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Quantifying aging effects in lithium-ion cells with chemistries that have a flat open circuit potential is challenging. We implement a
physics-based electrochemical model to track changes in the electrochemical impedance response of lithium titanate-based cells.
Frequency domain equations of a pseudo two-dimensional model are made dimensionless, and the corresponding non-dimensional
parameters are estimated using a Levenberg-Marquardt routine. The model weighs the relative contributions of changes in
diffusion, ionic conduction within the electrolyte phase against solid phase electronic conduction towards cell aging. Solid-phase
diffusion, charge transfer resistance and double layer capacitance at the solid-liquid interface are accounted for in the particle
impedance. The estimation routine tracks dimensionless parameters using accelerated cycling data from full cells over 1000 cycles.
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of the battery chemistry, format, or capacity.
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Reliable and high-capacity energy storage is essential for
transitioning to renewable energy sources. Improving performance
under fast charging and ability predict battery aging are extremely
important to enable electrification in automotive, aerospace, and
stationary applications. Electrochemical Impedance Spectroscopy
(EIS) is a very common method to understand and characterize Li-
jon batteries.” The impedance spectrum generated by this method
depends on internal processes such as charge transfer kinetics,
transport through solid electrolyte interface (SEI), electrolyte trans-
port and solid phase diffusion. The response varies with temperature,
state of charge (SOC) and state of health (SOH). Hence EIS is a
simple yet powerful technique that can provide valuable information
about a battery cell like SOC and SOH.?

One of the major limiting factors for wide scale adoption electric
vehicles is the time it takes to charge batteries. Fast charging of
batteries is limited by factors such as electrolyte transport, interfacial
resistance and solid phase diffusion and can often lead to battery
degradation.>* Degradation in lithium-ion batteries can attributed to
several physical and chemical processes like SEI growth, lithium
plating,‘ positive electrode degradation and particle cracking, which
lead to observable effects such as capacity fade and power fade.’
Advanced diagnostic techniques and detailed models have been used
to study and understand each of these mechanisms leading to battery
failure.®™® But such studies often involve detailed analysis of cell
components obtained from teardowns. While there is tremendous
interest in tracking degradation with a just a simple non-destructive
test like EIS, it is often quite challenging to tease out the effects of
these processes from just full-cell experimental data.

Previous studies have used circuit models to estimate degradation
of batteries using EIS data.’'? They provide limited insights into
physical parameters within the battery and are also difficult to extend
to newer battery chemistries. Using physics-based models on the
other hand, provides better understanding of each physical processes
within the battery. Pseudo two-dimensional models have long been
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used to model and study various aspects of lithium-ion batteries.'>'*

Extensive research has been performed on modified forms of these
“Newman” models, applying them to various application'® along
with improvements to its computational efficiency.'®'” These
models have been mostly used in time-domain form for under-
standing battery performance, reliability, and safety.'®° However,
use of these models requires tracking a large number of parameters
related to phenomena such as electrochemical reaction rates, species
conservation and charge conservation, in solid and electrolyte phase.
Several approaches have been used to obtain impedance response
from electrochemical models. Even though it is more common to use
equivalent circuit models to estimate impedance response of
batteries, it does not provide sufficient understanding of physical
parameters that change within the battery. Weddle et al. have used a
stitching algorithm to estimate battery impedance spectra using
stitching algorithm using on a composite state space model.?' Based
on initial frequency domain modeling efforts,**>* researchers have
used porous electrode theory to simulate impedance response of
lithium-ion cells.”** Pathak et al. have used direct estimation of
impedance spectra by solving frequency domain equations of a
porous electrode model.?® The approach we present here is similar,
but with modified equations containing non-dimensional groups.
Use of non-dimensional groups has been previously used to
analyze performance of batteries.””*® The use of dimensionless
groups has several advantages: when all parameters for an electro-
chemical model are available, one can use a traditional “Newman-
type” model, but often there are restrictions on what parameters we
have access to. The use of dimensionless groups helps us pursue a
physics-based model with a limited number of parameters known
a priori. The use of dimensionless groups also helps us to assess the
relative contributions of the different physical phenomena (e.g.,
diffusion flux vs migration flux or solid-phase transport Vs electro-
lyte transport, etc.) towards the degradation of the cells. We start
with a Newman type pseudo two-dimensional electrochemical
model and present the approach to develop non-dimensional groups
for dimensionless analysis. This model is then used to study
degradation in full cells with an LTO anode, at various number of
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Table 1. Dimensionless equations for pseudo two-dimensional im-
pedance model.
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cycles. Even though this model was primarily developed to under-
stand aging effects, this approach is applicable to other applications
which involve interpreting full-cell EIS data.

Modeling and Analysis Approach

A lithium-ion cell consists of porous anode and cathode regions
with a membrane in between, which is electronically insulating,
called separator region. The pores in all three regions are filled with
an electrolyte that transports lithium-ions between both electrodes.
Pseudo two-dimensional models consider the equations for charge
conservation in electrolyte, species conservation in electrolyte,
charge conservation in solid phase and species conservation in solid
phase. In this study, frequency domain equations describing these
physical processes are converted to their non dimensional form and
used to analyze experimental data.

Mathematical model development.—For impedance analysis of
a lithium-ion battery, we write each state variable (y) as:

W=y + Re(y ) (1]

where 7 is an oscillation across the steady state value .

The AC impedance of the cell can be defined as the ratio of a
change in voltage to a small sinusoidal current of frequency (v).
Since the voltage is not in phase with the applied current, the in-
phase components are described using a real component Re () and
out-of-phase components are described using an imaginary compo-
nent Im() of a complex number of the form a + i-b, where

i=+-1.

We start with equations for a pseudo two-dimensional model
(listed in Appendix) based on Ref. 26 which can be solved to obtain
Impedance for a lithium-ion battery as a function of frequency ().

We can eliminate solving for the radial distribution of lithium
concentration in solid phase by using an analytical relation for
particle impedance at the interface. Decoupling the radial coordinate
highly reduces the total degrees of freedom after discretization and
improves computational time for the model.
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Here we chose a simple Z, based on what is proposed in Ref. 23,
Ry + 22
Z,= — (3]
1 + iwCy (RC, + ;)
where,
dU\ R
Ry = | —|= 4
= (22 ) 0
RT
Ry=—"—— (5]

ig(a, + a.)F

iwR? iwR?
b~ tanh( D, )
Y, = [6]

iwR?
tanh( D, )

More complicated expressions can be used to model particle
impedance in order to add more physics to the model. For a
sinusoidal current of magnitude I,,,, the full cell impedance is
then given by:

[451]x=ln+ls+l,, = [$1]i=0
Ao Iaﬂn

(7]

Zeen =

We assume the same Bruggeman coefficient in all regions for
simplicity. These equations can be solved to obtain impedance
response of a cell with input of the following 33 parameters.
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Parameter estimation is quite challenging when many parameters
are involved, especially when no known information is available
about the cell. In this work, we convert these equations to obtain
non-dimensional groups for dimensionless analysis. This reduces the
total number of model parameters and expresses the equations in a
more natural form. This makes parameter estimation more manage-
able.

Variable () can be represented as:
7=Yy* (8]
Such that:
b, = §*®y, §, = ¢*®,, & = ¢*C), & = ¢*C; (9]

where ¥ is non-dimensional form of i, with y* being a dimensional
reference value.

Similarly, we also define non-dimensional forms of frequency
and position as:
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Table II. Definitions of dimensionless groups (used in Table I) and related expressions.
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We take x* as [,,, [, , I, in negative electrode, separator, and positive
electrode respectively. The model equations in their non-dimen-
sional form are provided in Table I with corresponding definitions of
dimensionless parameters in Table II.

The dimensionless impedance can now be defined as follows:
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This model has a total of 21 independent non-dimensional para-
meters. A dimensional parameter (Z*) is also required to compare
model results (dimensionless Z,;) to experimental data ((Z..;)® in
Ohms), bringing the total model parameters to 22.

0, 03,03, 0,,05,0 07, O3, O, O, ©7,, Og,,
99,;1, ®1o,m ®ll,m G)ll,ps ®12,n, (912,1;, O3, G4, Oy5, Z* where (Ch
are defined in Table II. It should be noted that for ®, to ¢ the values
in different regions can be related using other dimensionless
variables as shown in Table III. ®; to ©®;y are independent
parameters in positive and negative electrode regions. The equations
in Table I are discretized using the finite difference method and the
dimensionless variables are solved for each point across a range of
frequencies. Simpler closed-form solutions are possible. See for
example.”’
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Experimental data and parameter estimation process.—For this
study, a 1 Ah-class pouched lithium-ion cell (LTO/NMCS811) is
assembled for accelerated degradation test. The NMC811 positive
electrode with LiNi0.8Mn0.1C00.102, carbon, and polyvinylidene
fluoride is prepared with a density of 3 g cc™'. The LTO negative
electrode with LTO, carbon, and polyvinylidene fluoride is prepared
and with a density of 2 g cc™'. These electrodes are then dried in
vacuum at a temperature of 120 °C. The pouched cell is assembled
using same protocol in Ref. 30. An electrochemical cycling test is
conducted between 2.75V and 1.5V using a constant-current/
constant-voltage charge (CCCV-charge) protocol, followed by a
constant-current discharge (CC-discharge) protocol in a thermostat
chamber set to 65 °C. The charging and discharging load current of
3C-rate is used and the termination current during CV charge is set
to C/20. The AC impedance of the cell is measured at 25 °C on a
combined potentiostat and frequency response analyzer (Solartron
1287 A by Solartron Analytical) every 200th cycle with a voltage
amplitude of 10 mV vs 2.25 V (open circuit voltage at SOC50% of
the cell), with frequencies ranging from 4.8 kHz to 0.05 Hz used in
the analysis. For subsequent analysis, the inductance component is
removed from the raw data. For this, raw data is fitted to an
equivalent circuit model (see supplementary document for more
information). The inductance component is then subtracted from the
raw data using the following equation.

ZEiUiL RL

Ly = Zygy — WL KL [14]
dat o R; + 2miy;L

where Z,,, and Z,, are raw impedance data and inductance
corrected impedance data respectively, v; is frequency, L and Ry
are inductance parameters in equivalent circuit model.

The model parameters are estimated using Levenberg—Marquardt
algorithm®' by minimizing sum of the weighted squares of the errors
(x?) where error is the difference between model prediction (for a
parameter set p) and experimental data for each frequency (¢;). In
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Table III. Variables used in this paper.

Variable Description SI units
¢, Solid phase potential \%
b, Liquid phase potential \Y%
c Solid phase lithium concentration mol/m3
(o) Liquid phase lithium concentration mol/m3
j Lithium flux at interface mol/s/m?
Positive Negative
R;, R; Particle radius m
D, Dy, Solid phase diffusivity m?/s
io,p i Exchange current density A/m?2
ap p Anodic charge transfer coefficient —
ac, ac, Cathodic charge transfer coefficient —
Carp Citn Double layer capacitance F/m?
dU dU Derivative of open circuit potential V m3/mol

50), (-52),
a, a, Area fraction m2/m3
6;/7‘ ol Effective electronic conductivity S/m
Iy 1, Electrode thickness m
& &, Electrode porosity m3/m3

co Electrolyte salt concentration mol/m3

D, Electrolyte diffusivity m2/s

Ke Electrolyte ionic conductivity S/m

I Separator thickness m

& Separator porosity m3/m3

b Bruggeman coefficient —

i+ Lithium-ion transference number —

R Gas constant J/mol/K

F Faraday constant s A/mol

T Temperature K

Lupp Applied current amplitude A

Ay Cell area m?2

><10-? . . ‘ ; ‘
7r o
O Initial guess
6l O Test data o
A Model Fit

Figure 1. Fitting using Levenberg—Marquardt
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parameter estimation algorithm: The impedance model is fit to
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Figure 2. Sample profiles of oscillation in (a) electrolyte concentration and (b) electrolyte potential predicted using the model used in this work. These profiles
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Figure 4. Model fit compared against experimental data for dataset B (a) Nyquist plot (b) magnitude of complex cell impedance (c) phase angle of impedance.

this case p is the set of 22 parameters as described in the previous
section (Mathematical model development).
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where the phase angle (¢z) is defined as

oy = (22

1
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There can be several non-unique sets of parameters which will
produce the same output EIS data. For example, increasing ©, by 6,
can have the same effect on the impedance curve as decreasing ©, by
0. Which means a single EIS experiment does not provide all the
necessary information to estimate all the model parameters. Hence it
is necessary to fit the data across multiple data sets to get a more
accurate value for each parameter. For accurate parameter estimation

it is important to understand which parameters change across the
available experimental data.

It is reasonable to assume that Z*, which is determined by total
cell area, does not change much for the cells of the same type and size.
Similarly, ©;; and ®;4 also remain constant for a battery unless
extremely large expansions/deformations occur. The parameter esti-
mation algorithm will optimize these to minimize the error to a
minimum for each test. Hence, we first use the parameter estimation
algorithm over dataset A (EIS data on uncycled cells at multiple
SOCs) by including these parameters (Z*, Oy p, O11,, Os) as a
variable parameter. Average predicted values from parameter estima-
tion on dataset A for these parameters are held fixed when analyzing
dataset B (EIS data on the same type of cells cycled to multiple
number of cycles). Approximate initial guesses are used from
parameters provided in Ref. 26. Figure 1 shows a sample case for
how initial model prediction gets fitted the measured data as
algorithmic iterations progress.

It is important that parameter estimation algorithm finds physi-
cally meaningful values while ensuring goodness of fit against the
data. For instance, physical parameters like electrode thicknesses
and porosities cannot change by orders of magnitude when the
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Figure 5. Trends in dimensionless parameters — 1.

capacity degradation from the cell is gradual. To make sure that the
model parameters are realistic, an initial run of optimization was
performed, fixing the parameters ®;, O, Os, O¢, O,. The final set of
estimates were performed by including all parameters within the
estimation routine.

Results and Discussion

The solution for the spatial distribution of variables as a function
of applied frequency as shown in Fig. 2. Negative values in these
plots are a result of the oscillations in the variables not being in-
phase with the applied current oscillation. The variation in of both C,



Journal of The Electrochemical Society, 2023 170 090519

-5
1 é;.w 500 500
-0-0-0~0-0 —@--0 —@--0
0.8 400 7,p 400 | 8,p
0.6 -@-9,, 300R, 5 300 |
S d & \ 07p === Q
e - . Fj*Rctp < 0
04| 2000 | 200 | Osp=Capo
® = DS_‘"’ . ]
10,n w‘Rg,n \‘
0.2} 100 | 'Y 1007 *~g@
~ o
~ “.-_.__ -
"H ¢
0 : 0 : 0 : '
0 500 1000 0 500 1000 0 500 1000
cycle # cycle # cycle #
-3
20 ¢ 5 X10 2
-@--0 -@--0 -@--0
®- 9,p o 10,p ©- 12,n
15Q 15 15¢
A
\ D
L\ 20
_ Rpart,p =% ,4. 0101’ Y c
S10f N | %= S 10N oL 10--0-0-0-0. 4
> \ t S \ S
‘h .\
5 ‘~.. 0.5 N 05| 0. _&n
\‘ ._5‘__‘. 12n &
.‘
0 - ~ 0 - 0 :
0 500 1000 0 500 1000 0 500 1000
cycle # cycle # cycle #
2 2 10 ¢
-0--0 -0--0 -@--0
. Y0 ol 0-%3 g ®-Y5

Q--0—0--0—0--0

0.5 & 0.5 g
Or2p =7~ 013 = s 27 615 = b
0 : : 0 : ' 0 : '
0 500 1000 0 500 1000 0 500 1000
cycle # cycle # cycle #

Figure 6. Trends in dimensionless parameters — II.

and ®; is linear in the separator region. At very high frequencies, the
oscillations in lithium concentration (Fig. 2a) drop to almost zero,
since there is not enough time available for mass transfer to take
place. The magnitude of oscillation in electrolyte potential (Fig. 2b)
steadily decreases as frequency of applied current increases. It
should be noted that Fig. 2a is depicting real and imaginary parts of

small oscillations around equilibrium concentration which do not
contribute to overall depletion/accumulation of salt concentration.
This model runs quickly (Using 2.4 GHz Intel Core i9 processor
with 16 GB memory, the simulation of an EIS curve with 41 data
points typically takes around 2.408 s which is roughly 60 ms for each
frequency point) and can obtain the impedance response across a wide
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Figure 8. Summary of the approach used in current study. The developed framework is useful to quickly understand physical changes under aging conditions,

using EIS data.

range of frequencies. As we increase frequency, the imaginary part of
impedance approaches zero and electronic effects dominate, which is
expected. We first solve the dimensionless model and estimate its
parameters for an uncycled cell using impedance data at multiple
states of charge. For this case, all estimate parameters correspond to
the reference cell with no degradation. We then proceed to estimate
model parameters for the aged cells.

The model fits the data well for all the states of charge (Figs. 3a-3c).
The parameters (Z*, O11,p» O11,n, Oyy) that are estimated from this
dataset are consistent for all the curves, as the EIS responses are relatively
similar for all SOCs. As explained earlier, these parameters are not likely
to change as the cell ages. Any change in them from estimation algorithm
are likely due to the model not being sensitive to these parameters within
the range of frequencies in the data. When EIS spectrum is relatively non-
sensitive to a parameter, the parameter is “free” to change within the
routine as the estimation algorithm can still guess slightly different value
without affecting fitting error much. To avoid any unrealistic variation,
the values are averaged (Fig. 3d) from estimation from multiple SOCs
(dataset A) and held constant throughout the estimation of parameters for
battery degradation (dataset B). This approach precludes the need to know
the individual cell design values, even under the reference conditions. The
ability to include Z* as part of the parameter set estimated, significantly
expands the capability of this toolset to study aging in cells whose
component level data is not available.

In dataset B, EIS response is obtained at 50% SOC at every 200
cycles. The algorithm is run until a convergence tolerance of 10™* is
reached on the reduced chi-squared value. The parameters estimated
by the algorithm are sufficiently optimized to approximate the

experimental data quite well (Fig. 4). The error between data and
model can be further improved by using better parameter estimation
algorithms. Each parameter from these model fits is plotted with
number of cycles in Figs. 5 and 6 to analyze the variation of battery
internal states as the cell ages.

It can be observed that ®, has almost no change in its value,
which makes sense as the value of a small oscillating current does
not change the linear response of a battery. Parameters like ®; O,
©s, O also have very little change in value with number of cycles.
Some of these parameters (like transference number, electrolyte
diffusivity) can change physically but the model might not capture
those changes due to EIS response within the measured frequency
range not being sensitive to these parameters.

03, corresponding to the ratio of solid phase conductivity to ionic
conductivity, is a predominant factor controlling changes in the real
part of impedance especially at high frequencies. The trend for @3 is
quite linear and its value increases about 60% in these 1000 cycles.
The increase in ®3 with number of cycles showing that the effective
ionic conductivity goes down with time as battery ages, leading to an
increase in internal resistance.

The parameters ®;, Og ©9 and O, have a greater change within
the cathode as compared to the anode which suggests that the
cathode (NMC 811) degradation is more severe for this cell
compared to anode (LTO). O, relates to solid phase diffusion in
electrode particles. We can observe decreasing trend in ©q,
suggesting a reduction of solid phase diffusivity. This could be a
result of cathode degradation and fracture of particles due to rapid
expansion and contraction during fast cycles. After first 200 cycles
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(possibly after crack initiation), the degradation is severe, causing
rapid reduction in @,

©7 and Oy relating to charge transfer resistance drop gradually in
the cathode as the battery ages, indicating that charge transfer
resistance is increasing. It is suggested that the increase of cathode
charge transfer resistance is caused by degradation in the cathode
surface, such as rock-salt layer by positive electrode structure
change or film-growth reaction by electrolyte.**>% @ p (propor-
tional to double layer capacitance) is seen to be decreasing within
the cathode initially and slightly increase after 800 cycles. These
changes (0, Og ©9 and ©,() are not that significant (<40% change)
within negative electrode (LTO) and can be attributed to the fact
that LTO is known be a zero-strain insertion material®**> and
known not to form SEI unless subject to potentials below 1 V.*

81, (electrode porosity) remains constant as the battery ages, but
reduces near 1000 cycles, and again the drop is more prominent in
positive electrode suggesting a reduction in cathode porosity. But it
is possible that this change is not physical and is a result of
parameter estimation algorithm not finding a sufficiently optimized
solution for the 1000 cycle case (see Figs. 4a and 4c), which could
also be affecting ®g. Bruggeman constant (©;5) is not seen to change
much.

The model provides understanding of physical changes in the cell
and can hence serve as a useful diagnostic tool to understand
dominant degradation mode, by eliminating/reducing the number of
complex experiments involving cell teardowns. Along with this, the
approach can be potentially used to make real-time predictions
during EV operation. To achieve this, we can use fitting functions on
of parameter trends which can then be extrapolated into the future.
For demonstrative purposes a simple analysis is shown in Fig. 7,
using the same dataset B, where we attempt to use data from up to
600 cycles and make a prediction of parameters for 800 cycles and
1000 cycles. The following fitting function is used for all parameters.

log(0)) = m ]chcle +b [17]

In theory, depending on degradation mechanisms, we will need to
use more suitable functions for each parameter. In this case,
prediction of EIS spectrum at 800 cycles has small error compared
to data, which is further exacerbated at 1000 cycles. But it should be
noted that this dataset is limited to just a few EIS curves and all
parameters’ trends are captured using a very simple function.
Applying this approach to larger data sets will allow us to identify
appropriate fitting functions that capture trends in these parameters
well. These models can then be used to predict how parameters
evolve with time and estimate how battery is expected to age in the
future based on past changes in EIS spectrum.

Figure 8 provides a high-level overview of the approach used in
this paper. A non-dimensionalized model developed in this study
predicts cell impedance as a function of frequency based on 22 input
parameters. Coupled with a Levenberg-Marqaurt parameter estima-
tion routine, these parameters can be guessed such that the model
finds a good fit to a given EIS curve. It is important to identify which
of these parameters do not change with aging, so that these can be
held constant to analyze aging dataset. We identify 4 such
parameters and predict their averaged values using a separate
dataset. These values are held constant while the rest are estimated
to provide the best fit for aging dataset (EIS curves at multiple cycle
numbers). Finally, the changes in estimated parameters are analyzed
to provide insights for understanding dominant degradation mechan-
isms.

Conclusions

An approach to understanding battery physics from EIS data
using physics-based modeling has been developed. The model is
generic and can be extended to various battery chemistries and with
varying properties along the thickness direction. This approach
allows us to gain valuable insights and use physics-based models

without having prior knowledge of the battery chemistry, format, or
capacity. This model can be used to understand battery aging in
terms of changes in physics-based parameters. We can extend the
model by modifying the form of particle impedance. This framework
still has limitations such as being sensitive to initial guess values for
parameter estimation because of the algorithm finding local minima,
as well as multiple parameters sets predicting similar EIS response.
The model needs to be applied to a wide range of data to improve the
accuracy of estimated parameters. Further, when applied to a large
number of data points, it can be used as a predictive tool during
battery operation to understand state of health and battery life.

Appendix. Dimensional Equations for Pseudo two-Dimensional
Impedance Model*¢

Governing Equations

o effdbr\ _ 7
dx(a dx)_aE]

Boundary Conditions

L;’l __app
ot ol

On

= (1,,+1v>+

_lapp

x=(lp+Is+1p)~ 0;#

I—II—II—I

( eﬁ’otﬁl) _ 1(chf6_z/31) 4; =
Tox ox ox\ ¢ ox

+i 2K(?ffRT(17¢+)ml -0
ox Feo ox -
eff 352 _ eff 3f/;2
Ke,n [ ) ] - Ke,s [ ox
=1~ x=1}F

n
ap
stf[ (3

]x:(r,ﬁm- o ]x:uuw’f

A PR
)+“J(1—t+)[ =0
) _ pyeff [&72]
ox ]x:1,7 =D =1}
Dsrr[ﬂ] _ Dsrr[ﬂ]

S Lox demgyaiy P Lox Jy=(tipt

I
R R

inQ

9 ( Deff L)
ox ox

e = Dva r29a
1= r2or or

ORCID

Anudeep Mallarapu © https://orcid.org/0000-0003-3861-4748
Yohei Uemura @ https://orcid.org/0000-0002-4101-8237

References

1. M. Gabersc¢ek, “Understanding Li-based battery materials via electrochemical
impedance spectroscopy.” Nat. Commun., 12, 6513 (2021).

2. N. Meddings et al., “Application of electrochemical impedance spectroscopy to
commercial Li-ion cells: A review.” J. Power Sources, 480, 228742 (2020).

3. A. M. Colclasure, A. R. Dunlop, S. E. Trask, B. J. Polzin, A. N. Jansen, and
K. Smith, “Requirements for enabling extreme fast charging of high energy density
li-ion cells while avoiding lithium plating.” J. Electrochem. Soc., 166, A1412
(2019).

4. A. Mallarapu, V. S. Bharadwaj, and S. Santhanagopalan, “Understanding extreme
fast charge limitations in carbonate mixtures.” J. Mater. Chem. A, 9, 4858 (2021).

5. J. S. Edge et al., “Lithium ion battery degradation: what you need to know.” Phys.
Chem. Chem. Phys., 23, 8200 (2021).

6. J. M. Allen et al., “Quantifying the influence of charge rate and cathode-particle
architectures on degradation of Li-ion cells through 3D continuum-level damage
models.” J. Power Sources, 512, 230415 (2021).

7. L. Mu et al., “Oxygen release induced chemomechanical breakdown of layered
cathode materials.” Nano Lett., 18, 3241 (2018).

8. D.P. Finegan et al., “Spatial dynamics of lithiation and lithium plating during high-
rate operation of graphite electrodes.” Energy Environ. Sci., 13, 2570 (2020).


https://orcid.org/0000-0003-3861-4748
https://orcid.org/0000-0002-4101-8237
https://doi.org/10.1038/s41467-021-26894-5
https://doi.org/10.1016/j.jpowsour.2020.228742
https://doi.org/10.1149/2.0451908jes
https://doi.org/10.1039/D0TA10166D
https://doi.org/10.1039/D1CP00359C
https://doi.org/10.1039/D1CP00359C
https://doi.org/10.1016/j.jpowsour.2021.230415
https://doi.org/10.1021/acs.nanolett.8b01036
https://doi.org/10.1039/D0EE01191F

20.

21.

22.

Journal of The Electrochemical Society, 2023 170 090519

. R. Xiong, J. Tian, H. Mu, and C. Wang, “A systematic model-based degradation

behavior recognition and health monitoring method for lithium-ion batteries.” Appl.
Energy, 207, 372 (2017).

. H. Sun et al., “Quantitative analysis of degradation modes of lithium-ion battery

under different operating conditions.” Energies, 14, 1 (2021).

. U. Troltzsch, O. Kanoun, and H. R. Trinkler, “Characterizing aging effects of

lithium ion batteries by impedance spectroscopy.” Electrochim. Acta, 51, 1664
(2006).

. E. Teliz, C. F. Zinola, and V. Diaz, “Identification and quantification of ageing

mechanisms in Li-ion batteries by Electrochemical impedance spectroscopy.”
Electrochim. Acta, 426, 140801 (2022).

. S. Santhanagopalan, Q. Guo, P. Ramadass, and R. E. White, “Review of models for

predicting the cycling performance of lithium ion batteries.” J. Power Sources, 156,
620 (2006).

. M. Doyle, T. F. Fuller, and J. Newman, “Modeling of galvanostatic charge and

discharge of the lithium/polymer/insertion cell.” J. Electrochem. Soc., 140, 1526
(1993).

. W. Mai, A. Colclasure, and K. Smith, “A reformulation of the pseudo2D battery

model coupling large electrochemical-mechanical deformations at particle and
electrode levels.” J. Electrochem. Soc., 166, A1330 (2019).

. V. R. Subramanian, V. Boovaragavan, V. Ramadesigan, and M. Arabandi,

“Mathematical model reformulation for lithium-ion battery simulations: galvano-
static boundary conditions.” J. Electrochem. Soc., 156, A260 (2009).

. J. Kim, A. Mallarapu, S. Santhanagopalan, and J. Newman, “A robust numerical

treatment of solid-phase diffusion in pseudo two-dimensional lithium-ion battery
models.” J. Power Sources, 556, 232413 (2023).

. A. Mallarapu, J. Kim, K. Carney, P. DuBois, and S. Santhanagopalan, “Modeling

extreme deformations in lithium ion batteries.” eTransportation, 4, 100065 (2020).

. J. Kim, A. Mallarapu, and S. Santhanagopalan, “Transport processes in a li-ion cell

during an internal short-circuit.” J. Electrochem. Soc., 167, 090554 (2020).

G. H. Kim, K. Smith, K. J. Lee, S. Santhanagopalan, and A. Pesaran, “Multi-
domain modeling of lithium-ion batteries encompassing multi-physics in varied
length scales.” J. Electrochem. Soc., 158, A955 (2011).

P. J. Weddle, R. J. Kee, and T. Vincent, “A stitching algorithm to identify wide-
bandwidth electrochemical impedance spectra for li-ion batteries using binary
perturbations.” J. Electrochem. Soc., 165, A1679 (2018).

M. Doyle, J. P. Meyers, and J. Newman, “Computer simulations of the impedance
response of lithium rechargeable batteries.” J. Electrochem. Soc., 147, 99 (2000).

23.

24.

25.

26.

27.

28.

29.

35.

36.

J. P. Meyers, M. Doyle, R. M. Darling, and J. Newman, “The impedance response
of a porous electrode composed of intercalation particles.” J. Electrochem. Soc.,
147, 2930 (2000).

J. Huang et al, “Editors’ choice—review—impedance response of porous
electrodes: theoretical ~framework, physical models and applications.”
J. Electrochem. Soc., 167, 166503 (2020).

L. Teo, V. R. Subramanian, and D. T. Schwartz, “Dynamic electrochemical
impedance spectroscopy of lithium-ion batteries: revealing underlying physics
through efficient joint time-frequency modeling.” J. Electrochem. Soc., 168, 010526
(2021).

M. Pathak et al., “Fast impedance simulation of lithium-ion batteries with pseudo-
two dimensional electrochemical models.” J. Electrochem. Soc., 165, A1324
(2018).

E. Ayerbe, F. Varas, and I. Urdampilleta, “On the use of dimensionless parameters
for fast battery performance analysis.” J. Electrochem. Soc., 168, 100515 (2021).
M. Doyle and J. Newman, “Analysis of capacity-rate data for lithium batteries using
simplified models of the discharge process.” J. Appl. Electrochem., 27, 846 (1997).
G. Sikha and R. E. White, “Analytical expression for the impedance response for a
lithium-ion cell.” J. Electrochem. Soc., 155, A893 (2008).

. S. Morimoto, Y. Kanai, M. Yoshiki, M. Oki, and R. Yagi, “(Digital presentation)

accelerated degradation mechanism of Ni-Rich Nem cathode materials at high and
low voltage range combined cycling for li-ion batteries.” ECS Meet. Abstr.,
MA2022-01, 382 (2022).

. R. Shrager, A. Jutan, R. Muzic, and O. Till, "leasqr.m" (1992-2016), OctaveForge,

A collection of packages providing extra functionality for GNU Octave.

. F. Friedrich et al., “Editors’ choice—capacity fading mechanisms of NCM-811

cathodes in lithium-ion batteries studied by X-ray diffraction and other diagnos-
tics.” J. Electrochem. Soc., 166, A3760 (2019).

. H. Kuriyama et al., “Observation of anisotropic microstructural changes during

cycling in LiNip5Cop,Mng 30, cathode material.” J. Power Sources, 275, 99
(2015).

. T. Ohzuku, A. Ueda, and N. Yamamoto, ‘“Zero-strain insertion material of

Li[Li;3Tis;3]04 for rechargeable lithium cells.” J. Electrochem. Soc., 142, 1431
(1995).

A. Ghosh and F. Ghamouss, “Role of electrolytes in the stability and safety of
lithium titanate-based batteries.” Front. Mater., 7, 1 (2020).

S. Wang, K. Yang, F. Gao, D. Wang, and C. Shen, “Direct visualization of solid
electrolyte interphase on LisTisO;, by: In situ AFM.” RSC Adbv., 6, 77105 (2016).


https://doi.org/10.1016/j.apenergy.2017.05.124
https://doi.org/10.1016/j.apenergy.2017.05.124
https://doi.org/10.3390/en14020350
https://doi.org/10.1016/j.electacta.2005.02.148
https://doi.org/10.1016/j.electacta.2022.140801
https://doi.org/10.1016/j.jpowsour.2005.05.070
https://doi.org/10.1149/1.2221597
https://doi.org/10.1149/2.0101908jes
https://doi.org/10.1149/1.3065083
https://doi.org/10.1016/j.jpowsour.2022.232413
https://doi.org/10.1016/j.etran.2020.100065
https://doi.org/10.1149/1945-7111/ab995d
https://doi.org/10.1149/1.3597614
https://doi.org/10.1149/2.0641809jes
https://doi.org/10.1149/1.1393162
https://doi.org/10.1149/1.1393627
https://doi.org/10.1149/1945-7111/abc655
https://doi.org/10.1149/1945-7111/abda04
https://doi.org/10.1149/2.0831805jes
https://doi.org/10.1149/1945-7111/ac2be7
https://doi.org/10.1023/A:1018481030499
https://doi.org/10.1149/1.2976359
https://doi.org/10.1149/MA2022-012382mtgabs
https://doi.org/10.1149/2.0821915jes
https://doi.org/10.1016/j.jpowsour.2014.10.197
https://doi.org/10.1149/1.2048592
https://doi.org/10.3389/fmats.2020.00186
https://doi.org/10.1039/C6RA16208H



