Experimental Identification Approaches for a PEM Water Electrolyzer

Michel Zasadzinski, Meziane Ait Ziane and Marouane Alma

Abstract— This paper focuses on the experimental identi-
fication of a proton exchange membrane water electrolyzer
models. Two types of approaches are investigated: temporal
and frequency domains identification techniques. The obtained
models are validated and compared. A discussion is then
provided to highlight the implications of using these identified
models, particularly with respect to the choice of operating
points, the impact of aging on model complexity, and their
relevance for control and diagnostic purposes.

I. INTRODUCTION

Green hydrogen plays an important role in decarboniz-
ing the industrial and transport sectors. This hydrogen is
produced using Water Electrolyzers (WE) powered by low-
carbon energy sources such as nuclear, wind or photovoltaic
energy. The main WE technologies include Alkaline Water
Electrolyzers (AWE), Anion Exchange Membrane Water
Electrolyzers (AEMWE) and Proton Exchange Membrane
Water Electrolyzers (PEMWE). AWE is a mature technology,
widely used in industrial applications, but it presents some
drawbacks, such as low current density and poor tolerance
to the variability of renewable energy sources (RES) [1].
PEMWE technology provides the benefit of operating effec-
tively with intermittent renewable energies and can handle
high current densities, up to 2 A/cm? [2]. The main disadvan-
tage of the PEMWE is that it is made from rare and expensive
materials, particularly for the assembly electrode membrane.
AEMWE technology aims to combines the advantages of
AWE and PEMWE, but it is still under development [3].

Modeling such systems is a challenging task, due to strong
nonlinear interactions of several physical phenomena (electri-
cal, electrochemical, thermal, etc.). The modeling approach
depends on the intended application. In the literature, control
oriented models based on thermal, electrical and chemical
relationships are available [4], [5], along with models based
on equivalent electrical circuits [6], [7], [8], [9] which can
be obtained using either temporal domain [10], [11], [12] or
frequency domain [13], [14] approaches. Additionally, static
models are proposed for energy management purposes in
[15].

The identification of PEMWE models is addressed dif-
ferently depending on the approach considered: electrical,
physical or chemical. In this paper, PEMWE model identi-
fication is investigated on a PEMWE test bench using two
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approaches, time domain and frequency domain approaches.
The objective is to obtain linear models that cover a wide
range of PEMWE operating conditions and to discuss on
some important consequences of the use of these identified
models, particularly regarding the selection of operating
points, the impact of aging on model complexity, and con-
trol/diagnosis purposes.

This paper is organized as follows. Section II is dedicated
to experimental black box identification: the used test bench
for the identification procedure is described in Section II-
A, temporal domain approach is presented in Section II-B
and frequency domain approach is detailed in Section II-C,
Section II-D provides an analysis of the obtained models in
terms of gap metric. Section III deals, on the one hand, with
the analysis of the identified models, on the other hand, with
open questions generated from this analysis with respect to
PEMWE modeling, control and diagnosis. Finally, Section
IV concludes the paper.

II. BLACK BOX IDENTIFICATION APPROACHES

A. Experimental test bench

The PEMWE stack is composed of 3-cell supplied by an
Direct Current (DC) through an EA-PS-9080-100 device as
shown in Fig. 1.

Table I provides the characteristics of the PEMWE stack
employed in this paper.

TABLE I: PEMWE stack technical specifications

Parameters Values Units
Rated power 400 w
Cell number N, 3 X
Max current 50 A
Active area 50 cm?

The polarization curve which describes the relation be-
tween the current I and the voltage V' of the used PEMWE
in this paper is shown in Fig. 2.
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Fig. 2: PEMWE polarization curve

B. Temporal domain approach

The objective of this section is to identify a relationship
from the PEMWE current I to the PEMWE voltage V. As
shown in the polarization curve (see Fig. 2), the behavior
of the PEMWE system is nonlinear. So, obtaining a linear
model requires process identification arround several oper-
ating points. For each operating point, the transfer function
Fy,(z) is expressed as

Fdj (z) = g;ljgz; =

bjnilznil —+ ...+ bjlz + bjo
2"+ ajnflzn_l + .t a2+ ajg,

ey

where b; _,,...,b;, and a;, ,,...a;, are the model pa-

rameters to be identified, and j efers to the number of the
considered operating point.

The transfer function given in (1) leads to the following

input-output relationship in the Z domain:

Va, (2) = Fa, (2)1a, (2) )

where 9@- (z) and fdj (z) denote the Z-transforms of

discrete-time signals V; and I;, respectively. The signals V;

and I; are obtained by centering the raw input/output signals

with respect to the j™ operating point as follows
I, =1y — I

‘/jk:Vk_‘/O

(3a)
(3b)

where I and V' are the measured signals, :fjk =0 and I7j,c =
0 when k < 0. Here k represents the sample number at the
timg sample k7. So, V; is considered as the the estimation
of V; obtained from (2). The estimation error &; is defined
as

i =V = Vi )

This error can be minimized using the Output-Error (OE)
identification methods as proposed in textbooks [16], [17]
[18], [19]. Combining (1), (2) and (4), the PEMWE voltage
V; at time instant k can be expressed by the following
recurrence relation

n—1

n—1
‘/jk = § :bjh‘[jk—n,+h, - § :a]'h‘/jk—n-w
h=0 h=0

n
+ & + Z IR R &)
h=0
To validate the obtained transfer function Fy,(z), the
following decorrelation test is applied as proposed in [18],
[19]

Ry (i) = — = , (6)
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where ¢; is the zero-mean version of &; in (4), N is the
number of measurement samples and ¢ = 0,1, ..., n, with
n = deg(Dg,(2)). The identified model is considered valid
if

IRn(i)] < le= == or |Rn(i)| <, =015 (7)

In this paper, three operating points are considered (see
(3a)):

o 1% operating point: Iy = 10 A,

o 2" operating point: Iy = 8 A,

o 3" operating point: Iy = 14 A.

For the identification procedure the same Pseudo Random
Binary Sequence (PRBS) excitation is applied to all con-
sidered operating points with a magnitude of 4 A, and a
sampling period Ts = 0.001s. The PRBS signal used for
the 1% operating point is shown in Fig. 3. For the 2" and
3 operating points, only the current range is changed: 8 A
to 12A and 14 A to 18 A, respectively.

Current [A]

100 300 500 700 900 1100
Time [s]

Fig. 3: PRBS current for 1% operating point

Applying the OE identification methods to the three oper-
ating points (j = 1,2, 3) yields the corresponding estimated
voltages Vog,. For model orders n < 5, the validation
criterion given in (6) and (7) fails for the three considered
operating points. Hence, a model order of n = 5 is retained
for Fy,(2). The best models are obtained using Output Error
with Adaptive Filtered Observations (OEAFO) method, with
variable forgetting factor [19]. Figures 4, 5 and 6 show the
measured voltages V' compared with the estimated voltages
Vo, where (j = 1,2,3). The application of decorrelation
test given in (6) and (7) is illustrated in Figures 7, 8 and 9.

For the three operating points, the identified transfer
functions are given by (where Fy, (2) = Fog,(2), see(1))
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Fig. 4: Measured and estimated voltages V' and Vp g, for 1%
operating point
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Fig. 5: Measured and estimated voltages V and Vo g, for 2™
operating point
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Fig. 6: Measured and estimated voltages V and Vo g, for 3%
operating point
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Fig. 7: Decorrelation test for 1% operating point
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Due to the highly nonlinear behavior of the PEMWE, we
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Fig. 8: Decorrelation test for 2" operating point
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Fig. 9: Decorrelation test for 3™ operating point

can see that its response is not symmetrical when subjected
to increasing and decreasing PRBS steps. As a result, the
identified models tend to better capture the dynamics during
increasing steps than during decreasing ones, which affects
the overall quality of the identification procedure. Unlike the
2" and 3" operating points (see Fig. 8 and Fig. 9), the 1%
operating point validates both /. and £, limits in (7) (see
Fig. 7). A step response of the model Fpg, shown in Fig.
10 exhibits both good transient and steady-state behaviors.
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Fig. 10: Step response of Fpr, model

C. Frequency domain approach

Electrochemical systems are often characterized using
Electrochemical Impedance Spectroscopy (EIS) [20], [21].
This method consists in exciting the electrochemical system
with a sufficiently wide range of sinusoidal signals around
an operating point. If the exciting signal is a current, the
method is referred as galvanostatic, while the exciting signal
is a voltage, the method is referred as potentiostatic. This
approach has been recently applied to PEMWE systems in
[13], [14].

In this paper, the galvanostatic approach is applied around
an operating point of 15 A, with a frequency range spanning
from 10mHz to 10kHz and an amplitude of 10% of the



considered operating current point. Each frequency is associ-
ated to a complex number characterizing the behavior of the
PEMWE system at that frequency. The Bode gain diagram
of the obtained experiment is plotted by the red curve in
Fig. 11, the experimental Bode phase diagram is shown in
Fig. 12 and the experimental Nyquist diagram is presented
in Fig. 13, both using red colour.

Using “estimate transfer function” in Matlab (called
tfest.m) some continuous time transfer functions are iden-
tified from the obtained frequency response data. The fol-
lowing comments can be made

o For transfer functions of order 4 or less, the obtained
frequency responses do not match with the experimental
data.

o For transfer functions of order 7 or higher, the obtained
frequency responses are very close and match satisfac-
torily with the experimental data.

The identified transfer functions of orders 5, 6 and 7 are
given by (8), (9) and (10), respectively, and the corresponding
frequency responses are plotted in Fig. 11, Fig. 12 and Fig.
13.

For the identified models of orders 5, 6 and 7, the
following comments can be made:

o In the Bode gain diagram shown in Fig. 11, the curves
of the three identified models are very close and match
very well with experimental data.

e The phase diagram presented in Fig. 12 reveals some
differences between the curves of the three identified
models. The 7" order model curve provides the best
match with the experimental data, while the 5% order
curve matches less well.

e The Nyquist diagram shown in Fig. 13 confirms the
analysis made from the gain and phase Bode diagrams.
It also allows us to discriminate between the 6" and
7" order models. Indeed, although the 7" order model
fits slightly better than the 6 order one, both are
significantly closer to the experimental data than the
51 order model.

To validate the identified models with the frequency ap-
proach, step responses are simulated and plotted in Fig. 14.

The steps responses in Fig. 14 confirm the above frequency
domain analysis: the models of orders 6 and 7 are closely
aligned with the experimental data, whereas the 5% order
model deviates more, particularly in steady-state behavior.
Indeed, the steady-state behavior corresponds to the low-
frequency response where the model curves of order 5"
follow the experimental data least closely as shown in Fig.
12 and Fig. 13.

D. Distance between the identified models

In order to evaluate the obtained identified models from
temporal and frequential approaches, the gap metric defined
in [22], [23] is used. Let H, be the set of stable and causal
continuous linear time invariant systems [24], [25]. The gap
metric between two linear continuous time systems P (s)

and P»(s) is called d(P;, P») and defined as follows:

5(Py,Py) = maX{(_)(j)ngm [%11((;)} B [AJ\%((E))} G(S)HOO’

-] o)

Na(s) Ni(s)
where M;(s), N;(s) are the normalized right coprime factor-
ization in H, of systems P;(s), i.e,

Pi(s) = Ni(s)Mi ' (s),  Pa(s) = Na(s)My ' (s)
I .= N{(=5)Ni(s) + My (=) Mi(s)
(f

Ml S
I = NI (—=5)Ny(s) + MT (—s)My(s)

The gap metrics between the identified models are given
in Table II, where F§p (s), F§g,(s) and F§p, (s) are
continuous time models obtained by applying the bilinear
transform to the discrete time models Fog, (2), Fop,(2)
and Fog, (z), respectively.

inf
O(s)EH oo

TABLE II: Gap metric between identified models

5(x,X) | Fép, | Fép, | Fém Fprss | Feiss | FeIs,
F5E1 0

Fop, | 03 0

F8E3 0.197 0.411 0

Fgrs, 0.138 0.266 0.173 0

FErsg 0.137 0.267 0.172 | 0.00257 0

Fgrs, 0.137 0.267 0.172 0.00414 | 0.00224 0

The following comments can be made:

e Frrs,(s) is the model closest to all others.

o F§5p,(s) is the least close to the rest of the models.

o The distance between the identified models using tem-
poral domain approach are of the same order of mag-
nitude.

o The distance between the identified models with the
frequency domain approach is of the same order of
magnitude.

o The distances between the identified models with fre-
quency approach in the one hand and with temporal
approach in other hand are 100 times shorter.

III. DISCUSSION

This discussion is based on the different approaches ap-
plied for PEMWE identification in Section II. The objective
is to raise several open questions related to the identification
of PEMWE models for control and diagnosis purposes.

(1) Assessment of the applied

proaches:

For the time domain approach, several identification
methods have been tested like Auto Regressive and
Moving Average with External excitation (ARMAX)
and Output Error (OE). The obtained results do not
satisfy the criterion given in (7), even for models of
reasonable order (slightly higher than 5). The lowest
order models have been obtained using a refined OE

identification ap-
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] approach, namely the Output Error with Adaptive
1 Filtered Observations (OEAFO) method.

The idea behind using three operating points is to
1 identify models that cover a sufficiently large operating
7 range of the PEMWE. The choice of this operating
range depends on the intended application of the

S8

- 1 PEMWE.
* o e e ) pe . - For the frequency domain approach, the EIS method,
Frequency [rad/s] . . . .
widely employed in electrochemical processes, is con-
Fig. 11: Bode gain diagrams sidered. Models identification are carried out using the

Matlab function “tfest.m”. For low-order models (order

less than 4), a significant deviations are observed com-

s i pared to the experimental frequency data. For higher

o / 1 order models (order greater than 7), no improvement

is observed beyond the 7" order.

) \ / 1 The gap metric approach has been used to determine

] the most “central” model which could be used for both
control and diagnosis purposes.

0 w L L w w (2) Relevance of the operating points selection:

" Freaencyiraa] N The identification results reveal noticeable differences

Fig. 12: Bode phase diagrams between the models obtained at the three operating

points. This suggests that the PEMWE exhibits non-

0 X linear behavior over its operating range, and that each

: model captures only local dynamics specific to its
operating condition. Consequently, the choice of oper-
ating points is crucial for constructing models that are
representative of the system under varying conditions.

From a practical perspective, this observation raises

the question of whether a single linear model is suffi-

s S S S TN NN T AN N A N cient for control and/or diagnosis tasks, or whether a
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Real part [ohm] gain-scheduled or piecewise linear modeling approach
Fig. 13: Nyquist diagrams would be more appropriate.
Identifying the most representative operating
points—based on specific usage profiles of the
PEMWE—thus becomes a key aspect of the modeling
strategy.

(3) High model order and aging-related complexity:
Compared to the models typically reported in the
literature for PEMWE systems, the identified mod-
els exhibit significantly higher orders. This difference

o A A A A could arise from multiple factors, including the lack

002460 I LGS 2022 2426 20 90 B2 34303 A0 2 A A A8 S0 52 54303860 of tight control over the operating conditions during

the identification experiments, or from the intrinsic

characteristics of the tested PEMWE stack.

One plausible explanation is the effect of aging. As

the PEMWE degrades over time, not only do its phys-
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Fig. 14: Step responses for validation
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ical parameters change, but its internal dynamics may
become more complex. This complexity can manifest
as an apparent increase in system order meaning that
the system requires a higher order model to accurately
reproduce its input-output behavior. This insight sug-
gests that degradation affects more than just parameter
values: it can also introduce new dynamics.

These observations highlight the importance of taking
into account the impact of aging in identification and
modeling of the process.

Control and diagnosis: robustness and heuristics
controllers and renewable energy sources (RES):
The identified models serve as a foundation for both
control design, health monitoring and diagnosis pur-
poses. From a control point of view, the variability
observed across operating points and the high order
of the models highlight the need for robust control
strategies that can tolerate model uncertainties and
potential aging effects. Classical controllers may lack
the flexibility to adapt to such variations, suggesting
the use of robust control strategies (e.g., H oo, adaptive
control) or data-driven or model-free or PID con-
trol approaches “heuristic-based methods” (e.g., fuzzy
logic, neural networks, or reinforcement learning) as
complementary or alternative solutions.

In terms of diagnosis, reliable models can enhance fault
detection and isolation by enabling the comparison
between measured and estimated signals, thus improv-
ing system observability and the ability to distinguish
between normal behavior and degradation.
Additionally, the integration of PEMWE systems with
Renewable Energy Sources (RES) requires models
capable of handling dynamic and intermittent operating
conditions. This adds another layer of complexity that
should be taken into account during the modeling
or identification phases to ensure compatibility with
energy management strategies and real-time control.

IV. CONCLUSION

The identification of an experimental PEMWE system has
been addressed using both temporal and frequency domains
approaches. Due to the strong nonlinearities of the PEMWE
process, several operating points were considered in order
to identify multiple linear models that can describe the
system’s behavior over a wide operating range. The identified
models have an order between 5 and 7, which is higher

than

those commonly reported in the literature. The obtained

results have raised several open questions: operating points
selection, aging-related complexity, control and diagnosis
applications.
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