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HIGHLIGHTS

Degradation of PEM stacks affects the
profitability of electrolysis dynamic op-
eration.

Partial loading decreases the degrada-
tion rate of PEM electrolyzer stacks.
Minimizing rate of change of current
density limits the increase in degrada-
tion rate.
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ABSTRACT

Dynamic load operation of proton exchange membrane (PEM) electrolyzers offers a significant opportunity
to reduce the cost of green hydrogen, by quickly adjusting their hydrogen production rates in response to
low electricity prices. However, this operation mode affects the degradation rate of PEM electrolyzer stacks
differently compared to steady-state operation. This study aims to analyze the effects of dynamic load operation
parameters on the degradation rate of PEM electrolyzer stacks and to provide suggestions to mitigate some
of their negative implications. A feed-forward deep neural network model was developed using experimental
data from two 50 kW PEM stacks (each operated for 1134 h). This model was able to evaluate the PEM
stack degradation at different operating conditions. It was observed that partial load operation decreased the
degradation rate of PEM electrolyzer stacks by up to 69%. Moreover, the degradation rate at 0.3 A/(cm?-s)
rate of change in current density and low load cycling time was 266% higher than the degradation rate
during steady-state operation. Although dynamic load operation increases the degradation rate compared to
steady-state operation, optimizing the operation parameters can limit this increase in the degradation rate.

1. Introduction

6]. Assuming specific installation costs of 500 €/kW, electricity costs
of 0.04 €/kWh, and 60,000 full load hours, the electricity cost con-

Decreasing the levelized cost of hydrogen (LCOH) is a necessity to tributes to more than 80% of the LCOH [7,8]. Therefore, optimizing the
decarbonize the energy sector and improve the profitability of green operation of electrolysis plants and maximizing production at low

hydrogen projects [1-3]. In addition to reducing the capital costs of electricity prices have the potential to reduce LCOH [9-11].
electrolysis plants, it is necessary to minimize the operational costs [4—
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Abbreviations

DNN deep neural network

LCOH levelized cost of hydrogen

PEM proton exchange membrane
RCCD rate of change in current density

In previous work, it was observed that the dynamic load operation
of proton exchange membrane (PEM) electrolysis reduces the LCOH
by up to 42% compared to the steady-state operation [12]. However,
each 1 pV/h increase in the average cell voltage degradation rate
of the electrolyzer stack over its lifetime increases the LCOH by up
to 2.2% [12]. Cell voltage degradation rate is used to quantify the
average decline in electrolyzer stack performance over time [13,14].
As the degradation rate increases, the consumed electricity to produce
a comparable amount of green hydrogen also increases [15-17].

This dependency between the degradation rate and the LCOH shows
the significance of understanding and predicting the degradation rate
for reducing green hydrogen cost. Values for degradation rates from 2.5
to 50 pV/h were identified in Rakousky et al. [18], Papakonstantinou
et al. [19], and Panto et al. [20]. Generally, degradation rates are
affected by both operational parameters and strategies.

Wallnofer-Ogris et al. [14] studied the degradation mechanisms and
the most influential factors that affect the lifetime of PEM electrolyzer
stacks. They classified the influence of the operating parameters on
the degradation mechanisms as high, significant, and possible. They
observed that high current densities, transient operation, start-stop cy-
cling, temperature higher than 80 °C, high hydrogen pressure, and im-
purities in water and balance-of-plant have high influence on different
degradation mechanisms.

The dynamic load operation of electrolyzers can be characterized
by three key operating parameters: current density levels, load cycling
time, and rate of change in current density (RCCD). High and very low
operating current densities decrease the lifetime of PEM electrolyzer
stacks [21]. Rakousky et al. [18] measured the degradation rate for
steady-state operation at current densities of 1 A/cm? and 2 A/cm?.
They demonstrated that increasing the current density increases the
degradation rate (from 0 to 194.25 pV/h). Besides, Gago et al. [22]
examined the effect of peak current density on the degradation rate of
PEM electrolyzer stacks. They experimented with peak current densities
of 2 A/em?, 3 A/cm?, 4 A/cm?, and 4.5 A/cm?. They identified that
higher peak current density escalated the irreversible degradation of
the electrolyzer stack.

Frensch et al. [23] simulated fluoride emission rates in terms of
current density and temperature. High fluoride emission rates indicate
an increase in the thinning of membrane and ionomer in the catalyst
layer [24]. Frensch et al. illustrated that decreasing the current density
of PEM electrolyzers from 2 A/cm? to 0.2 A/cm? at 80 °C, increased
the fluoride emission rates from 0.64 pg/(cm?-h) to 3.3 pg/(cm?-h).
Moreover, Chandesris et al. [25] observed that the fluoride emission
rate was maximum at current densities of 0.2 A/cm? and 0.4 A/cm? at
operating temperatures of 60 °C and 80 °C respectively.

Load cycling time is defined as the duration for which the current
density is maintained at a constant level before transitioning to a
different current density level. Alia et al. [26] studied the degradation
of PEM electrolyzer stacks at different load cycling times. The load
cycling times were 5, 15, 30, and 60 s, where cell voltage cycled
between 1.45 V and 2 V. Alia et al. observed that decreasing the load
cycling time increases the degradation of the electrolyzer stack. Similar
findings have been presented by Rakousky et al. [18] that examined the
degradation rate at load cycling times of 10 min and 6 h. They showed
that decreasing the load cycling time, from 6 h to 10 min, increased
the degradation rate from 15.86 pV/h to 49.55 pV/h correspondingly.
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In Su et al. [27] and Voronova et al. [28], not only does the
current density increase the degradation rate, but also square-wave
modes with different rates of changes in currents and high dynamic
photovoltaic profiles have been shown to influence the degradation
rate. In general, a high RCCD increases the degradation rate [29]. He
et al. [30] examined the effect of the RCCD on the degradation rate
of PEM electrolyzer stacks using two flow field configurations. They
found that the degradation rate at step load cycling was 2.45 and 1.61
times the multi-step load cycling using parallel flow field and triple
serpentine flow field respectively.

Conversely, Xu et al. [31] developed a deep learning model to
predict and compare the degradation of a PEM electrolyzer stack in
constant and start-stop cycling mode. They found that the degradation
rate under start-stop cycling was lower than the degradation rate
at constant operation. However, the current density in the constant
mode was 3 A/cm?, while the current density fluctuated between 1.5
A/cm? and zero at the start-stop mode. This difference in the current
density can be the cause of the lower degradation rate. Therefore,
a comprehensive understanding of the interrelation between current
density levels, the RCCD, and load cycling time is essential to optimize
system performance and mitigate degradation phenomena.

These limitations highlight a gap in the existing literature: it is
not sufficient to study the effect of individual parameters or their
limited combinations to optimize system performance and mitigate
degradation. In fact, this can only be achieved through a comprehensive
understanding of the interrelation between current density levels, the
RCCD, and load cycling time. This study bridges this gap by investi-
gating the performance of a 100 kW electrolyzer, operating two 50 kW
PEM stacks in parallel, each with more than 1000 operating hours. The
study focuses on the effect of dynamic load operation parameters (cur-
rent density levels, RCCD, and load cycling time) and their interactions
on the degradation rate of PEM electrolyzer stacks.

2. Methodology

This section describes the experimental setup and the model used
to calculate the average cell voltage degradation rate at different
operating conditions.

2.1. Experimental setup

Fig. 1 depicts a 100 kW PEM electrolyzer system installed at IET-4
(Institute of Energy Technologies - Electrochemical Process Engineer-
ing) of Forschungszentrum Jiilich, comprising key components essential
for operational functionality. Central to the PEM system are the elec-
trolysis cells, in which water is electrochemically split into hydrogen
and oxygen under the influence of applied electric power. The system
design is based on two 50 kW PEM stacks, operated in parallel, visible
in the lower left quadrant of Fig. 1. This configuration was selected
to accommodate the high power input requirements while mitigating
design challenges associated with scaling. Specifically, the number of
cells per stack was limited to 27 to reduce the potential risk of stack
failure due to an uneven performance distribution associated with large
series-connected cell assemblies. Furthermore, the active cell area was
300 cm?. This is an order of magnitude in which the interactions
between stack and system are realistically mapped, and at the same
time, a high degree of flexibility in the choice of operating conditions
is given. The complete specification of one 50 kW PEM stack can be
found in Table 1. The test rig was engineered for a maximum operating
pressure of 50 bar on both the cathode and the anode side. Table 2
summarizes the operating parameters.

Fig. 2 shows a simplified process flow diagram, indicating the key
components for the operation of the system. Among these is the recti-
fier, which is essential for supplying a stable direct current (DC) to the
electrochemical process. Since the electrical grid delivers an alternating
current (AC), the rectifier converts it into DC to enable controlled and
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Fig. 1. Test rig 100 kW PEM electrolyzer with two 50 kW PEM stacks.

Table 1
Specification 50 kW PEM stack operating in 100 kW PEM electrolyzer.
Specification Value Unit Stack image
Number cells 27
Maximal power 6 %
Coating cathode Pt 0.940 -
Coating anode Ir 2.610 o
Membrane Nafion 117
Cell area 300 cm?
Bipolar plates metal
Table 2

Operating parameters 100 kW PEM electrolyzer derived from the public
available data set [32].

Specification Value Unit
Cell voltage Ut 0..2 A%
. . A
Current density Jol 0.3 o
Pressure anode Po, 0..50 bar
Pressure cathode P, 0..50 bar
Temperature Tsrack 60..80 °C
i ; 1
Specific volume flow anode Vanode 0..10 mjnmcm2
Specific volume flow cathode Veathode 0..10 ml_
min_cm’

continuous operation of the PEM electrolyzer. Furthermore, the two
circulation pumps in the anode and cathode loops can be identified as
essential components for operational functionality. These pumps ensure
the continuous supply of reactants to the electrochemical reaction and
realize the temperature control of the PEM stack. Each loop is equipped
with a heating element and a plate heat exchanger for cooling. During
cold start-up, the heating elements provide baseline preheating to
enable the initial operation of the PEM stack. As the system reaches
higher temperatures during operation, the plate heat exchangers are
activated to dissipate excess heat. Throughout nominal operation, the
temperature of the PEM stack Ty, is maintained primarily by the
cooling system. The nominal stack temperature range of the 100 kW
system lies between 60 and 80 °C (Table 2). The circulation of water
on both sides leads to a two-phase flow regime under load conditions,
consisting of reaction gas and liquid water. This two-phase mixture is
separated in gas separators, and the water vapor in the gas fraction
is condensed before the product gases are discharged. With the drain
valves on both sides, the pressure of hydrogen py, and oxygen p,, can
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be controlled. Additionally, the flow diagram indicates a water dosing
unit, which replenishes the water consumed during the electrochemical
reaction.

2.2. Measurements performed 100 kW electrolyzer

All experimental measurements analyzed in this work were carried
out by using the 100 kW PEM electrolyzer system in Fig. 1 [32].
Over the years, the 100 kW system was operated under an extensive
range of scenarios, including renewable energy profiles, thermally dy-
namic sequences, and tailored ramping loads, resulting in numerous
peer-reviewed publications. Among these, experiments with system
dynamics and the impact of renewable energy sources on systems
design have been performed within Rauls et al. [33], where the system
was subjected to dynamic load profiles derived from photovoltaic and
wind power data. In addition, the cold-start behavior of the system
was evaluated, and the results, including various start-up scenarios
and their implications, were published by Rauls et al. [34]. Further
measurements were conducted to validate a feedforward model-based
temperature control strategy by Keller et al. [35]. Operational strate-
gies, such as dynamic ramping under variable load conditions, were
also tested and validated using the 100 kW system for a variety of
scenarios by Keller et al. [36]. Beyond the experiments associated with
specific publications, additional long-term operational tests, commis-
sioning procedures, and load profile applications were carried out to
support the development and validation of an adaptive pressure control
strategy.

The operational history of the 100 kW PEM electrolyzer spans a
period of six years, during which the system was exposed to a diverse
set of operational modes. This includes periods of continuous operation
as well as extended shutdowns. The resulting database serves as the
basis for an aging analysis using artificial intelligence methodologies.
The data exhibit a high degree of temporal and operational variability:
on one hand, highly dynamic measurements with 1 Hz resolution were
performed under PV and wind-based load conditions; on the other
hand, phases with step changes in current density and steady-state op-
eration were also included. In addition to electrical input, temperature
plays a critical role in system aging. Particularly during start-up phases,
temperature control development, and dynamic ramping experiments,
the system experienced high thermal gradients and fluctuations.

2.3. Modeling

Experimental data, 945068 data points measured during 1134 h of
operation, was used to develop a deep neural network (DNN) model
to predict the cell voltage in terms of operating time. Afterwards,
the model was used to calculate the PEM stack voltage degradation
rate with a focus on dynamic load operation parameters. The average
degradation rate was calculated as shown in Eq. (1) [37]. The average
cell voltages were predicted at identical operating conditions.

SN V(@ + A = V()

E,Z] 41,

V(1;) is the cell voltage at any specific time, V(t; + 4t;) is the
subsequent cell voltage, and 4r; is the time difference between V (r;)
and V(t; + At)).

Fig. 4 shows the configuration of the feed-forward DNN used to
predict the cell voltage in terms of operating time and the 13 input
parameters used in the model. The model consisted of one normaliza-
tion input layer, six hidden layers, and one output layer. Each hidden
layer included 32 neurons. Fig. 4 shows the activation function of each
hidden layer (mish, swish, or linear). Eq. (2) shows the mish activation
function, while Eq. (3) shows the swish activation function [38,39].

€3]

Degradation Rate =

mish(x) = x - tanh(In(e* + 1)) 2)
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Fig. 2. Simplified process flow diagram of the 100 kW PEM electrolyzer.

. 1
swish(x) = x - T7e= 3)

Data from two 50 kW PEM electrolyzer stacks were used to train the
model. Nevertheless, for improving the model accuracy, stack labels
(0 and 1) were added to account for the differences of the voltage
prediction in the two stacks. Moreover, current density was limited
between 5% and 100% of the rated current density. Cycling between
on and off states was not included in this model to avoid the excessive
increase in the degradation rate of PEM stacks caused by frequent
on/off cycles [40].

Fig. 3 shows the experimental cell voltage of the two stacks, used
to train and evaluate the model, as a function of operating time
derived from [32]. Fig. 3 reflects the highly dynamic operation of
the PEM electrolyzer stacks over time. The observed fluctuations in
cell voltage are primarily caused by variations in operating conditions,
particularly changes in current density and stack temperature, to which
the cell voltage responds directly. Due to these continuously changing
operating conditions, the curve does not allow a direct assessment of
degradation, since such an analysis would require constant operating
parameters (e.g., fixed current density and temperature). However, it
can be observed that after approximately 1000 h of operation, the
overall trend of the cell voltage shifts towards higher values, which
is indicative of degradation effects. At the same time, the cell voltage
remains within the typical operating range of the system.

The experimental data of the two stacks were randomly divided
into training, calibration, and testing datasets with a 8:1:1 ratio. The
training dataset was used to train the feed-forward DNN. The cali-
bration dataset was used to perform the uncertainty analysis of the
model, using split conformal prediction and bootstrapping residuals
methods [41,42]. The testing dataset was used to evaluate the model
and the empirical coverage of the prediction intervals. During training
the model, the training dataset was divided into training and valida-
tion datasets with a 4:1 ratio. The model stopped training (updating
the weights) when the validation accuracy did not improve for three
consecutive epochs. More details about the model can be found in
Appendix.

3. Results and discussion

This section discusses the change in the degradation rate of PEM
electrolyzer stacks as a result of dynamic load operation. The sec-
tion focuses on the effect of current density levels, RCCD, and load
cycling time on the degradation rate. These factors were chosen as
they describe the difference in load operation between steady-state
and dynamic load operation modes. This allows for a comparison
between the degradation rate under dynamic load operation with the
steady-state operation degradation rate given by the manufacturer.

Cell voltage (V)

I
1000

I I 1
0 250 500 750
Operating time (hours)

Fig. 3. Experimental cell voltage as a function of operating time.

3.1. Model validation

The DNN model was validated using the introduced experimental
data of the 100 kW PEM electrolyzer. The coefficient of determination
(R?) and root mean square error (RMSE) of the training dataset
were 0.9989 and 0.00322 V respectively, while R> and RMSE of
the testing dataset were 0.9988 and 0.00332 V respectively. Fig. 5
shows the distribution of the residuals. The residuals for predicting the
cell voltage are centered around 0.00127 V with standard deviation
of 0.00288 V and skewness of —1.089. The standard deviation of the
experimental data was 0.097 V. These values indicate the accuracy of
the model in predicting the average cell voltage under different oper-
ating conditions. Moreover, similar R?> and RM SE values in training
and testing datasets, high ratio between training dataset and trainable
parameters (105:1), and early stopping of the model training when
the validation accuracy did not improve for three consecutive epochs
suggest that the model is not overfitting.

Finally, Fig. 6 displays the predicted cell voltage residuals as a
function of operating time. As illustrated, the model accurately predicts
the cell voltage over time.

3.2. Degradation rate

Even though there was a significant amount of experimental data
from the two PEM electrolyzer stacks, the operational parameters were



H. Sayed-Ahmed et al.

Energy and Al 25 (2026) 100790

HiddenALayers

Operating time
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mish

Output Layer

Fig. 4. Feed-forward deep neural network model.

0.35 A
0.30 A
0.25 A
0.20 A
0.15 A

Probability

0.10 A

0.05 A

0.00

-0.1 0.0 0.1
Residuals (V)

Fig. 5. Combined cell voltage residuals distribution of the two stacks.

highly variable, and the degradation rate had to be inferred indirectly.
Therefore, DNN model was applied to investigate the change in the
degradation rate of the two PEM electrolyzer stacks over their operating
times, which is illustrated in Fig. 7.

As shown in Fig. 7, there was an initial improvement in the perfor-
mance of the PEM stacks in the first 100 h of operation. However, by
the end of the operation time, the average cumulative degradation rate
of the two stacks was 11.7 pV/h.

3.3. Uncertainty analysis

The DNN model uncertainty was quantified using split conformal
prediction and bootstrapping residuals methods. The split conformal
prediction method computed the conformal quantile at 95% confidence
level. The conformal quantile was 5.87 mV. This corresponds to a
symmetric uncertainty prediction interval of +5.87 mV at any pre-
diction point (total prediction interval width equaled to 11.74 mV).
The empirical coverage, calculated using the testing dataset, reached
95.02%. This corresponds to uncertainty in the degradation rate after

Cell Voltage
swish  linear linear
32n 32n 32n
0.15 A O
0.10 A
—_ @) @ %
> 0.05 -
0
S 0.00-
S
3
—0.10 1 8)
e
—0.15 A ©

0 250 500 750 1000
Operating time (hours)

Fig. 6. Predicted cell voltage residuals over operating time of the two stacks.

1134 h of operation equals to +7.32 pV/h. The lower uncertainty value
compared to the predicted degradation rate indicates that the model
captures the degradation of the stacks.

The bootstrapping residuals method yielded an empirical coverage
of 94.82% and a mean total prediction interval width of 10.86 mV, with
a minimum and maximum intervals equal to 8.99 mV and 13.71 mV
respectively. The close agreement between both methods confirms the
robustness and consistency of the uncertainty estimates. Fig. 8 shows
the total uncertainty prediction interval width computed using split
conformal prediction and bootstrapping residuals methods.

3.4. Dynamic load operation parameters

Fig. 9 demonstrates the effect of varying the current density, RCCD,
and load cycling time on the degradation rate of the two PEM elec-
trolyzer stacks. The change in degradation rates was normalized by the
degradation rate at steady-state operation and rated current density to
generalize the findings of the study, since electrolyzer stacks from dif-
ferent manufacturers and different batches have different degradation
rates.
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Fig. 7. Combined degradation rate of the two stacks.
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Fig. 8. Uncertainty prediction interval width.

As demonstrated in Fig. 9, partial load operation decreases the
degradation rate. Within this model, at a current density corresponding
to 5% of the rated value (0.15 A/cm?), the degradation rate reduces by
69% relative to that observed at a current density of 3 A/cm?. Addition-
ally, decreasing the load cycling time increases the degradation rate. At
one hour cycling time, the degradation rate increases by 64% compared
to eight hours cycling time.

Moreover, Fig. 9 highlights that the degradation rate increases
steeply with an increasing RCCD. The RCCD is affected by both the
amplitude of the fluctuations and the step size. The degradation rate at
0.3 A/(cm?-s) increases by 183% compared to steady-state operation (0
A/(cm?-s)).

The direct correlation between the current density and the degrada-
tion rate aligns with the findings of Bahr et al. [43] and Su et al. [27].
Bahr et al. [43] calculated the degradation rates at 0.1 A/cm?, 1.2
A/cm?, and 2 A/cm?. They observed that the degradation rate reduced
from 22.1 pV/h at 2 A/cm? to 15.2 pV/h and 9.7 pV/h at 1.2 A/cm?
and 0.1 A/cm? respectively. In other words, the ratio between the
degradation rate at 1.2 A/cm?” and the degradation rate at 2 A/cm? was
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about 69%. This value is close to the degradation rate ratio calculated
by the DNN developed in this study at the same current densities (71%)

Similarly, Su et al. [27] measured the degradation of PEM elec-
trolyzer stacks at different current densities. They found that the degra-
dation rate increased from 22 pV/h at 1 A/cm? to 50 pV/h at 3 A/cm?.
The ratio between the degradation rate at 1 A/cm? and 3 A/cm? was
45%, that is well in line with the obtained results in this study (48%).

In terms of load cycling time, Rakousky et al. [18] found that
decreasing cycling time from 6 h to 10 min increased the degradation
rate by 212%. The current density was varied between 0 and 2 A/cm?.
In this work, decreasing the cycling time from 6 h to 10 minutes
increases the degradation rate by 121%, assuming the RCCD is constant
in both scenarios. However, if the RCCD is different in both scenarios
(maximum 0.3 A/(cm?-s) at 10 min cycling interval), the degradation
rate increases by up to 450%.

Finally, Yung et al. [44] and He et al. [30] studied the influence
of RCCD on the degradation rate of PEM electrolyzer stacks. Yung
et al. [44] demonstrated that increasing the ramping rate from 30 mV/s
to 300 mV/s increased the degradation rate from 0.36 to 1.26 mV/h,
corresponding to an increase of about 250%. These ramping rates
were equivalent to 0.36 A/(cm?-s) and 3.94 A/(cm?-s) respectively.
He et al. [30] observed that RCCD of 0.4 A/(cm?-s) increased the
degradation rate by 80% to 220% compared to steady-state operation,
depending on the flow field configuration. Although the values of
RCCD used in these studies are outside the boundaries of the DNN
model developed in this paper, the same trend persists. Increasing the
RCCD increases the degradation rate of PEM electrolyzer stacks: at
0.3 A/(cm?:s) the degradation rate increased by 183% compared to
steady-state operation.

Fig. 10 demonstrates the combined effect of the dynamic load
operation parameters on the degradation rate. As shown in Fig. 10, the
degradation rate ranged from 0.3 to 3.66 times the degradation rate at
steady-state operation and rated current density. The degradation rate
was at its maximum at high current densities, high RCCDs, and short
load cycling times.

In general, the strategy of operation should consider both the tech-
nical requirements of the system and how these requirements affect the
lifetime of the electrolyzer stack. If a high RCCD is needed, for example,
when participating in frequency containment reserve for disturbances
electricity reserve market [45], it is advisable to prioritize operating at
high load cycling times. Conversely, if the operation strategy requires
low load cycling time and high RCCD, partial loading can limit the
increase in the degradation rate. However, from an economic perspec-
tive, this is only feasible if the cost savings associated with the reduced
degradation rate compensate for the increase in capital expenditure
resulting from the lower capacity factor.

In the following example, the LCOH calculation model developed
in [12], hourly electricity prices in Finland in 2024, and high and
low capital costs assumptions of 2350 €/kWp and 550 €/kWp were
used to compare between (a) the LCOH under dynamic load operation
with constant increase in degradation rate (compared to steady-state
operation), and (b) LCOH when degradation rate is dependent on the
dynamic load operation parameters [12,46]. The degradation rate in
steady-state operation mode was assumed to be 6 pV/h [37]. In the first
scenario, the degradation rate at dynamic load operation was assumed
to be 50% higher than the degradation rate at steady-state operation. In
the second scenario, the LCOH was calculated at a load cycling time of
1 h and RCCD values of 0.003, 0.03, and 0.3 A/(cm?-s). Fig. 11 shows
the effect of degradation rate model and assumptions during dynamic
load operation on LCOH at low and high capital cost boundaries.

In the first scenario, at high boundary, LCOH decreased from 7.37
€/kg in steady-state operation to 7.32 €/kg in dynamic load operation
(0.67% decrease in LCOH). At low boundary, the LCOH decreased
from 4.86 €/kg at steady-state operation to 3.8 €/kg at dynamic load
operation (21.8% decrease in LCOH).
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Fig. 11. Effect of degradation model on the levelized cost of hydrogen.

Conversely, in the second scenario, at high boundary, the LCOH
at 0.003, 0.03, and 0.3 A/(cm?:s) was 7.31 €/kg, 7.93 €/kg, and
9.55 €/kg, respectively. At high boundary and RCCD of 0.03 and 0.3
A/(cm?:s), the LCOH in dynamic load operation was higher than the
LCOH under steady-state operation by 7.6% and 29.6% respectively.
Nevertheless, in the second scenario, at low boundary, the LCOH at
0.003, 0.03, and 0.3 A/(cm?-s) was 3.34 €/kg, 3.64 €/kg, and 4.13
€/kg respectively. This corresponds to a decrease in LCOH, compared
to steady-state operation, by 31.3%, 25.1%, and 15% respectively.
Generally, accounting for the combined effect of dynamic load oper-
ation parameters on the degradation rate of PEM electrolyzer stacks
increases the accuracy of techno-economic analysis and improves the
optimization of PEM electrolysis operation.

4. Conclusions

Dynamic load operation of PEM electrolyzers results in a decreased
LCOH, by exploiting lower electricity prices and participating in elec-
tricity reserve markets. However, these opportunities are dependent
on the degradation rate of PEM electrolyzer stacks. As the ratio be-
tween the degradation rate in dynamic load operation and steady-state
operation increases, green hydrogen cost rises due to the increase of
the electrolyzer cost for replacement of stacks caused by degradation.
Therefore, it is necessary to identify operational strategies to limit the
increase in the degradation rate.
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The degradation rate of PEM electrolyzer stacks can be charac-
terized as a function of operating current density level, load cycling
time, and RCCD. Partial loading of PEM electrolyzers prolongs the
lifetime of the stacks. Therefore, operating the electrolyzer at rated
current density, even in steady-state operation, may not represent the
most effective approach. When conducting techno-economic analysis
of electrolysis plants, different degradation rates at different operating
current density levels should be considered in order to minimize the
cost of green hydrogen. Moreover, in studies comparing degradation
rates in steady-state and dynamic load operations, the average oper-
ating current density should be constant. This ensures that the study
captures the effect of dynamic operation instead of the change in the
current density.

The RCCD and load cycling time have a great impact on the degra-
dation rate of PEM electrolyzer stacks. Minimizing the RCCD limits the
increase in the degradation rate. This becomes vital when participating
in electricity reserve markets. Different reserve markets have different
technical requirements for response time. For example, frequency con-
tainment reserve for disturbances requires 86% of the reserve power
to be activated in 7.5 s, while frequency containment reserve for
normal operation requires 63% of the power to be activated in 1 min.
Therefore, choosing the most suitable electricity reserve market, from
technical and economic perspectives, is needed to decrease the LCOH.

Conversely, increasing the load cycling time decreases the degrada-
tion rate. Therefore, during dynamic load operation of PEM electrolyz-
ers at high RCCD, a high load cycling time is preferable. However, if
this is not possible due to technical or economic constraints, partial
loading of PEM electrolyzers can be considered to limit the increase in
the degradation rate.

In general, the degradation of PEM electrolyzer stacks can be pre-
dicted quickly and accurately by a DNN. With these features of the
model, the optimization of electrolyzer operational strategies may be
seamlessly embedded into the electricity market, taking into account
its requirements regarding response times and operation parameters.
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Fig. A.13. Log-log plot of detrended fluctuation analysis.

Appendix. Supplementary data

The experimental data represent 1134 h of operation measured over
6 years, totaling 945068 data points. Fig. A.12 shows the measured cell
voltages of the two stacks as a function of date. The DNN model was
built using a feed-forward architecture, which treats each data point
independently, making it suitable to the large temporal gaps found
within the experimental data.

Table A.3 states the minimum, maximum, and mean values of the
input parameters used in the model.

To evaluate the long-range temporal dependencies in the dataset,
detrended fluctuation analysis (DFA) was performed [47]. DFA was
selected due to its robustness to non-stationarities arising from the
intermittent nature of the dataset. Fig. A.13 illustrates the log-log
relationship between window length and fluctuation function, whose
slope, estimated via ordinary least squares regression, yields DFA scal-
ing exponent (¢ = 1.17). This value confirms that the dataset ex-
hibits non-stationary dynamics with persistent long-range temporal
correlations.

Fig. A.14 shows the code used to build the DNN model architecture.
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import tensorflow as tf

Energy and Al 25 (2026) 100790

normalizer = tf.keras.layers.Normalization(axis=-1)

normalizer.adapt(np.array(X_train_volt))
model = tf.keras.Sequential([normalizer,

tf.keras.layers.Dense(32, activation='mish"),
tf.keras.layers.Dense(32, activation='swish"),
tf.keras.layers.Dense(32, activation="mish'),
tf.keras.layers.Dense(32, activation='swish"),
tf.keras.layers.Dense(32, activation='linear'),
tf.keras.layers.Dense(32, activation='linear"),
tf.keras.layers.Dense(1)])

model.compile(optimizer=tf.keras.optimizers.Adam(learning rate=0.0001),

loss="MeanSquaredError”’,

metrics=[ 'RootMeanSquaredError’, '‘R2Score’|)
callback = tf.keras.callbacks.EarlyStopping(patience=3)

history = model.fit(X_ train_volt, y_train_volt, validation_split=e.2,
batch_size=16,epochs=100, verbose=1, callbacks=[callback])

loss_train = model.evaluate(X_train_volt,y train_volt, batch_size=128, verbose=0)

loss_test = model.evaluate(X_test_volt,y test volt, batch_size=128, verbose=0)

Fig. A.14. Feed-forward deep neural network source code.

Table A.3

Input parameters range.
Parameters Minimum Median Maximum Unit
Load cycling time 0 321 498.9 minutes
Current density 0.15 0.95 2.34 A/cm?
RCCD 0 0.00075 0.3 A/(cm?-s)
Temperature 50 71.7 87.26 °C
Cathode pressure 2.02 4.88 5.5 bar
Anode pressure 1.025 3.98 4.3 bar
Flow rate in cathode 0.95 9.07 18.64 1/min
Flow rate in anode 4.14 7.74 16.37 1/min
Conductivity in cathode 0.00723 0.226 20 uS/cm
Conductivity in anode 0.132 0.622 2.69 pS/cm

Temperature
Others

Current density

Fig. A.15. first-order Sobol sensitivity indices.

The Sobol method, using SALib python package, was applied to
perform global sensitivity analysis on the trained DNN model [48,49].
Sobol method examines the influence of each input variable on the
predicted voltage. Fig. A.15 shows the first-order Sobol sensitivity
indices. Although 98% of the variance can be explained by the current
density and temperature, the other parameters were still needed to keep
the prediction error of the model within an acceptable range.

Data availability

Experimental data used in this study is openly available at https:
//doi.org/10.26165/JUELICH-DATA/FEKKSS, reference number [32].
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