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This work resides at the intersection of rigorous physics-based simulation and machine learn-

ing. We seek to address problems that have complicated multiphysics and exist in vast pa-

rameter spaces. Where the data requirement for machine learning methods can make the

experimental burden untenable and the time-sensitive nature or high computational cost

limits the practicality of mechanistic physics model. Our overarching objective is to explore

solutions to bridge these limitations in electrochemistry research through the integration of

machine learning and mechanistic simulation.

Failure detection in solid oxide fuel cell (SOFC) is complicated due to the need to dis-

entangle the failure response from the effect of degradation - gradual change in performance

with aging. We used physics models to simulate the behavior of SOFC under three failures

that could occur during its operation: fuel maldistribution, delamination and oxidant gas

crossover. These simulations revealed deviations in electrochemical impedance spectroscopy

(EIS) from behavior of standard circuit elements under failures, underscoring the significance

of physics-based modeling in SOFC diagnostics. Leveraging synthetic data of a 6-cell sub-

stack, we trained a support vector machine to identify failure modes with a 90% accuracy

across degradation effects and operating conditions, discerning imperceptible differences in

stack-level EIS responses. Investigation of synthetic data offered insights to failure diagno-

sis with EIS in determining most responsive frequency range and the efficacy of different



machine learning methods.

In the second project, we reexamined the utility of a reference electrode positioned out-

side the current path on a thin solid electrolyte. Extensive prior research with this design

had demonstrated significant polarization shifts and half-cell EIS distortions from minor elec-

trode misalignment, limiting its usefulness in quantitative assessment of two half-reactions.

Employing a physics model to simulate these behaviors in a proton-exchange membrane elec-

trolyzer, we trained a neural network model with simulated data to deconvolute edge effects

and determine the true oxygen kinetic overpotential with high accuracy (r2-score ě 0.96).

Validation with experimental data from electrolyzer cells of varying membrane thicknesses

and misaligned electrodes confirmed the breakdown of oxygen and hydrogen evolution re-

action losses to align with literature values. These findings unveil the potential use of this

straightforward reference electrode design and intentional anode-cathode misalignment for

evaluating individual electrode kinetics in performance or long-term degradation studies.
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Chapter 1

INTRODUCTION

This dissertation encompasses two bodies of work that are accompanied with their own

motivation and in-depth review of related research. This chapter introduces the fundamental

concepts of electrochemical impedance spectroscopy (EIS), background and motivation of the

application of mechanistic modeling and machine learning in electrochemistry.

1.1 Electrochemical Impedance Spectroscopy

Electrochemical Impedance Spectroscopy (EIS) is a commonly used characterization tech-

nique for studying electrochemistry system.1–3 It works by applying a sinusoidal excitation

signal to the current or voltage while monitoring the response voltage or current signal. In

galvanostatic (current-controlled) EIS experiment, the applied input current can be expressed

as rIptq “ ∆Icospωtq, where ∆I is the perturbation amplitude, and ω is the perturbation an-

gular frequency. The resulting voltage response can be expressed as rV ptq “ ∆V cospωt ` θq,

where ∆V is the voltage response perturbation amplitude, and θ is the phase shift from the

excitation signal. The relationship between input and output signals as a function of the

input frequency, ω, is defined as the impedance:

Zpωq “
rV ptq

rIptq
“

∆V cospωt ` θq

∆Icospωtq
. (1.1)

The impedance, Zpωq, can be written in the polar coordinates with its magnitude and

phase, Zpωq “ |Zpωq|ejθ or in the Cartesian coordinates as corresponding real and imagi-

nary components, Zpωq “ Z 1
pωq ` jZ2

pωq, where j is the imaginary unity. The impedance

of electrochemical system is frequency dependent and often represented by a Nyquist plot,
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Fig. 1.1 EIS concept schematic. A linear time-invariant (LTI) system impedance response
can be analyzed by the input current (Ĩptq) and voltage signals (Ṽ ptq). Adapted from Lazanas
& Prodromidis under the Creative Commons License CC-BY-NC-ND 4.0.4

where the negative imaginary component, ´Z2, is plotted against the real component, Z 1.

Figure 1.2 shows a common setup to measure the impedance of a working electrode and the

EIS Nyquist representation. The EIS results of this system can be used to assess quanti-

tatively the liquid electrolyte resistance (Ru), the capacitance of the electric double layer

at the electrolyte/electrolyte interface (Cdl), and the kinetics of an electrode via the polar-

ization resistance (Rp) at different applied voltages. This also illustrates the ability of EIS

to separate the system response into individual physico-chemical processes by their char-

acteristic timescales. As the electrode kinetic process is slower than the liquid electrolyte

electronic/ionic conduction, its contribution starts to appear at lower frequencies. Likewise,

in other systems, EIS enabled researchers to identify and investigate separate contributions of

materials electronic and/or ionic conductivity,5,6 kinetic activity,7,8 and mass transport lim-

itation.9–11 EIS non-invasive and non-destructive nature due to the minuteness of excitation

signal also makes it particularly suitable for in-operando studies.12–20
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Fig. 1.2 (A) Simple setup to measure EIS response measured from a working electrode
(WE) to a reference electrode (RE) in liquid electrolyte. (B) Nyquist plot of EIS and the
equivalent circuit representing the system. Adapted from Lazanas & Prodromidis under the
Creative Commons License CC-BY-NC-ND 4.0.4

1.2 Physics based model of EIS

The assessment of EIS often involves parameter estimation obtained through fitting the

impedance spectra into model. The widely used equivalent circuit model (ECM) simplifies

the electrochemical system by representing it as a collection of circuit elements. Constant

phase elements and modified inductance elements are employed to account for non-idealities

such as surface roughness or heterogeneous adsorption.21–23 More physics-specific elements

such as Gerischer,24,25 de Levie,26,27 and various Warburg elements, are derived analytical

solutions from governing equations and boundary conditions related to transport and kinetic

phenomena. Due to its simplicity, ECM is a popular method to transform the spectral

data structure of EIS to parameterized values that can be used to quantitatively assess

corresponding physico-chemical processes.5,27,28 Despite its popularity, ECM has drawbacks,

including the need for expertise knowledge to select appropriate collection of elements and

its non-uniqueness, where different circuits, with or without physical meaning, can provide

a good fit for an impedance spectra.29–31
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Fig. 1.3 EIS and ECM fit of a Lithium-ion battery. Reproduced from Chen et al. under the
Creative Commons License CC-BY 4.0.28

In contrast, physics-based models establish a direct connection between the physicochem-

istry of a system and its EIS representation. These models determine the frequency domain

responses by solving coupled differential equations, algebraic equations of transport, kinet-

ics, and thermodynamics. Physics-based models excel in simulating complex, interdependent

processes and geometric complexities not adequately represented by the generalized ECM ele-

ments, as well as connecting trends to internal and external conditions. Many electrochemical

systems have been extensively modeled in this manner where the mechanistic understanding

proved essential in explaining and predicting trends and behaviors of EIS.26,32–37

Fitting a physics-based model to experimental EIS data is often challenging due to the

high number of unknowns parameters. For instance, the pseudo-2D model (P2D) used in

modeling lithium-ion battery systems impedance responses requires well over 20 parameters

to describe the physical, chemical, and electrochemical properties of the cell.33,37,38 Conse-

quently, effective quantification of P2D model parameters becomes a significant challenge.

Researchers often resort to additional characterization and analytical methods, information

from ex-situ measurements, or rely on values reported in the literature to estimate these

parameters.37,38 The pseudo-2D model highlights the difficulty in designing experiments to

collect sufficient data for determining all physical parameters, as the more complex the
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model, the higher the validation requirement for deterministic fitting. Even when sufficient

information is available, the convergence of the model can be dependent on a good initial

guess and the optimization algorithm, with no guarantee of attaining a unique solution or

converging to the global best fit.

Fig. 1.4 P2D model of Lithium-ion battery. Reproduced from Tran et al. under the Creative
Commons License CC-BY 4.0.39
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1.3 Machine learning application in electrochemistry

In recent years, the integration of machine learning within the field of electrochemistry has

seen a surge in publications, particularly in diagnostic applications. Mechanistic prediction

in this context becomes challenging due to the interplay of various degradation modes and

the diverse external and internal conditions that impact the overall state-of-health. In some

cases, data-driven machine learning, leveraging electrochemical measurements or operational

data, proves adept at predicting state-of-health or remaining useful life without requiring

knowledge of the underlying physical mechanisms.14,20,40,41 Electrochemical impedance spec-

troscopy (EIS), sometimes included as single-frequency measurement, as frequency sweeps or

parameters derived from ECM, have proven effective in data-driven diagnostics for lithium-

ion batteries and fuel cell systems.12,14,20,42–44 To exemplify the potential in incorporating

machine learning framework to electrochemical measurements, we will discuss recent ad-

vances focus on EIS.

The interpretation of EIS faces inherent challenges due to the complex nature of the

electrochemical systems under study. Physico-chemical processes sometimes leave finger-

prints on EIS that are visually imperceptible or indistinguishable from one another. From

a data structure perspective, the multitude of frequency points in EIS introduces significant

dimensionality to training data, as well as escalating the computational cost in mechanistic

simulation. Machine and statistical learning approaches have emerged as effective tools to

navigate these challenges. Notably, machine algorithms have excelled in EIS pattern recog-

nition, streamlining ECM classification and fitting processes. These advancements not only

simplify and expedite ECM implementation but also alleviate subjectivity and the need for

expertise in the human selection of appropriate circuits.45–48

The utilization of the distribution of relaxation times (DRT) for EIS analysis has gained

increased attention and adoption in recent years.49–52 Incorporation of deep neural networks,

Gaussian processes, and Bayesian frameworks has significantly improved the accuracy and re-

liability of solutions to the inherently ill-posed problem of DRT conversion transforming EIS
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into a collection of resistor-capacitor time constants. Additionally, these approaches intro-

duce novel techniques for noise filtering, outlier detection, and finding optimized frequency

placement.29,53–57 Machine learning methodologies further contribute to the field through

feature importance analysis, sensitivity analysis, various statistical approaches, offering en-

hanced insights into the interpretation of complex impedance systems. These approaches

provide effective strategies for managing the complexity and high dimensionality inherent in

EIS datasets.12,58–61

1.4 Combining mechanistic modeling and machine learning

Mechanistic modelling and machine learning are two paradigms that have independently

propelled advancements in electrochemistry. Yet there can be even greater potentials in their

union. In materials discovery, the integration of machine learning with computational physics

and chemistry models creates high fidelity prediction of materials properties, and screening

of candidate materials.62–71 In more recent years, researchers have delved into the use of

synthetic data from physics-based simulation to train Lithium-ion battery diagnosis and

prognosis models.72–75 Data-driven surrogate models from these studies and others, although

time and resource demanding to gather training data, can be used on demand after.72,75–77

These works exemplify the opportunities in leveraging the predictive power of physics-based

modeling to substitute extensive experimentation and use the pattern recognition power of

machine learning to comprehend the complex response of electrochemical systems.
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Chapter 2

SIMULATION INFORMED MACHINE LEARNING
DIAGNOSTICS OF SOLID OXIDE FUEL CELL SYSTEM

Published with permission from Journal of Electrochemical Society under DOI:

10.1149/1945-7111/ac59f4

Giang Le1,*

Luca Mastropasqua 2

Jack Brouwer 2

Stuart Alder 1

1 Department of Chemical Engineering, University of Washington, Seattle, Washington
2 National Fuel Cell Research Center, University of California, Irvine, California

* Corresponding Author. giangtle@uw.edu

2.1 Introduction

Long-term reliability has been a major factor limiting commercial deployment of solid oxide

fuel cell (SOFC) technology.78,79 Most studies have focused on SOFC degradation mecha-

nisms, in particular the causes (and signs) of long-term degradation in SOFC performance,

which tends to be uniform among cell modules in a system.80–83 Others have involved acceler-

ated testing such as redox cycling, thermal cycling or air-borne contaminant poisoning.44,84–86

In both settings, post-mortem analysis reveals various failures such as delamination, elec-

trolyte cracking, and fuel depletion.84–89 These failures are reported to cause fast degradation

and catastrophic failure.81,84,90 A critical step in commercializing SOFC systems is developing

mailto:me@example.com
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robust diagnostic tools that can detect the onset of these types of critical failures, allowing

corrective action before irreversible failure of the entire stack or system.

Electrochemical impedance spectroscopy (EIS) technique is often employed in SOFC

degradation studies.15,17,44,81,91,92 EIS can separate physical processes of different timescales,

allowing researchers to deconvolute factors that contribute to SOFC performance.15,17,44,81,91,92

EIS experiment can be conducted in Galvanodynamic mode by applying an AC current on

top of a SOFC load, allowing operando measurement without interrupting power genera-

tion.15,17,44,81,91 Futhermore, experimental and simulation studies have also shown different

modes of SOFC failure can have different effects on EIS. Gallo et al. reported a large in-

crease in the low frequency gas concentration impedance under high fuel utilization or fuel

starvation conditions.15 Gazzarri & Kesler explored EIS of SOFCs under several different

degradation modes including delamination, uniformly distributed surface area loss, and con-

tact degradation. They highlighted distinct EIS changes from each degradation mode on

both simulation and experimental results.93–95

However, one challenge to using EIS as a diagnostic is the very complex structure of EIS

data, which can be difficult to interpret, especially for automated algorithms. Even very

detailed equivalent circuit or physics-based models often fail to fully capture all features

and frequency dispersion in real EIS data over time,15,94 and is often simplified to reduce

computation time for real-time control.15,94,96 For this reason, workers have begun to examine

data driven approaches where a machine learning model (trained using measured or simulated

data) is used to interpret EIS response, rather than using regression to fit the EIS response

to a model directly.14,42,97

Simulation modeling and machine learning have been increasingly applied in SOFC mon-

itoring and diagnosis literature. Gallo et al. used equivalent circuit models to fit EIS data,

extracting parameters that were used in a fast dynamic model to predict remaining useful

life (RUL) from 5000h of experimental data.15 Zhang et al. and Li et al. used a SOFC system

model to simulate air and/or fuel leakage in balance of plant (BOP) components. Their deep

learning models were effective at recognizing different fault classes from simulated system
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variables such as BOP temperature, pressure, voltage and power.98,99 Polverino et al. used a

system dynamic model to simulate increased polarization loss and BOP faults to develop sig-

nature matrix for on-site system diagnosis.100 Using voltage history from public experimental

anode chlorine and sulfur poisoning studies, Wu & Ye built support vector machine classifier

to identify different faults with 97% accuracy rate and built hidden semi-Mark models to

predict RUL within ˘ 20% error.101

A significant challenge to using machine learning for SOFC stack failure analysis is the

time and expense of gathering training data on real systems undergoing controlled failure

over a wide enough range of conditions. For this reason, we take the approach of simulation-

informed machine learning as some of the mentioned studies did.98–101 Simulation-informed

machine learning uses machine learning models that learn partly or fully on databases gener-

ated from simulation. The use of modeling helps reduce the experimental burden of long-term

and accelerated testing and can fill in the under-explored domain of simultaneous occurrence

of multiple degradation mechanisms. Machine learning shows great potential in identification

of fault patterns without requiring a precise point-by-point fit of the data to a model.98–101

If successful, simulation-informed machine learning can offer a resource efficient and flexible

pathway to SOFC diagnosis.

The success of simulation-informed machine learning depends on various factors including

model fidelity, system variability, and measurement uncertainty.102,103 To overcome these

challenges, others have employed various noise filtering, feature selection, and used different

machine learning algorithms.103–106 In this work, we only use simulated data to inform and

evaluate a SOFC failure detection tool. We intend to evaluate, adjust and improve the

methodology, and apply to experimental data in a future study.
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2.2 Methodology

2.2.1 Modeling approach

Solid oxide fuel cell physics model

The SOFC system we model is a 6-cell stack manufactured by SolidPower S.p.a., the descrip-

tion of which is provided elsewhere.107 The physics we include are based on the prominent

processes as interpreted from reported experimental EISs of the same system.15,108 These

physics apply to both regular and defective SOFCs operating on humidified hydrogen fuel

gas and air as oxidant gas. As shown in Fig. 2.1, the fuel cell geometry is represented

by four parameters: anode channel height hA, cathode channel height hC , fuel cell length

(along the flow direction, i.e. the x-direction) l, and width w. The geometric values used in

the simulation are provided in Appendix Table 2.5. Since the thickness of a SOFC is small

compared to its width and length, the 3D problem is approximated in a 2D geometry by

pooling variables in the thickness dimension. Many co-flow and counter-flow planar SOFC

2D and 1D models remove the width dimension because there is little variation across the

cell when heat loss from SOFC side walls is negligible.109–111 However, the width dimension

is necessary when simulating failures as they can create gradients in the width direction that

impact performance and impedance characteristics

A linear relationship between the gas pressure gradient and the volume velocity, 9Q, is

assumed under laminar flow condition and small pressure drop. Under small temperature

and pressure changes, we make the approximation that the volume velocity is proportional to

the molar flux, 9N, thereby, giving a proportional relationship between the pressure gradient

and the molar flux:
9N “ γ∇P “ ∇ rP (2.1)

where γ is the proportionality constant, P is the pressure, and rP is a reduced pressure term.
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Under the assumption of an ideal gas, we apply the following molar continuity equation:111

0 “ ´∇ ¨ 9N `
ÿ

i

9Ri “ ´∇2
rP `

ÿ

i

9Ri (2.2)

where 9Ri is the gas consumption or production rate for each gas species i.

The above equation and its boundary conditions determine the molar gas flux as a func-

tion of position. One boundary condition is the gas molar flux entering the fuel cell, while

the other is the pressure in the downstream anode and cathode gas manifolds.

The reaction rate for each gaseous species is tied to the global hydrogen oxidation elec-

trochemical reaction (H2 ` 1{2O2 Ñ H2O):

9RH2 “ ´
jF
2F

(2.3)

Fig. 2.1 Schematic of SOFC geometry.
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9RO2 “ ´
jF
4F

(2.4)

9RH2O “
jF
2F

(2.5)

where jF is local Faradaic current density and F is the Faraday constant.

The species mole fractions are governed by species conservation:

Ph

RgTg

dyi
dt

“ ´∇ ¨ Ji ´ ∇ ¨

´

yi 9N
¯

` 9Ri (2.6)

where P is the gas pressure, h is either the anode or cathode channel height, Rg is the

universal gas constant, Tg is the lumped gas temperature, yi is species i mole fraction and

Ji is the molar diffusive flux for species i. The diffusive fluxes are evaluated using Fick’s law

and the binary diffusion coefficient for a two-species system.112 For a three-species system,

diffusive fluxes are evaluated using the Stefan-Maxwell multi-component diffusion model.113

To account for back diffusion of the anode channel species, we extend the solution in the

x-direction in front of the fuel cell gas entrance.32 Back diffusion of O2 is deemed negligible

due to the smaller concentration gradient and slower diffusion of the cathode gas.

Although the temperature of the gas (Tg) and solid materials (Ts) are treated indepen-

dently, we use a lumped temperature for all solid components (electrolyte, electrodes, and

interconnect). The lumping of the interconnect and cell temperature is justified based on

the thermal profiles observed when simulating these temperatures separately. Radiative heat

transfer keeps the cell and interconnect temperature within 15 K under simulated operating

conditions. Hence, lumping the solid temperatures has minimal effect on the simulated EIS

response. The lumped solid temperature Ts is determined through conservation of energy in

the solid material:

0 “ kts∇2Ts ` hconv pTg ´ Tsq ` jF

ˆ

´V `
1

2F
∆Hrxn

˙

(2.7)

where k is the lumped solid conductivity, ts is the solid thickness, hconv is the convective
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heat transfer coefficient, V is the cell voltage, and ∆H̄rxn is the molar heat generation

from the electrochemical reaction. In lieu of information on the interconnect materials,

we use the thermal conductivity of steel and an assumed solid thickness of 2 mm.114 The

resulting thermal profile is deemed reasonable and consistent with the gas inlet and outlet

temperatures reported on the same system.107

The convective heat transfer coefficient between the gas and solid, hconv, is approximated

using the following equation:111,115

hconv “
Nu

ř

i yiki
DH

(2.8)

where Nu is the system Nusselt number, ki is the thermal conductivity of the gas at the

gas temperature, and DH is the hydraulic diameter of the gas channel. We neglect the gas

composition dependence for the following reasons: convective heat transfer mainly happens

between the cathode gas and the solid due to the cathode much higher flow rate, thermal

conductivity of O2 and N2 are approximately the same, cathode molar composition doesn’t

change significantly due to the low air utilization conditions. We use a Nusselt number of

6, a mole fraction of O2 of 21%, gas thermal conductivity at the inlet temperature, and a

hydraulic diameter equals to twice the gas channel height given the flow geometry, to get a

convective heat transfer value of 150 W/(m.K).111,112,115,116

∆H̄rxn, the molar heat generation from the electrochemical reaction, is calculated as:

∆Hrxn pTgq “ HH2, f pTgq `
1

2
HO2, f pTgq ´ HH2O, f pTgq (2.9)

where H̄i, f is the molar enthalpy heat of formation of species i at the gas temperature Tg.

The lumped gas temperature Tg is determined through another energy balance which

includes both gas channels:

0 “ hconv pTs ´ Tgq ´ ∇ ¨ H ´
jF
2F

∆Hrxn (2.10)
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where H is the function of the gas enthalpy flow:

H “
ÿ

i

9NyiH i, f pTgq (2.11)

The transient term in the equations governing temperature are neglected because the

temperature dynamics are expected to be much slower than the frequency range investigated

with EIS (10 mHz to 100 kHz).117–119

The electrochemistry model includes an Ohmic resistance, an activation resistance and

capacitance , and the Nernst equation:

V “ V0 pTs, P q `
RgTs

neF
log

PH2P
1
2
O2

PH2O

´ ηOhmic ´ ηactivation (2.12)

where V is the cell voltage, V0 is the standard cell voltage at the cell operating pressure P and

the solid temperature Ts. The second term comes from the Nernstian relationship between

the theoretical equilibrium potential and the partial pressures of reactants and products.

The Ohmic overpotential ηOhmic is:

ηOhmic “ jROhmic (2.13)

where ROhmic is the lumped Ohmic resistance from fuel cell components and j is the total

current density. The local total current density is a sum of Faradaic current density and

capacitive current density jC :

j “ jF ` jC (2.14)

The electrode activation overpotential ηactivation is expressed empirically using a Butler-

Volmer equation for a two-electrons symmetrical reaction:

ηactivation “
RgTs

F
asinh

ˆ

jF
2j0

˙

(2.15)
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where jF is the Faradaic current and j0 is the exchange current density.

The capacitive current density from the electrode activation overpotential double layer

capacitance Cdl is given by:

jC “ Cdl
dηactivation

dt
(2.16)

The last equation to close out the system of equations is that the applied current, i,

equals the area integral of current density over the cell active area A :

i “

ĳ

A

jdA “

ĳ

A

pjF ` jCq dA (2.17)

The governing equations and boundary conditions used to solve for each state variable

are provided in detail in Appendix Table 2.2

Frequency domain formulation

This section discusses the frequency domain derivation of the system harmonic response to

a sinusoidal current perturbation during an EIS experiment. The applied current can be

written as:

i “ i0 `
α

2

`

ejωt ` e´jωt
˘

(2.18)

where j is the imaginary unity, i0 is the steady state current or the DC current, α is the

dimensionless perturbation amplitude, i˚ is a characteristic amplitude defining the scale for

α, and ω is the fundamental perturbation frequency.

The steady periodic behavior of any system variable can be treated as a complex Fourier

series:120

Xpt, x, y;α, ωq “ X0 `

`8
ÿ

m“1

1

2

`

Xmpx, y;αqejmωt
` Xmpx, y;αqe´jmωt

˘

(2.19)

where X0, Xm and X̄m are the Fourier coefficients. X̄m is the complex conjugate of Xm.

The amplitude dependence can be removed from the Fourier coefficients by expanding each
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coefficient as regular perturbation series in alternating powers of α.120

Xmpx, y;αq “

8
ÿ

r“0

αm`2rXm,m`2rpx, yq (2.20)

The above expansion is substituted into all governing equations to determine the har-

monic responses of the system. We also use the Taylor series expansion at the constant term

(X0) of the Fourier series for the voltage and activation overpotential functions in Eqs. 2.12

and 2.15. Terms with m “ 1 and r “ 0 represent the linear response of the system to current

modulation. The impedance response is:

Zpωq “
∆V

∆I
“ V1,1 (2.21)

The derived harmonic formulation of the governing equations and boundary conditions

is provided in Appendix Table 2.3.

Figure 2.2 shows simulated EIS along with a few experimental EIS from our collaborators

at the National Fuel Cell Research Center, University of CaliforniaIrvine. These limited

experimental data do not fully validate of our model, but demonstrate how the data is

representative of real SOFC stack impedance behavior.

Aging degradation simulation

To simulate the uniform degradation phenomenon that occurs over SOFC lifetime, we

spanned the electrochemistry parameter space over relevant ranges. These include the ex-

change current density j0, the area specific Ohmic resistance ROhmic and activation double

layer capacitance Cdl. The electrochemistry parameters and the ranges used in simulating

aging are in Appendix Table 2.9. To account for small variations in performance between

cells that can come from initial difference in micro-structures or difference in aging rates, we

added a 5% standard deviation to these aging-related performance parameters in simulating

each cell EIS.
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Fig. 2.2 Nyquist plot of healthy cell EIS from simulation (a) and experiment (b). The stack
operates with 1.2 Nl min-1 50:50 mole fraction mixture of H2 and N2, 18.9 Nl min-1 air, and
different current. The İ, �, ‚ and N symbols indicate 0.1 Hz, 1 Hz, 10 Hz, and 100 Hz,
respectively.

Failure physics models

We examined three different failure models: fuel maldistribution, delamination and oxidant

crossover. We simulated EIS for a 6-cell stack that has one of these failures on one of the

cells. The choice of number of cells and geometry parameters is intentional to simulate a

short stack system manufactured by SolidPower S.p.a (Italy) that we plan to conduct future

EIS experiment on.107 The following three subsections describe the three failure models

included in this study. Just as in simulation of aging , these failure simulations also have

a 5% standard deviation in the aging-related parameters to account for possible deviation

between cells’ microstructure or aging rate.
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Fuel maldistribution failure model

In the case of fuel maldistribution, one cell receives less fuel than the rest of the stack. Fuel

maldistribution is quantified by the parameter r1 :

r1 “
Uf,d

Uf, stack

´ 1 (2.22)

where Uf, d is the fuel utilization at the failed cell, and Uf, stack is the stack average fuel

utilization factor. An intact stack would have an r1 value of 0.

From conservation of molar flow rate through the stack, the fuel utilization on the rest

of the cells Uf, o is:

Uf, o “ pr1 ` 1qUf, stack
ncell ´ 1

ncell pr1 ` 1q ´ 1
(2.23)

where the number of cells in the stack ncell is 6.

Delamination failure model

Figure 2.3 shows a schematic of the modeled delamination in the center of the cell active

area.

Delamination is quantified by the parameter r2 :

r2 “
Ad

A
(2.24)

where Ad is the area of the delaminated region, and A is the cell area. An intact cell would

have an r2 value of 0.

In the delaminated area, both Faradaic and capacitive current density are assumed to

be effectively zero.93,94 Hence, the first harmonic responses for both Faradaic and capacitive

current density in this region are also zero.
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Oxidant crossover failure model

We simulate a gas leak from the cathode channel to anode channel due to a crack formed

in the middle of the cell. The crossover oxygen reacts directly with hydrogen in a parasitic

reaction that is the same as the electrochemical reaction (H2 ` 1{2O2 Ñ H2O). Oxidant

crossover is quantified by the parameter r3 :

r3 “

ť

A
9RO2,pardA

ť

A
9RO2,eledA

“
LO2
`

i
4F

˘ (2.25)

where 9RO2,par is the local consumption rate of oxygen from the parasitic reaction, 9RO2,ele

is the consumption rate of oxygen from the electrochemical reaction, and LO2 is the total

amount of oxygen leaked from the cathode channel. An intact cell would have an r3 value

of 0.

Assuming that crossover oxygen reacts instantaneously, the distribution of the oxygen

Fig. 2.3 Schematic of delaminated cell. ld is the length of the delaminated region, wd is the
width of the delaminated region, Ad is the delaminated area, and A is the cell area.
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crossover from gas leak is the same as the distribution of parasitic reaction consumption rate.

We use a standard bivariate normal distribution function to evaluate the spatial distribution

of leaked oxygen:

9RO2,parpx, yq “ LO2N
`

pxd, ydq , σ2
˘

“ LO2

1

πσ2
exp

˜

´
px ´ xdq

2
` py ´ ydq

2

σ2

¸

(2.26)

where N
`

pxd, ydq , σ2
˘

is the distribution function of a standard bivariate normal distribution

around the defect coordinate (xd, yd) where the crack locates, with equal variance in both

direction σ2. The Gaussian normal distribution has been used to simplify the leakage flow

from a crack.121 The crack is at the center of the cell, i.e. the defect coordinate (xd, yd) is

(l{2, w{2).

The modified governing equations for a cell with oxidant crossover failure are provided

in Appendix Table 2.4.

Simulation methodology

We used COMSOL Multiphysics to simulate the steady state operation and impedance re-

sponse of SOFC, using the Coefficient Form PDE module and the Domain ODEs and DAEs

module. We compared EIS results using different element sizes with COMSOL auto physics-

controlled meshing sequence, to choose the appropriate number of finite elements for accurate

and efficient simulation. The preset fine element size was selected for all simulations. All

EIS were simulated for a frequency range from 10 mHz to 100 kHz at 10 points per decade

(ppd). The COMSOL models of nominal planar SOFC and the studied failures have been

shared openly to facilitate future use and feedback under the MIT license.122
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2.2.2 Machine Learning Method

Fixed operating condition diagnostics with stack EIS

We applied machine learning methods to detect single cell failure at the operating condition

provided in Appendix Table 2.6. To build the machine learning database, we used our physics

model to simulate EIS of a stack that only experienced uniform aging degradation. We also

simulated stack EIS with one cell having one of the three failures mentioned previously

on top of aging varying the failure level while also varying electrochemistry parameters to

simulate aging. To efficiently explore the parameter space, we used the quasi-random Sobol’s

sampling method and generate a database of 6,000 EIS simulations for this objective.123

The Sobol’s sampling algorithm was taken from SALib open-source python package.124 The

electrochemistry parameter ranges and failure levels examined are in Appendix Tables 2.9

and 2.1.

To label these simulations, we had to establish a detection threshold for each of the fail-

ures. A simulation with failure level higher than the chosen threshold is labelled as defective

or labelled as normal otherwise. Threshold selection should depend on practical consider-

ations such as the cost of replacing a stack prematurely or the cost of power interruption

from catastrophic failure. Due to our lack of knowledge regarding these considerations, we

picked these thresholds arbitrarily, with the understanding that these can be modified in the

future as dictated by experiental observations on real SOFC stacks. The decision thresholds

chosen are provided in Table 2.1.

Table 2.1 Decision (detection) threshold for each failure.

Failure type Failure parameter Value range Decision threshold
Fuel maldistribution r1 0.0 ´ 0.23 0.1

Delamination r2 0.0 ´ 0.75 0.375
Oxidant crossover r3 0.0 ´ 0.1 0.05

From the simulation database, we trained a support vector machine (SVM) classifier to
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label impedance as either normal, type 1 (fuel maldistribution), type 2 (delamination) or

type 3 failure (oxidant crossover). The classifier takes EIS as real and imaginary parts of the

impedance at each frequency. Hence, the machine learning input has 142 features (from 71

frequencies between 10 mHz to 100 kHz at 10 points per decade). In addition to the SVM

classifier, we also created neural network (NN) regression models to predict failure level from

EIS. These NNs have up to 3 hidden layers, up to 100 neurons per layer, and use the sigmoid

activation function.

We used a 60% training 40% testing random split for SVM method. For NN regression,

we used a 30% training, 30% validation, and 40% testing split.

Cross-condition diagnostics with pristine and final stack EIS

We explored machine learning failure detection from stack EIS at any operating condition,

given that the initial/pristine stack EIS is known. At each operating condition, we simulated

stack EIS and EIS of a hypothetical pristine condition point of reference. The electrochem-

istry parameters assumed for a pristine cell or stack is in Appendix Table 2.10. Just like

the last machine learning objective, we simulated EIS of aging stack and stack with one of

the failures on top of aging. We used Sobol’s sampling to explore the operating condition

space (Appendix Table 2.7), the aging electrochemistry parameter space (Appendix Table

2.9) and failure level ranges (Table 2.1).

Different from fixed condition diagnostics, we used two pieces of information to inform

the machine learning model. The first is the pristine stack EIS. The second is the difference

between the final EIS and the pristine EIS. The total number of features is 284: 142 from

the pristine stack EIS, 142 from the frequency by frequency difference between the final EIS

and the pristine EIS at the same operating condition. We use the same decision thresholds

in Table 2.1 to label the 57,000 EIS database to train SVM diagnostic model. With the same

input, we train NNs to predict failure level. These NNs have up to 3 hidden layers, up to

100 neurons per layer, and use the sigmoid activation function.

We used a 60% training 40% testing random split for SVM method. For NN regression,
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we used a 30% training, 30% validation, and 40% testing split.

2.3 Results and Discussion

2.3.1 Aging degradation EIS

Figure 2.4 shows the Nyquist representation of some EIS simulations from the fixed operating

condition diagnostics’ aging database. As seen on Fig. 2.4, by changing electrochemistry

parameters, the resulting EIS may have different high-frequency intercepts due to different

Ohmic resistances. Aged EIS may have different activation resistances, indicated by the high-

frequency activation semi-circle. The low-frequency semi-circle corresponds to gas conversion

impedance, also called gas concentration impedance, that arises from the partial gas pressure

dependence in Nernst equation.32

Fig. 2.4 Nyquist plot of cell EIS from the aging degradation simulation database at the
same operation. The İ, �, ‚ and N symbols indicate 0.1 Hz, 1 Hz, 10 Hz, and 100 Hz,
respectively.
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2.3.2 Fuel maldistribution failure EIS

To illustrate how fuel maldistribution affect EIS, we created simulations of different failure

levels r1, at the operating condition in Appendix Table 2.6, and with the pristine electro-

chemistry parameters in Appendix Table 2.10. The simulation results of the defective cell

and stack EIS are shown in Fig. 2.5.

Fig. 2.5 Effect of fuel maldistribution on linear impedance response at the same operation
and pristine condition on (a) pristine cell EIS and (b) pristine stack EIS. The İ, �, ‚ and N
symbols indicate 0.1 Hz, 1 Hz, 10 Hz, and 100 Hz, respectively.

Seen on Fig. 2.5a, the defective cell total impedance increases with increasing failure

level. The main contribution to this increase comes from low frequency gas conversion

process, due to the decreasing hydrogen and increasing water mole fraction from an increased

fuel utilization.15,32 The stack EIS on Fig. 2.5b not only displays an overall increase of

total impedance, but also a shape change in the gas conversion feature. At higher failure

levels, the gas conversion feature shifts from a half circle for a normal stack to a more

depressed half circle, resembling a constant phase element. This can be explained by the
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small difference in gas conversion timescale, or peak frequency, between a normal cell and

a defective cell, resulting in a more distributed shape on stack EIS. The gas conversion

characteristic timescale is slower with higher the failure level i.e. higher fuel utilization at

defect cell. Except for the highest failure level simulation on Fig. 2.5b, the stack EIS exhibits

fairly little change.

2.3.3 Delamination failure EIS

To illustrate how delamination affect EIS, we created simulations of different delamination

levels r2, at the operating condition in Appendix Table 2.6, and with the pristine electro-

chemistry parameters in Appendix Table 2.10. The simulation results of the delaminated

cell EIS and the stack EIS are shown in Fig. 2.6.

Fig. 2.6 Effect of delamination on linear impedance response at the same operation and
pristine condition on (a) pristine cell EIS and (b) pristine stack EIS. The İ, �, ‚ and N
symbols indicate 0.1 Hz, 1 Hz, 10 Hz, and 100 Hz, respectively.

On Fig. 2.6a, with increasing levels of delamination, we observe an increase in both the

Ohmic resistance and the electrode activation resistance. These increased resistances can be

explained by the increase in local current density as the same applied current has to pass

through a reduced active area. At the lower frequency range, we observe the appearance of
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a 45o slope, typically associated with diffusion process, at timescale faster than gas conver-

sion. The diffusion process relevant to this timescale would be the anode gas diffusion from

hydrogen rich, water poor delaminated area in the center toward the outer active area. On

Fig. 2.6b, at higher failure levels, there is a frequency dispersion in the activation feature,

increase in Ohmic and activation resistances on stack EIS. The 45o slope diffusion feature

from delaminated cell EIS is not visible on stack EIS, but a decrease in the phase angle can

be observed for the stack EIS with the most delaminated cell.

2.3.4 Oxidant crossover failure EIS

To illustrate how oxidant crossover affect EIS, we created simulations of different oxidant

crossover levels r3, at the operating condition in Appendix Table 2.6, and with the pristine

electrochemistry parameters in Appendix Table 2.10. The simulation results of the delami-

nated cell EIS and the stack EIS are shown in Fig. 2.7.

Fig. 2.7 Effect of oxidant crossover on linear impedance response under the same operating
condition on (a) pristine cell EIS and (b) pristine stack EIS. The İ, �, ‚ and N symbols
indicate 0.1 Hz, 1 Hz, 10 Hz, and 100 Hz, respectively.

Seen on Fig. 2.7a, compared to the last two failures, the change in EIS behavior seen

in these simulations is less substantial, despite at the max simulated failure level pr3 “ 0.1q ,
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hydrogen is near depletion at the crack position pminpyH2q “ 0.055q . The main change in

cell and stack impedance mainly comes from the gas conversion feature. For these, changes

in stack EIS are near imperceptible and appear to be quite similar to behavior of smaller

levels of fuel maldistribution (Fig. 2.5b and Fig. 2.7b).

2.3.5 Fixed operating condition diagnostics with stack EIS

The result of the SVM diagnosing the stack EIS is summarized in Fig. 2.8. On the confusion

matrix, with corresponding predicted and true labels, is the number of simulations and the

accuracy rate normalized by class size in parentheses. The matrix diagonal values are the

number of simulations correctly labelled. The model performs well, with diagonal accuracy

rate above 90% for both training and testing data, and few mislabeled EIS. When inspecting

the false negatives, i.e. mislabeled stack EIS with failure level above detection threshold, we

find that they are only mislabeled as normal. The failure levels of these false negatives are

also distributed around the detection threshold, suggesting a sensitivity limit.

Fig. 2.8 Confusion matrix of SVM classification in fixed operating diagnostics with (a)
training dataset and (b) testing dataset. The matrix value is the number of simulations
with the corresponding true and predicted label and in parentheses is the accuracy rate
normalized by the class size. Labels: 0normal stack, 1stack with fuel maldistribution, 2stack
with delaminated cell, and 3stack with oxidant crossover.

Given the continuous nature of failure level, we also attempted to use NN regression
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models. Seen on Fig. 2.9, our NNs can predict failure level with high R2-score. Under fixed

condition, neural networks are able to deconvolute simulated EIS information to give highly

accurate failure level prediction.

Fig. 2.9 Fixed operating condition NN prediction versus simulated failure level for (a) fuel
maldistribution, (b) delamination, and (c) oxidant crossover.

2.3.6 Cross-condition diagnostics with pristine and final stack EIS

We find that using only the final EIS input is not sufficient to make good diagnostics across

operating conditions. Therefore, as mentioned in the Machine Learning Method section, we

used the difference between final and pristine stack EIS and the pristine stack EIS. These

two pieces of information prove to be sufficient for the SVM classifier to diagnose the stack

EIS. We suspect that the need for additional input from the pristine stack EIS is because

EIS varies significantly with operating condition.

The result of our SVM is shown on Fig. 2.10. Among the three failures, delamination

stands out as being labelled correctly at a higher rate (0.98), and no delaminated stack

EIS is mistaken for another failure type, only mislabeled as normal. This may be linked

to the distinctive decrease in phase angle at the onset of gas conversion impedance arc as

mentioned in Delamination failure EIS section. On the other hand, fuel maldistribution and

oxidant crossover can be mislabeled as one another. This may be linked to similar EIS trends

observed between these two failures as discussed in previous sections.
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Fig. 2.10 Confusion matrix of SVM classification in cross-condition diagnostics with (a)
training dataset and (b) testing dataset. The matrix value is the number of simulations
with the corresponding true and predicted label and in parentheses is the accuracy rate
normalized by the class size. Labels: 0normal stack, 1stack with fuel maldistribution, 2stack
with delaminated cell, and 3stack with oxidant crossover.

Figure 2.11 reports the results of cross-condition failure level NN regression. Generally,

these models under-perform compared to fixed condition NN models. Delamination failure

NN stands out as being more accurate, with R2-score above 0.99.

Fig. 2.11 Cross-condition NN prediction versus simulated failure level for (a) fuel maldis-
tribution, (b) delamination, and (c) oxidant crossover.

Both machine learning models, NN and SVM underperform compared to fixed operating

condition diagnostics. This suggests that cross-condition diagnostics is more challenging

even when additionally informed by a pristine stack EIS.
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2.3.7 Noise-injected fixed operating condition SVM model

The simulation-assisted models are intended for diagnosis of experimental EIS that often

contains measurement noise. Noise injection in machine learning, particularly neural net-

works, has shown to regularize and improve the robustness of the model.125–127 Therefore, we

provide here an investigation on how SVM perform when Gaussian noise is added in training

data and how models trained with different noise level perform on noisy testing data.

We used the same 6,000 EIS database we introduced in fixed operating condition diagnos-

tics and the same 60% training, 40% testing split. We added Gaussian noise to the training

data and train SVM on noisy training data to obtain noise-injected SVM models. With the

addition of Gaussian noise, the SVM model input, X, is:

X “ XEIS

`

1 ` N
`

0, σ2
˘˘

(2.27)

Where XEIS is the simulated EIS data as described in the Machine Learning Method

section, N
`

0, σ2
˘

is the normal distribution function with a mean of 0 and standard deviation

of σ, which we refer to as noise level.

The noise-injected SVM models were tested on the noise-free testing dataset. In Fig. 2.12,

we compare the results of the SVM model trained with noise injection with the original SVM

model trained on noise-free data. Prediction accuracy for the testing data decreases slightly

with increasing level of noise injection. However, even at 5% noise level, the accuracy remains

high - 92.5%. The trade-off in decreased accuracy could be balanced if the noise-injected

model generalizes better to noisy EIS input. Therefore, we evaluated the performance of

the noise-injected SVM models with noisy testing dataset and summarized the results in

Fig. 2.13. Unsurprisingly, for all SVM models, accuracy decreases with the increasing noise

level in the testing data. The models that are trained with noisy training data have better

accuracy when tested with noisy data. The SVM model trained on noise-free data is the

least accurate model with noisy testing data, suggesting that noise injection can help SVM to

generalize better to noisy data. At test noise levels less than 5%, the SVM model trained with
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Fig. 2.12 SVM training and testing results of SVM models with various levels of Gaussian
noise injection.

Fig. 2.13 Testing accuracy of noise-injected SVM models. Testing accuracy is averaged
between 100 iterations of Gaussian noise addition to the noise-free testing dataset.
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5% Gaussian noise is less accurate compared to the other SVM models. This suggests that

too much noise injection can also worsen the model performance when the EIS measurement

is not as noisy.

2.3.8 Feature importance for fixed operating condition diagnosis

Feature importance analysis can offer some insights to future design of diagnostic proto-

col. For the fixed-operating condition diagnostic, the SVM model uses the linear kernel.

Therefore, the importance of each feature can be ranked by the magnitude of their corre-

sponding coefficients.128 Figure 2.14 shows the 10 features with the top coefficients, i.e. most

important, from the 142 EIS input for fixed operating condition diagnosis.

Fig. 2.14 Top features for fixed operating conditions diagnostics according to SVM classifier.
The superscript ’ refers to the real part of the impedance and superscript ’ refers to the
imaginary part. The subscript denotes the index of the frequency, starting from 0.01 Hz
being 1.

As seen on Fig. 2.14, a combination of imaginary and real parts of the impedance

contributes to SVM diagnosis. These frequencies range from 0.50 to 5 Hz and this range

is highlighted on the Nyquist plot of a pristine stack in Fig. 2.15. From Fig. 2.5b and
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Fig. 2.6b, this frequency range is where we can observe a decrease in the phase angle in the

stack EIS with both fuel maldistribution and delamination failures, which could explain its

significance to the SVM model. However, not much significance in stack EIS behavior in this

frequency range can be observed for oxidant crossover behavior in Fig. 2.7b, underscoring

the SVM model pattern recognition ability over visual inspection.

Fig. 2.15 The most important frequency range to fixed operating condition SVM diagnosis,
illustrated on a normal stack EIS. The İ, �, ‚ and N symbols indicate 0.1 Hz, 1 Hz, 10 Hz,
and 100 Hz, respectively.

2.4 Conclusions

In this work, we used physics models to simulate the behavior of SOFC under several fail-

ures that could occur during its operation: fuel maldistribution, delamination and oxidant

crossover. These simulations show that failures can lead to features in EIS that deviate

from standard circuit elements behavior, emphasizing the need for physics-based modeling

in SOFC diagnostics. We spotlight the challenge of using system level measurement for di-

agnostics over single cell measurement as diverging cell behavior can appear less prominent

on stack EIS. We demonstrate some initial results of machine learning stack diagnosis on

our simulated EIS database. Support vector machine is able to distinguish between different

failure types across operating conditions and variations in electrochemistry parameters. In
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this study, in addition to the stack EIS, cross-condition diagnostic also needs information

from the EIS of a pristine stack point of reference.

The SVM model analysis offers some insights to failure diagnosis using EIS. For fixed

operating condition SVM diagnosis, we find that adding Gaussian noise to training data may

increase the model robustness against random noise in EIS. SVM also identifies the frequency

range that is significant to failure recognition in our fixed operating condition diagnosis.

Feature importance study using simulation-informed machine learning as we demonstrate

here may inform more efficient data collection in real-time diagnosis.

In future work, we will move toward adapting our simulation-informed machine learning

framework on experimental EIS taken from healthy and defective stacks. We will explore

using other algorithms and preprocessing techniques to increase resilience against poten-

tial deviation from the physics model prediction and measurement noise. We also plan to

investigate the effect of detection threshold on the diagnostic tool’s effectiveness.
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2.6 Appendix

2.6.1 Appendix A: Model Equations

Table 2.2 Steady state governing equations and boundary conditions for SOFC with
H2/H2O fuel and O2/N2 oxidant gas.

Reduced anode gas channel pressure - rPA:

0 “ ´∇2
rPA A1-1

BC at x “ 0:

´n ¨ ∇ rPA “ 9NAx, in A1-2

where 9NAx, in is the anode gas inlet flow rate, calculated from the fuel utilization

factor and the inlet hydrogen mole fraction yH2,in:
9NAx, in “

i

2F

1

yH2,inU f

1

w
A1-3

BC at x “ l:
rPA “ 0 A1-4

BC at y “ 0 and y “ w:

´n ¨ ∇ rPA “ 0 A1-5

Reduced cathode gas channel pressure - rPC :

0 “ ´∇2
rPC ´

j

4F
A1-6

BC at x “ 0:

´n ¨ ∇ rPC “ 9NCx, in A1-7

where 9NCx, in is the cathode gas inlet flow rate, calculated from the air utilization

factor and the inlet oxygen mole fraction yO2,in:
9NCx, in “

i

4F

1

yO2,inUa

1

w
A1-8

BC at x “ l:
rPC “ 0 A1-9
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BC at y “ 0 and y “ w:

´n ¨ ∇ rPC “ 0 A1-10

Hydrogen mole fraction - yH2 :

0 “ DH2,H2O
PhA

RgTg

∇2yH2 ´ ∇ ¨

´

yH2∇ rPA

¯

´
j

2F
A1-11

BC at x “ 0:

yH2 “ yH2, back diffusion A1-12

BC at x “ l, y “ 0 and y “ w:

n ¨ ∇yH2 “ 0 A1-13

Water mole fraction - yH2O:

0 “ DH2,H2O
PhA

RgTg

∇2yH2O ´ ∇ ¨

´

yH2O∇ rPA

¯

`
j

2F
A1-14

BC at x “ 0:

yH2O “ yH2O, back diffusion A1-15

BC at x “ l, y “ 0 and y “ w:

n ¨ ∇yH2O “ 0 A1-16

Oxygen mole fraction - yO2 :

0 “ DO2,N2

PhC

RgTg

∇2yO2 ´ ∇ ¨

´

yO2∇ rPC

¯

´
j

4F
A1-17

BC at x “ 0:

yO2 “ yO2, in A1-18

BC at x “ l, y “ 0 and y “ w:

n ¨ ∇yO2 “ 0 A1-19

Lumped solid temperature - Ts:

0 “ kts∇2Ts ` hconv pTg ´ Tsq `
j

2F

`

´V ` ∆Helec

˘

A1-20

BC at x “ 0 and x “ l :

´n ¨ p´k∇Tsq “ hconvpTg ´ Tsq A1-21

BC at y “ 0 and y “ w:

´n ¨ p´k∇Tsq “ ´Φwall A1-22

where Φwall is the thermal flux from the fuel cell wall.
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Lumped gas temperature - Tg:

0 “ hconv pTs ´ Tgq ´ ∇ ¨ HpTgq ´
j

2F
∆Helec A1-23

BC at x “ 0:

Tg “ Tg,in A1-24

Local current density and voltage equations:

V “ V0 pTs, P q `
RgTs

neF
log

PH2P
1
2
O2

PH2O

´ ηOhmic ´ ηactivation A1-25

ηOhmic “ jROhmic A1-26

ηactivation “
RgTs

F
asinhp

j

2j0
q A1-27

jC “ 0, j “ jF A1-28

i “

ĳ

A

jdA A1-29

The above equations determine local current density j, and cell voltage V .
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Table 2.3 Linear impedance response governing equations and boundary conditions (BC)
for SOFC with H2/H2O fuel and O2/N2 oxidant gas.

Reduced anode gas channel pressure:

0 “ rPA,1,1 A2-1

Reduced cathode gas channel pressure:

0 “ ´∇2
rPC,1,1 ´

jF,1,1
4F

A2-2

BC at x “ 0, y “ 0 and y “ w:

n ¨ ∇ rPC,1,1 “ 0 A2-3

BC at x “ l:
rPC,1,1 “ 0 A2-4

Hydrogen mole fraction:
PhA

RgTg

pjωq yH2,1,1 “ DH2,H2O
PhA

RgTg

∇2yH2,1,1 ´ ∇ ¨

´

yH2,1,1∇ rPA ` yH2∇ rPA,1,1

¯

´
jF,1,1
2F

A2-5

BC at x “ 0:

yH2,1,1 “ 0 A2-6

BC at x “ l, y “ 0 and y “ w:

n ¨ ∇yH2,1,1 “ 0 A2-7

Water mole fraction:
PhA

RgTg

pjωq yH2O,1,1 “ DH2,H2O
PhA

RgTg

∇2yH2O,1,1 ´ ∇ ¨

´

yH2O,1,1∇ rPA ` yH2O∇ rPA,1,1

¯

`
jF,1,1
2F

A2-8

BC at x “ 0:

yH2O,1,1 “ 0 A2-9

BC at x “ l, y “ 0 and y “ w:

n ¨ ∇yH2O,1,1 “ 0 A2-10

Oxygen mole fraction:
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PhC

RgTg

pjωq yO2,1,1 “ DO2,N2

PhC

RgTg

∇2yO2,1,1 ´ ∇ ¨

´

yO2,1,1∇ rPC ` yO2∇ rPC,1,1

¯

´
jF,1,1
4F

A2-11

BC at x “ 0:

yO2,1,1 “ 0 A2-12

BC at x “ l, y “ 0 and y “ w:

n ¨ ∇yO2,1,1 “ 0 A2-13

Local current density and voltage equations:

V1,1 “
BV

ByH2

yH2,1,1 `
BV

ByH2O

yH2O,1,1 `
BV

ByO2

yO2,1,1 `
BV

BjF
jF,1,1 `

BV

BjC
jC,1,1 A2-14

jC,1,1 “ Cdl pjωq
Bηactivation

BjF
jF,1,1 A2-15

1 “

ĳ

A

pjF,1,1 ` jC,1,1q dA A2-16

The above equations determine the first harmonic responses of local Faradaic

current density jF,1,1, capacitive current density jC,1,1 and cell voltage V1,1.
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Table 2.4 Modified steady state governing equations for an oxidant crossover failure cell
with H2/H2O fuel and O2/N2 oxidant gas.

Oxygen gas leak distribution:

9RO2,parpx, yq “ LO2 ¨N
`

pxd, ydq , σ2
˘

“ LO2

1

πσ2
exp

˜

´
px ´ xdq

2
` py ´ ydq

2

σ2

¸

A3-1

Reduced anode gas channel pressure:

0 “ ´∇2
rPA `

1 ´ yO2,d

yO2,d

9RO2,par A3-2

where yO2,d is the oxygen mole fraction at defect position.

Reduced cathode gas channel pressure:

0 “ ´∇2
rPC ´

j

4F
´

9RO2,par

yO2,d

A3-3

Hydrogen mole fraction:

0 “ ´∇JH2 ´ ∇ ¨

´

yH2∇ rPA

¯

´
j

2F
´ 2 9RO2,par A3-4

The molar diffusive fluxes JH2 and JH2O are calculated based on Stefan-Maxwell

equations for multi-component gas mixtures of H2, H2O and N2.

0 “ ´∇JH2O ´ ∇ ¨

´

yH2O∇ rPA

¯

`
j

2F
` 2 9RO2,par A3-5

Oxygen mole fraction:

0 “ DO2,N2

PhC

RgTg

∇2yO2 ´ ∇ ¨

´

yO2∇ rPC

¯

´
j

4F
´ 9RO2,par A3-6

Lumped gas temperature:

0 “ hconv pTs ´ Tgq ´ ∇ ¨ H pTgq ´
j

2F
∆Helec ` 2 9RO2,par∆Helec A3-7
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2.6.2 Appendix B: Model Parameters

Table 2.5 SOFC geometric parameters.

Symbol Parameter Value Units
A Cell active area 8.0 ˆ 10´3 m2

l Cell length 0.09 m
w Cell width 0.0889 m
hA Anode height 1.5 ˆ 10´3 m
hC Cathode height 1.5 ˆ 10´3 m

Table 2.6 Fixed operating condition diagnostics’ operating condition.

Symbol Parameter Value Units
P Gas pressure 1.013 ˆ 105 Pa
Tg,in Gas inlet temperature 1023.15 K
yH2,in Anode gas inlet hydrogen mole fraction 0.8 1
yO2,in Cathode gas inlet oxygen mole fraction 0.21 1
i Cell current 20 A
Uf Fuel utilization 80% 1
Ua Air utilization 15% 1
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Table 2.7 Cross-condition diagnostics’ operating condition range.

Symbol Parameter Value Units
P Gas pressure 1.013 ˆ 105 Pa
Tg,in Gas inlet temperature 1023.15 K
yH2,in Anode gas inlet hydrogen mole fraction 0.5 ´ 0.99 1
yO2,in Cathode gas inlet oxygen mole fraction 0.21 1
i Cell current 10 ´ 30 A
Uf Fuel utilization 50 ´ 80% 1
Ua Air utilization 5 ´ 20% 1

Table 2.8 Physical parameters.101

Symbol Parameter Value Units
DH2,H2O H2 H2O binary diffusion coefficient 7 ˆ 10´4 m2

{s
DO2,N2 O2 N2 binary diffusion coefficient 1.7 ˆ 10´4 m2

{s
kts Lumped solid conductivity 0.05 W {K

hconv Heat transfer coefficient between gas and solid 150 W {pm2.Kq

κ Heat transfer coefficient between the solid and gas
temperature at the fuel cell entrance and exit 2.5 W {pm.Kq

Φwall Thermal flux from the fuel cell wall 0 W {m

Table 2.9 Aging degradation electrochemistry parameter range.

Symbol Parameter Value Units
ROhmic Ohmic specific resistance 2.0 ˆ 10´5

´ 1.4 ˆ 10´4 Ω.m2

j0 Exchange current density 1.0 ˆ 103 ´ 1.0 ˆ 104 A{m2

Cdl Double layer capacitance 1.0 ´ 100 F {m2

Table 2.10 Pristine cell electrochemistry parameters.

Symbol Parameter Value Units
ROhmic Ohmic specific resistance 2.0 ˆ 10´5 Ω.m2

j0 Exchange current density 1.0 ˆ 104 A{m2

Cdl Double layer capacitance 100 F {m2



44

Chapter 3

MACHINE REINTERPRETATION OF REFERENCE
ELECTRODE MEASUREMENT WITH INTENTIONAL

MISALIGNMENT IN PROTON-EXCHANGE MEMBRANE
ELECTROLYZER

3.1 Introduction

Separating contributions from each half-cell reactions in proton-exchange membrane (PEM)

electrolyzer system are of great interest to researchers. Using a reference electrode (RE) to

study individual electrode reaction separately is a simple practice in aqueous electrochemistry

system. However, the design of one in solid electrolyte such as PEM is subjected to geometric

constraints by the micron-thin electrolyte. One typical design is that shown in Figure 3.1,

where the membrane electrode assembly (MEA) is extended and the reference electrode is

placed outside of the active current path.

Extensive modelling works have shown the challenges in the quantitative interpretation

of measurement with this straight-forward design. The creation of a potential field along

the electrolyte material by a direct current (DC) necessitates considering the electrolyte

Fig. 3.1 Typical reference electrode arrangement in solid electrolyte systems.
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potential distribution in reference electrode measurements. Practically, misalignment of be-

tween electrodes’ edges are unavoidable due to fabrication limitations. For thin electrolyte,

the slightest misalignment can result in inconsistent measurements for identical systems. In

solid oxide fuel cell (SOFC), studies have demonstrated that asymmetrical current distri-

bution along the electrode edge biases the potential measured by the reference electrode

significantly toward the overhanging electrode.129,130 Offsetting the two electrodes on both

ends by a misalignment factor, represented by the d{L ratio, greater than 4, the simulated

voltage difference measured between reference electrodes reflect a Nernst potential, rendering

reference measurement meaningless.130 In another publication, Adler showed that the edge

effect also creates frequency dispersion and inductive artifacts in half-cell impedance that can

lead to erroneous interpretation.131 The severity of impedance distortion, not only depends

on electrodes’ misalignment, but also discrepancies between electrodes kinetic resistance and

response time constant. Even when the electrodes are perfectly aligned, impedance distor-

tion persists for asymmetric electrodes.131 He & Van Nguyen investigated the edge effect in

PEM fuel cell systems, where kinetics are slower and non-linear, leading to outcomes dis-

tinct from the linear kinetics observed in SOFCs. He & Van Nguyen simulation suggested

that the d{L ratio must significantly exceed 20 for the reference potential to equate that at

the overhanging cathode.132 Additionally, the reference electrode measurement is a complex

function of cell voltage and misalignment factor.132

In PEM literature, there have been other adaptations of reference electrode design, such

as embedding dynamic hydrogen electrodes between half-MEAs.133–138 Researchers have re-

ported stability in reference electrode performance and successfully qualitatively and quan-

titatively assessed cell electrochemistry. Each electrodes polarization contributions can be

quantified once the electrolyte Ohmic drop from each half has been accounted for with high

frequency resistance measurements.135–138 Through FEM simulation in Lithium-ion system,

Ender et al. found that wire-type and mesh-type reference placed between active electrodes

like these, are also less prone to impedance artefacts compared to the extended electrolyte or

point-type design. However, these adaptations are limited to multiple-membrane-layer cells,
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while commercial PEM fuel cells and electrolyzers are transitioning toward thinner, single-

membrane cells. In addition, embedded wire, mesh or micro-electrodes can deteriorate or

shift over long-term testing, and cannot be fixed post assembly. In more recent works, a non-

embedded setup has been used to study PEM fuel cell and electrolyzer. Workers used Nafion

salt-bridge and Nafion impregnated porous transport layers (PTL), providing an ionic path

to the catalyst layer surface inside the active area on either anode and cathode side.139–141

Nevertheless, the extensive modification of hardware and components is harder to adapt and

can impact phenomena specific to the PTL-catalyst interface.

In this work, we revisit the use of an external reference electrode with intentionally

misaligned electrodes in PEM electrolysis. The external reference electrode is preferred for

its flexibility with different MEAs and cell components, requiring minimal modifications to a

regular setup. Building upon simulations by He & Van Nguyen, in a similar kinetic regime as

ORR in PEM fuel cell, we may use a reference electrode to study OER in PEM electrolysis

with reproducible anode-cathode misalignment. We also want to investigate the distortion

from asymmetry in half-cell EIS for the non-linear OER kinetic, presented previously by Adler

for SOFC, and Ender et al. for Lithium-ion battery.131,142. Our objective is to deconvolute

these distortions cause by the anode-edge potential distribution and determine the true

kinetic overpotential of the half-cell reactions.

This research is motivated by the expanding literature on machine learning applications

in electrochemistry. In PEM fuel cells literature, researchers effectively employed data-driven

techniques for fault detection and diagnosis.14,98,99,101 In battery state of health monitoring,

there are many reports of successful machine prediction from battery charge discharge curves

and impedance spectroscopy.13,37,40,41,43,72–75,143–147 These works laid out various frameworks

to process and analyze polarization and impedance data, from applying statistical model,

sensitivity analysis, dimensionality reduction, etc, to address different research problems.

Even more promisingly, authors were able to predict battery behavior from partly or entirely

synthetic data, generated from physics-based models or generative AI.37,40,72–75,145–147 Similar

to electrochemical systems diagnosis, reference electrode data are compounded by factors
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that change through long-term testing, operating conditions or cell-to-cell variation, such as

kinetics degradation, membrane thickness or conductivity. Fitting data to physics model with

a lot of unknown parameters can be demanding in both time and computational resources.

Insteaed, our approach involves training a machine learning surrogate model with synthetic

data from FEM simulation to predict the OER kinetic, then evaluate its applicability on

experimental data.
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3.2 Experimental

3.2.1 Catalyst Coated Membrane Fabrication

Catalyst coated membranes (CCMs) were ultrasonic spray-coated directly onto different

membranes: NafionTM 212 (Chemours), NafionTM 115 (Chemours), and NafionTM 117 (Chemours).

The cathode catalyst was was Pt on high surface area carbon (Pt/HSC, Tanaka Kikinzoku

Kogyo, TEC10E50E) with targeted ionomer (Nafion D2020) to carbon ratio of 0.45:1, and

targeted catalyst loading of 0.1 mgPt cm-2. Anode catalyst was unsupported Ir oxide (Alfa

Aesar) with ionomer (Nafion D2020) to catalyst ratio of 0.27:1, and targeted loading of 0.4

mg Ir cm´2. Fabrication details are described else where.148,149 The geometry of the catalyst

layers (CL) is described in Fig. 3.2.

Fig. 3.2 Schematic of catalyst coated membrane from (A) the top view and (B) the side
view. welec denotes the width where anode and cathode catalyst overlap and d denotes the
electrode overhang distance.
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The catalyst layers were positioned so that one would overhang over the other on each

side. The MEAs were fabricated with an overlapping electrode width of welec “ 13.42 mm,

an overhang distance of d “ 4.47 mm, and but varying misalignment factor (d{L ratio) as

Nafion 212, 115 and 117 have nominal thickness of 50, 127 and 183 µm respectively.150

3.2.2 Electrolysis Cell Assembly

Figure 3.3 provides the cross-section view of the electrolysis cell assembly. The cell compo-

nents, aside from the CCM, based of the Future Generation Membrane Electrode Assembly

("FuGeMEA") suggestion by the U.S. Department of Energy’s H2NEW consortium.151 The

anode porous transport layer (PTL) was 5 cm2 platinum coated titanium felt (Bekaert,

2GDL100.25) which had 56% porosity and 250 µm thickness. The cathode gas diffusion

layer (GDL) was 5 cm2 carbon paper (AvCarb, MGL280) which was 280 µm thick pre-

compression, at approximately 20% compression. The flow field plates (FFP) were Pt/Au

(anode/cathode) coated titanium.

Fig. 3.3 Schematic of electrolysis cell assembly and hydrogen electrodes.

The reference reversible hydrogen electrode (RHE) was a gas diffusion electrode (GDE)

in contact with the extended membrane in a dilute hydrogen gas environment. The gas

diffusion electrode (GDE) was 0.3 mg/cm2 40% Platinum on Vulcan - Carbon Cloth (Fuel
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Cell Store, W1S1010). This was housed in an assembly of stainless steel current collector,

groved Ultem pieces, and tubing for gas flow to and from the GDE. The housing assembly

was designed by the National Renewable Energy Laboratory (NREL). The reference gas

was a 5% : 95% molar H2 : Ar mixture, humidified through a glass gas bubbler at room

temperature.

3.2.3 Electrolyzer Cell Testing

Cell testing was carried out under dry-cathode condition with an anode water flow of 40

mL min-1 at 80 oC. The cell was heated to 80 oC with control thermocouple and cartridge

heaters placed in the titanium FFPs. Before reference electrode testing, a pre-conditioning

process was implemented involving a series of current and voltage holds, followed by several

polarization curves until the performance stabilized. Pre-conditioning process, also referred

to as break-in, is a standard practice in PEM fuel cell to stabilize performance at beginning

of life.152,153

During reference electrode testing, each reference RHE received a gas flow of approxi-

mately 20 sccm. Polarization curves and impedance experiments were conducted using an

EnergyLab XM Potentiostat/Galvanostat with a 100A/6V booster. In a polarization experi-

ment, a 4-electrode configuration was employed, measuring the current, cell voltage (between

the anode current collector and cathode current collector), anode voltage (between the anode

current collector and anode-overhang RHE current collector), and cathode voltage (between

the cathode current collector and cathode-overhang RHE current collector). Voltage read-

ings were averaged over the last 10 seconds of 2-minute current holds. In an EIS experiment,

after 3 minute current hold to ensure the cell reached steady state, we applied a 20 mV

sinusoidal perturbation to the cell voltage. We simultaneously recorded the cell and the two

half-cell impedance, measured from anode and cathode to one of the RHEs in 3-electrode

configuration. We recorded voltage and impedance measurements for 26 current densities,

up to 4 A/cm2. Nearly a third of these were less than 0.2 A/cm2, as the lower current density

region was expected to be more informative of kinetic.
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3.3 Physics Model

3.3.1 Steady state model with Butler-Volmer kinetics

The governing equations and boundary conditions for the 2-D geometry in Fig. 3.3 are

similar to those presented in other simulation works.129,130,132 The governing equation of the

electrolyte potential is the conservation of charge:

∇2Φ “ 0 (3.1)

Where Φ is the potential in the electrolyte.

The boundary at insulating surfaces is zero flux or zero current:

n ¨ p´k∇Φq “ 0 (3.2)

Where n is the surface normal vector, and k is the membrane conductivity.

The electrode boundary condition is the total current equals the sum of Faradaic and

capacitive current density. The electrode-electrolyte interface is expressed as a constant

phase element:

n ¨ p´k∇Φq “ jF ` Q
Bβη

Btβ
(3.3)

Where jF is the Faradaic reaction current density, Q is the constant phase element area spe-

cific capacitance, β is the constant phase element exponent, and η is the kinetic overpotential

across the electrode.

We use Butler-Volmer kinetics for both electrodes:

jF “ j0 ¨ re
αfF

RT
η

´ e´
αrF
RT

η
s (3.4)

Where j0 is the electrode exchange current density, αf is the forward reaction charge transfer

coefficient, αr is the reverse reaction charge transfer coefficient, F is the Faraday constant,
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R is the universal gas constant, and T is the temperature.

Assuming the same charge transfer coefficient for the forward and reverse reaction, α “

αf “ αr, we get:

jF “ 2j0 ¨ sinhp
αF

RT
ηq (3.5)

As denoted in Figure 3.4, we will use the subscript 1 for the top electrode (anode) and

2 for the bottom electrode (cathode), and use the bottom electrode as zero-potential, i.e.

V2 “ 0. The voltage difference between the top electrode and the bottom electrode, V1, is

thus referred to as MEA voltage. This voltage is not the same as the cell voltage measured

between current collectors, due to the Ohmic loss through the non-MEA components, e.g.

FFPs, PTL, GDL, etc. The kinetic overpotentials at the electrode boundaries are:

η1 “ V1 ´ EEQ ´ Φ (3.6)

η2 “ Φ ´ V2 “ Φ (3.7)

Where EEQ is the equilibrium potential of the water electrolysis reaction (H2O Ñ
1

2
O2`H2)

at temperature T . Using a temperature of 80 oC or 353 K, and 1 bar of pressure on both

anode and cathode, we calculated an equilibrium potential of 1.17 V.

Substitute Eq. 3.6, 3.7, and symmetric Bulter-Volmer kinetics, Eq. 3.5 into the bound-

ary condition in Eq. 3.3, we get the following equations for the two electrode-electrolyte

boundaries:

BC 1 : n ¨ p´k∇Φq “ 2j0,1 sinhr
α1F

RT
pV1 ´ EEQ ´ Φqs ` Q1

BβpV1 ´ EEQ ´ Φq

Btβ
(3.8)

BC 2 : n ¨ pk∇Φq “ 2j0,2 sinhr
α2F

RT
Φs ` Q2

BβpΦq

Btβ
(3.9)

Where j0,1, α1, and Q1 is the current exchange density, the charge transfer coefficient, and

constant phase element’s capacitance of the top electrode. Likewise, j0,2, α2, and Q2 is

the current exchange density, the charge transfer coefficient, and capacitance of the bottom
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Fig. 3.4 Schematic of reference electrode geometry.

electrode. The time derivative from Eq. 3.8 and 3.9 is 0 under steady state assumption.

The current density, jΣ, is calculated by integrating over the electrode boundary, divided

by the overlapping electrode width, welec.

jΣ “
1

welec

ż

n ¨ p´k∇Φq dx (3.10)

The CCM has two equipotential zones where the electrolyte potential is measured with

the two reference RHEs. As shown on Fig. 3.4, Φref,o1 stands for the electrolyte potential

on the side where the top electrode is the overhanging electrode. Likewise, Φref,o2 is the

electrolyte potential on the side where the bottom electrode is the overhanging electrode.

3.3.2 Impedance derivation

An AC oscillating voltage applied across from V1 to V2 can be written as:

V1 ´ V2 “ V1 “ V1,ss `
V̄

2
peiωt ` e´iωt

q (3.11)
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Where V1,ss is the steady state MEA voltage, V̄ is the voltage perturbation amplitude, ω is

the perturbation angular frequency, and i is the imaginary unity. The angular frequency (ω)

is proportional to the standard frequency (f) in Hz:

ω “ 2πf (3.12)

Under a steady oscillating cell voltage, with linear approximation to ignore second-order

and higher harmonics, we can expect the all system variables to be separable in spatial and

time-dependent terms, including electrolyte potential:

Φpx, tq “ Φ0pxq ` Φ11pxq
V̄

2
peiωt ` e´iωt

q (3.13)

Where x is the spatial position vector, Φ0 is the steady state electrolyte potential, and Φ11

is the first harmonic response of the electrolyte potential - Φ.

Application of Eq. 3.13 into Eq. 3.1 produces the governing equation for Φ11:

∇2Φ11 “ 0 (3.14)

We can substitute Eq. 3.13 to Eq. 3.2 to get the following insulating surface boundary

condition:

n ¨ p´k∇Φ11q “ 0 (3.15)

Substitution of Eq. 3.11, 3.13 and the Taylor series expansion at the constant term (Φ0)

into Eq. 3.8 and 3.9, produces the following boundary condition at electrode surfaces:

BC 1 : n ¨ p´k∇Φ11q “ p1 ´ Φ11qrQ1pωq
β exp piβ

π

2
q `

2j0,1α1F

RT
coshr

α1F

RT
pV1 ´ EEQ ´ Φqss

(3.16)

BC 2 : n ¨ pk∇Φ11q “ Φ11rQ2pωq
β exp piβ

π

2
q `

2j0,2α2F

RT
coshr

α2F

RT
Φss (3.17)

Just as done with Φ, the cell current density can also be expressed as spatial and time-
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dependent terms:

jΣpx, tq “ jΣ,sspxq ` jΣ,11pxq
V̄

2
peiωt ` e´iωt

q (3.18)

Where jΣ,ss is the steady state current density and jΣ,11 the first harmonic response.

By applying the above harmonic expansion to equation 3.10, we can solve for jΣ,11:

jΣ,11 “
1

welec

ż

n ¨ p´k∇Φ11q dx (3.19)

To get the impedance across the electrodes (from V1 to V2), we use the ratio of the voltage

harmonic to that of the current density:

Z “
1

jΣ,11
(3.20)

The half-cell impedance of the top electrode, measured from V1 to Φref , is:

Z1 “
1 ´ Φref,11

jΣ,11
(3.21)

The half-cell impedance of the bottom electrode, measured from V2 to Φref , is:

Z2 “
Φref,11

jΣ,11
(3.22)

The half-cell impedance can be measured with either RHEs. To distinguish them, Z1,o1

refers to the top electrode impedance measured with the top-overhang side reference potential

- Φref,o1, and Z1,o2 refers to the top electrode impedance measured with the bottom-overhang

side reference potential - Φref,o2. Same convention is used for the bottom electrode half-cell

impedance.
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3.3.3 Nondimensionalized model for both electrodes with Butler-Volmer kinetics

Steady state model

To abridge the dimensional model, the following scheme is used to make a non-dimensional

model. We use the electrolyte thickness (L) as the length dimension. The misalignment

factor, ratio between overhang distance and electrolyte, is referred to as λ, i.e. λ “ d{L.

The dimensionless potential, Ψ is:

Ψ “
Φ

Φ˚
(3.23)

Where Φ˚ is:

Φ˚
“

RT

α1F
(3.24)

This is equivalent to the Tafel slope of the OER kinetic divided by ln p10q.

Replace the Laplace operator with the dimensionless operator, ∇̃ “ ∇ˆL, we derive the

following governing equation for Ψ from Eq. 3.1:

∇̃2Ψ “ 0 (3.25)

The insulating boundary condition derived from Eq. 3.2 is:

n ¨ p´∇̃Ψq “ 0 (3.26)

The electrode boundary conditions from Eq. 3.8 and 3.9 become:

BC 1 : n ¨ p´∇̃Ψq “
κ1

λ
sinhpγ ´ Ψq (3.27)

BC 2 : n ¨ p∇̃Ψq “
κ2

λ
sinhpθΨq (3.28)
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Where:

γ “
V1 ´ EEQ

Φ˚
(3.29)

κ1 “
2j0,1d

kΦ˚
(3.30)

κ2 “
2j0,2d

kΦ˚
(3.31)

θ “
α2

α1
(3.32)

The dimensionless number κ1 and κ2 expresses ratios between non-linear kinetic of the

electrodes and the lateral ionic conduction, i.e. secondary to primary potential distribution.

From Eq. 3.10, the dimensionless cell current density, j̄Σ is:

j̄Σ “
jΣ
j˚

“
1

welec

ż

welec

n ¨ p´∇̃Ψq dx (3.33)

Where the dimension for current density is:

j˚
“

kΦ˚

L
(3.34)

Impedance derivation

Following a similar process in Section 3.3.2, Ψ11, the nondimensional first harmonic of Ψ,

has the following governing equation:

∇̃2Ψ11 “ 0 (3.35)

At the insulating boundary:

n ¨ p´∇̃Ψ11q “ 0 (3.36)
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At the electrode boundary:

BC 1 : n ¨ p´∇̃Ψ11q “
κ1

λ
p1 ´ Ψ11qrσ exp piβ

π

2
q ` coshpγ ´ Ψqs (3.37)

BC 2 : n ¨ p∇̃Ψ11q “
κ2

λ
Ψ11rσχ

κ1

κ2

exp piβ
π

2
q ` θ coshpθΨqs (3.38)

Where:

ω̄ “
2j0,1
Q1Φ˚

“
2j0,1α1F

Q1RT
(3.39)

σ “
ωβ

ω̄
(3.40)

χ “
Q2

Q1
(3.41)

The full cell and half-cell impedance spectra are normalized by the electrolyte Ohmic

area specific resistance, Z˚
“

L

k
:

Z̄ “
Z

Z˚
“ Z

k

L
(3.42)

Z̄1 “ Z1
k

L
(3.43)

Z̄2 “ Z2
k

L
(3.44)

Where Z̄, Z̄1, and Z̄2, are the dimensionless cell, top electrode, and bottom electrode

impedance respectively.

The dimensionless full cell impedance, as derived from Eq. 3.19 and 3.20 is:

Z̄ “
Φ˚

j˚j̄Σ,11

ˆ
k

L
“

1
1

welec

ş

n ¨ p´∇̃Ψ11q dx
(3.45)

The dimensionless half-cell impedance derived from Eq. 3.21 and 3.22 is:

Z̄1 “
1 ´ Ψref,11

j̄Σ,11
(3.46)
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Z̄2 “
Ψref,11

j̄Σ,11
(3.47)

Where Ψref,11 is the first harmonic response of the dimensionless reference electrolyte poten-

tial, Ψref .

3.3.4 Voltage breakdown

The voltage of the electrolyzer cell can be treated as a summation of the thermodynamic

voltage, and other processes’ losses or overpotentials.154,155

∆V “ EEQ ` pηOhmic ` ηkinetic ` ηtransportq (3.48)

Where ηOhmic is the Ohmic voltage loss, ηkinetic is voltage loss from kinetic activation, and

ηtransport is the sum of transport-related losses.

The cell overpotential, ∆V ´ EEQ, subtracted by the Ohmic loss, is called the HFR-free

overpotential, ηHFR´free:

ηHFR´free “ ∆V ´ EEQ ´ ηOhmic “ ηkinetic ` ηtransport (3.49)

In the physics model, HFR-free overpotential equals to the sum of the two electrode

kinetic overpotentials as the model doesn’t include any transport process, i.e. ηtransport “ 0.

ηHFR´free “ ηkinetic “ η1 ` η2 (3.50)

To derive these kinetic overpotentials, we approximate a near uniform current distribution

where the electrodes overlap, and zero current at the overhanging edges.130,132 The anode

and cathode electrode kinetic overpotentials, can be derived from dimensionless quantities

from boundary conditions Eq. 3.27 and 3.28:

η1 « sinh´1
p
j̄Σλ

κ1

q ˆ Φ˚ (3.51)
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η2 « sinh´1
p
j̄Σλ

κ2

q ˆ
Φ˚

θ
(3.52)

The Ohmic loss of the cell is given by:

ηOhmic “ HFR ˆ jΣ (3.53)

Where HFR is the area-specific high frequency resistance (HFR) from impedance measure-

ment or simulation.

For the MEA domain we simulate, HFR is approximately the membrane area specific

resistance:

HFRMEA «
L

k
“ Z˚ (3.54)

3.4 Simulation Methodology

We used COMSOL Multiphysics to simulate the electrochemical measurements described in

Section 3.2.3 from the dimensionless model in Section 3.3.3. We created a model to predict

the polarization curve and another model to predict full-cell and half-cell EISs. The values or

range of values used in simulation can be found in Table 3.4 and 3.5. The range listed aims

to encompass values reported in literature and estimation from experimental data when

applicable. To efficiently explore the parameter space, we used the quasi-random Sobol’s

sampling method.123 The Sobol’s sampling algorithm was taken from SALib open-source

python package.124
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3.5 Results and Discussion

3.5.1 Polarization simulation results

A polarization curve was simulated using parameters from Table 3.7 as the base case to

discuss the implications of our physics model. We calculated the kinetic overpotentials from

anode and cathode, and compared it to the potential the reference electrodes measure in

Fig. 3.5.

Fig. 3.5 Four-electrode polarization simulation using parameters from Table 3.7. (A) True
voltage loss breakdown and (B) 4-electrode measurements.

In Fig. 3.5 A, the two kinetic losses, sum up to the HFR-free overpotential, or the total

kinetic loss. In Fig. 3.5 B, the potential difference between the cathode overhang reference

and the cathode (Φref,o2´V2) is approximately zero at all current density even as the cathode

kinetic loss (η2) increases with current density. This implies that the cathode-overhang RHE

does not provide any meaningful measurement of the cathode kinetic. The sufficiently large

misalignment, d{L “ 10, causes overpotential from the fast cathode HER kinetic to dissipate

away from the electrode edge. This agrees with previous situations described in simulation
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studies of SOFC and hydrogen oxidation reaction in PEM fuel cell.130,132 The situation on the

anode for oxygen evolution reaction (OER) is different. The anode-overhang measurement

(V1 ´ EEQ ´ Φref,o1), though does not equal to zero, underestimates the true OER kinetic

loss (η1). These results are similar to what He & Van Nguyen simulated for ORR kinetic in

PEM fuel cell.132

The anode-overhang measurement depends both on the misalignment factor (d{L) and

the anode kinetic dimensionless number(κ1). We illustrate this on Fig. 3.6 and Fig. 3.7,

comparing the simulation results between the base case in Fig. 3.5 against larger overhang

and faster kinetic.

Fig. 3.6 Anode kinetic loss compared to anode-overhang measurement with different mis-
alignment factor - d{L. (A) True kinetic loss, (B) anode overhang reference electrode mea-
surement, and (C) difference between true anode kinetic overpotential and reference mea-
surement.

In Fig. 3.6 (A), as the kinetic of the electrode remains unchanged, the kinetic loss is the

same for different overhang distances. As the overhang grows larger, the anode overhang

reference reading becomes smaller (Fig. 3.6 (B)), and underestimates more of the true

kinetic loss (Fig. 3.6 (C)). Figure 3.7 compares different anode dimensionless kinetic number

- κ1. With faster kinetic, i.e. smaller κ1, the anode kinetic loss and the anode overhang
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measurement get smaller. However, the difference between the two stays same, Fig. 3.7 (C).

These simulations meant to illustrate that the electrolyte potential at the overhang reference

electrode is a complicated function of both misalignment factor and cell current density or

cell voltage for OER electrode in PEM electrolyzer. The non-linear kinetic doesn’t follow

the linear secondary current distribution analytical solution laid out by Winkler et al..129

Although these trends can be observed, we were unable to find an analytical solution to the

reference electrode measurement without the 2-dimensional FEM model.

Fig. 3.7 Anode kinetic loss compared to reference electrode measurement with different
kinetic rates - κ1. (A) True kinetic loss, (B) anode overhang reference electrode measurement,
and (C) difference between true anode kinetic overpotential and reference measurement.
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3.5.2 Polarization experimental data and simulation comparison

The raw experimental data are provided in the supplementary Section 3.8.1. We achieved

reproducible performance after preconditioning of the cells as seen in the repeated polariza-

tion experiments with different 3-electrode and 4-electrode setups, as well as stable reference

electrode voltage readings.

To find OER and hydrogen evolution reaction (HER) overpotentials from the raw polar-

ization curve, we needed RHE potential of the H`
{H2 redox couple. The electrolyzer was

at 80oC, while the Pt reference electrodes outside of the cell assembly were at 25 oC. We

calculated a H`/H2(g) RHE potential of 22.5 (mV) for the reference gas, accounting the

difference in H2 partial pressure, and proton activity at the different temperatures:156,157

∆ERHE “ ´
RT

F
lnp

?
pH2

?
1

aH`,80oC

aH`,25oC

q (3.55)

where pH2 is H2 partial pressure in bar, and aH` is the proton activity. The proton activity

for Nafion membrane is 0.8 at room condition and 2.4 at 80oC.157 The reference gas is a

2%:98% H2:Ar mixture, humidified through a bubbler at 250C.

The physics model doesn’t account for Ohmic resistances from components of the cell

assembly outside the MEA such as PTL, GDL, FFP or current cables. The cell HFR is a

summation of HFRs from the MEA, cathode and anode side non-MEA components:

HFRcell “ HFRMEA ` HFRanode ` HFRcathode (3.56)

These HFRs were determined from 3-electrode EISs for all electrolyzer cells and provided

in the supplementary Section 3.8.2. The cathode-side and anode-side non-MEAs HFRs

(HFRanode and HFRcathode) were unsurprisingly independent of current density. However,

the cell HFR (HFRcell) decreased with current density, so we used a 3-degree polynomial

fit to derive its value at different current densities. A possible explanation for the current

density dependency is that Joule heating can increase membrane temperature and improve
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Fig. 3.8 Potential diagram of the electrolyzer cell. Variables highlighted in yellow are
simulated with the physics model.

Nafion proton conductivity.158–161

From the 4-electrode polarization curve, the anode, cathode and cell overpotentials were

calculated by subtracting corresponding reversible potentials and HFRs. For clarity, these

different potential levels are shown in Fig. 3.8. The derivation from voltage and HFRs to

physics-model potential levels is provided in the following equations:

ηcell, HFR´free “ Vcell ´ iΣ ˆ HFRcell ´ EEQ (3.57)

pV1 ´ EEQ ´ Φref,o1q “ Vanode,o1 ´ iΣ ˆ HFRanode ´ EEQ ` ∆ERHE (3.58)

pΦref,o2 ´ V2q “ Vcathode,o2 ´ iΣ ˆ HFRcathode ´ ∆ERHE (3.59)

Where ηcell, HFR´free, equating to the HFR-free voltage subtracted by the reversible elec-

trolysis voltage, EEQ, is a measure of total all non-Ohmic losses, such as kinetics and mass

transport.

The HFR or iR-compensated variables we derived from the experimental data is shown
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in Fig. 3.9.

Fig. 3.9 Simulated polarization (A) versus iR-compensated values from experimental data
for (B) Nafion 212, (C) Nafion 115, and (D) Nafion 117. Nafion 115 has two data points
missing.

The cathode overhang RHE consistently registers approximately 0 V for Nafion 212 and

Nafion 117, with no variation with increased current density, aligning with the predictions

of the physics model. Unexpectedly, in the case of Nafion 115 (Fig. 3.9 (C)), the cathode

overhang measurement ranges from 20-50 mV, higher than the anticipated 0 V. This discrep-

ancy may stem from a worse-than-expected HER kinetic or a deviation in the reference RHE

voltage due to an error in conducting the experiment or setting up the reference electrodes.

An alternative explanation for the marginal overpotential detected by the cathode overhang
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RHE is that the platinum-coated porous transport layer (PTL), though significantly less

kinetically active compared to iridium oxide, might have catalyzed the oxygen evolution

reaction (OER) and influenced the potential distribution.

Nafion 212 closely mirrors to the behaviors of the physics model simulation. The HFR-

free overpotential curve aligns with the simulated Butler-Volmer kinetic, exhibiting a steep

increase in voltage loss near 0 current density and plateauing at higher current density.

The anode overhang measurement exhibits a non-zero overpotential that rapidly reaches a

plateau, consistent with the physics model predictions outlined in Section 3.5.1. However,

deviations from predicted behaviors emerge for Nafion 115 and Nafion 117: the HFR-free

overpotential and the anode overhang measurements appear to increase linearly at current

density above 2 A/cm2, not plateauing or leveling-off. This could be caused by transport

limitation occuring at higher current density, which is not considered in the physics model.

At high current density operation, membrane hydration, water transport and catalyst layer

transport can affect cell performance.148,154,162 The qualitative value of using reference elec-

trode to measure transport losses at the overhanging electrode were previously discussed

by He & Van Nguyen. The authors simulated tertiary potential distribution where oxygen

transfer become limited due to flooding at higher current density operation of PEM fuel

cells.
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3.5.3 EIS experimental data and simulation comparison

Figure 3.10 presents the results of the full cell and half-cell impedance using the cathode-

overhang RHE for Nafion 212 cell at three different current densities. On the anode, large

positive imaginary values are observed at high frequencies (f > 1 kHz), likely caused by wire

mutual inductance. On the cathode, the artefact of mutual inductance presents as large

negative imaginary values for the same frequency range. Mutual inductance from current

cables on the sense leads are equal and opposite hence their effects mostly cancelled out on

the cell impedance. Using the cathode-side impedance, we determined the Ohmic resistance

of non-MEA cathode components(FFP, GDL and current collector) from the HFR.

Fig. 3.10 Cathode-overhang EIS of Nafion 212 electrolyzer cell at (A) 0.05, (B) 0.1, and
(C) 0.5 A{cm2. The ˝, N, �, ‚, ˆ, ˛, symbols indicate 10 kHz, 1 kHz, 100 Hz, 10 Hz, 1 Hz,
and 0.1 Hz respectively.

Figure 3.11 shows the base case EIS simulation at the same current densities, with Nafion

212’s anode and cathode HFRs added. The physics model predicts that the equipotential

line can be drawn directly from the cathode nonreactive edge to the reference position.

Consequently, the cathode impedance exhibits virtually no kinetic or electrolyte Ohmic loss.

As a results, in the MEA domain simulated, cathode impedance (Z2,o2) would be zero across
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frequency and the anode impedance (Z1,o2) would be the same as the cell impedance. Without

real impedance offset from the non-MEA HFRs, the simulated anode and cell impedance

would superimpose.

Fig. 3.11 Cathode-overhang EIS simulation using Nafion 212 anode and cathode-side HFR
values and parameters in Table 3.7 at (A) 0.05, (B) 0.1, and (C) 0.5 A{cm2. The ˝, N, �, ‚,
ˆ, ˛, symbols indicate 10 kHz, 1 kHz, 100 Hz, 10 Hz, 1 Hz, and 0.1 Hz respectively.

The experimental data aligns mostly with the predictions from the physics model. Ex-

cluding the high-frequency range affected by mutual inductance, the cathode half-cell real

impedance remains at nearly the same magnitude. The Nyquist plot shows one main semi-

circular shape at low frequency (f ă 100Hz) in the cell impedance. In the simulated EIS,

this is a result of anode’s constant phase element in parallel with the OER Bulter-Volmer

kinetics. The data and simulation are consistent with the OER kinetic is often the primary

contributor to polarization resistance of water electrolysis. At higher frequencies, a smaller

semicircle is observed on the left side of the larger semicircle, visible in the zoomed-in views

of cell EIS in Fig. 3.10 (C) and of EIS simulation in Fig. 3.11 (C). In the simulated EIS,

this comes from the cathode HER kinetic. However, it cannot be determined via visual

inspection of experimental EIS which half-cell this polarization resistance belong to.

Figure 3.12 shows EIS impedance using the anode-overhang RHE for Nafion 212 cell, and
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Fig. 3.12 Anode-overhang EIS of Nafion 212 electrolyzer cell at (A) 0.05, (B) 0.1, and (C)
0.5 A{cm2. The ˝, N, �, ‚, ˆ, ˛, symbols indicate 10 kHz, 1 kHz, 100 Hz, 10 Hz, 1 Hz, and
0.1 Hz respectively.

Figure 3.13 the base-case EIS simulation with non-MEA components HFRs added. Both ex-

periment and physics model demonstrates a frequency-dependent non-zero anode impedance.

This frequency-dependent behavior is elucidated further in Figure 3.14, plotting the first har-

monic of the electrolyte potential (Ψ11) for the base case simulation. At high frequencies, the

electrolyte conductivity dominates the potential distribution. The equipotential line shows

that the potential measured by the reference electrode equals that at anode surface so anode

impedance measures none of the electrolyte resistance. As the frequency decreases (ω Ñ 0),

the anode electrode get polarized, the potential distribution converges toward the steady

state solution, and the anode impedance picks up some of OER polarization loss. For both

experimental and simulated EIS, the cathode impedance exhibits a small inductive loop at

the low frequency end.

The polarization feature of anode impedance has some discrepancies between the Nafion

212 experimental data and the simulation. In Fig. 3.13, at all three current densities,

the simulated anode impedance exhibits a spiral shape sometimes observed in non-linear

EIS reports,163–166 and simulated for relative diffusion process.167 The spiral shape may be
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Fig. 3.13 Anode-overhang EIS simulation using Nafion 212 anode and cathode-side HFR
values and parameters in Table 3.7 at (A) 0.05, (B) 0.1, and (C) 0.5 A{cm2. The ˝, N, �, ‚,
ˆ, ˛, symbols indicate 10 kHz, 1 kHz, 100 Hz, 10 Hz, 1 Hz, and 0.1 Hz respectively.

caused by the non-linear distribution of potential field and potential harmonic. In Fig. 3.12

(B) and (C) zoom-in views, Nafion 212 anode impedance have a more dispersed shape, that

could be interpreted as two joined semicircles. To better understand this difference, we need

more experimentation with different catalyst layers and better control of the high-frequency

system inductance. Our physics model also account for a symmetric Bulter-Volmer kinetics

and assume a single capacitance for OER kinetic, which can be inaccurate or insufficient for

the studied electrodes.
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Fig. 3.14 EIS simulation complex potential distribution at 0.05 A/cm2. The y:x scale is
5:1. The misalignment factor, d{L, is 10.
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3.5.4 Machine prediction of kinetic losses from anode overhang RHE measurements

Polarization simulation sensitivity analysis

To examine how various parameters influence potential measurements at each point on the

polarization curve, we conducted a variance-based Sobol sensitivity analysis within the ex-

plored parameter space. This analysis utilized the built-in function from the SALib open-

source Python package.124 Sobol sensitivty analysis decomposes the model output variance

into summands of variances of the input parameters.168 The total sensitivity index is shown

in Fig. 3.15.

The sensitivity analysis of cell potential is consistent with electrochemistry we modeled.

At the low current density, the parameters with the highest impact are κ1 and Φ˚, which are

parameters of the OER kinetic (Eq. 3.24 and 3.30). This is probably because kinetic overpo-

tential dominates the overall contribution to the electrolysis voltage at low current density.

As current density increases, the importance shifts to Nafion conductivity (k) and thickness

(L), which dictates the Ohmic resistance. Toward 4 A/cm2, the cell measurement becomes

predominantly sensitive to these two parameters. In the case of the cathode-overhang mea-

surement, the total sensitivity indexes have large confidence interval, or high variance. This

is attributed to the fact that the cathode-overhang potential is nearly, and is mostly insen-

sitive to the HER kinetic, as discussed in Section 3.5.1 and consistent with prior simulation

works of fast kinetics.130,132

Machine learning model inputs

The steady state model predicts the electrolyte potential at the two reference electrode

positions (Φref,o1 and Φref,o2), and the MEA voltage from the top to bottom electrode (V1´V2)

for an applied current density (jΣ). Using one set of physics model parameters whose range is

listed in the Appendix Table 3.5, a single simulation returns these potentials at the 26 current

densities used in the polarization experiment. Given our goal to characterize anode OER

kinetic from polarization curve, the machine learning takes inputs from the anode-overhang
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Fig. 3.15 Polarization measurement Sobol sensitivity to simulation parameter for (A) cell
measurement, (B) anode-anode overhang RHE measurement, and (C) cathode-cathode over-
hang RHE measurement. The confidence interval for each parameters coefficient are plotted
with lighter color value.

RHE measurements (V1´EEQ´Φref,o1). To due to deviations between experimental data and

simulation from possible transport process discussed in Section 3.5.2, only current densities

less than or equal to 1 A/cm2 are considered, reducing the number to 14 anode-overhang

measurement inputs. The cathode overhang RHE measurements are excluded due to their

ineffectiveness, as is the cell voltage which are confounded by both HER and OER kinetic.

The k{L ratio, the electrolyte total resistance, which equals to the MEA’s HFR, is treated

as an input. The electrode misalignment distance, d “ L ˆ λ, is used as an input since the
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geometry of the catalyst layer position is known with reasonable confidence. This totals to

a number of 16 input features.

Machine learning model outputs

To derive OER kinetic contribution, we needed three parameters: L, κ1, and Φ˚. These are

the unknown electrolyte thickness, the parameters associated with OER electrode kinetic

exchange current density (j0,1), and charge transfer coefficients (α1). This results in a total

of 3 regression outputs. In addition to the coefficient of determination, i.e. r2-score for the

output prediction, we used another metric to evaluate the machine learning model success

which is the OER kinetic overpotential (η1) calculated at 0.01, 0.1, and 1 A/cm2 from Eq.

3.51.

Performance with synthetic dataset

The machine learning regressor with the most success was the multi-layer perceptron neural

network (NN). These neural networks consist of up to three hidden layers, each with up to

200 neurons with Sigmoid activation function. We used a 60% : 40% training to testing data

split of the 24,576 polarization simulations. The results are summarized in Table 3.1.

Table 3.1 Machine model r2-score of simulated polarization data

Electrolyte OER kinetic OER Tafel OER kinetic loss
thickness dimensionless slope divided at 0.01 | 0.1 | 1

number by ln p10q A/cm2

Model L κ1 Φ˚ η1

NN train score 0.885 0.938 0.805 0.967 | 0.973 | 0.978
test score 0.881 0.931 0.789 0.964 | 0.970 | 0.976

Plots of train and test dataset prediction versus the true values are provided in the sup-

plementary Section 3.8.3. We note that the accuracy of predictions for the three desired

outputs may not meet the standard for certain objectives. The r2-score of around 0.88 for
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electrolyte thickness (L) is inadequate for monitoring membrane swelling or thinning. For

the OER Tafel slope (Φ˚), the model scores less than 0.8, insufficient for catalyst perfor-

mance or degradation studies. The dimensionless number κ1 is a lumped metric of both

the exchange current density and Φ˚ so inaccurate Φ˚ would affect the derived exchange

current density. However, the OER kinetic loss at three different current densities derived

from the three machine learning outputs, has high accuracy with r2 ě 0.96. Although the

separate parameter predictions are not good on their own, they are sufficient at predicting

OER kinetic loss.

Although feature importance are not readily available through the parameters of a MLP

neural network, we can use permutation importance to evaluate the importance of the input

features to the output predictions. Permutation importance calculates how the model per-

formance is affected by random noise added to each features.169 We used the open python

package ELI5 to calculate the permutation importance using the mean squared error met-

ric, and provide the analysis in the supplementary Section 3.8.3.170 The lowest and largest

current density measurements are the two most important features for all three model out-

puts. Considering the logarithmic relationship from Butler-Volmer equation, it is reasonable

that the anode RHE measurement at the lowest current density would has the biggest influ-

ence on the prediction of the OER kinetic parameters (κ1 and Φ˚). Both the permutation

feature importance and the sensitivity analysis in Section 3.5.4 show indications that our

models could be enhanced by incorporating more measurements at smaller current densities

as inputs.

Model evaluation with experimental data

We applied the machine models on the experimental data for Nafion 212, 115 and 117 to

create a kinetic breakdown prediction in Figure 3.16. The predicted OER kinetic loss is

plotted against the total non-Ohmic loss of the cell, i.e. HFR-free overpotential, and the

residual loss, obtained by subtracting the predicted OER loss from the total non-Ohmic loss.

We expect this residual loss to be the HER kinetic overpotential. We also plot the prediction
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for measurements with a ˘ 10 mV offset, to examine the effect of a potential offset that was

suspected for Nafion 115 data discussed in Section 3.5.2. In practice, an potential offset can

come from inadequate temperature control shifting the equilibrium water electrolysis voltage

or factors affecting in the reference RHE potential. The RHE potential depends on proton

activity in Nafion membrane which is influenced by the hydration state of the membrane,

gas concentration and temperature.157,159

Fig. 3.16 NN OER kinetic prediction from the polarization data for (A) Nafion 212, (B)
Nafion 115, and (C) Nafion 117.

The NN prediction indicates similar OER and HER kinetic losses between Nafion 212

and Nafion 117, as expected for similar MEA constructions. The prediction for Nafion 115

appears quantitatively different, with higher HER loss and lower OER loss. However, as

mentioned in Section 3.5.2, experimental errors could have affected the RHE potential, thus,

affecting the anode overhang measurements. This would have influenced the NN model

prediction, causing an underestimation of the OER kinetic loss. Across the parameter space

that we covered, at 1 A/cm2, the OER kinetic overpotential is well-distributed between 100

- 600 mV (seen in the Supplemental Fig. 3.22) and the HER kinetic, between 0 - 300 mV.

As the synthetic dataset is not biased towards a particular kinetic breakdown outcome, the

NN prediction from the experimental data appears promising.
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At present, we lack an internal reference electrode comparison or a catalyst loading

study to support these kinetic breakdown results. These should be implemented in future

study to confirm the rigor and validity of the NN model. Since we use a fairly standard

MEA construction, we may compare our results with other PEM electrolysis studies. From

the Nafion 212 and Nafion 117 neural network predictions, we reports a 50-100 mV HER

overpotential and about 300 mV OER overpotential at 1 A/cm2 and 80oC for catalyst loading

of 0.1 mg Pt cm´2 and 0.4 mg Ir cm´2. Bühre et al. used a Nafion salt-bridge internal

reference electrode to study PEM water electrolysis. They reports a HER overpotential of

about 80 mV for the same current density with a higher Pt-loading (1 mg Pt cm´2) and

lower temperature (60oC). Their iR-corrected OER kinetic is 350 mV for 2 mg Ir cm´2. In

PEM electrolysis modeling works, authors used values of 0.5-1 for charge transfer coefficient

and 0.001-0.09 A/cm2 for exchange current density, which amounts to 35-200 mV HER

overpotential at 1 A/cm2 and 80oC.171–174 For OER kinetic, modellers used a charge transfer

coefficient of 2 and exchange current density between 1.0ˆ10´12 and 1.0ˆ10´7 A/cm2, which

amounts to a loss of 250 - 420 mV at 1 A/cm2. Our HER and OER predictions are within

these ranges.

3.6 Conclusions

The extended reference electrode design on thin electrolyte has been controversial due to the

challenges in qualitatively interpreting the results. In the context of PEM water electrolyzers,

our physics model demonstrates that the extended reference electrode design on an MEA of

reproducible anode overhang distance, can be useful for qualitatively evaluating the anode

electrode. Our main contribution is create a machine learning model to make quantitative

interpretation of the reference measurement. From a synthetic dataset generated with the

physics model, we trained a neural network to correlate the reference electrode measurement

to its kinetic overpotential. The model works well on the training synthetic dataset and

makes sensible kinetic breakdown of the experimental data. The fast and computationally-
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inexpensive neural network is an attractive alternative to fitting polarization data into the

FEM model.

Several avenues for future works have emerged from the analysis of simulation results

and the implications from machine learning. The sensitivity analysis of the synthetic dataset

and permutation importance evaluation of the neural networks suggests that they can be

improved by including measurements at smaller current density. Observations from EIS sim-

ulations with electrode offset have piqued our interest in investigating whether it’s possible

to separate each electrode’s capacitive effect from half-cell EIS. We were unable to examine

this due this due to the limitations of the current synthetic dataset, which employs a single

capacitance for each electrode. While overpotential readings depend on the reference poten-

tial, i.e. knowing and maintaining a steady reversible H+/H2 potential in Nafion membrane,

EIS or resistance-based measurements do not face the same constraint. With the current

synthetic EIS dataset that consists of only one EIS per set of physics-based parameters, we

have yet been successful at predicting the physics parameters. However, the use of multiple

EISs at different current densities or a combination of EIS and polarization data may be

worth exploring.
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3.8 Supplementary

3.8.1 Polarization curve data

Fig. 3.17 Three-electrode and four-electrode polarization curves of Nafion 212. (A) Three-
electrode using the cathode-overhang RHE. (B)Three-electrode using the anode-overhang
RHE. (C) Four-electrode.

Fig. 3.18 Three-electrode and four-electrode polarization curves of Nafion 115. (A) Three-
electrode using the cathode-overhang RHE. (B)Three-electrode using the anode-overhang
RHE. (C) Four-electrode. Nafion 115 has two missing current density data points.
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Fig. 3.19 Three-electrode and four-electrode polarization curves of Nafion 117. (A) Three-
electrode using the cathode-overhang RHE. (B)Three-electrode using the anode-overhang
RHE. (C) Four-electrode.

3.8.2 High frequency resistances

Table 3.2 Anode side high frequency resistance

Nafion ID HFR value Units
212 5.23 ˘ 0.09 mΩ.cm2

115 21.0 ˘ 0.5 mΩ.cm2

117 18.5 ˘ 0.2 mΩ.cm2

Table 3.3 Cathode side high frequency resistance

Nafion ID HFR value Units
212 5.07 ˘ 0.13 mΩ.cm2

115 8.24 ˘ 0.12 mΩ.cm2

117 17.3 ˘ 0.13 mΩ.cm2
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Fig. 3.20 Cell high frequency resistance at different current density for (A) Nafion 212, (B)
Nafion 115, and (C) Nafion 117.
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3.8.3 Polarization curve machine learning results

Fig. 3.21 Prediction versus true value - NN model trained on synthetic polarization data.
(A) Electrolyte thickness - L, (B) OER kinetic dimensionless number - κ1 and (C) OER
Tafel slope divided by ln p10q - Φ˚.

Fig. 3.22 Derived value versus true value - NN model trained on synthetic polarization data.
(A) Misalignment factor - λ, (B) OER kinetic over thickness dimension conduction - κ1

λ
and

(C) OER overpotential at 1 A/cm2 - η1.
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Fig. 3.23 Permutation feature importance for NN model trained on synthetic polarization
data for (A) Electrolyte thickness - L, (B) OER kinetic dimensionless number - κ1 and (C)
OER Tafel slope divided by ln p10q- Φ˚.
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3.9 Appendix

Table 3.4 Geometry parameters.

Symbol Parameter Value or Range Units
welec Electrode width. 1.342 cm
L Electrolyte thickness, from reported nominal [20, 200] µm

NafionTM thickness.150

λ Overhang distance to electrolyte thickness. [5, 40] 1

Table 3.5 Electrochemistry model parameters in polarization curve simulation.

Symbol Parameter Value or Range Units
EEQ Equilibrium potential of water electrolysis at 1.17 V

80oC and 1 bar pressure.
Φ˚ OER Tafel slope in the Tafel-kinetic limit [15.21, 30.42] mV

divided by ln p10q

k Electrolyte proton conductivity [5, 25] S/m
κ1 Top electrode dimensionless number.141,148,175 [1 ˆ 10´5, 1 ˆ 10´2] 1
κ2 Bottom electrode dimensionless number.141,171,176,177 [1 ˆ 101, 1 ˆ 103] 1
θ Charge transfer coefficient ratio. [0.25, 5] 1
jΣ Operating current density. [0.01, 4] A/cm2
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Table 3.6 Electrochemistry model parameters in EIS simulation.

Symbol Parameter Value or Range Units
EEQ Equilibrium potential of water electrolysis at 1.17 V

80oC and 1 bar pressure.
Φ˚ OER Tafel slope in the Tafel-kinetic limit [15.21, 30.42] mV

divided by ln p10q

k Electrolyte proton conductivity [5, 25] S/m
κ1 Top electrode dimensionless number.141,148,175 [1 ˆ 10´5, 1 ˆ 10´2] 1
κ2 Bottom electrode dimensionless number.141,171,176,177 [1 ˆ 101, 1 ˆ 103] 1
θ Charge transfer coefficient ratio. [0.25, 5] 1
γ Normalized cell potential, equivalent to [7, 17] 1

V1 P r1.4, 1.7s V .
β Constant phase element exponent. [0.75, 1] 1
ω̄ Dimensionless frequency. [1 ˆ 10´4, 1 ˆ 10´2] 1
χ Ratio between the bottom electrode and top [1 ˆ 10´2, 1] 1

electrode capacitance.

Table 3.7 Base case simulation parameters, used to simulate data shown in Section 3.5.2
and 3.5.3.

Symbol Parameter Value or Range Units
welec Electrode width. 1.342 cm
L Electrode thickness, from reported nominal 120 µm

NafionTM thickness.
λ Overhang distance to electrolyte thickness. 10 1
Φ˚ OER Tafel slope in the Tafel-kinetic limit 23 mV

divided by ln p10q

k Electrolyte proton conductivity 17 S/m
κ1 Top electrode dimensionless number. 1 ˆ 10´4 1
κ2 Bottom electrode dimensionless number. 10 1
θ Charge transfer coefficient ratio. 3 1
β Constant phase element exponent. 0.8 1
ω̄ Dimensionless frequency. 7 ˆ 10´4 1
χ Ratio between the bottom electrode and top 0.1 1

electrode capacitance.
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Chapter 4

CONCLUSION

4.1 Summary

This work focuses on the framework of generating synthetic data from mechanistic modeling

and leveraging machine learning to uncover underlying patterns. Our first objective is to

garner insights into the proposed physics and advise data processing and implementation of

electrochemical techniques, without needing extensive experimentation. The second objec-

tive is to validate the simulation-informed machine learning models with experimental data

to test their applicability. We shall review of these objectives within the specific scopes of

our studies and propose avenues for future work.

In Chapter 2, we found that the three different solid oxide fuel cell (SOFC) failure modes

(fuel starvation, delamination and gas crossover) are identifiable from synthetic electrochem-

ical impedance spectroscopy (EIS) with support vector machine (SVM) models. To our

knowledge, SOFC failures have been a focus of few simulation works,93–95 so we hope these

mechanistic models are helpful to researchers who are interested in the topic. We’ve shared

on GitHub the COMSOL models of nominal planar SOFC and the studied failures to facil-

itate future use and feedback.122 Our model’s success in identifying failure was dependent

upon having information of the nominal system response, which were provided as simu-

lated EIS at the operating condition with a fixed set of physics parameters. Similarly, other

diagnostics application can explore the benefits of using a standard state response, gener-

ated either through simulation or experimentation. Identifying relevant frequencies with

simulation-informed machine learning as we was able to from SVM coefficients, can help

reduce dataset dimensionality and the number of EIS frequencies in design of experiments.

However, since the work did not extend to experimental data validation, we remain cautious
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about the applicability of the developed diagnostic tool.

In Chapter 3, we successfully predicted the oxygen evolution reaction (OER) loss us-

ing multi-layer perceptron neural networks with synthetic polarization measurements of an

extended reference electrode on a proton exchange membrane (PEM) electrolyzer. The sen-

sitivity analysis and permutation feature importance proved valuable in guiding experimen-

tation decisions, leading to the exclusion of measurements from cathode-overhang reference

and the suggestion to incorporate lower current density points. We validated our surrogate

model with experimental data from three different electrolyzer cells, attaining reasonable

OER overpotential prediction compared to literature. The promising results encourage fur-

ther validation with more comprehensive experimentation. Additionally, intriguing behaviors

observed in EIS experiments and simulations sparked our interests in further exploration.

One potential avenue involves the development of a machine learning classifier to label EIS

features to the half-cell they originate from, utilizing synthetic training data of half-cell EIS

with different number of capacitors or constant phase elements per electrode.

4.2 Outlook

The increasing deployment of larger fuel cell and electrolysis systems spurs the demand

for advanced state-of-health monitoring to maximize and optimize usage, or for safety and

reliability. Steady-state polarization curves and transient voltage-current responses have

been widely utilized to inform control and management systems, and most often reported in

failure and degradation studies15,81–83,178,179. Furthermore, corresponding steady-state and

transient models of fuel cells and electrolyzers has been thoroughly investigated.111,180–187

The prevalence of steady-state and transient voltage-current data and modeling presents

many opportunities for similar simulation-informed machine learning development to act as

surrogate for computationally-expensive physics-models. Other analytical techniques such

as EIS, thermography,188–191 magnetotomography,179,192–194 can offer more advanced informa-

tion about the electrochemical systems. However, the complex analysis associated and the
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uncertainty in their efficacy could prevent deployment. These concerns may be addressed

by using simulation-informed machine learning to survey the suitability of the analytical

technique and inform the design of diagnostic protocol.
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