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HIGHLIGHTS

« Introduces in-operation polarization-curve extraction without downtime.

« Applies a layer-unspecific physical model to track voltage degradation.

« Validates with synthetic (26 200 h) and experimental (2200 h) data.

+ Demonstrates synthetic data use for validation over industry-relevant lifetimes.

ARTICLE INFO ABSTRACT
Dataset link: https://doi.org/10.5281/zenodo.1 The deployment of proton exchange membrane (PEM) water electrolysis plants is accelerating, creating
8268174 a need for accurate lifetime prediction to support reliable and cost-effective operation. Yet, degradation

models suitable for plant-level lifetime estimation remain scarce. To address this gap, this study introduces
a layer-unspecific physical model to estimate voltage degradation and the remaining useful life of PEM
water electrolysis stacks from current-voltage data. The model extracts quasi-steady polarization curves from
operation without diagnostic downtime. As a central novelty, it fits a simplified electrochemical equation
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Prognostics and health management (PHM)
Predictive maintenance
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assuming a fixed Tafel slope, which enables stable tracking of the temporal evolution of resistance and
exchange current density by avoiding parameter collinearity. Uncertainty is quantified through Monte Carlo

propagation of regression parameters, enabling lifetime forecasts with confidence intervals. Validation is
conducted with a 26200h synthetic dataset and a 2200h experimental six-cell stack dataset. The synthetic
data enable validation over industry-relevant lifetimes without multi-year testing, while the experimental data
confirm practical applicability. Across both datasets, the model reproduced voltages with millivolt-scale error
and provided prognostic horizons suitable for maintenance planning. Overall, the approach offers a practical
and interpretable model for PEM water electrolysis efficiency prediction and accelerates model development
while reducing reliance on extended lifetime experiments.

1. Introduction

As of September 2025, the operational global proton exchange
membrane water electrolysis (PEMWE) capacity is approximately 605
MW, [1]. Based on International Energy Agency projections of high-
likelihood projects, the global installed PEMWE capacity could reach
about 30 GW, by 2030 [2]. This rapid expansion makes long system
lifetimes, high reliability, and cost-effectiveness increasingly relevant
for PEMWE systems [3,4]. Prognostics and health management (PHM)
is an engineering discipline aimed at ensuring reliability and cost-
efficiency of complex systems by combining monitoring, diagnostics,
and prognostics [5,6]. Applied to PEMWE, PHM offers degradation-
informed operation management and predictive maintenance [7]. At its
core, PHM depends on accurate degradation models of lifetime-limiting
parameters, since these models form the foundation for predicting the
future state of health and enabling reliable lifetime forecasting [8].

Dittmar et al. (2025) show in a recent review that research on
applying PHM to PEMWE is still scarce and must satisfy several key
requirements to be viable for industrial application [7]: (i) Appropriate
health indicators must be selected to represent the system’s state of
health. (ii) Models must operate under the limited data conditions of
PEMWE plants, where only a few sensors are installed and additional
characterization measurements reduce system availability [9,10]. Fur-
thermore, given the industrial lifetime of PEMWE systems of 10000 h
to 50000h, the degradation models must be validated over these peri-
ods [3]. (iii) The selection of a model method must not only be able to
accurately describe the evolution of the health indicator over time but
also match the constraints of PEMWE plant data availability, the char-
acteristics of the chosen health indicator, and the intended prognostic
task [7]. (iv) Any prognostic method must provide an accurate estimate
of the remaining useful life (RUL) and quantify the confidence asso-
ciated with the prediction [11], especially as predictions are updated
continuously with incoming operational data [8].

However, currently available PEMWE degradation models do not
fully meet the requirements for PHM [7]. Among these, the choice of
degradation model (iii) is particularly critical, as it integrates aspects of
health indicators, data availability, and prediction tasks. The following
paragraphs outline the limitations of the current literature in fulfilling
these requirements.

For the selection of health indicators (i), a range of candidates have
been proposed for PEMWE, such as gas crossover or parameters based
on cell components [7]. This study focuses on voltage, as it is widely
reported in both experimental degradation and degradation modeling
literature and directly reflects efficiency loss [4]. Moreover, both cur-
rent and voltage measurements are available from online sensors on
the plant-level, providing a robust basis to model the voltage-current
relationship [9,10].

Regarding the functionality with limited experimental data avail-
ability (ii), most reported degradation experiments last less than 1000 h,
providing only a limited foundation for validating PEMWE stacks over
industry-relevant lifetimes [12]. One potential solution that avoids
multi-year experiments, widely used in machine learning and increas-
ingly applied to time-series data, is the generation of synthetic datasets
[13]. Yan et al. (2025) applied such an approach to PEMWE degra-
dation modeling by using a synthetically generated dataset with a
known ground truth to assess model accuracy [14]. However, their

data generation relied on a purely empirical model that does not
capture PEMWE behavior. While suitable for evaluating the accuracy
of their specific empirical degradation model, the broader validity of
this approach is limited. Extending this concept to physically grounded
synthetic data generation could enable more realistic long-term simu-
lations and facilitate cross-study comparisons of PHM approaches over
industry-relevant lifetimes.

For the selection of a model (iii), a prognostic approach for PHM
consists of two components: a modeling method, which describes
the evolution of the HI over time, and a prediction method, which
extrapolates this evolution into the future [7]. Modeling methods
can be model-based (empirical, semi-empirical, or physical) or data-
driven [15]. Prediction methods range from statistical approaches to
filtering or machine-learning techniques. In data-driven models, predic-
tion is inherently part of the modeling method, whereas in model-based
approaches it is explicitly paired with the chosen model [7]. Given
the constraints of plant-level data availability, layer-unspecific volt-
age degradation models are a promising choice because they can be
validated directly with available measurements and do not require
resolving the underlying degradation phenomena [7]. Such models
capture the integral change of a system variable — such as volt-
age — across the entire system [16]. Only a few layer-unspecific
voltage degradation models have been validated with experimental
plant-representative data meeting requirement (ii) [14,17-20]. Existing
data-driven models show specific limitations: lack of reported accuracy
measures [17], focus on static operation profiles [18], or inability
to represent the logarithmic behavior in the low-current density re-
gion [19]. While Xu et al. (2024) and Woelke et al. (2025) achieve
high predictive accuracy over approximately 1000 h in the high-current
density region [18,19], accurate prediction of the low-current regime
is essential for mission planning of PEMWE plants operating under
partial load [7]. Yan et al. (2024) present an empirical layer-unspecific
model combined with a statistical method (transfer linear regression)
that predicts voltage degradation over long time periods, but fails to
capture the logarithmic low-current behavior [14]. Layer-unspecific
physical models incorporating a logarithmic term have, in the related
field of PHM for PEM fuel cells, demonstrated the ability to reproduce
voltage degradation in this regime [21]. Pape et al. (2025) adapt such
an approach, using an electrochemical equation with resistance and
Tafel terms to fit polarization curves, and tracking parameter changes
via time-interval-based linear regression [20]. While promising, the
method is prone to parameter collinearity and risks inaccurate long-
term extrapolation. These considerations motivate further exploration
of layer-unspecific physical models for voltage degradation modeling.

For requirement (iv), only Yan et al. (2024) among the previously
discussed PEMWE degradation modeling studies evaluate the uncer-
tainty of their predictions [14]. None report estimates of the RUL or
assess how prediction accuracy evolves when trained on progressively
larger datasets. Therefore, leaving this requirement for PHM in PEMWE
largely underexplored.

Based on these gaps, two aspects emerge as priorities for advancing
PHM of PEMWE. First, enabling long-term model validation under
laboratory data constraints, and second developing layer-unspecific
physical models that include uncertainty quantification, RUL estima-
tion, and performance assessment as datasets grow. These priorities
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motivate the central research question of this study: How can a layer-
unspecific physical model for PEMWE voltage degradation be developed and
validated for industry-relevant lifetimes under laboratory data constraints?

We address this research question by developing a layer-unspecific
physical model for predicting PEMWE voltage degradation, designed
for minimal data requirements and validated on both synthetic and
experimental datasets. The approach extracts polarization curves from
operational data and tracks degradation parameters over time, enabling
long-term prediction with quantified uncertainty. RUL estimates are
derived from these predictions and assessed using established PHM
performance metrics.

Our study offers several contributions to the literature. First, we
demonstrate how predictive models for voltage degradation can be val-
idated over industry-relevant lifetimes without waiting for multi-year
experiments, thereby providing researchers with a method to accelerate
the development of PEMWE degradation models. Second, we present
a novel physics-based polarization-curve fitting approach that yields
a unique solution for extracting parameters associated with ohmic
and kinetic losses, enabling researchers to track degradation trends
of underlying mechanisms using only current and voltage measure-
ments while avoiding parameter overfitting. Finally, by coupling these
parameters with uncertainty-based RUL estimation and established
PHM metrics, we provide a framework for assessing and compar-
ing prognostic models, illustrating how PHM approaches for PEMWE
can be systematically evaluated. In addition to these contributions
to the literature, our study also provides practical contributions. We
introduce an in-operation polarization-curve extraction method that
removes the need for dedicated diagnostic downtime, making volt-
age degradation tracking feasible in commercial plants. Moreover, we
develop an approach that requires only the minimal data typically
available in PEMWE plants, thereby enhancing the feasibility of PHM
for industrial application.

The work is structured as follows. Section 2 presents the utilized
datasets and method of the degradation model. In Section 3 we present
the results, discuss the findings, and compare PHM performance metrics
of the synthetic and experimental datasets.

2. Method
2.1. Generation of synthetic data

For the evaluation of the voltage degradation model and its com-
putational accuracy over long time periods, a synthetic dataset was
utilized providing a defined ground truth. This synthetic dataset sim-
ulates a PEMWE plant coupled to a wind turbine. The synthetic data
was based on wind velocity records provided by the German weather
authorities over a three-year period with a ten-minute resolution cor-
responding to 26 256 operating hours [22]. Wind velocity values were
converted into a power profile assuming a 3MW Vestas V112-3.075
onshore wind turbine [23].

The assumed PEMWE plant consists of four current state of the art
stacks as reported by Hemauer et al. (2023), each with an electrical
capacity of Py, = 700kW, resulting in a total plant capacity of
Polantet = 2.8MW [24]. Such configurations are representative of
wind-to-hydrogen systems, where electrolysers are directly coupled to
onshore or offshore wind power installations [25,26]. The voltage and
current of each stack were calculated using a simplified electrochem-
ical equation for the cell voltage. Constant operating conditions were
assumed, with a temperature of § = 55°C, atmospheric pressure on
the cathode and a pressure of p, = 20bar on the anode side [24].
A linear cell voltage decay rate of §E.,,; = 10pV/h was assumed,
consistent with decay rates reported in the literature [12,27]. The
assumption of a linear decay transfers to the assumption of an increase
in ohmic resistance being the dominant degradation mechanisms as
reported in experimental literature for a variety of current density
profiles [28,29]. Nevertheless, this simplification does not account for
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Fig. 1. Synthetic current density and cell voltage profile generated for a four-
stack PEMWE plant coupled to a 3MW wind turbine, assuming a linear cell
voltage decay rate of §E.; = 10uV/h and a relative inaccuracy of fygmax =
1%.

degradation mechanisms like catalyst degradation on the anode, which
depending on the operation mode displays varying non-linear dynam-
ics [28]. Additionally, normally distributed noise with a maximum
relative magnitude fy max Was applied to the calculated current density
and voltage values to simulate fluctuations in operating conditions
and measurement noise. The relative magnitude was varied between
Srel,max = 0%, 1%, and 3 % to evaluate the computational accuracy of
the model in dependence on the fluctuations in operation data. This
type of noise cannot reproduce systematic temperature or pressure
dynamics that occur during plant load changes, as these depend on
controller response and balance-of-plant characteristics. Nevertheless,
modern PEMWE systems equipped with optimized control schemes ex-
hibit only small variations in operating conditions even under dynamic
profiles, supporting the reasonableness of this assumption [30]. Fig.
1 shows the generated current density and cell voltage profile with a
relative inaccuracy of fe) max = 1%. While these simplifications limit
the generalization of the synthetic dataset as a representation of real
PEMWE operation, the dataset provides a controlled ground truth for
assessing long-term numerical stability and parameter tracking, which
cannot be obtained from experimental data alone. Further details on the
assumptions and parameters for synthetic data generation are provided
in the Supplementary Information.

2.2. Experimental setup

The experimental dataset comprises 2200 h of operation of a six-cell
PEMWE rainbow stack conducted in 2016, initially intended to evaluate
various coated porous transport layers (PTLs) and bipolar plates (BPPs).
Each catalyst-coated membrane (CCM) had an active area of 150 cm?
and utilized a Nafion 117 membrane. All CCMs were obtained from
a commercial manufacturer with catalyst loadings of approximately 2
mg;,cm~2 on the anode and 1 mgp, cm~2 on the cathode. For all cells,
the cathode PTL was a carbon sheet (Spectrecarb 2050A-6060) with
a microporous transport layer (SGL GDL 35 DC). The anode PTL was
an experimental titanium-mesh with a gradient in porosity, and in cells
two, four, and six, it was coated along with the anode and cathode sides
of the BPPs. The applied coatings were oxide based metal coatings.
The BPP was a sheet made from titanium with no flow field geometry.
Further details about the stack configuration are provided in Figure S2
of the Supplementary Information.

Testing was conducted using an in-house automated test station
equipped with online measurements of temperature, pressure, gas
crossover, water conductivity, stack voltage, and individual cell volt-
ages. A piping and instrumentation diagram is included in Figure S3 of
the Supplementary Information.
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Fig. 2. Mean cell voltage and current density over time of a with constant
current operated six-cell laboratory stack with a geometric area of 150 cm?.

Following initial conditioning and begin-of-test (BoT) characteri-
zation, the stack was operated under constant conditions at 60°C,
atmospheric pressure, and a constant current density of 1 Acm™2 in
four repeating intervals of approximately 500h. At the beginning of
each interval, polarization curves were recorded between 0.05 A cm™2
and 2 Acm~2 with a hold duration of 3 min per measurement point.
Water was circulated at flow rates of 3 kg/min at the anode and 2.4
kg/min at the cathode. The flow rate of the cathode was adjusted after
approximately 1090 h to 2 kg/min due to an increase in pressure loss on
the cathode. The conductivity of the circulating water remained below
0.1 pS ecm™! throughout constant operation. The mean cell voltage
and current density are presented in Fig. 2. Operation interruptions
occurred periodically due to technical issues; detailed descriptions of
these events can be found in the Supplementary Information (Table S2).
Furthermore, impedance measurements at a fixed testing frequency of
1kHz (with an amplitude of 10mA and without DC-bias) have been
carried out at BoT and EoT with a 4338B Milliohmmeter (Agilent).

2.3. Voltage degradation model

2.3.1. Data acquisition and processing

The proposed modeling method requires time-series measurements
of the mean cell voltage E.¢; and current density i, along with fixed val-
ues for anode pressure p,, cathode pressure p., and stack temperature
T. When only the voltage of an entire electrolyzer module (comprising
multiple stacks) or of a single stack is available, the cell voltage can
be estimated assuming a homogeneous voltage distribution across all
stacks and cells. The current density is calculated from the applied
current and the active cell area.

A uniform distribution of voltage and temperature across the stack
is assumed, consistent with the layer-unspecific nature of the model. If
individual cell voltages are available, the method can also be applied
at the cell level to analyze degradation. To ensure quasi-steady-state
conditions, all data points with p,, p., or T outside defined bounds
are excluded [7]. Excessive fluctuations reduce the number of usable
data points and thereby increase predictive uncertainty. Moreover, be-
cause temperature and pressure directly affect the cell potential, wider
bounds increase the uncertainty of the quasi-steady-state assumption.
The feasibility of narrow bounds depends on the balance-of-plant capa-
bilities: even under highly dynamic wind-driven operation, temperature
stability within 5K to 10K has been achieved with standard PID con-
trol, and below 3K with optimized feedforward controllers [30]. The
selected cut-off bounds must therefore reflect the achievable operating
stability of the monitored system while preserving a sufficient number
of usable data points.
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Fig. 3. Visualization of data sectioning into quasi-steady-state time intervals
for extracting polarization curves. The current density profile over time is
plotted as a continuous line, although in reality it is composed of individual
data points.

2.3.2. Data sectioning to obtain polarization curves

The underlying method extracts time intervals from time-series data
to obtain polarization curves. This so-called “data sectioning” is based
on a methodology first proposed by Heyne (2015) for the lifetime esti-
mation of PEM fuel cells [21]. As illustrated in Fig. 3, the segmentation
criteria include a current density interval, 4i, a minimum number of
data points, n; 1y, and a maximum number of data points, n; .. The
current density interval Ai defines the range over which voltage and
current density data points are selected. The criterion n, p;, ensures a
sufficient number of data points for reliable polarization curve fitting.
Conversely, n, ny restricts the segment duration to maintain a quasi-
steady-state for every extracted polarization curve. The selection of
these criteria is dependent on data characteristics like the measurement
frequency and current operating range of the monitored system.

In addition to operating parameter stability, other interfering
effects — such as reversible voltage losses and long-term voltage degra-
dation — must also be considered when assuming quasi-steady-state
conditions [7]. In this study, no correction was applied to account
for in-situ reversible effects. The only available modeling approach
in the literature, proposed by Krenz et al. (2024) [31], attributes
these effects to improved anode reaction kinetics due to oxidation
and reduction processes of the Ir catalyst. However, applying this
method over long periods requires a model that explicitly accounts
for electrochemically active surface area (ECSA) degradation of the Ir
anode catalyst. In practice, reversible effects, typically reported in the
range of 10mV to 60mV per cell [7], can lead to apparent shifts in
segments of the extracted polarization curve. These effects generally
relax at lower potentials [31], so the dynamic operation required to
extract polarization curves naturally promotes their partial relaxation.
Thus, neglecting reversible effects introduces only a limited error and is
acceptable for the present modeling approach, although their influence
may be more pronounced under steady-state operation. Consequently,
the choice of n, ., only accounts for both the voltage decay rate
and the time resolution of the time-series data to balance the trade-off
between capturing sufficient data and maintaining quasi-steady-state
conditions.

2.3.3. Polarization curve fitting

After identifying time intervals that correspond to polarization
curves, an electrochemical model is fitted to each interval using least
squares. The cell voltage E.. can be calculated according to Eq. (1)
[32-34].

Ecen = Erey + MHER + MOER

. @
+ i (Rpem + Re + R:Iff-)a + Ri{f—)c) + fime
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E,., is the reversible voltage (open circuit voltage or Nernst po-
tential), a purely thermodynamic property depending on the anode
pressure p,, cathode pressure p., and cell temperature 7. The kinetic
overpotentials of the hydrogen and oxygen evolution reactions (HER,
OER) are denoted by nypr and 5o, respectively. The ohmic resistance
of the membrane is represented by R,.,, while R, accounts for elec-
tronic resistances, such as contact resistances between cell components.
The effective proton transport resistances in the anode and cathode
are given by RT ~and RS . Mass-transport losses are described
by 7, being particularly relevant at elevated pressures and current
densities [34,35].

The reversible voltage can be determined using Eq. (2), assuming
ideal gases, an incompressible fluid, neglecting gas crossover, and
assuming thermodynamic equilibrium for gas saturation. These as-
sumptions are reasonable for the typical pressure range p. = 1 — 30 bar
and temperature range 9 = 60-80 °C of a PEMWE plant [9].

Eyey(T.p) = EX, (T, p*)

rev

RT Pc = Puy0\ { Pa— Pu0\*° (2)
+ —1In

The standard reversible potential Efev(T, p*) at a reference pressure
of p* = latm and temperature of 9 = 298.15K can be obtained from
Bratsch et al. (1989) [36] as:

E° (T,p*)=1.2291V + (T —298.15K) - 8.456 x 1074 VK! 3)

rev

The partial pressure of water py,, which is assumed to be equal
to the saturated water pressure pgy o, is calculated according to the
Antoine equation with coefficients taken from Sattler et al. (2001) [37]:

1730.63

2
1og<ﬂ> = 8.19625 — ——>07 %)
mbar 233426+ o

While Eq. (1) provides a reasonable approximation of the contribu-
tions of different mechanisms to the cell voltage, it includes too many
variables for a stable fit to a polarization curve, leading to overfitting
and infinitely many equivalent solutions. A more practical approach is
to simplify Eq. (1) by retaining only the major voltage contributions
and consolidating mathematically equivalent terms, such as slopes,
into a single variable to reduce the risk of overfitting. This can be
achieved by neglecting the kinetic overpotential of the cathode, 7ygg,as
it contributes only minor voltage losses per cell (approximately 1 mV
at 3A/cm?) [33]. The voltage losses due to mass transport N Will
also be neglected, as modeling them in detail will result in overfitting.
This assumption is reasonable because current PEMWE stacks typically
operate below 2.5 Acm™2 [9], and experimental studies show that even
up to 10 Acm~2 no significant mass-transport-related voltage rise is
observed [38,39]. Furthermore, the linear slope contributions, R,
R, R:Ifﬁ)a, and Rle-If*f',c’ are combined into a single resistance term, R.
The kinetic overpotential of the anode 5gpg can be calculated using the
Tafel equation:

fogr = b - log <L> (5)
lo

b is the Tafel slope and i, is the anodic exchange current density.

The Tafel slope is given by [40]:
RT

b =12.3026- aF (6)

Both parameters are temperature-dependent and can be described
using an Arrhenius-type relationship for the anodic exchange current
density and the charge transfer coefficient «, respectively [41]. How-
ever, since the polarization curve is extracted over a finite time period,
only an average temperature can be considered. To mitigate overfitting
and reduce computational complexity, the temperature dependence of
b and iy is therefore neglected. Instead, temperature variations are
controlled by excluding data points with significant fluctuations, as
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PEMWE stacks typically maintain stable operating temperatures as
described in Section 2.3.1. Under these assumptions, Eq. (1) simplifies
to:

Ecel = Evey(T,p) +i- R+ b -log <i> %)

Eq. (1) is an often utilized approach in the literature on modeling
PEMWE cell voltage [42]. To enhance the stability of the optimization,
the first N, polarization curves after the beginning of the test (BoT) are
used to determine an average Tafel slope I_)Nb, under the assumption
that it remains constant over time. Generally, a change in the Tafel
slope would indicate a change in the rate-determining step or a shift in
the OER mechanism, which is unlikely for the same catalyst type [43].
Experimental literature supports the assumption of a stable Tafel slope
across a range of Ir-based catalysts and loadings [44,45]. Instead, the
dominant degradation effects are typically attributed to changes in the
exchange current density i, and the high-frequency resistance (HFR),
which approximates the overall ohmic cell resistance [28,44,45]. The
parameter N, is chosen such that the evaluation period remains short
enough to limit the influence of degradation on the extracted values of
b. Rogler et al. (2023) [43] compared different approaches for fitting
Tafel equations to describe OER degradation at low catalyst loadings
and arrived at a similar conclusion: fixing the Tafel slope reduces
the risk of error propagation when estimating the apparent exchange
current density, which can otherwise vary by orders of magnitude. If
the Tafel slope were to change over time, its effect would manifest as
systematic shifts in the fitted values of R and i,. This would reduce the
mechanistic interpretability of these apparent parameters, but would
not necessarily impair the accuracy of the predicted cell voltage, as long
as the regression (see Section 2.3.4) adequately captures the resulting
parameter trends.

. 7 i
Ecell,n = rev(Tn’ pn) +i- Rn + bNb : 10g <F> (8)
n

Furthermore, with this constraint, the optimization problem reduces
to fitting R, and ij, in the electrochemical model equation (Eq. (8))
to each polarization curve n, which was done using a least-square
method. The least-squares objective function, defined as the sum of
squared residuals, is strictly convex in the fit parameters, ensuring a
unique global minimum and robust convergence (see Supplementary
Information for a detailed derivation of convexity and the Hessian
analysis). The implementation was carried out using Python’s SciPy
package, specifically the least_squares function, which reliably
finds the optimal solution.

2.3.4. Parameter regression

The polarization curve fitting results in an array of N values for
R, and i\ ,, corresponding to N time intervals and polarization curves.
Each value is assigned a timestamp defined as the mean timestamp
of the respective interval n. To predict parameter trends, a statistical
model (e.g., linear or exponential regression) is selected and fitted to
the obtained parameter arrays using the least squares method. Predic-
tion accuracy depends strongly on selecting a model appropriate for the
observed evolution of R, and i,.

However, literature on the temporal evolution of these parameters
is scarce and, beyond 1000h, not available at all. Suermann et al.
(2019) [46] report an increase in the Tafel slope and apparent exchange
current density over a measurement period of 350 h, with no clear trend
extractable for two CCMs tested at two constant currents. Rakousky
et al. (2017) [28] report a linear trend for resistance and an exponential
trend for the exchange current density, based on the fitting of seven
polarization curves over 1000h for five CCMs tested under different
constant and intermittent accelerated stress tests. Overall, in literature
reported voltage decay rates typically range between 0 and 200 uV /h,
depending on experimental conditions, materials, production methods,
and test durations [7,27]. Consequently, the degradation trends of R
and i, cannot be assumed to always follow the same statistical model.
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Beyond these statistical considerations, the interpretability of the
extracted parameters is limited by the layer-unspecific model formula-
tion and the simplifications made in Section 2.3.3. The fitted resistance
R reflects the sum of all ohmic contributions and therefore cannot
be assigned to specific components, although membrane resistance is
typically dominant and an increasing R is thus most plausibly linked
to membrane aging [12,27]. Likewise, the apparent exchange current
density i, combines the catalyst specific exchange current density,
the catalyst loading and the specific ECSA, so that a decreasing i,
indicates anode catalyst degradation [28] but does not resolve whether
agglomeration, dissolution or migration is responsible [47]. Finally,
the diagnostic resolution of R and i, decreases at stack or module
level, where averaging over heterogeneous cells or stacks obscures the
attribution of trends to specific physical modes [48,49].

To account for potential variations in the temporal evolution of
these trends, the model is able to calculate multiple fitting approaches:
constant, linear (Eq. (9)), and exponential (Eq. (10)).

y=x-t+yx ©)

y=v-exp(y' -1 (10)

The variable y represents either of the regression parameters R or
ig. In the linear case (Eq. (9)), y denotes the intercept and ' the slope,
describing a constant rate of change over time. In the exponential case
(Eq. (10)), y corresponds to the prefactor and y’ to the exponential
growth or decay rate, capturing accelerated or decelerated parameter
evolution. The selection of a suitable statistical model is carried out
iteratively by comparing regression results and choosing the one that
yields the best values according to the performance metrics defined in
Section 2.3.6.

2.3.5. Uncertainty propagation and RUL prediction

The least-squares regression of statistical trends for R and i, to-
gether with a fixed Tafel slope b n,» Provides parameter estimates and
associated uncertainties. These uncertainties must be propagated to
the RUL estimation to quantify the associated confidence with the
prediction [7]. Uncertainty propagation is carried out using Monte
Carlo sampling: M = 1000 random draws are taken from a multivari-
ate normal distribution defined by the mean values and covariance
matrix of the fitted parameters R and i,. The Tafel slope is treated
as deterministic, b(t) = by, without additional uncertainty contribu-
tion. A detailed derivation of the residual variance, covariance estima-
tion, and calculation of standard errors is given in the Supplementary
Information.

To illustrate this with an example, assuming a linear trend for the
resistance R and a constant trend for the exchange current density i,
we obtain Eq. (11) as a time- and current-density-dependent expression
for the cell voltage:

Eeen(t.)) = Erey(T.p)+i - (R+ R 1) + by, -log <ll> . an
0

For each Monte Carlo draw, values for R, R’, and i, are obtained and
propagated through Eq. (11). The RUL prediction is then calculated by
solving Eq. (12) with the brentq function from the Python SciPy
package for the specified iy . This results in a distribution of g,
values, from which the mean is used as a point estimate and the 95%
quantiles are reported as confidence intervals.

0= Ecen(fgors igoL) — Ecell,EoL' 12)

The definition of the failure threshold for the cell voltage strongly
affects the EoL estimate and is highly system-dependent. It is influenced
by profitability considerations and equipment constraints, such as the
maximum voltage of electrical hardware [7]. While there is no uni-
versal consensus in the literature, the U.S. Department of Energy has
suggested a 10% increase relative to the begin-of-life (BoL) voltage as
a practical failure threshold [50].
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2.3.6. Performance metrics

PHM performance metrics must account for the continuous update
of the predicted RUL as new data becomes available [7]. Consequently,
early-stage predictions are based on less data than predictions closer
to the system’s EoL. The literature distinguishes between offline and
online metrics [8]. Offline metrics are best suited for the development
and validation of PHM approaches, as they rely on full datasets and
knowledge of the ground truth EoL. Online metrics, by contrast, are
used during operation when the true EoL is unknown. Since the datasets
used in this work include the true EoL, the evaluation focuses on offline
metrics such as the prognostic horizon (PH), a—4 accuracy, relative
accuracy (RA), and convergence, following the definitions of Saxena
et al. (2010) [8].

The PH is defined as the difference between the ground truth time
of the EoL, Thols and the earliest time ¢ ap AL which the predicted RUL
satisfies the g-criterion based on the data available up to that point (see
Eq. (13)).

PH=1y, —1, (13)

Here, ey = minit, Etp | n[RUL(t”)]Zf > ﬁ} is the first time at
which the predicted RUL distribution meets the f-criterion for a given
®err- tp is the set of all prediction time points, and RUL(z,,) is the pre-

+

dicted RUL distribution at time ¢,. The probability mass 7r[RUL(z,,)]:‘iH
PH

is evaluated within the fixed bounds oy, = RUL"(f,) + agy - Thor» With
RUL*(¢,) denoting the ground truth RUL. The parameter a,, reflects
the tolerance for prediction error, and # defines the minimum required
confidence.

The a-A accuracy is a binary metric that evaluates whether the
predicted RUL at time ¢, lies within dynamic a.,-bounds around the
true RUL (see Eq. (14)). In contrast to PH, these bounds scale with
the predicted RUL itself, resulting in a narrowing accuracy cone as the
EoL approaches. The metric returns 1 if the probability mass within the
bounds exceeds 8, and 0 otherwise.

I if 7 [RULG|S 2

a4
0 otherwise

a—Aaccuracy = {

The evaluation time ¢, is defined as ¢, = 1, + 1 - (tgq, — 1,), Where
1, is the time of the first prediction and 4 € [0,1] indicates the
relative position within the prognostic window. The probability mass

7[RUL(t A)]ZE is computed over bounds given by af = RUL"(t,) + dgpy -
RUL*(¢,). This metric is stricter than the PH, as it requires predictions
to stay within a cone of accuracy.

The RA quantifies the normalized prediction error with respect to
the true RUL at time 7; (Eq. (15)). In this work, the mean of the
predicted RUL distribution is used as the point estimate.

RUL"(t;) ~ E [RUL(,)] |
RUL*(1,)

RA(1) =1- (15)

Here, E[RUL(z,)] denotes the expected value of the predicted RUL at
t,. Unlike the binary a-1 accuracy, RA provides a continuous measure
of prediction accuracy.

Convergence is used here as a meta-metric to quantify how quickly
RA improves over time. Following Saxena et al. (2010) [8], it is
computed as the Euclidean distance between the origin and the center
of mass of the RA curve between 1 and rg;, (see Eq. (16)).

Cra =1/ (x, — tp)2 + yg (16)

Here, (x.,y,) is the center of mass of the RA curve, defined as:

L0 T2, —12) - RA(,)
-
(14— 1,) - RA,) )
0.5 ZNEL(t,,, | —1,) - RA(,)?
Ve =

Tk (1,41 —1,) - RA(,)

n=1
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Table 1

Relative errors (%) between fitted model parameters and their ground truth
values, evaluated at increasing levels of relative measurement inaccuracy
(frelmax = 0%, 1%, and 3 %).

Parameter  Ground truth Relative error in %
Sretmax =0%  Sreimax = 1%  frelmax = 3%
R 80.6 mQ cm? 0.27 -1.48 14.87
R 5.08 X 107> mQcm? h™! —0.04 -0.26 —2.64
l_zNh 65mV dec™! —0.09 -0.077 -25.1
iy 1.01 x 107° A cm™2 -1.05 -10.54 -97.97
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Table 2

Evaluation of a—4 accuracy, probability mass z[RUL(z,)], and RA at different
prediction times (4 = 0.25, 0.5, and 0.75), for varying levels of relative
measurement inaccuracies (fye; may = 0%, 1 %, and 2 %). Metrics were computed
with accuracy margin ., ; = 0.2 and confidence level § = 95 %.

Sretma 0% 1% 3%

A 0.25 0.5 0.75 0.25 0.5 0.75 0.25 0.5 0.75
a-A-accuracy(t;) 1 1 1 0 0 1 0 0 0
x[RUL())] 1 1 1 0.27 0.7 1.00 0.19 0.41 0.86
RA(t;) 1.00 1.00 1.00 0.61 085 096 -1.11 0.73 1.00

where ¢, denotes the discrete evaluation times, and RA(z,) is the relative
accuracy at t,, as defined in Eq. (15). Ng;, is the index corresponding
to the final evaluation time at the EoL. A lower value of Cg, indicates
faster convergence, as it implies that high accuracy is achieved earlier
in the prognostic window.

3. Results and discussion
3.1. Synthetic data

First, data processing is applied to exclude data points where the
PEMWE stacks are not in operation. Specifically, all data points with
a cell voltage below E_.. < 1.25V are removed, which approximately
corresponds to the Nernst potential under the assumed operating condi-
tions. Data points with current density below i < 0.005 A cm™2 are also
excluded to avoid convergence issues during least-squares fitting of the
polarization curves.

The applied data sectioning criteria are 4i = 1.6Acm™2 to cover
most of the operating range of ip,, = 2Acm™2, a minimum number
of data points n, i, = 300 to ensure sufficient data density within
each interval, and a maximum number n, ., = 2000 to ensure quasi-
steady-state conditions. Using these criteria, the number of extracted
polarization curves across the different levels of relative inaccuracy
ranged between 199 and 208, with an average duration per extracted
segment between 124.8 h and 130.5h. Given a known cell voltage decay
rate of 6E..; = 10 uV/h, this corresponds to an absolute voltage degra-
dation of approximately 1.3mV at i ,, = 2Acm~2, thereby satisfying
the quasi-stationarity condition for the extracted polarization curves.
Fig. 4a-c displays the extracted polarization curves at the BoT and the
end of test (EoT), together with the fitted polarization curves utilizing
Eq. (8) for the varied levels of relative inaccuracy.

Fig. 4d—f shows the time evolution of the extracted parameters R,
and i, ,, along with the fitted parameter trends. To extract a stable value
for the Tafel slope b ~, the first Ny = 4 polarization curves are used. A
linear trend is applied to the resistance R, while a constant trend is
used for the exchange current density i). These extracted trends align
with the synthetic dataset. Specifically, the linear voltage decay rate
(8E.n = 10pV/h) mathematically translates into a linear increase in
resistance and a constant i, as depicted in Eq. (18).

i

Ecellerev+i-R+b-1og<#)+5Eceu~ ot
]

lmax

SF i
:Erev+i-<R+ﬂ~t>+b-log<i> 18)

Imax ig
=Epoy +i- (R+R’-z)+b~1og<_i>
]

Table 1 presents the relative error of the extracted model parameters
compared to their ground truth values across increasing levels of rela-
tive measurement inaccuracy fye max- AS €xpected, the relative error of
the fitted parameters generally increases with higher noise levels.

At frelmax = 3%, the resistance R, the Tafel slope BNb, and the
exchange current density i, exhibit the largest deviations from the
ground truth. This originates from the fitting of the first N, = 4
polarization curves, where the root mean square error (RMSE) between

measured and modeled voltage is minimized with an unfixed Tafel
slope. Because both the Tafel slope and the resistance enter linearly
in the voltage model, a lower BNb can be compensated by a higher R
without affecting the RMSE. Once by, is fixed to its average value, this
compensation effect propagates into all subsequent fits. The deviation
of iy can be explained similarly, the voltage model depends linearly
on I_;Nb but logarithmically on iy,. A reduction in BNb can therefore
be balanced by a corresponding decrease in i, yielding an accurate
voltage prediction but biased parameter values. These compensation
mechanisms can persist in the regression procedure and distort the
estimation of time-dependent degradation trends.

Because the extracted parameters serve as intermediate quantities to
model voltage degradation, a comparison of the calculated cell voltage
Ecq(t,) with the ground truth E?  (#,) must also be considered to assess
model quality. The resulting RMSE values of the predicted voltage are
0.1mV at fre max = 0%, 19.9mV at 1 %, and 56.8 mV at 3 %. These results
demonstrate the robustness and numerical accuracy of the proposed
method.

The aforementioned results are based on the full dataset. In the
following passages, the PHM metrics described in Section 2.3.6 are
explored in more detail. Figs. 4g—i show the predicted RUL values
for a prediction start time of approximately 7, = 500h, compared to
the ground truth RUL, thereby illustrating the PH. The ground truth
EoL time, tEoL = 17787h, is defined as the time at which the voltage
increases by 10 % compared to the BoL voltage at iy, = 2 Acm™2, using
the ground truth parameters R, R’, b, and i, in Eq. (11).

The criteria for the PH are set to a., = 0.08 and f = 95%. This
choice of a,, corresponds to an absolute error margin around t;  ~of
approximately two months, providing the plant operator sufficient time
to schedule maintenance. As expected, the PH decreases with increasing
measurement inaccuracy. For example, at a relative inaccuracy of 3 %,
the PH is reduced to PH = 5.172h. However, these PH values should
be interpreted as comparative indicators for evaluating the approach
rather than as absolute values applicable to a specific data quality.

Table 2 presents the a—4 accuracy, the probability mass #[RUL(?,)],
and the RA for A = 0.25, 0.5, and 0.75 across the different levels of
relative inaccuracy. The a—A1 accuracy is evaluated using the criteria
ey, = 0.2 and f = 95%. These settings correspond to error margins
of approximately four, two and a half, and one month around #; | for
A = 0.25, 0.5, and 0.75, respectively. Therefore, presenting a stricter
cut-off criterion compared to the PH due to the increasing accuracy
requirement even with a higher «,, value.

The a-4 accuracy criterion is fulfilled for all A values at fi max =
0%. At frel max = 1 %, it is only satisfied at 2 = 0.75, and at fie) max = 3 %,
the criterion is not met for any A. This demonstrates that data quality
strongly governs prediction accuracy. The increasing probability mass
and the convergence of RA toward 1 with increasing A further empha-
size the need for larger datasets at higher levels of relative inaccuracy
to achieve reliable voltage predictions.

This can be further illustrated by the visualization of the RA over
time as the dataset grows until EoL in Figs. 4j-1. For higher levels of
relative inaccuracy, the RA converges more slowly toward the ideal
value of RA = 1. The slower convergence of RA can also be quantified
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Fig. 4. Results from synthetic data at varying levels of relative measurement inaccuracies (fiemax = 0%, 1%, and 3 %, left to right). Top row (a-c): Extracted
polarization curves using data sectioning criteria (4i = 1.6 Acm™2, n, ., = 300, and n, .., =2000) with fitted polarization curves based on Eq. (8). Upper middle
row (d-f): Temporal evolution of fitted parameters R, and i, ,, applying a linear trend for R (Eq. (9)) and a constant trend for i,. Lower middle row (g-i): Point
estimates of the RUL obtained from Eq. (11), including 95 % confidence intervals and PH visualization with a,, = 0.08 and g = 95%. Bottom row (j-1): Point
estimates of the RA calculated according to Eq. (15).

by the increasing values of Cga: Cpy = 64517h at frgmax = 0%, outliers are to be expected. Negative RA values occur when the RUL is
Cra =70564h at 1 %, and Cgs = 82933 h at 3 %. substantially overestimated, since in that case the numerator in Eq. (15)

Nonetheless, even at early prediction stages, the RA values are close exceeds the denominator. Notably, for both fie) max = 1% and frej max =
to 1, demonstrating good prediction quality. As with PH, the confidence 3%, a divergence from RA = 1 towards negative values can be observed
in the RA estimates improves with a larger dataset, so some early-stage near 7 . This behavior is explained by the denominator in Eq. (15)
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Table 3
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Fitted regression parameters R, R', by, , and i, obtained using Eq. (11), along with the root-mean-square error RMSE;; ) between
the modeled cell voltage E.(,) and the measured ground truth E} (7,), based on the full experimental dataset.

cel

Parameter Cell

Mean 1 2 3 4 5 6
R in mQcm? 286 269 333 276 288 274 275
R’ in mQcm?h™! 8.03 x 1072 2.90 x 1072 1.71 x 107! 3.72x 1072 1.08 x 107! 2.96 x 1072 1.07 x 107!
by, in mV dec™! 63.8 64.6 74.4 60.9 63.1 60.9 58.6
iy in Acm™? 1.57x 1076 1.84 x 107° 5.51%x107° 1.09 x 107° 1.48 x 107 1.04 x 107 6.95x 1077
RMSE; (., in mV 13.6 14.7 31.2 15.1 12.7 13.2 9.1

approaching zero as EoL is reached which makes the equation more
sensitive for overestimation of the RUL.

3.2. Experimental data

The experimental dataset is processed first according to the process-
ing steps described in Section 2.3.1. Only data points with a cell voltage
above 1.25V and a current density above 0.005 A/cm? were considered.
Additionally, the anode inlet temperature was restricted to the range
of 53°C to 63°C, and the cathode pressure to 0.5bar to 2bar. This
processing ensures quasi-steady-state operating conditions as required
by the applied degradation model.

The data sectioning criteria were set to 4i = 1.05 Acm™2, ny min = 13,
and n, m.x = 20. Based on these parameters, a total of eight polariza-
tion segments were extracted, corresponding exactly to the number of
measured polarization curves. The average duration per segment was
0.7 h, which satisfies the quasi-stationarity requirement, given the stack
voltage decay rate of approximately § E..; = 75 pV /h per-cell (assuming
a linear degradation behavior over the whole testing duration). The
extracted polarization curves at BoT and EoT are displayed in Fig. 5a-f.

Table 3 summarizes the extracted model parameters for the mean
cell and each of the six individual cells, assuming a linear time depen-
dence of the resistance and a constant exchange current density. Most
extracted parameter values lie within a similar range across the cells.
However, the coated cells (cells 2, 4, and 6) exhibit a resistance slope R’
that is approximately one order of magnitude higher than that of the
uncoated reference cells (cells 1, 3, and 5), indicating a significantly
higher voltage decay rate associated with the experimental coatings.
Fig. 5g-1 shows the temporal evolution of the extracted parameters.
The observed increase in resistance combined with the nearly constant
exchange current density is consistent with trends reported in the liter-
ature for constant-current testing [12,27]. For example, Rakousky et al.
(2017) observed an increase in ohmic cell resistance due to passivation
of titanium components without protective coating, while the exchange
current density remained largely unchanged under constant-current
operation [28]. These parallels strengthen the validity of the extracted
parameter trends in this study. Notably, the increase in resistance of
the coated cells is considerably steeper compared to the reference cells,
suggesting that the experimental coating introduces additional ohmic
losses.

The extracted BoT resistance values R are higher than typical liter-
ature values for the HFR in PEMWE single cells, which are reported
to range from 150mQcm? to 240mQcm? under comparable operat-
ing conditions (temperature, pressure, membrane type, catalyst, and
loading) [28,51]. This deviation can be attributed to the inherently
higher internal resistance of the research stack compared to single-
cell systems. Supporting this hypothesis, impedance measurements at
BoT show real parts of the impedance ranging from 288 mQcm? to
392 mQ cm?, which are in good agreement with the extracted R values.

The elevated impedance values may also stem from limitations of
the measurement method. The applied frequency of 1kHz may not
coincide with the true high-frequency intercept of the x-axis in the
Nyquist plot, which defines the HFR. At lower frequencies, charge-
transfer and double-layer effects contribute, while at higher frequencies
parasitic inductances can increase the apparent resistance [52,53].

At EoT, the real part of the impedance measurements ranged from
258 mQcm? to 1028 mQ cm?, which corresponds well to the resistance
values extracted with the model after 2200h of operation. These ex-
tracted values lie between 333 mQcm? to 706 mQ cm?. The model par-
ticularly captures the steeper resistance increase in the coated research
cells. However, for the uncoated commercial reference cells, a de-
crease in the real part of the impedance between BoT and EoT was
observed, which is not reflected in the extracted model parameters.
Detailed impedance data can be found in Table S3 of the Supplementary
Information.

The extracted Tafel slopes range from 58.6 mV dec™! to 74.4mV dec™!.
Literature values are typically determined from linear fits of
iR-corrected polarization data in the low-current region (10 mA cm~2 to
100 mA cm~2), where kinetic control dominates and contributions from
ohmic or mass transport limitations are negligible [33]. In contrast,
the slopes reported here are obtained from full quasi-steady-state
polarization curves. As a result, they inherently incorporate additional
voltage losses beyond the pure kinetic overpotential. Consequently, the
fitted average Tafel slope BN,, may slightly overestimate the intrinsic
Tafel slope in the low-current region [43]. Nonetheless, the extracted
values lie at the upper end of the literature range for Ir-based catalysts
in PEMWE, typically reported between 40mVdec™' to 80mVdec™!,
depending on catalyst type, loading, and operating conditions [54-56].

The extracted exchange current densities lie in the range of 6.95 x
1077 Acm™2 to 5.51 x 107% Acm™2, which is approximately one to two
orders of magnitude higher than literature values reported for Ir-based
catalysts at 60°C, typically ranging from 1.5 x 1078 Acm™2 to 2.5 x
1077 Acm™2 [46,57]. This discrepancy is consistent with the elevated
Tafel slopes discussed above. In the literature, apparent exchange cur-
rent densities are usually extracted by extrapolating the Tafel slope,
which is determined in the kinetically controlled low-current region,
to its intercept at nogg = OV. Rogler et al. (2023) demonstrated that
even small deviations in the extracted Tafel slope can lead to substantial
changes in the estimated exchange current density, often by several
orders of magnitude [43]. As discussed, the slopes extracted here likely
include additional losses, leading to systematically higher b values
and, consequently, an overestimation of the apparent exchange current
density.

Despite these differences, most extracted parameters remain within
physically reasonable bounds and in good agreement with literature
ranges. This supports the physical validity and robustness of the param-
eterization. However, due to the modeling simplifications described in
Section 2.3, the extracted parameters should not be interpreted as exact
physical quantities.

Physical accuracy of the parameters is not a requirement for the
underlying PHM objective, which is to accurately model voltage degra-
dation over time. Instead, model quality is quantitatively assessed
by the root-mean-square error RMSEy_, ., between the modeled cell
voltage Ec(f,) and the measured ground truth E7  (7,) across the
entire experimental dataset. The resulting RMSE values range from
9.1mV to 31.2mV, indicating high overall model accuracy (see Table 3).

The PHM suitability of the approach for the experimental dataset
can be further evaluated using the PHM metrics outlined in Sec-
tion 2.3.6. As described earlier, the coated cells exhibit higher voltage
decay rates compared to the uncoated cells. However, a differentiation
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Fig. 5. Results from the experimental dataset. Top rows (a-f): Extracted polarization curves using data sectioning criteria (4i = 1.05Acm™2, n, ., = 13, and
1, max = 20) with fitted polarization curves based on Eq. (8). Bottom rows (g-1): Temporal evolution of fitted parameters R, and i, ,, applying a linear trend for

R (Eq. (9)) and a constant trend for i.

between individual cells for estimating the EoL of the stack based on
voltage degradation is not necessary. The voltage failure threshold of
a PEMWE stack is ultimately determined by the overall stack volt-
age or the mean cell voltage, since the limiting factors are typically
equipment-related constraints, such as the maximum allowable voltage
of the power converters [7]. Therefore, the following results were
obtained with the mean cell voltage of the stack.

The EoL voltage failure threshold is defined as a 10 % increase rela-
tive to the BoT voltage at i = 1 Acm™2, which corresponds to Egjj gor, =
2V. The ground truth EoL time 77 = 1632h is determined as the
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intersection point between the mean cell voltage, which is smoothed
with a moving average filter over 24 h and the threshold voltage E ¢ koL,
(see Supplementary Information, Figure S4). It is important to note
that, although this EoL threshold is consistent with the definition used
by the U.S. Department of Energy [50], it must also fall within the
duration of the available dataset in order to be used as a ground truth
reference. Only then can the predicted voltage trajectory be validated
using offline PHM performance metrics.

Fig. 6a shows the predicted RUL of the mean cell voltage for a
prediction start time of approximately #, = 500h, compared to the
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Fig. 6. Results from the experimental data. Upper graph (a): Point estimates of the RUL obtained from Eq. (11), including 95 % confidence intervals and PH
visualization with «,, = 0.2 and p = 95 %. Lower Graph (b): Point estimates of the RA calculated according to Eq. (15).

Table 4
Evaluation of a—4 accuracy, probability mass z[RUL(z,)], and RA at different
prediction times (1 = 0.25, 0.5, and 0.75), for the experimental dataset. Metrics

were computed with accuracy margin a,,,

A 0.25 0.5 0.75
a-A-accuracy(t;) 0 0 0

#[RUL(1 )] 0.01 0.66 0.36
RA(t;) -0.27 0.80 0.60

ground truth RUL, illustrating the PH. The PH criteria are set to g, =
0.2 and = 95 %, where the chosen a,,, corresponds to an absolute error
margin of approximately two weeks around r7 ;. The extracted PH is
approximately three weeks (PH = 553 h).

Table 4 presents the a—4 accuracy, the probability mass z[RUL(?,)],
and the RA for 4 = 0.25, 0.5, and 0.75 across different levels of
relative inaccuracy. The a—A accuracy is evaluated using the criteria
ey, = 0.3 and f = 95%. These settings correspond to error margins
of approximately 15, 10, and 4 days around r; | for A = 0.25, 0.5,
and 0.75, respectively. The a—4 accuracy criterion is not fulfilled at
any of the evaluated times, indicating that the approach cannot reliably
achieve day-level accuracy for this specific dataset.

These results must be interpreted in the context of the dataset and
method: Due to the nature of the data sectioning method described
in Section 2.3.2, only a limited number of polarization curves are
available for parameter fitting (see, Fig. 5g-1). This results in higher
predictive uncertainty compared to datasets with greater temporal
resolution and variability, such as the synthetic dataset, which allow
more frequent curve extraction. Nevertheless, achieving the observed
accuracy with only eight polarization curves demonstrates the method’s
feasibility for constant operated plants when occasional polarization
curves can be obtained.

The point estimates of the RA displayed in Fig. 6b remain close
to RA = 1 even at early prediction times, indicating overall good
prediction quality. As observed in the synthetic dataset, a divergence
toward negative RA values occurs near 7 - . This behavior, as previ-
ously discussed, results from the denominator in Eq. (15) approaching
zero near EoL, making the RA metric increasingly sensitive to even
slight overestimations of the RUL.

3.3. Comparative analysis of PHM performance metrics across datasets

To enable comparison across the long synthetic dataset and the
shorter experimental dataset, the PH and Cg, must be normalized. The
normalized PH is defined as the ratio of the absolute PH to the total
runtime, PH = PH/tEoL' While the absolute PH of the experimental

= 0.3 and confidence level g = 95 %.
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dataset appears small compared to the synthetic dataset, where PH
values range from 5032 h to 17288 h depending on the applied maximum
relative inaccuracy fremax (0% to 3 %), the normalized PH of the ex-
perimental data (PH = 0.34) lies within the same order of magnitude. In
the synthetic dataset, normalized PH values range from 0.28 (fye|,max =
3%) to 0.97 (freymax = 0%), indicating that the experimental data
offers a comparable prognostic reach to the synthetic data under the
investigated relative accuracy criteria.

Similarly, the value of Cg, = 5298 h appears relatively small com-
pared to the values obtained from the synthetic dataset. However,
due to the strong dependency of Cr, on the temporal extent of the
dAataset, Cra is normalized by the corresponding tgoL according to
Cra = Cpa/tg,;- This yields a normalized ValueA of Cgy = 3.2 for the
experimental dataset and values in the range of Cy, = 3.6 to 4.7 for the
synthetic dataset, indicating a slightly faster convergence of the RA in
the experimental case.

Overall, the similarity of normalized PHM performance metrics
between the experimental and synthetic datasets indicates that a com-
bined validation strategy is viable. Moreover, the absolute RMSEy__
being overall in the two digit mV range strengthens the comparabil-
ity of results across the datasets. Therefore, we argue that the long-
duration synthetic dataset establishes stability and uncertainty trends
over industry relevant lifetimes, while the shorter experimental dataset
confirms applicability under real operating conditions, despite its lim-
ited duration.

To place these results in a broader context, Table 5 shows that
the obtained voltage errors over full datasets are of the same order of
magnitude as recent physical, empirical, and data-driven approaches. A
direct comparison of PHM-specific performance metrics is not possible
because these metrics are not reported in those studies. Notably, the
proposed method also maintains high accuracy in the low-current-
density region, where the logarithmic activation contribution domi-
nates. Its low computational effort — relying solely on least-squares
polarization-curve fits and low-order regression — further highlights
its practical advantages.

Beyond the presented datasets, the method is generally applica-
ble to any dataset that contains quasi-steady-state polarization-curve
segments. Thus, it remains valid for both steady-state and dynamic
operation provided that (i) operating conditions stay within defined
stability bounds and (ii) sufficient current-density variation is present.
Under strictly constant operation, fewer usable segments are obtained,
which increases uncertainty and reduces prognostic horizons.

Finally, the combined use of long term synthetic and short-term
experimental data allows researchers and operators to assess prognostic
capability without multi-year field trials, thereby accelerating model
deployment and reducing risks associated with unvalidated lifetime
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Table 5
Accuracy comparison of the model against literature. Ranges denote the spread reported by each source (noise levels or operating
regions). Direct numerical comparison is limited by differing datasets and operating profiles.

Source Approach RMSE in mV MSE in V2 Absolute error in %
Synthetic data physical 0.1 to 56.8 7.17x 107 to 3.22x 1073 3.3x 107 to 2.8 (MAE)
(low to high noise)

Experimental data physical 13.6 1.85x 107* 0.67 (MAE)

(mean cell voltage)

Pape et al. (2025) [20] physical 29.7 - -

Woelke et al. (2025) [19] data-driven - - 2 to 13

(high to low current densities)
Xu et al. (2024) [18]

(current profile/ model
dependent)

Yan et al. (2024) [14]
(current region/ model
dependent)

data-driven -

empirical -

1.18 x 1078 to 2.08 x 10~ -

54x107° to 3.9x 1073 -

predictions. From an industrial perspective, the resulting RUL forecasts
enable predictive maintenance and degradation-aware operation [7].
This supports cost-optimal scheduling of stack replacement and re-
duces unplanned downtime, suggesting operating-cost benefits similar
to those reported for PHM in related electrolysis technologies [58]. Fur-

Glossary

Symbols and corresponding SI units

thermore, degradation-aware operation has been indicated to reduce b Tafel slope mV dec™!
operating costs in techno-economic case studies for PEMWE plants [59, by . Mean Tafel slope fitted over mV dec™!
60]. N,, polarization curves
. Cra Convergence of the RA h
4. Conclusion Cra Normalized convergence of -
. o . . the RA

This study presented a layer—unspecific physical model to predict E Voltage v

voltage degradation and RUL of PEMWE suited for plant-level operation 1
> . . . 6E Voltage decay rate puVh

data. Quasi-steady-state polarization curves are extracted in situ, with- F Farad Cmol-!
out diagnostic downtime, and fitted with a simplified electrochemical ara .ay consFant . mo
expression. As a central methodological feature, the model applies a f rel,max Relative maX}mum Inaccuracy % )
fixed Tafel slope to avoid parameter collinearity and enable stable ! Current density . Acm;
tracking of the temporal evolution of resistance and exchange current o Exchange current density Acm”
density. Ai Current density interval Acm™2

Monte Carlo sampling propagates parameter regression uncertain- J Index parameter -
ties into RUL predictions, enabling confidence levels to be quantified. Ngo Index of final time instance at -
Validation against a 26200 h synthetic dataset and a 2200 h experimen- EoL
tal dataset demonstrated millivolt-scale voltage errors and prognostic n Index parameter -
horizons sufficient for practical maintenance planning, while relying M max Maximum number of data -
only on plant-typical voltage and current signals. points of extracted

A key constraint is the required structure of the data. Extracting polarization curve
polarization curves demands stable operation and sufficient current- My, min Maximum number of data -
density variability within short windows; under strictly constant op- points of extracted
eration, only a few usable segments are obtained, which increases polarization curve
predictive uncertainty and shortens prognostic horizons. This limitation R Resistance mQ cm?
was evident in the experimental dataset, yet the method still achieved R Ideal gas constant Jmol~! K-!
sufficient accuracy when applied to stack mean voltage, underlining P Power W
feasibility in data-sp.arse settirilgs‘. S ' PH Prognostic horizon h

The electrochemical description makes simplifying assumptions: a PH Normalized prognostic horizon B
time-invariant Tafel slope, omission of explicit mass-transport effects » Pressure Pa
to avoid overfitting, and reliance on predefined statistical regression Water partial pressure Pa
trends. As a result, parameters should be interpreted as apparent values Pr0 aterp P
for prediction rather than exact descriptors of electrode processes. P j“zo Saturated water pressure Pa
Nevertheless, extracted values aligned with literature ranges, and the P Referfance pressure Pa
regression proved robust under steady conditions, capturing trends RA Relative accuracy -
consistent with experimental observations. RMSE Root mean square error mv

These limitations open opportunities for further work, including RUL Remaining useful life h
explicit treatment of temperature and pressure effects, more adaptive T Temperature K
handling of changes in operation behavior through filtering or machine IEoL Time instant at EoL s
learning for parameter trend prediction, and validation across broader 1, Time instant s
long-term datasets and operating regimes. I, Time instant of first prediction s

In conclusion, the proposed model provides a robust, plant-level- Ip Set of all prediction time s
suited method to predict PEMWE voltage decay and deliver RUL es- instances
timates with quantified uncertainty. The integration of synthetic data 1) Time instant at 4 s
further extends validation to industry-relevant lifetimes without the x X-coordinate of the center of S

need for multi-year experiments, thereby providing a solid basis for
efficiency management and predictive maintenance of PEMWE plants.
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mass of the RA curve
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Ve Y-coordinate of the center of s
mass of the RA curve
a Charge transfer coefficient -
Cerr Specified error margin -
B Probability mass bounds -
y Exponential coefficient -
n Overpotential \%
9 Temperature °C
A Relative time instant -
z Probability mass -
X Linear coefficient -

Sub- and superscripts

a Anode

c Cathode

cell PEMWE cell
Cross Crossover

eff Effective

el Electronic

F Faraday

Ht Proton

mem Membrane

mt Mass transport

N, Number of fitted polarization
curves for mean b value

ohm Ohmic

plant PEMWE plant

rev Reversible

stack PEMWE stack

0 Standard

* Ground truth

Abbreviations

BoL Begin of life

BoT Begin of test

BPP Bipolar plate

CCM Catalyst coated membrane

ECSA Electrochemically active surface area

EoL End of life

EoT End of test

HER Hydrogen evolution reaction

HFR High-frequency resistance

HI Health indicator

OER Oxygen evolution reaction

PEM Proton exchange membrane

PEMWE Proton exchange membrane water electrolysis

PHM Prognostics and health management

PTL Porous transport layer
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