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ABSTRACT: Degradation tests represent a significant bottleneck in | Degradation model: £ = f(1,¢) |

electrochemical technology development, occasionally requiring tens Eapp =~ 10 =5 4+ 1Ry + 1w 1)

of thousands of hours. Thus, reliable degradation forecasting in a short @ SO
time frame is a game-changer in accelerating the establishment of
future electrochemical devices. Herein, we show a multidimensional = . -

Q

kinetic model for electrocatalyst degradation by quantifying the
relationship among potential, current, and time, applicable under
various conditions. Aiming to predict reliable degradation behaviors in
shorter experimental timeframes and inspired by modern weather
forecasting methods, we integrated Bayesian data assimilation with our
model to expedite multidimensional parameter optimization. Con-
sequently, we achieved accurate and robust forecasting of electro- |
catalyst lifetime by employing oxygen evolution reaction as a

representative system: it takes just 300 h to obtain the final lifetime

of close to 1000 h even with environmental noise. This data-driven approach can accelerate our understanding of the
microscopic electrochemical mechanisms and simultaneously directly bridge this understanding to develop next-generation
energy technologies.
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he accelerated implementation of next-generation

electrochemical technologies is imperative for achiev-

ing carbon neutrality.l’2 In particular, various types of
electrolyzers are crucial for producing a wide spectrum of
essential chemicals without carbon dioxide (CO,) emissions.
Although electrolysis is an old technology dating to the 18th
century,” modern electrolyzer systems are key in the 21st
century: in the present time, different cathodic reactions are
combined with oxygen evolution reaction (OER) in an
electrolyzer,* such as hydrogen evolution reaction in water/
seawater splitting toward green hydrogen production,” CO,
reduction reaction for high-value chemical production,”” and
nitrogen reduction reaction for green ammonia synthesis.*”""
As such, electrolyzer technology is indispensable for the
sustainable development of human societies in the 21st
century,”'*™"* which has triggered worldwide intensive
research in affordable and sustainable yet high-performance
electrocatalysts. For device implementation, electrocatalyst
robustness is of great importance same as promoting the
electrocatalytic activity to keep high overall energy efficiency
during the operation time frame typically a decade or
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To this end, one key relies on improving the
durability of the OER electrode, i.e., the anode lifetime. " ~"?
This is increasingly important because of the unclear
fundamental understanding of related microscopic reaction
mechanisms,”’ ™ especially for the electrocatalyst degradation
process.”*">° Moreover, a durability evaluation for OER
requires a long time, typically several thousand hours, and
occasionally tens of thousands of hours.” Therefore, reliable
methods to forecast anode lifetime in a short time frame are
indispensable for accelerating the development of prospective
electrolyzers.

Here we employ Bayesian data assimilation (DA) to obtain
reliable interpretation of microscopic degradation mechanism
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and estimation of model parameters for lifetime forecasting.
DA, a data-driven method, features a combination of a well-
defined simulation model and dynamic experimental data
through effective algorithms, such as an ensemble Kalman filter
or a four-dimensional variational method.””** Consequently,
DA has the ability to improve future forecast features and
modeling simultaneously. Typical applications of DA can be
found in modern meteorology and oceanography, and we are
inspired by successful implementation of DA in these fields
resulting, for instance, in quite accurate and robust weather
forcasting.”” ™" Recently, aiming to see the potential of DA in
electrochemistry, we employed an ensemble Kalman filter/
smoother-based DA to understand microscopic mechanisms in
electrochemistry.”> As a result, we revealed a plausible
relationship between the free energy of activation in the step
of oxygen adsorption and the change of slope in the
polarization curve of the oxygen reduction reaction, which
could not be discovered by just a kinetic model. Hence, the DA
method shows significant application potential in clarification
of the electrode process;” this is a quite different from “black
box” machine learning, which is somewhat unsatisfactory
because of the problematic explanation of microscopic
mechanisms.>*

Based on the above considerations, after inspecting possible
influences from the electrode—electrolyte interface on the
performance of the OER, in this work, we established a
practical theoretical model to forecast the degradation process
of the OER electrocatalysts with a DA method based on the
electrocatalyst dissolution process (Figure 1). As shown below,
this DA-based method shows superior advantages over existing
computational methods such as theoretical calculation based
on molecular dynamics, machine learning methods, or typical
fitting, as evidenced by quantitative comparison. Thus, this
approach provides an alternative approach to drastically
accelerate electrochemical degradation testing. The OER
degradation model was built by focusing on dissolution of
electrocatalysts with an energetic-span-model (ESM)-based
kinetic analysis.”>~** Through this degradation model, we
achieved a dynamic forecast of the anode lifetime for the OER
by iteratively conducting DAs with continuously updated
experimental data. A model diagnosis was successfully
conducted according to the DA results, and the key issues of
the present model were clarified with guidance for future
modification. The proposed degradation model and the
coupling with data science in this study opens the way to
durability exploration in oxygen electrocatalysis, which we
believe will benefit widely practical applications of electro-
chemical techniques for renewable energies in the coming
decades.

Considering electrochemical processes in the anode—
electrolyte interface, we summarized possible effects on
electrocatalyst degradation, including (1) dissolution of
catalyst, (2) agglomeration, (3) detachment of catalyst, (4)
blocking effect by adsorption/(re)deposition, (S) bubble
blocking, (6) passivation, and (7) dissolution of sub-
strate. 2o+ During the above effects, the loss of active site
(mainly by dissolution) was noteworthy under strong anodic
OER conditions*”™** and thus was highlighted in this study
(see more details in the discussion for Figure S1 in the
Supporting Information (SI)). We described the OER activity
according to the ESM-based kinetics®> >’ and finally obtained
an equation set to quantify the degradation process toward
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Figure 1. Schematic diagram. (a) OER electrocatalyst degradation
mechanism in an aqueous system. Here the dissolution of solid
catalyst is considered as the main driving force of degradation. (b)
Integration of experimental data and theoretical model through
DA to forecast the anode lifetime in an assimilation—forecasting—
diagnosis cycle: model parameters are regulated based on present
experimental information and the lifetime is forecasted, followed
by refreshing experimental data and updating the model
parameters through new assimilation toward improved forecast-
ing; finally, highly accurate lifetime forecasting is achieved, with
subsequent model diagnosis for further modification.

OER (please refer to part 1 in the SI for details of the
degradation model):

1 I—-¢
Epp = ;ln ) + I(Ry + rpyg,it) i~
- 1/(1=x1)
s(e) = ||kt + ETXT (=1 + %)
()

where E,, is the applied potential, a is the coefficient for the
influence of potential on the intrinsic OER activity, I is the
anode current, ¢ is the current from the substrate (here termed
substrate current), k, is the pre-exponential factor for OER,
S(t) is the active site number changing with time t, R is the
initial additional resistance (i.e., the resistance mainly by
electrolyte and substrate), rgyy ) is the rate of resistance change
due to substrate passivation, k' is the apparent dissolution
coefficient (in this work termed dissolution factor), x’ is the
apparent reaction order for dissolution, and S, is the initial
number of active sites.

After formulating the OER electrocatalyst degradation via
the degradation model, we accessed the reliability by
experiments in a three-electrode configuration employing
RuO, as the model electrocatalysts (Figure S3 in the SI).
RuO, is widely accepted as a representative OER electro-
catalyst due to its distinguished activity toward OER,* and
therefore, it has been commonly employed in academia and
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Figure 2. Verification of the degradation model. (a) Fitting of the polarization curve (1 mV s™') of the OER by eq 3; electrolyte: 0.5 M
H,S0, at 35 °C. (b) The trend of active site number during the OER durability testing; lines: chronopotentiometry curve with the current
density fixed at 300 mA cm™2, and downward lines were from continuing the measurement after pause; spheres: double-layer charging
currents at 0.35 V (vs. Hg/Hg,S0,) with a scan rate of 100 mV s~ after pausing the chronopotentiometry; electrolyte: 0.5 M H,SO, at 35
°C. (c) Fitting of the OER degradation curve (current density fixed at 300 mA cm™2) by the degradation model in 0.5 M H,SO, at 35 °C and
(d) application of the degradation model to other metal oxides (MnO,, NiO,, FeO,, CoO,) and a multicomponent material (including Mn,
Ni, Fe, Zn, and Ag species, here noted as M) in 1 M KPi (pH 7) at 35 °C.

industry since the 1960s as the benchmark/model electro-
catalyst in many studies in a wide pH range.**”** In our work,
we focus on the dissolution process of electrocatalysts upon
OER because the dissolution of metallic species is well-known
as the main and common driving force of the intrinsic
instability of metal-oxide-based electrocatalysts.'”*>***° From
this viewpoint, RuO, is a particularly highly suitable material
for our proof-of-concept to quantify the degradation process of
OER as the dissolution mechanism of RuO, during OER, i.e.,
soluble Ru-species formation under anodic OER conditions,”"
is well investigated due to the aforementioned features of this
material. Therefore, herein, we chose RuO, as the model OER
electrocatalyst to make a model study. A polarization curve was
first collected by using RuO, as the electrocatalyst supported
on a Ti substrate for the OER (see more about the synthesis in
Experimental Methods), showing a typical “exponential”
relationship between the current of the OER and the potential
(Figure 2a). To match the current—potential polarization, we
rewrote eq 1 by ignoring the substrate current (which was
pretty small as compared with the current from RuO,; see
more discussion in Figure S4 in the SI) and setting t as 0,
leading to the Butler—Volmer framework:*>

I= Ioe(zoF(E—Eo)/RT 3)
where I, is the exchange current density, a, is the transfer
coeflicient, F is Faradaic efficiency, E, is the equilibrium
potential for OER, R is gas constant, and T is the temperature.
As a result, it fit well the experimental results (Figure 2a),
further indicated by the close-to-unity adjusted R-square
(Table SI in the SI). As shown in the degradation model, it
suggested a strong correlation between the degradation and the
change of the time-dependent active site number (S(t)). To
solidify this relationship, we used chronopotentiometry to
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evaluate the electrocatalyst degradation. It was evident that
with the increase of applied potential (i.e., the degradation of
the OER electrocatalyst), the active site number was decreased,
as indicated by the trend of double-layer charging current in
Figure 2b (see more details in Figure S5 in the SI).

Following the above results, we applied the model to the
degradation of the OER electrocatalyst monitored by
chronopotentiometry. It showed almost overlapped plots of
the measured and the fitted curves, further proved by the close-
to-unity adjusted R-square (Figure 2c, Table S2 in the SI). The
degradation model suggested a negative logarithmic relation-
ship between the applied potential and the active site number;
thus, experimentally there was gradual increase of the applied
potential initially (e.g., until 2 h in Figure 2c) and a subsequent
fast growth (e.g., after 2 h in Figure 2c), accompanied by the
continuous reduction of active site number. Further results
showed that our degradation model could not only be applied
to acid but also neutral and alkaline conditions (Figure S6 and
Tables S3 and S4 in the SI), various electrolyte concentrations
(Figure S8 and Tables S11 and S12 in the SI), as well as higher
temperatures (Figures S7 and S8c and Tables S5 and S13 in
the SI) and different current densities (Figure S9 and Tables
$14—S16 in the SI). As for the electrocatalysts, apart from the
benchmark RuO,, the degradation of other transition-metal-
based materials, such as MnO,, NiO,, FeO,, CoO,, and M (a
multicomponent electrocatalyst including Mn, Ni, Fe, Zn, and
Ag, see the synthesis in Experimental Methods), could be well
quantified through our model (Figure 2d, Tables S6—S10 in
the SI).

All in all, the satisfying consistency between theoretical
description and experimental data for the OER activity and
durability testing revealed the high reliability of our
degradation model. This result was also consistent with the
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Figure 3. DAs for the OER electrocatalyst degradation. (a) Dynamically forecasting the lifetime of the OER anode with various assimilation
windows (from 20% to 80% of the whole experimental period); experimental conditions: 0.5 M H,SO, at 35 °C under 300 mA cm ™2, with
RuO, as the electrocatalyst for the OER. (b) Trend of the forecast error (spheres in the plots: the forecasted lifetime vs. the experimental
lifetime; see more in eq 10 in Experimental Methods) with various assimilation windows from 20% to 80% of the whole measurement period
(noted as t,,q/tn.w in Which t,q is the length of assimilation window and ¢, is the whole period of experiment), and deviations of the
forecasted lifetime (rhombuses in the plots). (c) Lifetime forecasting for long-term durability by DA with 34% of the whole data as well as
the forecasting based on simple fitting by using the same data length; experimental conditions: 0.1 M sodium carbonate (pH 9.2) at 80 °C
under 100 mA cm™?, with RuO, as the electrocatalyst for the OER.

previous reports about the depletion of electrocatalysts during
durability testing.”>>

After successfully displaying the versatile application of our
model in OER electrocatalyst degradation under various
conditions, we combined a data science-based approach, i.e.,
the DA, to carry out dynamic lifetime forecasting to shorten
the time frame for degradation evaluation (see more details in
Experimental Methods). The experimental data (spheres in
Figure 3a) could be roughly divided into two parts: the slow
and ultrarapid increases of applied potential. Transition from
the slow to the ultrarapid indicated a process from sluggish
degradation to collapse. For convenience, we empirically set
the time at 1.91 V (vs. Hg/Hg,SO,), featuring steep changes of
applied potentials, as the anode lifetimes for the results are
shown in Figure 3a. It was evident that as the length of
assimilation window increased from 20% to 80% of the whole
period, the forecasted lifetime decreased from 5.54 to 3.18 h,
approaching the experimental 3.24 h. A further comparison
was conducted by monitoring the trend of the forecast error
(the forecasted lifetime vs. the experimental lifetime; see more
details in eq 10 in Experimental Methods). The decrease in
this forecast error from 71% to 2% clearly exhibited an
improving forecast ability with updating the degradation data
(spheres in Figure 3b). This was further verified by the
reducing trend of deviation for the forecasted lifetime
(rhombuses in Figure 3b). We further carried out DAs for
degradation processes with other lifetimes to show the
capability of our DA-based method (Figure S10 in the SI).
Next, we carried out a model diagnosis (see the details in
Figure S11 in the SI). We found that even under the
simplification the degradation model still worked well, and the
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dissolution factor (k) was crucial to achieving accurate lifetime
forecasting.

To demonstrate the practical applicability of DA, by using a
short assimilation window (34% of the whole period, i.e., 300
h), the lifetime (at 2.5 V) was accurately forecasted with a
small error of 4% for the nearly 1000 h durability testing
(Figure 3c). For further highlighting the DA in lifetime
forecasting, we carried out simple fittings by using various data
lengths for comparison (Figure 3c; Figure S14 and Tables
S18—S23 in the SI; see also Experimental Methods). In the
case of using experimental data up to 300 h, the prediction
error by simple fitting was much larger (60%, Figure S15 in the
SI) than that of DA (4%). Moreover, the fitting approach
required experimental data up to approximately the same time
as the lifetime to forecast as accurately as the DA (Figure S15
in the SI). Such superior forecast ability by DA to simple fitting
demonstrated better parameter optimization of DA. This could
be attributed to the Bayesian inference in DA, making it skilled
at optimizing model parameters for reliable lifetime forecasting
especially with nonuniform uncertainties (as indicated by the
fluctuations of the experimental data in Figure 3c). In addition,
even though it is known that several modern computation-
based approaches, typically molecular dynamics simulation or
machine learning, enable determining model parameters, these
methods still suffer from the limitation of short time scale or
high cost of preparing massive training data sets.”*>
Therefore, our approach employing DA is more promising
and practically useful than the existing typical approaches in
forecasting the anode lifetime with optimized model
parameters by the OER degradation model (see a detailed
discussion on pages 26 and 27 and Figure S13 in the SI).
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Our method is based on a mechanism with a single
degradation driving force, i.e, the dissolution-driven degrada-
tion, leading to some limitations such as the difficulty in
treating degradation by other mechanisms (see further
discussions on the limitations of our method on page 26 and
in Figure S16 in the SI). Nonetheless, our knowledge-
contained model enables satisfying interpretability for the
matched anode degradation process (see a detailed discussion
in Figure S17 in the SI). In addition, given a comprehensive
degradation model including multiple degradation processes, it
is possible to clarify the dominant degradation mechanism
based on the DA method proposed in this study. For example,
after determining all the parameters at a time ¢ in a model by
DA, we can analyze the partial derivative of the model with
respect to t for each degradation mechanism. As a result, we
will obtain a quantitative evaluation of the influence of each
degradation mechanism on the overall degradation behavior.
By comparing the above results, we can finally confirm that the
maximum absolute partial derivative (and much larger than
others) corresponds to the dominant degradation mechanism.
Moreover, this method can identify a dynamic dominant
degradation mechanism that evolves with the degradation
process because of the inclusion of time. Based on the above
consideration and inspired by control function (or control
factor) and degree of rate control for quantifying the rate-
determining step in chemical kinetics,*>” herein we propose
degree of degradation control, i.e., rq (t), to quantify the influence
of degradation mechanisms on stability:

Ry(t)
Zi le,i(t)l

where Ry ,(t) is the influence on the overall degradation by the
ith degradation mechanism at time t. We may also extend this
concept to not only degradation but also upgradation (i.e., the
promotion of electrode performance), which are further
unified by the term “destabilization” so that degree of
destabilization control can be nominated. For a detailed
discussion, including a complete mathematical description,
please refer to part 3 and eqs S33—S35 in the SI.

In summary, we conducted a quantification of OER
electrocatalyst degradation with a data-driven approach.
Based on the energetic-span kinetic framework, we established
an effective electrocatalyst degradation model for the OER,
which was further verified by experimental results with various
conditions and electrocatalysts. The subsequent application of
this degradation model was iteratively implemented by using a
DA method, achieving dynamic lifetime forecasting through
continuous updating of degradation data. This approach led to
robust and accurate multidimensional parameter optimization,
with clear advantages over existing computational methods, as
evidenced by quantitative comparison. We launched a model
diagnosis based on DA to track the key parameters. This
diagnosis indicated that even though the degradation model
simplified both the kinetics of the OER and the process of
active site loss, it was still accessible to reliable lifetime
forecasting based on the DA method. We believe that the
closed-loop study of this work by a data-driven approach,
including theory establishment and verification, application,
and model diagnosis, will benefit the understanding of OER
electrocatalyst degradation and accelerate the rational develop-
ment of highly efficient electrodes, especially with long-term

"d,i(t) =
4)
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stabilities, for electrochemistry-based technologies in the
crucial next few decades to achieve carbon neutrality.

B EXPERIMENTAL METHODS

Chemicals. RuCly;-«H,O (Ru > 40%) was purchased from
Tokyo Chemical Industry Co. Ltd. MnClL-4H,0 (99.0%),
NiCl,-6H,0 (98.0%), FeCl,-4H,0 (99.0%), AgNO; (99.8%),
KH,PO, (>99.5%), KOH (>85%), and ethanol (99.5%) were
from Wako Fuji Co. Ltd. ZnCl, (99.95%) was purchased from
Alfa Aesar. CoCl, 6H,0 (99.0%) was purchased from Hayashi
Pure Chemical Ind., Ltd. H,SO, (96.0%) was from KANTO
CHEMICAL CO.INC. Ultrapure water (18.2 MQ-cm, Milli-Q_
IQ Element, Merck AG, Germany) was used to prepare
electrolytes.

Pretreatment of Ti foil. The titanium (Ti) foil (Ti, 99.5%,
Nilaco, 0.05 X § X 30 mm) was cleaned by ethanol and
ultrapure water and subsequently etched in an oxalic acid
solution (10%) at 80 °C for 1 h. Finally, the Ti foil was rinsed
by ultrapure water and dried in air.

Synthesis of RuO,. A precursor solution (0.05 M RuCl in
ethanol) was dropped (2.5 yL) on the pretreated Ti substrate
(dropped region 5 X 10 mm) and subsequently annealed at
350 °C for 10 min in air. The above process was repeated
another nine times and finally annealed at 460 °C for 70 min in
air.

Synthesis of MO, (M = Mn, Ni, Fe, Co). Similar methods
were used for the synthesis of RuO,, apart from that the
precursor was replaced by MnCl,, NiCl,, FeCl,, and CoCl,,
respectively.

Synthesis of Multicomponent Oxide (M). A silver
precursor solution (0.05 M AgNO; in ethanol) was dropped
(0.5 uL) on the pretreated Ti substrate, followed by dropping
a mixture (2.0 L, totally 0.05 M metal species in ethanol by
mixing MnCl,, NiCl,, FeCl,, and ZnCl,) of a molar ratio of
1:1:1:0.5 for Mn:Ni:Fe:Zn. After being dried, it was annealed
at 350 °C for 10 min in air.”® The above process was repeated
another nine times, with final annealing at 460 °C for 70 min
in air. The obtained catalyst on the Ti substrate was marked as
M. The detailed method can be found in the reference.

Electrochemical Measurements. A three-electrode con-
figuration in a water bath at 35 °C was used, with
electrocatalysts on the pretreated Ti substrate as the working
electrode; Pt coil as the counter electrode; and Hg/Hg,SO,
(saturated K,SO,), Ag/AgCl (3 M NaCl), and Hg/HgO (1 M
KOH) as the reference electrode for acid, neutral, and alkali
electrolyte, respectively (see more details in Figure S3 in the
SI). Linear sweep voltammetry (LSV) was carried out with a
scan rate of 1 mV s™! if not specified. A chronopotentiometry
(CP) method was conducted at fixed current densities for the
evaluation of the degradation processes.

In the long-term stability testing, 0.1 M sodium carbonate
(pH 9.2) was used as the electrolyte at 80 °C in a heating
mantle, with RuO, as the electrocatalyst on a pretreated Ti
substrate for the OER, a Pt coil as the counter electrode, and
Ag/AgCl (3 M KCI) as the reference electrode. A
chronopotentiometry (CP) method was conducted to access
the degradation process after the aging period.

Double-layer charging currents were used to monitor the
trend of active site number during the degradation process by a
cyclic voltammetry (CV) method. The CV tests were carried
out with a scan rate of 100 mV s™" in 0.30—0.40 V (vs. Hg/
Hg,S0,) after the CP measurement. The half of the difference
between the current in the anodic scan (J,) and the current in
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the cathodic scan (J) at 0.35 V (vs. Hg/Hg,SO,) served as the
typical double-layer charging currents.

Data Assimilation (DA). A nonsequential data assimilation
method minimizing the cost function using tree-structured
Parzen estimator (DMC-TPE), was used for the OER
degradation process in this work.”® For the DAs, at time t a
state vector x, (0 < t < t,,4 where f,, 4 represents the length of
the assimilation window) was defined, including the applied
potential and its first-order derivative with respect to time. The
x, is expressed as

T

3 I dE,,,
X, = app't’ dt

¢ (5)

where the superscript T represents for the transposition. In this
study, x, could be calculated as

x, = M(x,, t) (6)

where M indicates the degradation model and x, is a vector
consisting of the parameters of the model to be estimated.
Moreover, at time ¢t we defined the observation vector y,
which contained the experimentally collected applied potential
and its first-order derivatives with time. Notably, both x, and vy,
were treated as stochastic variables in DA. The cost function
J(xo) to evaluate the misfit between x, and y, was expressed as

Jxo) = 5 xg = x0)B (xy = x)

t

+ Y Lty 1) = )R (Mg ) — )
;2 (7)

in which x is the background vector. B and R; are the
covariance matrices of the background and observation errors,
respectively. When the optimal vector x{ that minimizes J(x,)
was obtained, the corresponding state vector x, = M(xg, t) was
regarded as the optimal forecast. The coefficients in the
degradation model a, ky, and k" were estimated in the DAs.
The parameter x” was fixed as 0.01 to release the parameter k’
during the DAs. In this study, we conducted five DAs in which
the length of the assimilation window t,,4 was varied in ratios
of 20%, 33%, 50%, 66%, and 80% as compared with the whole
period of the experiment, f,_,.. Because the DMC-TPE method
depends on random numbers, the estimated parameters for
each t,,4 were evaluated with the mean and standard deviation
(SD) obtained from five results of DA using different random
seed. In the DA for .,y = 0.2¢,,,, the first term of eq 7 was
neglected because of the difficulty in determining x} and B. In
all other DAs, x}} and B were determined based on the means
and SDs of one previous DA result: x5 = [m,, my,, m;]" and B
= diag[o,, 019, 01). Note that in our DAs, x5 and B would not
significantly affect the estimation results because the first term
of J(xy) is sufficiently small compared to the second term. R,
was defined as R, = [0 0,?], where 6, and 6, denote
parameters which determine the magnitude of the observa-
tional noises in E,,, and dE,,,/dt, respectively. By assuming
that the more recent data more strongly reflect an increase in
E, 0, and o, are defined as follows:

6, = 0.0002(t,,; — t) + 0.0001 )
6/ = 0.01(t,y — t) + 0.005 )
The forecast error (%) was calculated by
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forecast error

forecasted lifetime — experimental lifetime

X 100

(10)
For the long-term durability testing, to diminish detrimental
effects from noises, 6, and 0, are defined as follows:

experimental lifetime

o o {(0.001, 0.05), if t < 150 or 340 < t < 360
0y Op) =

(0.0001, 0.00S), otherwise
(11)
Furthermore, before DA was conducted, preprocessing was
implemented by smoothing the data from the beginning to 400
h. The period until 300 h served as the assimilation window.

Lifetime Forecasting by Simple Fitting. The developed
degradation model in this work was used to fit the collected
degradation data (i.e, the potential-time result), with a
tolerance value of 107°. The anode lifetime was then forecasted
by using the degradation model with the fitted model
parameters.

Computational Requirements. The computational cost
of DA using the degradation model is low. DA is able to be
conducted on an ordinary desktop or laptop personal
computer without a workstation dedicated to numerical
calculations. We conducted the DAs using a central process
unit (CPU, Intel Core i9-11900 2.50 GHz), and one DA step
took approximately 15 min. Therefore, it will be possible for
our DA-based approach to exhibit large scalability with low-
cost computations.
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