel
cell under dynamic cycle can be written as (6)⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

Estatic
cell

= Estatic
ocv − Vact − Vohm − Vconc Δjcell<Δjlim

cell⎧⎪⎪⎨
⎪⎪⎩
Udyn = Eocv − U1 − ItRr

U1 = ItRequal(1− e
− t

RequalCdl )

Requal = Rct +Rmt(1− e−
t

RmtC1 )

Δjcell ≥ Δjlim
cell

(5)

Edyn
cell = concat(Estatic

cell
, Udyn) (6)

where Rct and Rmt are used to model the activation and concen-
tration voltage polarization caused by charge transport and mass
transport under sudden voltage change. concat is a function

Fig. 3. Time-varying dynamic degradation model of the fuel cell.

that concatenates two pieces of data, Δjlim
stack is defined as the

maximum current loading amplitude according to the study by
Spicgel et al. [46]. This value can be viewed as the critical
point at which the fuel cell is free of gas starvation under the
load-switching moments, as calculated by

Δjlimstack = zF
c2 − c1(

1
hm

+ δ
Deff

) (7)

where hm is the fluid transfer coefficient, Deff is the effective
diffusion coefficient, δ is the thickness of the gas diffusion layer,
and c is the gas concentration in the flow channel.

As shown in Fig. 3 and (5), when a fuel cell is operating
under dynamic operating conditions, according to the relation-
ship between Δjcell and Δjlim

cell, the actual operation cycle can
be divided into steady-state and changing-load operations. The
dynamic degradation behavior of the PEM fuel cell under the
load-switching moments can be represented by an ECM, where
the polarization loss associated with internal physical processes
along the electrode surface is characterized by resistors and
capacitors. In this model, the resistor Rr is used to quantify
the proton transfer loss corresponding to ohmic losses; Rct and
Rmt are used to model the activation and concentration voltage
polarization caused by charge transport and mass transport under
the sudden voltage change; the capacitorCdl indicates the charge
storage at the cathode-electrolyte interface. In order to identify
the time-varying dynamic characteristic of the fuel cell under
dynamic operating conditions, especially at the moment of load
switching, a frequency domain mathematical expression based
on the equivalent circuit model in Fig. 3 can be given by

Udyn(s)=Eocv(s)− it(s)

(
Rr +

Rct +
Rmt

1+RmtC1s

RctCdls+
RmtCdls

1+RmtC1s
+ 1

)
.

(8)
So the transfer function can be written as follows:

G(s) =
Udyn(s)− Eocv(s)

it(s)

= −
(
Rr +

Rct +
Rmt

1+RmtC1s

RctCdls+
RmtCdls

1+RmtC1s
+ 1

)
. (9)
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Let s = 2
Δt

1−z−1

1+z−1 , (9) can be rewritten as follows:

G(z−1) =
B(z−1)

A(z−1)
=

b0 + b1z
−1 + b2z

−2

1 + a1z−1 + a2z−2
(10)

where z−1 is the unit back-shift operator.
Let Vf = Udyn − Eocv, (10) can be written as follows:

vf(k) =
B(z−1)

A(z−1)
it(k). (11)

Thus, (11) can be rewritten as follows:

vf(k) = (1−A(z−1))vf(k) +B(z−1)it(k). (12)

According to (10) and (12), (12) can be expressed as

vf (k) = − a1vf (k − 1)− a2vf (k − 2) + b0it(k)

+ b1it(k − 1) + b2it(k − 2). (13)

Equation (13) can be written as

Vf (k) = − θ1Vf (k − 1)− θ2Vf (k − 2) + θ3it(k)

+ θ4it(k − 1) + θ5it(k − 2)

= Φk ·ΘT
k + ε(k) (14)

where ε(k)is the parameter estimation error; Φk andΘk can be
written, respectively, as follows:

Φk=
[−Vf (k − 1) −Vf (k − 2) it(k) it(k − 1) it(k − 2)

]
(15)

Θk =
[
θ1 θ2 θ3 θ4 θ5

]
. (16)

In order to solve the parameters estimation vector Θk, the
extended kernel iterative recursive least-squares algorithm is
applied to minimize the cost function in this article, as follows:

lloss =
1

N

N∑
k=1

(
vf (k)− Φk ·ΘT

k

)2
(17)

where N is the length of the data window.
When feeding the data of both temporal input it(t) and output

Udyn of the fuel cell under dynamic operating conditions,Θk can
be obtained.

Furthermore, according to (10), let⎧⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎩

m1 = RctCdlRmtC1

m2 = RctCdl +RmtC1 +RmtCdl

m3 = RrRctCdlRmtC1

m4 = RrRctCdl +RrRmtC1 +RrRmtCdl +RctRmtC1

m5 = Rr +Rct +Rmt

, the

relationship between Θk, and dynamic degradation character-
istic parameters Rr, Rct, Cdl, C1, and Rmt can be expressed as

⎡
⎢⎢⎢⎢⎣

4θ5 2θ5Δt −4 2Δt −Δt2

4θ4 2θ4Δt 8 0 −2Δt2

4θ3 2θ3Δt −4 −2Δt −Δt2

4θ2 + 4 2(θ2 − 1)Δt 0 0 0
4θ1 − 8 2θ1Δt 0 0 0

⎤
⎥⎥⎥⎥⎦

⎡
⎢⎢⎢⎢⎣
m1

m2

m3

m4

m5

⎤
⎥⎥⎥⎥⎦

=

⎡
⎢⎢⎢⎢⎣
−Δt2θ5
−Δt2θ4
−Δt2θ3
−Δt2θ2 −Δt2

−Δt2θ1 − 2Δt2

⎤
⎥⎥⎥⎥⎦ . (18)

Based on the (18), [m1, m2, m3, m4, m5] can be easily solved.
So the dynamic degradation characteristic Rr, Rct, Cdl, and Rmt

can be further obtained.
Besides, according to (4), to accurately characterize the volt-

age variation of fuel cells under dynamic cycling, jloss, jlim, and
j0 need to be further calculated. Specifically, jlim is related to
the effective diffusion coefficient of oxygen Deff

O2
, the thickness

of the gas diffusion layer δ, and the reactant concentration c0R in
the cathode gas channel. Hence, jlim can be expressed as

jlim = nFDeff
O2

c0R
δ
. (19)

Moreover, the relationship between jlim and the durability
time can satisfy the following equation:

jlim(t) = e (d1+d2·t+d3·t2)| (20)

where d1, d2, and d3 is the decay factor of the jlim, which can
be obtained by limiting current density measurement.

In this article, to calibrate the decay coefficient of the jlim,
the limiting-current measurement is performed before the dura-
bility cycle test, after the completion of the durability cycle of
250 h, and after the completion of the entire durability cycle.
Specifically, the gases are introduced into the fuel cell through
a humidifier with dry-gas flow rates of 500 and 650 cm3/min
for H2 and diluted O2 (1% O2 in balance N2), respectively.
Typical operating conditions of fuel cells are 150 kPa total gas
pressure, 80 °C, and 90% RH. At each specified condition, a
polarization curve is measured by sweeping the potential from
the open circuit to 0.15 V at a 5 mV/s scan rate. In the resulting
curve, the largest current is employed as the limiting current
density.

Meanwhile, j0 is related to the ECSA of the CL, and the high
potential is the main reason for the reduction of ECSA during
fuel cell durability testing, j0 can be expressed as

j0 =
jloss

e(Enernst−OCV) zF
RT

(21)

where OCV is the open circuit voltage, which can be easily
acquired during the durability test.

In addition, jloss denotes the hydrogen crossover current den-
sity, which is usually caused by the crossover between hydrogen
and air. In general, the change in the hydrogen crossover current
is very small and almost constant over a long period. However,
the jloss increases rapidly in the later stage, which leads to
the nonlinear deterioration of the fuel cell lifespan. Therefore
jlosscan be expressed as follows:

jloss = jloss,0 × eblosst. (22)

Therefore, once dynamic degradation characteristic parame-
ters Rr, Rct, Cdl, C1, Rmt, jloss, jlim, and j0can be accurately
identified, the electrochemical mechanism-based degradation
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Fig. 4. Proposed framework for degradation prediction and SOH estimation
for vehicular FCSs based on the improved Informer model.

model described above has the ability to characterize the dy-
namic performance of the fuel cells under different degradation
levels.

IV. FUSION PROGNOSTIC STRATEGY

After obtaining the current degradation characteristics of the
vehicular FCS, the voltage degradation trend or SOH of FCSs
needs to be further predicted. In this section, we introduce an
improved Informer model architecture designed for long-term
prognostics of degradation characteristics under dynamic oper-
ating cycles, as illustrated in Fig. 4.

Within this framework, the long-term aging prediction of the
FCS is delineated through six stages. First, a durability test
is conducted, yielding corresponding durability data. Subse-
quently, the raw data obtained from this test are processed and
reconstructed based on the singular spectrum analysis method.
Following this, dynamic degradation characteristics are ex-
tracted, and the virtual steady-state reference voltage is obtained
by using the equivalent circuit model presented in this article.
Finally, the current SOH estimation and voltage degradation
prediction, along with the corresponding accuracy analysis, are
performed.

A. Improved Informer Architecture for the Degradation
Prediction

The Informer network represents an improved algorithm
rooted in Transformer architecture. Its refined probabilistic
sparse self-attention mechanism accurately captures the long-
term dependencies of time series data and fully exploits the
temporal correlation of degradation indexes [47]. The unique
encoder–decoder structure of the Informer neural network solves
the memory degradation issue associated with lengthy series
in traditional methods and improves the accuracy of long-term
voltage degradation prediction of the FCS. The architecture of
the Informer neural network is illustrated in Fig. 5.

As shown in Fig. 5, the encoder is internally stacked with
multihead ProbSparse self-attention modules and “distilling”
mechanisms, and the encoder is mainly used to capture the

Fig. 5. Architecture of the Informer model.

long-term dependence of the voltage degradation data for the
vehicular FCS and send the part of historical voltage degradation
data to multihead sparse self-attention module. The probabilistic
sparse self-attention mechanism is calculated as follows:

A(Q,K, V ) = Softmax

(
QKT

√
d

)
V (23)

where Q ∈ RLQ×dmodel , K ∈ RLk×dmodel , and V ∈ RLV ×dmodel ,
which are obtained by a linear transformation of voltage degra-
dation data. Qis the sparse matrix, and Q becomes Qafter
probability sparse operation.

Although the Informer neural network has a strong ability to
capture extensive sequence information, outperforming existing
mainstream prediction models, certain limitations arise when
applied to the long-term degradation data of FCSs in this study.
In the encode module of the Informer model, although the
distilling operation between each two self-attention blocks can
further reduce memory usage, the cumulative effect of stacking
these blocks with distillation may not yield sufficient benefits
as computing costs increase. Instead, it could cause repetitive
and meaningless computation because of a constrained receptive
field. In addition, the distilling operation lacks consideration for
temporal perspective, introducing the risk of future information
leakage in time series forecasting. Therefore, to better apply the
Informer model to the prediction of long-term decay character-
istics of fuel cells in this article, a further refinement is applied to
the encode module, as depicted in Fig. 6. This improved solution
is inspired by the work of Bai et al. [48] Specifically, the dilated
causal convolution in the encoder module is used instead of
the “distilling” operation to obtain an exponentially receptive
field growth. In fact, when a canonical convolution is applied
to the time series prediction task of predicting long-period fuel
cell voltage degradation, it is only able to look back linear-size
history as the depth of the network grows. However, the dilated
causal convolution can flexibly adjust the model receptive field
by selecting filters of different sizes or adding dilatation factors
so that the top-level output can receive a wider range of input
information, thereby improving the ability of causal convolution
to model longer input sequences. For a 1-D sequence, input
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Fig. 6. Improved encode module for the Informer neural network.

x ∈ Rn and a filter f : {0, . . . , k − 1} → R, the dilated convo-
lution operation F on an element s of the sequence is defined
as

F (s) = (x∗df)(s) =
k−1∑
i=0

f(i) · xs−d·i (24)

where d is the dilation factor, kis the filter size, and s− d · i
accounts for the direction of the past.

In addition, while incorporating multiple self-attention blocks
and convolution blocks is beneficial for extracting profound
feature maps, the escalating depth of the network introduces
a challenge. With each layer, there is a diminishing return in the
information captured, leading to the potential issue of gradient
vanishing. To address this issue, the residual block is added to the
encode module to maintain diversity in extracting information
related to fuel cell decay characteristics, thereby accelerating
model convergence, as shown in Fig. 6. Within a residual block,
the output of the first multihead ProbSparse self-attention block
is fused with the output of the third attention block. As 1×1
convolution is used to ensure uniformity in the shape of the
feature maps from the outputs of the two attention blocks.

V. EXPERIMENT VALIDATION

A. Dynamic Degradation Characteristics Analysis of the Fuel
Cell Stack

According to the ECM constructed in Section III that charac-
terizes the dynamic decay behavior of the FCS, the degradation
behavior parameters such as Rr, Rct, Rmt, and Cdl can be
identified, and the changes of corresponding parameters in the
dynamic durability test over 2500 h are shown in Fig. 7.

It can be seen from Fig. 7 that as the FCS continues to operate
under dynamic load cycles, the aging parameters (Rr, Rct, and
Rmt) show a discernible periodic fluctuation with an overall
increasing trend. Before the durability test, Rr, Rmt, and Rct of
the fuel cell stack are 0.639, 0.817, and 0.912 mΩ, respectively.
After the durability test over 2500 h, Rr, Rmt, and, Rct of the
FCS increased to 1.236, 0.921, and 1.096 mΩ, respectively, i.e.,
increase by 93.3%, 12.6%, and 20.2%. It implied that the transfer
process of charge and mass is inhibited, which is closely related
to the structural damage of MEA. The structural damage of the

Fig. 7. Degradation characteristics parameters of FCSs. (a) Change curves
of degradation characteristic parameters Rr, Rct, Rmtwith durability time.
(b) Growth ratio of the degradation characteristic parameters Rr, Rct, Rmt.
(c) Change curves of dynamic characteristic parametersCdl with durability time.

CL could result in an increasing resistance. Following the dura-
bility test, there was a notable increase in the surface roughness
of both the anodic and cathodic CLs. This increase may poten-
tially harm the pore structure, causing loss and agglomeration of
catalysts. As a result, this negatively impacts the Pt/C catalytic
activity, resulting in an augmented activation loss. In addition,
the long-term durability test of FCSs under vehicle conditions
may lead to the excessive coverage of Pt/C catalyst particles by
polymers. This, in turn, may cause the destruction of the carbon
carrier structure and the formation of oxygen-containing groups.
These changes restrict the transmission of hydrogen and oxygen,
causing an increase in mass transfer loss for PEM fuel cells.
Fig. 7(c) describes the change of double-layer capacitance under
dynamic operational conditions. The trend characteristics Cdl

are not readily apparent during transient loading and unloading.
This observation is pivotal for establishing the virtual reference
steady-state voltage, which will be discussed in Section V-B.

According to (4), to accurately characterize the voltage vari-
ation of FCSs under dynamic cycling, jloss, jlim, and j0 need
to be further calculated. In this article, combining (4) and the
polarization curves of the FCS at different decay stages, the
decay factors jloss, jlim, and j0can be accurately identified, as
shown in Fig. 8(b)–(d).

B. Virtual Steady-State Voltage Results

Since the final output of the degradation mechanism model
proposed in this article is the stack voltage, so according to
Chinese National Standard [36], the SOH of the FCS can be
defined as

SOH = 1− U ref
init − U ref

degraded

10%U ref
init

(25)

where U ref
init is the stack voltage of fresh fuel cells at the reference

current;U ref
degraded is the degraded voltage at the reference current,
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Fig. 8. Polarization curves of the PEM fuel cell under different decay stages
and Change curves of degradation-related parameters jloss, jlim, and j0 with
durability time (a) polarization curves. (b) Limiting current density (jlim).
(c) Exchange current density (j0). (d) Crossover current density.

which can be calculated by introducing all identified parameters
into (5) and setting the operating current at 102 A.

According to (25), to accurately estimate the current SOH of
FCSs and perform subsequent voltage degradation trend pre-
dictions, it is crucial to accurately calculate U ref

degraded over time.
In this section, we first verify the accuracy of the time-varying
dynamic degradation model established by integrating the ag-
ing parameters and dynamic characteristic parameters obtained
from Figs. 7 and 8. The corresponding accuracy verification
results of external characteristics for FCSs are presented in
Fig. 9. Specifically, as shown in Fig. 9(a) and (b), it is validated
that the proposed time-varying dynamic degradation model can
effectively simulate the changes in FCSs under different current
loads, especially during moments of abrupt current switching.
Furthermore, Fig. 9(c) and (d) exhibits a precise comparison of
virtual steady-state voltage variations and polarization curves
at different stages of the durability test. This illustrates the
effectiveness of the proposed methodology in using the ECM
to characterize the dynamic behavior of the fuel cell stack and
characterize the virtual reference steady-state voltage at various
levels of SOH. In addition, the virtual reference voltage U ref

degraded
at the reference current of 102 A throughout the 2500 h durability
test is calculated based on the proposed time-varying dynamic
degradation model, as shown in Fig. 9(e). The figure illustrates
that the performance of the fuel cell stack undergoes increasingly
severe degradation over time, aligning with intuitive analysis.
The reference voltage decreases from 282.11 V to 267.37 V,
corresponding to a 52.25% decline in SOH.

C. Long-Term Aging Prediction Results

After obtaining the virtual steady-state reference voltage of
the whole durability test, it is one of the most critical steps to use

Fig. 9. Accuracy verification results of the proposed dynamic degradation
model for FCSs. (a) Dynamic operation cycle verification. (b) Durability test
cycle verification. (c) Steady-state reference voltage verification under different
test periods. (d) Polarization curve verification under the different degradation
levels. (e) Variation of the estimated virtual steady-state reference voltage.

TABLE II
MODEL HYPERPARAMETERS OF THE IMPROVED INFORMER

the improved Informer model to predict voltage degradation and
evaluate its accurate performance. In this article, some hyper-
parameters of the improved Informer model when performing
voltage degradation tasks are shown in Table II.

1) Long-Term Aging Prediction Results Using the Improved
Informer Model: To assess the efficacy and accuracy of the
improved Informer model proposed for predicting the long-term
aging of FCSs, the prediction results of the FCS aging under 40%
(400 h), 50% (500 h), 60% (600 h), and 70% (700 h) training
sets are investigated, as shown in Fig. 10(a)–(d).

Fig. 10 illustrates that the enhanced Informer model, as pro-
posed, adeptly forecasts both the prolonged aging trajectory and
voltage cyclic recovery of FCSs. Specifically, when predicting
the future 300 h–700 h decay trend of the reference voltage,
the root-mean-square error (RMSE) for the proposed model
falls within the range of 0.33–1.04 V, and the mean absolute
percentage error (MAPE) is less than 0.5%. These results signify
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Fig. 10. Aging prediction results using the improved Informer model. (a)–(d)
Prediction results of the stack voltage under different training datasets. (e) Model
error analysis.

the commendable long-term degradation prediction capabilities
of the proposed Informer model. Moreover, within the initial
600 h training set of the rolling prediction framework presented
in Section V-C.(2), the RMSE, mean absolute error (MAE), and
MAPE of the improved Informer model are 0.55 V, 0.49 V, and
0.18%, respectively. These outcomes lay a robust foundation for
the establishment of the rolling prediction framework aimed at
prolonging the lifetime of vehicular FCSs. To further underscore
the superiority of the proposed method regarding accuracy,
several common models, including echo state networks (ESN),
long short-term memory (LSTM), gate recurrent unit (GRU),
convolutional neural networks (CNN)-LSTM, and the original
Informer model, are selected for a comparative analysis. The
model hyperparameters of the comparison models are listed in
Table III. The evaluation results of model performance, depicted
in Fig. 10(e), manifest a clear accuracy advantage for the im-
proved Informer in long-term degradation prediction, indicating
that the improved Informer model is more suitable for the rolling
prediction framework designed for optimizing the lifespan of
vehicular FCSs in cloud-based applications, as illustrated in the
following section.

2) Rolling Prediction Framework Applicable in Cloud-Based
Applications: Stimulated by the rapid development of cloud
technologies and intelligent transportation systems [43], it
is expected that SOH estimation and degradation prediction
technologies for vehicular FCS can be upgraded through the
Internet of Things and cloud computing technologies. Therefore,

TABLE III
MODEL HYPERPARAMETERS OF THE COMPARISON MODELS

Fig. 11. Rolling prediction framework for vehicular FCSs.

a rolling prediction framework applicable in Cloud-Based SOH
estimation of FCSs based on the improved Informer model is
proposed, as illustrated in Fig. 11.

As indicated in Fig. 11, in the proposed rolling prediction
framework, first, a completely new fuel cell stack is operated
for hundreds of hours (600 h in this article) under the estab-
lished control strategy and operation cycle, and then the initial
degradation prediction model from the cloud is trained according
to the operation data collected by the onboard sensors and the
models developed in Sections III and IV to determine SOH
level under the current operation strategy. If the current SOH
level of the FCS meets the established goals, the vehicular FCS
continues to operate according to the previous operation strategy,
and new operating data is added to the training dataset to improve
the predictive accuracy of the voltage degradation prediction
model; otherwise, the control strategy and operating parameters
of the vehicular FCS system need to be further optimized using
the over the air technology from cloud, such as cathode and
anode inlet pressure, operating temperature, and oxygen excess
ratio control. In particular, in this article, after the initial voltage
degradation prediction model is trained, the data collected from
the onboard sensor will be updated every 300 h into the proposed
long-term aging prediction model to continuously improve the
accuracy and generalization ability of the model. The long-term
degradation prognostic results of the vehicular FCS obtained
according to the proposed optimal lifetime prediction framework
are illustrated in Fig. 12.

Fig. 12 shows the prediction results of the rolling prediction
framework. Within each rolling prediction period, the mean
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Fig. 12. Durability prediction results using the proposed rolling prediction
framework. (a)–(f) Prediction results of the stack voltage under different rolling
prediction periods. (g) Error analysis. (h) SOH changes under the rolling
prediction framework.

values for RMSE, MAE, and MAPE associated with the ref-
erence voltage prediction are 0.705 V, 0.615 V, and 0.225 V,
respectively. The corresponding maximum values are 0.83 V,
0.76 V, and 0.28 V, indicating that the proposed model accurately
captures the overall degradation trend in each period. In addition,
as indicated in Fig. 12(h), the SOH of the FCS decreases from
100% to 82.7% during the initial 600-h durability test. Utilizing
the current operation strategy, the predicted SOH values for the
900th and 1200th hour, obtained through the rolling prediction
framework, are 73.8% and 64.7%, respectively. These represent
decreases of 8.89% and 9.1%, falling short of the durabil-
ity target. Therefore, the operation parameters are adjusted at
the 1200th hour. The subsequent SOH predictions after 1800,
2100, and 2400 h are 59.7%, 55.4%, and 49.9%, respectively,
corresponding to the reductions in SOH by just 4.4%, 4.3%,
and 5.5% at each test interval. These quantitative evaluations
offer valuable insights into the design, integration, control strat-
egy, and operation parameters of current vehicular FCS sys-
tems and components. In conclusion, the durability prediction
framework proposed in this article serves as a valuable guide for
designing fuel cell systems and formulating control strategies.

This framework significantly reduces development cycles and
costs and contributes to both theoretical innovation and practical
engineering applications.

VI. CONCLUSION

To establish a reliable long-term estimation and prognosis for
the SOH and voltage degradation of vehicular FCSs, a fusion
prognostic strategy that uses an ECM to extract dynamic degra-
dation features and an improved Informer model for SOH es-
timation and degradation prediction is proposed. Subsequently,
this article introduces a novel rolling prediction framework for
SOH estimation of FCSs designed for cloud-based applications,
building upon the improved Informer model. The key conclu-
sions drawn from this research are as follows.

1) The constructed time-varying dynamic degradation model
based on the electrochemical mechanism and dynamic
ECM can effectively capture the dynamic degradation
behavior of FCSs. The dynamic degradation characteristic
Rr, Rct,Rmt, jloss, j0, and jlim can be obtained in real time.
Moreover, after a 2500-h durability test, the reference volt-
age decreases from 282.11 V to 267.37 V, corresponding
to a 52.25% decline in SOH; The Rr, Rmt, and Rct of the
FCS exhibited significant increases of 93.3%, 12.6%, and
20.2%, respectively.

2) The improved Informer model proposed demonstrates a
distinct accuracy advantage in long-term SOH estima-
tion tasks. It excels in accurately predicting both the
extended aging trend and the periodic voltage recovery
of FCSs, which outperform other data-driven methods,
such as ESN, LSTM, GRU, CNN-LSTM, and the original
Informer model.

3) The proposed rolling prediction for extending the lifespan
of vehicular FCSs in a cloud environment offers quanti-
tative SOH evaluation values for each operational period,
operation strategy, or parameter. This framework serves
as a valuable guide for designing fuel cell systems and
formulating control strategies.
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