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ABSTRACT

The degradation of proton exchange membrane fuel cells
(PEMFCs) is strongly dependent on load history and presents
significant variability across nominally identical stacks. This
paper proposes a physics-based, load-aware stochastic degra-
dation framework for PEMFCs, with the objective of charac-
terizing lifetime under static and dynamic operating profiles
and providing a modeling basis for future Prognostics and
Health Management (PHM) applications.

The cell voltage is described through a polarization model pa-
rameterized by degradation-sensitive quantities, namely the
normalized electrochemically active surface area (ECSA),
the membrane ohmic resistance, and the hydrogen crossover
current. Catalyst degradation is represented by a simplified
ECSA state driven by platinum dissolution–oxidation kinet-
ics, while membrane ageing is described through a stochas-
tic cumulative damage state modeled as a non-homogeneous
Gamma process whose mean evolution is matched to a semi-
empirical membrane degradation law. Membrane thick-
ness and conductivity are reconstructed consistently from
this damage state, and the resulting ohmic resistance and
crossover current are fed back into the voltage model. Load
dependence is enforced through the coupling between mis-
sion demand, operating-point computation, and voltage-
driven degradation dynamics.

The resulting framework captures both intra-stack stochastic-
ity, through the membrane damage process, and inter-stack
variability, through dispersion in selected model parameters.
A Health Index (HI) is defined as the normalized virtual rated-
point voltage. Simulation studies under static and dynamic
load profiles illustrate the influence of load level, load cy-
cling, and parameter variability on degradation trajectories
and lifetime distributions. Although state estimation and re-
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maining useful life prediction are not addressed here, the pro-
posed framework is intended to serve as a compact modeling
basis for such future PHM developments.

1. INTRODUCTION

Proton exchange membrane fuel cells (PEMFCs) are widely
regarded as a promising technology for low-emission energy
conversion in transportation and stationary applications be-
cause of their high efficiency, low operating temperature,
and rapid power response. Their large-scale deployment,
however, remains limited by durability issues. In practice,
fuel-cell performance progressively declines under operation,
which reduces efficiency and shortens lifetime. These limi-
tations motivate the development of Prognostics and Health
Management (PHM) tools, which can support durability-
oriented supervision.

Among the different components of a PEMFC, two of the
main sources of long-term degradation are the catalyst layer
and the proton exchange membrane. Catalyst degradation
leads in particular to electrochemically active surface area
(ECSA) loss, while membrane degradation induces thickness
loss, conductivity decay, ohmic-resistance increase, and hy-
drogen crossover rise. A major difficulty is that these degra-
dation mechanisms are strongly affected by the operating
load. Extreme operating conditions, prolonged high-potential
exposure, and repeated load variations can significantly ac-
celerate degradation. Therefore, PEMFC lifetime cannot be
viewed as an intrinsic quantity; it depends on the past and
future operating profile. Another important feature is that
PEMFC lifetime also shows randomness, so that even nomi-
nally identical stacks operated under similar conditions may
show different degradation trajectories and different end-of-
life times. A relevant durability model should therefore cap-
ture both the load dependence of degradation and its stochas-
tic nature.

Several studies have addressed parts of this challenge. On one
hand, a large number of works have focused on degradation
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estimation and prediction using data-driven, model-based, or
hybrid tools. For instance, hybrid prognostic schemes have
combined polarization-based parameter extraction with learn-
ing models under dynamic operation (Yue, Li, Roche, Je-
mei, & Zerhouni, 2022), while observer-based approaches
have estimated ageing-related parameters from voltage mea-
surements for subsequent prediction (Ma, Xie, Xu, Huangfu,
& Li, 2021). On the other hand, a smaller set of works
has explicitly incorporated the effect of load into degradation
modeling. A power-dependent lifetime model was proposed
in which power decay is linked to experimentally identified
stressor contributions such as high-load operation, idling,
start–stop events, and load changes (Pei, Chang, & Tang,
2008). More recently, load-dependent stochastic deteriora-
tion models have been introduced for fuel cells by linking the
degradation rate to load through empirical laws, for example
through parabolic load–degradation-rate relations in Gamma-
process formulations (Zuo, Cadet, Li, Bérenguer, & Outbib,
2024; Houjayrie, Cadet, & Bérenguer, 2025). In parallel,
stochastic-process formulations based on Wiener dynamics
have also been proposed, where a polarization-related pa-
rameter is modeled as a random process and then estimated
or forecast using filtering and learning tools (Y. Hu, Zhang,
Jiang, Peng, & Jin, 2023). These contributions clearly show
the importance of both load dependence and stochasticity.
However, the explicit link between operating load and degra-
dation remains under-addressed at the level of physically in-
terpretable internal degradation states.

This paper develops a load-aware stochastic degradation
framework for PEMFCs in which the internal ageing mech-
anisms remain physically interpretable while uncertainty is
introduced directly at the degradation-state level. The pro-
posed model combines a simplified catalyst submodel for
ECSA loss with a stochastic membrane-damage formulation
based on a non-homogeneous Gamma process whose mean
evolution is matched to a semi-empirical membrane degrada-
tion law. The resulting membrane damage is mapped consis-
tently to thickness loss, conductivity decay, ohmic-resistance
increase, and hydrogen crossover. These degradation states
are then coupled to a polarization-based voltage model, from
which a virtual rated-point HI is defined for lifetime charac-
terization. To account for realistic operating conditions, the
framework also includes a power–voltage coupling that links
mission demand to the operating point and therefore to the
degradation dynamics. Inter-stack variability is represented
through dispersion in selected catalyst and membrane param-
eters.

The main contributions of this work are:

• a stochastic membrane degradation formulation based on
a non-homogeneous Gamma process whose shape rate is
linked to a semi-empirical membrane degradation law,
yielding a consistent evolution of membrane thickness,

conductivity, ohmic resistance, and hydrogen crossover
current;

• a simplified catalyst-layer degradation model describing
the evolution of the electrochemically active surface area
(ECSA) through load-dependent platinum dissolution–
oxidation kinetics, while remaining computationally ef-
ficient for long-term degradation simulations;

• a coupling between load demand and voltage-driven
degradation, together with a simulation-based analysis
of the impact of load history and parameter variability
on degradation trajectories and resulting lifetime distri-
butions.

2. VOLTAGE MODEL AND DEGRADATION-SENSITIVE
QUANTITIES

We first introduce the polarization-based cell voltage model,
since it describes how degradation affects performance and
identifies the physical quantities involved in the degradation
dynamics.

2.1. Polarization-based Cell Voltage Model

The per-cell terminal voltage is modeled in the usual
form (Y. Wang, Moura, Advani, & Prasad, 2019):

U = Erev − ηact − ηohm − ηconc, (1)

whereErev is the reversible voltage and ηact, ηohm, and ηconc
are the activation, ohmic, and mass-transport overpotentials.

A Nernst-type expression adapted from (D. Hu, Wang, Li,
Yang, & Wang, 2021) is used for the reversible voltage:

Erev = 1.229− 8.45× 10−4(T − 298.15)

+ 4.31× 10−5 T ln
(
pH2

√
pO2

)
.

(2)

where T is the cell temperature (K), and pH2
and pO2

are the
hydrogen and oxygen partial pressures (bar).

Activation losses at the cathode follow a Tafel-type relation:

ηact =
RT

αcaF
ln

(
j + icross

i0

)
, (3)

where j is the current density (A/cm2), icross is the hydrogen
crossover current density, αca is the cathodic transfer coef-
ficient, R is the universal gas constant, and F is Faraday’s
constant.

The exchange current density depends on the catalyst state
through the normalized ECSA S:

i0(S, T, pO2) = i0,ref S

(
pO2

p0

)γPO2

exp

[
−Eca

R

(
1

T
− 1

T0

)]
,

(4)
where i0,ref is a reference exchange current density, p0 is a
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reference pressure, Eca is an activation energy, and γPO2 is
an oxygen-order exponent.

Ohmic losses are modeled as

ηohm = j Rohm, (5)

whereRohm is the membrane-related area-specific resistance.

Mass-transport losses are described by

ηconc = −be
RT

4F
ln

(
1− j

jlim(S)

)
, (6)

where be is an empirical coefficient and the limiting current
density depends on the catalyst state as (Y. Wang et al., 2019)

jlim(S) =

( C1

A0
Pt

+ C2 +RO2,DM

C1

SA0
Pt

+ C2 +RO2,DM

)
j0lim. (7)

Here A0
Pt is the initial Pt area per geometric area, j0lim is

the initial limiting current density, and C1, C2, RO2,DM are
oxygen-transport coefficients.

2.2. Degradation-Sensitive Quantities and State Defini-
tion

Eqs. (3)–(7) show that the cell voltage is directly affected by
three degradation-sensitive quantities:

• the normalized electrochemically active surface area
S(t), which affects both the exchange current density i0
and the limiting current density jlim;

• the membrane ohmic resistance Rohm(t), which deter-
mines ohmic losses;

• the hydrogen crossover current density icross(t), which
affects the activation losses and reflects the loss of mem-
brane integrity.

These performance-sensitive quantities are derived from
physically meaningful states:

xdeg(t) =
[
S(t), Lmem(t), σmem(t)

]⊤
, (8)

where S(t) is the normalized ECSA, Lmem(t) the membrane
thickness, and σmem(t) the membrane proton conductivity.

From these states, one obtains (Schoemaker, Misz, Beckhaus,
& Heinzel, 2014):

Rohm(t) =
Lmem(t)

σmem(t)
, icross(t) =

pH2
(t)ψH2

Lmem(t)
2F, (9)

where pH2
(t) is the hydrogen partial pressure and ψH2

is an
effective hydrogen permeation coefficient.

The voltage can therefore be written compactly as

U(t) = U
(
j(t), xdeg(t), u(t)

)
, (10)

where

u(t) =
[
T (t), pH2

(t), pO2
(t), RH(t)

]⊤
(11)

collects the operating conditions, namely temperature, gas
partial pressures, and relative humidity. The role of the degra-
dation model is thus to propagate xdeg(t) under the applied
load and operating conditions, after which voltage and per-
formance degradation follow directly from the polarization
relation.

3. LOAD-DEPENDENT STOCHASTIC DEGRADATION
MODELING

We first model the membrane-related states through a
stochastic Gamma process, then the catalyst state through
a simplified ECSA model.

3.1. Stochastic Membrane Degradation Model

Membrane degradation is represented through a cumulative
membrane-damage state, from which the membrane thick-
ness Lmem(t) and proton conductivity σmem(t) are recon-
structed. Since membrane damage is cumulative and non-
decreasing, a Gamma process is a natural choice for model-
ing its evolution. It provides positive random increments and
is therefore well suited to represent progressive irreversible
damage accumulation (van Noortwijk, 2009).

We introduce a dimensionless cumulative membrane-damage
state Zmem(t), with

Zmem(0) = 0, Zmem(t) ≥ 0, (12)

and reconstruct the membrane thickness as

Lmem(t) = L0
mem

(
1− Zmem(t)

)
, (13)

where L0
mem denotes the beginning-of-life membrane thick-

ness. Thus, Zmem(t) directly represents the cumulative frac-
tional membrane-thickness loss.

The membrane proton conductivity is reconstructed from the
same damage state as

σmem(t) = σ0
mem

(
1−KσZmem(t)

)
, (14)

where σ0
mem denotes the beginning-of-life conductivity. This

relation assumes that conductivity decays proportionally to
the cumulative membrane damage associated with thickness
loss, withKσ > 0 acting as the corresponding proportionality
coefficient. With this definition, the same cumulative-damage
state consistently drives both thickness loss and conductivity
decay.

The linear reconstructions in Eqs. (13) and (14) are used only
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within the physically admissible domain

0 ≤ Zmem(t) < Zmax, Zmax = min

(
1,

1

Kσ

)
.

In the present lifetime simulations, the trajectories are prop-
agated only up to the first passage of the end-of-life (EOL)
threshold. Therefore, the model is not intended to describe
post-EOL membrane collapse.

The membrane-damage increments are thus modeled as a
non-homogeneous Gamma process:

Zmem(t+∆t)− Zmem(t) ∼ Γ
(
αZ(t)∆t, βmem

)
, (15)

where Γ(α, β) denotes a Gamma distribution with shape pa-
rameter α and scale parameter β. Here, βmem > 0 is the
Gamma-process scale parameter. For a given stack, it is con-
stant over time, while population-level variability in βmem is
introduced later in Section 4.1.

To link the stochastic damage process to the operating con-
ditions and, through the voltage, to the load demand, we rely
on a semi-empirical membrane degradation law from the lit-
erature (Karpenko-Jereb, Sternig, Fink, & Tatschl, 2016).
In their deterministic formulation, the membrane thickness
evolves as

Lmem(t) = L0
mem

(
1− r

(L)
ref Ymem(t)

)
, (16)

where Ymem(t) is a cumulative degradation variable defined
by

Ymem(t) =

∫ t

0

ϕ(τ) dτ. (17)

The local degradation intensity ϕ(t) depends on voltage, tem-
perature, relative humidity, and the current membrane thick-
ness through

ϕ(t) =
a0 + a1T (t) + a2RH(t) + a3/ ln(Lmem(t))

a0 + a1Tref + a2RHref + a3/ ln(Lref
mem)

×
(
1.12U(t)− 0.06

)
,

(18)

where (Tref , RHref , L
ref
mem) denotes the reference operating

point used for normalization, and a0, . . . , a3 are empirical co-
efficients. The factor

(
1.12U(t) − 0.06

)
captures the strong

acceleration of membrane degradation at high voltage.

Our objective is to define the Gamma-process parameters so
that the stochastic damage model remains consistent, in the
mean, with Eq. (16). In particular, the mean increment of the
Gamma process in Eq. (15) is

E[Zmem(t+∆t)− Zmem(t)] = αZ(t)βmem∆t.

Therefore, to recover the Karpenko-Jereb thickness law in the

mean, we choose

αZ(t) =
r
(L)
ref ϕ(t)

βmem
, (19)

which yields

E[Zmem(t+∆t)− Zmem(t)] = r
(L)
ref ϕ(t)∆t, (20)

and

Var[Zmem(t+∆t)− Zmem(t)] = βmem r
(L)
ref ϕ(t)∆t. (21)

Hence,
E[Zmem(t)] = r

(L)
ref Ymem(t),

which implies

E[Lmem(t)] = L0
mem

(
1− r

(L)
ref Ymem(t)

)
.

Therefore, the stochastic membrane model matches the
Karpenko-Jereb thickness law in the mean, while also ensur-
ing non-negative and monotone cumulative damage trajecto-
ries.

If the deterministic conductivity evolution is written as

σmem(t) = σ0
mem

(
1− r

(σ)
ref Ymem(t)

)
,

then consistency in the mean is obtained by choosing

Kσ =
r
(σ)
ref

r
(L)
ref

.

With this choice,

E[σmem(t)] = σ0
mem

(
1− r

(σ)
ref Ymem(t)

)
.

Figure 1 illustrates the membrane-only stochastic degradation
trajectories obtained under two constant imposed voltages,
U = 0.9 V and U = 0.6 V, with fixed Gamma-process
scale parameter βmem = 10. The figure shows the con-
sistent joint evolution of Lmem(t), σmem(t), Rohm(t), and
icross(t) when all four quantities are reconstructed from the
same Gamma-process damage state Zmem(t). The higher-
voltage case produces systematically faster membrane degra-
dation, with a stronger decrease in thickness and conductivity
and a corresponding stronger increase in ohmic resistance and
hydrogen crossover.

3.2. Catalyst-layer Degradation (ECSA)

Loss of electrochemically active surface area (ECSA) in the
cathode catalyst layer is a major source of PEMFC perfor-
mance decay because it directly reduces the number of active
platinum sites available for the oxygen reduction reaction. As
the ECSA decreases, the exchange current density decreases,
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Figure 1. Membrane stochastic degradation trajectories under
two constant imposed voltages, U = 0.9 V and U = 0.6 V,
with fixed Gamma-process scale parameter βmem = 10. Each
voltage case contains NMC = 20 stochastic trajectories and
is used here as an illustrative membrane-only example.

activation losses increase, and the cell voltage deteriorates.
In PEMFCs, this degradation is strongly potential-dependent
and is therefore inherently load-driven.

At the mechanistic level, catalyst degradation is mainly gov-
erned by coupled platinum dissolution/redeposition and sur-
face oxidation/reduction phenomena. At high cathode poten-
tials, platinum becomes thermodynamically less stable and
tends to dissolve, while the catalyst surface also becomes pro-
gressively covered by oxide species. When the potential is
subsequently lowered, part of the dissolved platinum may re-
deposit and part of the oxide layer may be reduced. Repeated
load variations therefore induce repeated oxidation/reduction
cycles, whereas sustained high-voltage operation intensifies
dissolution-driven loss of active surface area. In the present
work, these mechanisms are represented through a simpli-
fied catalyst model derived from a more detailed multiscale
Pt dissolution–oxidation formulation (Zhang & Pisu, 2014;
Schneider, Sadeler, Scherzer, Zamel, & Gerteisen, 2019).

The catalyst state is described by two variables. The first one
is the normalized ECSA,

S(t) =
ECSA(t)

ECSA(0)
, S(0) = 1, (22)

which represents the remaining fraction of active catalyst sur-
face. The second one is an averaged oxide-coverage state,
denoted by θox(t), which represents the fraction of the plat-
inum surface covered by oxide species. The corresponding

simplified catalyst model is written as

dS

dt
= −kA exp

(
γU (U(t)− Uref)

)(
1− θox(t)

)
S3(t),

dθox
dt

=
1

τθ

(
θox,ss(U(t))− θox(t)

)
,

(23)
with the steady-state oxide coverage

θox,ss(U) =
θmax

1 + exp
(
−kθ(U − Uθ)

) . (24)

This formulation preserves the main physical trends of the
underlying catalyst degradation mechanisms while remain-
ing compact enough for long-term stochastic simulations. In
Eq. (23), the parameter kA acts as a coefficient controlling
the overall degradation intensity. The exponential term in-
troduces the strong sensitivity of Pt degradation to cathode
potential, with γU controlling how sharply the degradation
rate increases with voltage and Uref serving as a reference
potential for this acceleration. The factor (1−θox) represents
the oxide-free fraction of the platinum surface, so that oxide
coverage directly affects the rate of dissolution/redeposition
processes and hence S. The nonlinear term S3 introduces
a progressive slowing-down. In parallel, the oxide state
θox(t) is modeled as a fast variable relaxing toward a voltage-
dependent equilibrium. In Eq. (24), θmax denotes the satura-
tion level of oxide coverage. The parameter τθ in Eq. (23)
sets the time scale of the oxide dynamics.

The catalyst dynamics are described deterministically for a
given parameter set. Nevertheless, the model also allows
variability to be introduced through selected catalyst-related
parameters, in particular the severity parameter kA, in order
to represent inter-stack differences in catalyst properties and
degradation sensitivity. This aspect is not developed here,
since the focus of this subsection is on the nominal load-
dependent catalyst dynamics, but it is introduced later in Sec-
tion 4.1.

The sensitivity of the simplified catalyst model to the oper-
ating load is illustrated in Figs. 2 and 3. Figure 2 shows the
normalized ECSA under constant potential holds at 0.6, 0.8,
and 0.9 V. After 500 h, the ECSA remains close to its ini-
tial value at 0.6 V (about 99%), decreases to roughly 74%
at 0.8 V, and falls to about 49% at 0.9 V. This large spread
confirms that even moderate increases in potential produce a
much faster loss of active catalyst area. The curvature of the
trajectories indicates that degradation is faster in the earlier
phase and then progressively slows down.

Figure 3 shows the response under square-wave cycling be-
tween 0.6 and 0.95 V for two cycle periods. Although the
voltage range is the same in both cases, the shorter period
produces stronger degradation. After 500 h, the ECSA is ap-
proximately 41% for the 100 s cycle, compared with about
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Figure 2. Normalized ECSA trajectories predicted by the
simplified catalyst model under different constant potential
holds. Higher voltage levels lead to significantly faster cata-
lyst degradation.

62% for the 1000 s cycle. The model is therefore sensitive not
only to the load level but also to the temporal structure of the
load. This behavior is physically consistent with the underly-
ing mechanism: faster cycling induces more frequent oxida-
tion/reduction transitions, which intensify catalyst stress and
accelerate net ECSA loss.

The full derivation of this simplified catalyst model from the
detailed multiscale formulation is not reported here because
of space limitations. Instead, the simplified two-state model
was calibrated against the full multiscale catalyst-layer model
using constant-potential holds at 0.6, 0.8, and 0.9 V, and a
square-wave profile between 0.6 and 0.9 V with a period of
6 s. Figure 4 compares the normalized ECSA trajectories pre-
dicted by the full and simplified models for these calibration
protocols.

To complement this visual comparison, the approximation er-
ror was quantified over the 500 h horizon using samples every
300 s. The same calibrated parameters were also evaluated on
additional voltage profiles that were not used during calibra-
tion. The resulting average errors are reported in Table 1. The
simplified model achieves an average RMSE of 0.497 per-
centage points on the calibration profiles and 2.182 percent-
age points on the validation profiles, showing that it preserves
the dominant ECSA degradation behavior of the detailed for-
mulation while remaining compact for long-term simulations.

3.3. Health Index and End-of-Life

To compare degradation trajectories under different load his-
tories, a scalar Health Index (HI) is defined at a fixed rated
operating point. Let jrated denote the rated current density,

Figure 3. Normalized ECSA trajectories predicted by the
simplified catalyst model under square-wave cycling between
0.6 and 0.95 V for different cycle periods. Faster cycling pro-
duces stronger catalyst degradation.

Table 1. Average approximation error between the simplified
and full ECSA models. Errors are expressed in percentage
points (pp), except for the maximum relative error.

Set RMSE MAE Max. err. Max. rel.
[pp] [pp] [pp] [%]

Calibration 0.497 0.414 1.132 2.28
Validation 2.182 2.059 3.381 6.21

and let

urated :=
[
Trated, pH2,rated, pO2,rated, RHrated

]⊤
(25)

denote the corresponding rated operating conditions. Given
the degradation state

xdeg(t) =
(
S(t), Lmem(t), σmem(t)

)⊤
,

the virtual rated voltage is

Urated(t) = U
(
jrated, xdeg(t), urated

)
, (26)

and the beginning-of-life reference voltage is

U0
rated = U

(
jrated, xdeg(0), urated

)
. (27)

The HI is then defined as

HI(t) =
Urated(t)

U0
rated

, (28)

so that HI(0) = 1 and HI(t) decreases as degradation pro-
gresses.

End-of-life (EOL) is defined by a threshold on this
performance-based indicator:

HI(t) ≤ HIth, HIth = 0.9, (29)

6



ANNUAL CONFERENCE OF THE PROGNOSTICS AND HEALTH MANAGEMENT SOCIETY 2016

Figure 4. Comparison between the full multiscale catalyst-
layer model and the simplified two-state ECSA model for the
calibration voltage protocols.

which is consistent with the 10% rated-voltage-drop criterion
commonly used in automotive PEMFC applications (Pei et
al., 2008).

For a prescribed future load profile j(·), the mission-
conditioned lifetime is the first-passage time to the threshold:

tEOL = inf
{
t ≥ 0 : HI(t) ≤ HIth

}
. (30)

This definition is used below to compare lifetime under dif-
ferent static and dynamic load scenarios.

3.4. Load-to-Voltage Coupling

The degradation laws used in this work are voltage-driven,
whereas operation is more naturally specified in terms of load
or demanded power. To enforce load dependence consis-
tently, we couple the load demand to the polarization model
and determine the operating point (j(t), U(t)) from the cur-
rent degradation state.

Let Pdem(t) denote the demanded specific power, i.e., the
demanded power normalized by active area. Given Pdem(t)
and the current degradation state xdeg(t), the operating point(
j(t), U(t)

)
is obtained by solving

Pdem(t) = j(t)U
(
j(t), xdeg(t), u(t)

)
, (31)

with respect to the current density j(t), after which U(t) fol-
lows from Eq. (10). Over each short interval [t, t + ∆t], the
degradation state is assumed constant while solving Eq. (31);
the resulting voltage is then used to update the voltage-driven
degradation laws over that interval. This updated degradation
state then affects the next power–voltage relation, thereby
closing the load–degradation loop shown in Fig. 5.

Figure 5. Modeling/simulation loop for load-dependent
degradation. At each time step, the demanded specific power
is coupled to the polarization model to determine the op-
erating point, and the resulting voltage is used to update
the degradation state, which then feeds back into the next
operating-point computation.

4. LIFETIME CHARACTERIZATION UNDER LOAD AND
PARAMETER VARIABILITY

The previous sections define a stochastic, load-dependent
degradation model for PEMFCs. We now use this framework
to characterize degradation trajectories and lifetime under dif-
ferent load profiles. The goal is to study how operating his-
tory and parameter variability shape performance degradation
and EOL. In the case studies below, the mission is described
directly in terms of current-density profiles.

4.1. Inter-stack Variability Through Selected Model Pa-
rameters

The stochastic membrane model already captures intra-stack
variability through the random Gamma-process increments.
To represent inter-stack differences, selected model param-
eters are allowed to vary from one stack to another. Such
variability may arise from differences in catalyst properties,
membrane properties, fabrication conditions, or assembly-
induced heterogeneity.

In the present paper, inter-stack variability is introduced
through two parameters. First, the effective catalyst-severity
parameter kA, which enters the simplified ECSA law in
Eq. (23), is allowed to vary across stacks. Physically, kA rep-
resents an effective catalyst degradation-severity factor that
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accounts for stack-specific catalyst characteristics, such as
platinum loading and platinum particle-size distribution. In
this work, kA is modeled as a positive stack-specific random
parameter following a lognormal distribution:

k
(n)
A ∼ Lognormal(µk, σ

2
k), (32)

where µk and σ2
k are the log-scale mean and variance. Each

stack therefore keeps its own fixed catalyst-severity parame-
ter throughout its lifetime.

Second, inter-stack variability is also introduced in the
membrane-damage model through the Gamma-process scale
parameter. In practice, due to unobservable unit-specific ef-
fects, degradation trajectories may differ from one stack to
another even under similar operating conditions. Such hetero-
geneity is commonly modeled in the literature by introducing
random effects into Gamma-process degradation models, of-
ten through a unit-specific random scale parameter (X. Wang,
Wang, Hong, & Jiang, 2021). In this work, the parameter
βmem is therefore treated as a positive stack-specific random
effect and is modeled by a lognormal distribution:

β(n)
mem ∼ Lognormal(µβ , σ

2
β), (33)

where µβ and σ2
β are the corresponding log-scale parameters.

In practice, β(n)
mem remains constant for a given stack over its

lifetime, while varying across the population.

This allows the model to distinguish between within-stack
randomness and between-stack heterogeneity while preserv-
ing the same physical degradation structure.

4.2. Monte Carlo Stochastic Lifetime Characterization

For a mission profile, expressed either directly as j(t) or in-
directly through Pdem(t) and Eq. (31), the stochastic degra-
dation model is simulated as follows:

1. for each stack n = 1, . . . , NMC, draw a catalyst-severity
parameter k(n)A from Eq. (32) and a membrane-dispersion
parameter β(n)

mem from Eq. (33);

2. determine the operating point at each time step from the
prescribed mission, either directly through the imposed
current density or, when the mission is given in power
form, by solving Eq. (31);

3. simulate the catalyst dynamics in Eq. (23) with kA =

k
(n)
A ;

4. simulate the membrane-damage trajectory Zmem(t) us-
ing the non-homogeneous Gamma process in Eqs. (15)–
(19) with βmem = β

(n)
mem;

5. reconstruct Lmem(t) and σmem(t) through Eqs. (13)–
(14), then compute Rohm(t) and icross(t);

6. evaluate the HI through Eq. (28) and determine the EOL
time by Eq. (30).

Figure 6. Illustrative ensemble of NMC = 100 trajectory re-
alizations obtained from the stochastic degradation model un-
der one representative operating condition. The figure reports
the normalized ECSA, ohmic resistance, hydrogen crossover
current density, and Health Index. The individual trajecto-
ries are shown in gray, the median trajectory is shown by a
thick black line, and the shaded region denotes the empirical
5–95% uncertainty band.

This procedure yields, for each stack, trajectory realizations
of the degradation states, voltage, and HI, together with an
associated EOL time, as illustrated in Fig. 6.

4.3. Load-dependent Lifetime Distributions

We now analyze the effect of load history directly through
the stochastic degradation model by comparing the resulting
lifetime distributions under several operating scenarios.

Five representative load cases are considered: two static oper-
ating points and three square-wave profiles. The static cases
correspond to constant current densities of j = 0.05 A/cm2

(very low load, high-voltage operation) and j = 0.8 A/cm2

(higher load, moderate-voltage operation). The square-wave
profiles alternate between low and high current levels with a
50% duty cycle: two large-amplitude profiles switching be-
tween jlow = 0.05 A/cm2 and jhigh = 0.8 A/cm2 with
periods P = 1000 s and P = 100 s, and a third fast profile in
which the low-current level is raised to jlow = 0.20 A/cm2.

For each load case, NMC = 100 trajectory realizations are
simulated. This sample size was found sufficient, as increas-
ing the number of realizations did not materially change the
estimated lifetime distributions. EOL is defined as the first
passage of the HI to HIth = 0.9 at the rated current density.
The lifetime distributions shown below are obtained from the
resulting Monte Carlo EOL samples using kernel density es-
timation, rather than displayed as raw histograms. Since the
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EOL distributions are not necessarily symmetric, the median
and mean EOL values are reported together for each scenario.

The results show a clear influence of the load profile on
the full lifetime distribution. The static low-load profile
j = 0.05 A/cm2 produces the shortest lifetimes, with a
median/mean EOL of about 1098/1127 h. This reflects the
strong penalty associated with sustained operation at very
low current and high voltage, which accelerates both cata-
lyst and membrane degradation. Increasing the static load to
j = 0.8 A/cm2 shifts the distribution toward much longer
lifetimes, with a median/mean EOL around 2103/2189 h, in-
dicating a substantially less aggressive operating regime.

The square-wave cases lie between these two static extremes.
Large-amplitude switching between (0.05 ↔ 0.8) A/cm2

yields a median/mean EOL around 1395/1481 h for the slow
case (P = 1000 s), whereas the fast case (P = 100 s) yields
a much shorter median/mean EOL of about 1115/1170 h.
The latter distribution lies very close to that of the static
low-load case, showing that fast, deep load oscillations can
nearly reproduce the same degradation severity as prolonged
operation at very low load. Raising the low-current level to
0.20 A/cm2 in the fast square wave extends the median/mean
EOL to about 1690/1761 h, showing that reducing the depth
of the load swing can significantly mitigate degradation even
when the switching remains fast.

Overall, these results show that the load effect can be dis-
cussed directly at the stochastic level, since the proposed
model simultaneously captures the operating-condition de-
pendence of the degradation rate and the dispersion of tra-
jectories around that mean behavior. In particular, the model
reveals three coupled effects on lifetime: the average load
level, the temporal structure of the mission, and the uncer-
tainty propagated through the degradation states. Avoiding
prolonged high-voltage operation and limiting both the depth
and the frequency of load swings therefore emerge as key
levers for extending lifetime.

The resulting EOL distributions for the five load scenarios are
compared in Fig. 7. These kernel density estimates provide a
compact and decision-relevant summary of how mission de-
sign influences both expected durability and uncertainty on
lifetime.

5. PHM RELEVANCE AND POSSIBLE EXTENSIONS

Although this paper focuses on the modeling and on lifetime
characterization under prescribed load profiles, the proposed
framework has been built with PHM-oriented applications in
mind.

First, the degradation is expressed through physically inter-
pretable states that directly drive voltage degradation. This
makes the model suitable for future state-estimation schemes,
since hidden degradation states such as S(t) or membrane-

Figure 7. Kernel density estimates of EOL times under five
representative load scenarios: two static operating points and
three square-wave missions.

related variables can in principle be inferred from voltage and
operating data through observers or Bayesian filters. In the
same spirit, some stack-specific degradation parameters, such
as effective catalyst-severity or membrane-dispersion param-
eters, could also be identified individually for each stack by
embedding the model into a filtering framework and estimat-
ing them jointly with the states from operational data.

Second, if sufficiently rich data become available at the pop-
ulation level, for example operating histories together with
end-of-life observations for many stacks, the same modeling
framework could be used in a statistical identification set-
ting. In that case, the distributions of stack-specific param-
eters could be inferred from data rather than prescribed a pri-
ori, and the underlying modeling assumptions on inter-stack
variability and intra-stack stochasticity could be assessed and
refined accordingly.

Third, the stochastic membrane formulation makes the model
naturally compatible with future remaining useful life (RUL)
prediction methods. Once measurements become available
and a state-estimation framework is added, the same model
can be propagated forward under assumed future missions to
generate conditional lifetime forecasts.

Finally, because the model remains compact while preserving
explicit load dependence, it can serve as a per-stack building
block for future health-aware energy management and main-
tenance strategies in multi-stack PEMFC systems.

6. CONCLUSION

The results show that PEMFC lifetime is strongly shaped by
the operating profile, not only through the average load level
but also through the temporal structure of the mission. In par-
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ticular, prolonged low-load operation, which corresponds to
sustained high-voltage conditions, leads to faster degradation
and shorter lifetime, while frequent and deep load variations
further accelerate ageing compared with smoother profiles.

At the catalyst level, the simplified ECSA model captures
the strong sensitivity of platinum-surface degradation to both
voltage level and load dynamics: higher operating poten-
tials and faster cycling produce significantly stronger ECSA
loss, although the ECSA degradation rate progressively slows
down as the active surface decreases. At the membrane
level, the stochastic damage formulation generates physi-
cally consistent trajectories of thickness loss, conductivity de-
cay, ohmic-resistance increase, and hydrogen crossover rise,
while naturally introducing dispersion in lifetime; in con-
trast to the catalyst behavior, membrane-related performance
losses tend to accelerate as degradation progresses. This dif-
ference in temporal behavior between catalyst and membrane
degradation may be particularly relevant for future ageing-
mitigation strategies.

Taken together, these results make the framework relevant for
future durability assessment, prognostics, and health-aware
decision-making under realistic operating missions, including
both energy-management and maintenance-oriented strate-
gies.
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