University of Windsor

Scholarship at UWindsor

Electronic Theses and Dissertations Theses, Dissertations, and Major Papers

8-17-2023

A Comparison of Battery Equivalent Circuit Model Parameter
Extraction Approaches Based on Electrochemical Impedance
Spectroscopy

Yuchao Wu
University of Windsor

Follow this and additional works at: https://scholar.uwindsor.ca/etd

0 Part of the Electrical and Computer Engineering Commons

Recommended Citation

Wu, Yuchao, "A Comparison of Battery Equivalent Circuit Model Parameter Extraction Approaches Based
on Electrochemical Impedance Spectroscopy" (2023). Electronic Theses and Dissertations. 9302.
https://scholar.uwindsor.ca/etd/9302

This online database contains the full-text of PhD dissertations and Masters’ theses of University of Windsor
students from 1954 forward. These documents are made available for personal study and research purposes only,
in accordance with the Canadian Copyright Act and the Creative Commons license—CC BY-NC-ND (Attribution,
Non-Commercial, No Derivative Works). Under this license, works must always be attributed to the copyright holder
(original author), cannot be used for any commercial purposes, and may not be altered. Any other use would
require the permission of the copyright holder. Students may inquire about withdrawing their dissertation and/or
thesis from this database. For additional inquiries, please contact the repository administrator via email
(scholarship@uwindsor.ca) or by telephone at 519-253-3000ext. 3208.


https://scholar.uwindsor.ca/
https://scholar.uwindsor.ca/etd
https://scholar.uwindsor.ca/theses-dissertations-major-papers
https://scholar.uwindsor.ca/etd?utm_source=scholar.uwindsor.ca%2Fetd%2F9302&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/266?utm_source=scholar.uwindsor.ca%2Fetd%2F9302&utm_medium=PDF&utm_campaign=PDFCoverPages
https://scholar.uwindsor.ca/etd/9302?utm_source=scholar.uwindsor.ca%2Fetd%2F9302&utm_medium=PDF&utm_campaign=PDFCoverPages
mailto:scholarship@uwindsor.ca

A COMPARISON OF BATTERY EQUIVALENT CIRCUIT MODEL
PARAMETER EXTRACTION APPROACHES BASED ON
ELECTROCHEMICAL IMPEDANCE SPECTROSCOPY

by
Yuchao Wu

A Thesis
Submitted to the Faculty of Graduate Studies
through the Department of Electrical and Computer Engineering
in Partial Fulfilment of the Requirements for
the Degree of Master of Applied Science at the
University of Windsor

Windsor, Ontario, Canada

© 2023 Yuchao Wu



A Comparison of Battery Equivalent Circuit Model Parameter Extraction
Approaches Based on Electrochemical Impedance Spectroscopy

by
Yuchao Wu

APPROVED BY:

G. Rankin

Department of Mechanical, Automotive and Materials Engineering

X. Chen
Department of Electrical and Computer Engineering

B. Balasingam, Advisor
Department of Electrical and Computer Engineering

August 3, 2023



Declaration of Co-Authorship /

Previous Publication

Co-Authorship

I hereby declare that this thesis incorporates material that is result of joint research,
as follows: Chapter 2 of this thesis includes the outcome of publication which has
the following other co-authors: S. Sundaresan and B. Balasingam. In all cases
only my primary contributions towards this publication are included in this the-
sis, S. Sundaresan provided assistance in investigation and experimentation, B. Bal-
asingam contributed to experimental design, conceptualization, review and editing
of the manuscript. Chapter 2 of this thesis also incorporates unpublished material
co-authored with B. Balasingam. In all cases, the key ideas, primary contributions,
experimental designs, data analysis, interpretation, and writing were performed by
myself, B. Balasingam contributed to review and editing of the manuscript.

I am aware of the University of Windsor Senate Policy on Authorship and I certify
that I have properly acknowledged the contribution of other researchers to my thesis,
and have obtained written permission from each of the co-author(s) to include the

above material(s) in my thesis.

11



Previous Publication

Thesis Publication title/full citation Publication | Journal

chapter status

2 Y. Wu, S. Sundaresan, and B. Balasingam, | Published | J. Low
“Battery parameter analysis through elec- Power Elec-
trochemical impedance spectroscopy at tron. Appl.

different state of charge levels,” J. Low
Power Electron. Appl., vol. 13, no. 2,

p. 29, 2023.

2 Y. Wu and B. Balasingam, “A Com- | Under re- | IEEE Trans-
parison of Battery Equivalent Circuit | view actions
Model Parameter Extraction Approaches on  Trans-
Based on Electrochemical Impedance portation
Spectroscopy,” IEEE Transactions on Electrifica-
Transportation Electrification, 2023. tion

[ certify that I have obtained a written permission from the copyright owner(s) to
include the above published material(s) in my thesis. I certify that the above ma-
terial describes work completed during my registration as a graduate student at the

University of Windsor.

General

I declare that, to the best of my knowledge, my thesis does not infringe upon any-
one’s copyright nor violate any proprietary rights and that any ideas, techniques,
quotations, or any other material from the work of other people included in my the-
sis, published or otherwise, are fully acknowledged in accordance with the standard
referencing practices. Furthermore, to the extent that I have included copyrighted
material that surpasses the bounds of fair dealing within the meaning of the Canada
Copyright Act, I certify that I have obtained a written permission from the copyright
owner(s) to include such material(s) in my thesis. I declare that this is a true copy

of my thesis, including any final revisions, as approved by my thesis committee and

v



the Graduate Studies office, and that this thesis has not been submitted for a higher

degree to any other University or Institution.



Abstract

This thesis compares three methods for estimating battery parameters of the electri-
cal equivalent circuit model (ECM) based on electrochemical impedance spectroscopy
(EIS). These methods are referred to as least squares (LS), exhaustive search (ES),
and nonlinear least squares (NLS). The ES approach utilizes the LS method to roughly
determine the lower and upper bounds of the ECM parameters, while the NLS ap-
proach incorporates a Monte Carlo run, allowing for different initial guesses to enhance
the accuracy of EIS fitting. The proposed approaches are validated using both simu-
lated and real-world EIS data. When the signal-to-noise ratio (SNR) is high, both the
ES and NLS approaches exhibit better fitting accuracy compared to the LS approach.
Furthermore, in the validation using simulated EIS data as well as actual EIS data
obtained from LG 18650 and Molicel 21700 batteries, the NLS approach consistently
outperforms the LS and ES approaches in terms of fitting accuracy. Additionally, the
computational time required for the NLS approach is significantly shorter than that
of the ES approach, and the NLS approach demonstrates only a minimal difference in
computational time compared to the LS approach while providing significantly better

fitting performance.
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Chapter 1

Introduction

1.1 The Application of Battery Management Sys-
tem (BMS)

The BMS is crucial in modern battery-based energy storage systems. Its primary
objective is to guarantee the secure and effective functioning of the battery pack by
overseeing and regulating multiple parameters; it is also critical in optimizing battery
performance, extending longevity, and minimizing potential safety hazards [1].

Electric vehicles (EVs) represent a significant application area for BMS. Within
EVs, BMS actively monitors individual cells’ voltages, temperatures, and state of
charge [2]. This monitoring process aims to optimize the battery’s overall performance
and prevent potentially hazardous situations such as overcharging or over-discharging.
Additionally, BMSs play a crucial role in voltage balancing by redistributing the
charge among cells, ensuring uniformity and enhancing the overall efficiency of the
battery. Moreover, BMS can provide the range an EV can travel on a single charge
and diagnose the battery’s overall health [3]. Fig. 1.1 illustrates the main features of
a BMS [4].
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Figure 1.1: Key features of BMS [4].

1.2 The Importance of Electrochemical Impedance

Spectroscopy (EIS) in BMS

Electrochemical impedance spectroscopy (EIS) is widely used to provide useful in-
formation relevant to the battery’s chemical-physical properties, which can impact
battery aging or failure events [5].

Characterizing the impedance is crucial for determining the operational limits of
a battery, evaluating its performance, and monitoring its state of health (SOH) [6,7],
state of charge (SOC) [8,9], and internal temperature [10]. Moreover, EIS can be
used for grading battery packs for its second-life applications [11]. Furthermore, EIS
is a non-invasive method that can be applied at any stage of the battery’s lifespan

without causing damage [12].



1.3 Identification of Battery Equivalent Circuit Model

(ECM) Parameters via EIS

EIS provides valuable information about the internal processes occurring within a
battery by measuring its impedance response to an applied sinusoidal excitation sig-
nal. EIS can be employed to determine the parameters (resistance, capacitance, and
inductance) of the ECM [13], representing the battery’s electrochemical behaviour.
However, identifying ECM parameters via battery EIS poses several challenges to
overcome for accurate characterization.

The behavior of batteries shows nonlinear effects such as diffusion limitations,
concentration polarization, and nonlinear electrode kinetics that can significantly im-
pact the impedance spectroscopy [14]. Neglecting these nonlinearities may lead to
inaccurate parameter estimation of ECM; as a result, advanced ECMs that consider
nonlinear phenomena, such as Warburg elements and double-layer capacitances, need
to be employed [12].

In addition, EIS measurements are susceptible to various defects and noise sources
that can compromise the accuracy of parameter identification. Factors such as stray
inductance, contact resistances, cable impedance, and thermal gradients can introduce
unwanted distortions in the impedance spectra. Proper experimental setup, including
careful sample preparation, high-quality instrumentation, and robust data analysis
techniques, is necessary to minimize these errors [15].

Furthermore, the identification of ECM parameters from EIS data is an inverse
problem that often suffers from parameter correlation; different combinations of
ECM parameters can yield similar impedance spectroscopy, making it challenging
to uniquely determine the true values; as a result, advanced parameter estimation

techniques are required to improve parameter identifiability.



1.4 Organization of the Thesis

The thesis is presented in the manuscript format with three Chapters.

The remainder of this thesis is organized as follows: Chapter 2 details the per-
formance comparisons of three approaches, i.e., LS, ES, and NLS, to extract battery
ECM parameters based on the EIS data simulated via MATLAB and on the EIS data

collected from LG and Molicel batteries. Chapter 3 concludes the thesis.
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Chapter 2

Comparison of Approaches to
Battery ECM Parameters

Estimation Based on EIS



2.1 Introduction

A Battery Management System (BMS) is a crucial component in electric vehicles
(EVs), renewable energy systems, and other applications that use rechargeable bat-
teries to ensure safe and efficient operation. The primary function of a BMS is to
monitor the battery’s state of charge (SOC) and state of health (SOH) [1]. Elec-
trochemical impedance spectroscopy (EIS) was proposed by Heaviside 1894 [2]; it
has become an essential tool in the study and development of batteries; this allows
researchers to better understand the fundamental electrochemical mechanisms such
that correct strategies can be implemented in BMS for improving battery performance
and lifespan.

EIS has been used to study the ion transport properties and electrode/electrolyte
interfacial behavior of Li-ion batteries, providing insights into their performance and
potential avenues for improvement [3]. In a typical EIS experiment, a small am-
plitude sinusoidal current/voltage signal is applied to the battery, and the resulting
voltage/current response is measured over a range of frequencies [4]. The resulting
impedance data can be analyzed using equivalent electrical circuit models to extract
information on the underlying electrochemical behavior [5]. EIS can provide detailed
information on the electrochemical processes occurring within the battery, includ-
ing the charge transfer kinetics, ion transport properties, and electrode/electrolyte
interfacial behavior [6]. Pastor-Fernandez et al. [7] conducted the battery aging iden-
tification and quantification research by analyzing the EIS of four parallel Li-ion cells.

The EIS can be characterized using an equivalent circuit model (ECM), which
represents the battery as a combination of resistive, inductive, and capacitive com-
ponents; then, the ECM parameters can be identified by fitting the ECM to the
measured EIS data [8]. There are different ECM models relevant to different types of
batteries; this requires prior knowledge of the battery chemistry [9]; furthermore, by

iteratively adjusting the ECM parameters, the best fit can be obtained.



There are various approaches to fit the ECM model to the measured EIS data.
For instance, nonlinear least squares (NLS) approach can be used to estimate the
parameters of a nonlinear model; this aims to optimize the nonlinear function such
that the difference between experimental data and the estimations based on the ECM
model can be minimized [10]. Xu et al. [11] applied a NLS approach to fit the EIS
data of a supercapacitor using the ECM model; this approach can identify the ECM
parameters by minimizing the error between measurements and predictions.

Artificial Neural Network (ANN) can also identify the ECM parameters. Xu et
al. [12] used ANN-based EIS fitting approach to predict the impedance of battery at
different frequencies.

Besides, Genetic Algorithm (GA) is a population-based optimization approach
that can also be used in fitting the ECM to EIS data; however, the computational
complexity of this approach will increase significantly with the number of ECM pa-
rameters, which means that a large number of iterations are needed; furthermore,
the selection of population size, mutation rate, and crossover rate requires continuous
tuning to reach the optimal estimation [13].

The complex nonlinear least squares (CNLS) approach is widely used to fit the
ECM model to EIS data. Pastor-Fernandez et al. [7] applied the CNLS algorithm
to fit ECM to the EIS data measured from four Lion-ion batteries. Feng et al. [14]
applied CNLS approach to estimate ECM parameters using the EIS data collected
from a battery cell at different SOC levels and temperatures. The drawback of this
approach is that the fitting accuracy can easily be affected by the initial guess of the
ECM parameters; for instance, the optimization algorithm may converge to a local
minimum instead of converging to a global minimum if the initial guess is selected
inappropriately; this will lead to inaccurate ECM parameter estimation. Also, CNLS
approach requires the specification of ECM models, such as the number of components
and the arrangement of RC circuits, which leads to extra work being done before

the fitting process; furthermore, CNLS is a computationally expensive approach,



especially when the size of EIS measurements are large [15].

Ghadi [16] applied the least squares (LS) approach to fit the EIS data to identify
ECM parameters by assuming the solid electrolyte interface (SEI) arc and charge
transfer (CT) arc as semicircle, and the solid electrolyte interface resistance Rggr
and charge transfer resistance Rcr is the diameter of the SEI arc and the CT arc,
respectively; the merit of this approach is that the estimation of the parameters can
be expressed in closed form; however, the main drawback is that the accuracy of this
approach is not sufficient. One of the improvements is to apply the exhaustive search
(ES) approach to identify more accurate estimations of ECM parameters with the
assistance of LS approach.

In this chapter, we proposed a novel NLS approach which only needs to define
the objective function at the beginning, then randomly select the initial guess in each
Monte-Carlo run to achieve the best fitting accuracy. Besides, the computational
time is around 2 seconds, which is very promising in fitting real battery’s EIS data.
While the ES approach can reach a better fitting accuracy compared with the LS
approach, the computational time is still very slow. As a result, the NLS approach
based on Monte-Carlo run can be applied for the extraction of ECM parameters.

The contributions of this chapter can be summarized as follows:

1. This chapter compares the performance of the LS, ES, and Monte-Carlo-based

NLS approaches to identifying battery ECM parameters.

2. Compared to the LS approach presented in [16], the ES and the NLS approach

can significantly boost the fitting accuracy of EIS measurements.

3. This chapter presents a novel approach to implementing NLS through Monte
Carlo runs. At each Monte Carlo run, the initial parameters required for the
NLS approach are selected randomly. This approach results in better accuracy

and much faster computation time than the ES approach.

4. All the methods are validated in simulated EIS data with different SNRs and

10



are also validated in actual EIS data collected from two different types of Li-
ion batteries, the fitting performance of the NLS approach outweighs other

approaches in all cases.

The remainder of this chapter is organized as follows: Section 2.2 describes the
analysis of battery ECM parameters via EIS in the frequency domain. Section 2.3 de-
scribes the algorithms to estimate ECM parameters using the least squares approach.
Section 2.4 describes algorithms of exhaustive search, the Monte-Carlo-based nonlin-
ear least squares approach is explained in section 2.5. Implementation procedure is
explained in section 2.6. Results are discussed in section 2.7. Section 2.8 concludes

this chapter.

2.2 Analysis of ECM Parameters in Frequency Do-
main

EIS is a widely used technique to investigate the impedance response of the battery.
As shown in Fig. 2.2 [17], to measure the EIS, a small perturbation voltage or current
with a wide range of frequencies (0.01 Hz to 10 kHz) is injected to the battery; then,
by using Fast Fourier Transform (FFT), the measured voltage and current in the
time domain can be converted to the frequency domain; thus, the impedance in
the frequency domain can be analyzed [18,19]. The battery impedance can then be
represented by the real part of the impedance and the imaginary part of the impedance
on the complex plane to form the Nyquist plot [20,21]. This plot represents the
impedance spectrum of the battery at a range of frequencies; the ECM parameters
can be estimated by fitting the EIS data with suitable fitting algorithms.

The frequency domain approach uses the Adaptive Randles (AR) ECM shown in
Fig. 2.3. The AR-ECM consists of the following components [19]:

e Voltage Source, EMF

11
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Figure 2.2: EIS Measurement [17]. (a) Perturbation signal. (b) Electrochemical
response.

e Stray Inductance, L

Ohmic Resistance, Rq

Solid Electrolytic Interface (SEI) Resistance, Rgpy

SEI Capacitance, Csgr

Charge Transfer (CT) resistance, Ror

Double Layer (DL) Capacitance, Cpp,

Warburg Impedance, Zw

EMFt—-r

Figure 2.3: Adaptive Randles equivalent circuit model (AR-ECM) of a bat-
tery.
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Fig. 2.4 shows the Nyquist plot relevant to the AR-ECM. According to this figure,

the AC impedance Z(w) corresponding to the AR-ECM can be written as [16]

Z(w) 2 Z(jw)

1 1
= ij + RQ + 1 . + 1 .
Rsgr + jwcSEI Rer+Zw(jw) + ]WCDL (2.1)
. R Rer + Zy (Jw
:jWL+RQ+ SEI CT (] )
—_——

\1 + jWRSEICSEI/ \1 + jw (RCT -+ Zw(jw)) CDLJ

ZRL
ZSsEl ZCT4DF

Where Zg;, denotes the impedance in the RL arc, Zsg; denotes the impedance in the

SEI arc, and Zotgpr denotes the impedance in the CT arc and DF arc.

2.3 Least Squares Approach

To solve the problem of ECM parameter estimation, Ghadi [16] applied the LS al-
gorithm to fit the EIS measurements; furthermore, this approach can express the
estimation of ECM parameters in closed form. In this section, an improved LS ap-
proach to AR-ECM parameter estimation is presented.

Fig. 2.4 shows the impedance spectrum/Nyquist plot corresponding to the AR~
ECM shown in Fig. 2.3. Each data point in the Nyquist plot is obtained through
the procedure as shown in Fig. 2.5, where z,(t) and z.(t) are the measured voltage
and current in the time domain while injecting sinusoidal current to the battery at
different frequencies; Z,(w) and Z.(w) are the Fourier transform of the corresponding
voltage and current measurements.

It can be observed that the Nyquist plot needs to be divided into four parts to see
how it is directly related to the AR-ECM. The feature points of the Nyquist plot are
indicated by index kpgr; and kppre in the DF arc; are indicated by ko and kors in
the CT arc; are indicated by ksgr and kggro in the SEI arc; and are indicated by kg1

and krro in the RL arc. Different parts of the Nyquist plot represent the battery’s

13



impedance at different frequencies [22]. In this chapter, to keep the consistency of

nomenclature, we define:

e kpr is the index of the first data point in the DF arc, in this chapter, we define

kpri = 1.

e kpmo is selected such that the data points from kpgq to kpgo follows the linear

line.

e kcop is selected at the beginning of the CT arc such that the data points start

to follow the arc.

e kopo is selected at the end of the CT arc such that data points between ko and koo

follow the CT arc.
e Similarly, ksgi is selected at the beginning of the SEI arc.

e kspro is selected at the end of the SEI arc such that data points between

kSEIl and kSE‘[Q follow the SEI arc.

e kgr is selected at the beginning of the RL arc.

krro is selected at the end of the RL arc.

2.3.1 Estimation of Ohmic Resistance and Stray Inductance

As shown in Fig. 2.4, based on the impedance measurements in the RL arc, the ohmic

resistance Rq can be estimated as

krrL2
A 1

RQ Z Zr(k) (2'2)

k=krr1

 kpro — kpri + 1
and stray inductance L can be estimated using the improved method:

Zi (kRL2)

Wkrro

L=
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RL Arc  SEI Arc CT Arc DF Arc

-Im(Z)/Q2

krii 1 Re(Z)/Q

fu=10kHz f,=0.01Hz
—

Note: RL Arc represents the ohmic resistance and stray inductance arc.
DF Arc represents the diffusion arc.

Figure 2.4: The theoretical Nyquist plot corresponding to the AR-ECM.

e

Figure 2.5: The procedure to obtain EIS.

zZ, = Re(Z (w))
Z; = lm(Z (w))

EIS
(Nyquist plot)

where as shown in Fig. 2.5,

2 (k) = Re(Z(wy)), zi(k) = Im(Z(wg)), (2.4)
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and wy,,, < wip < Wiy, -

2.3.2 Estimation of Diffusion Arc’s Gradient m

Considering the imaginary part of the measured impedance z;(k) and the real part
of the measured impedance z,.(k) in the Diffusion arc, it can be represented with a

linear model:

zi(k) = mz.(k) +a (2.5)

Assuming the measurements are from kppy to kppe as shown in Fig. 2.4, the

following can be written as

2i(kpp1) = mz.(kpr1) + a

2i(kpp141) = mz(kpp141) + a

(2.6)
zi(kpr2) = mz.(kpr2) + a
Equation (2.6) can be written in the matrix form
zi(kpr1) z(kpr1) 1
Zi<kDF1 + 1) _ Zr(kDFl + 1) 1 m (27)
a
——
zi(kpra) z(kpra) 1| k
¥ X
m and a can be estimated using the LS approach:
k=(ATA)"'(ATy) (2.8)
m=k(1), a=k(2) (2.9)



Algorithm 1 estimates quantities (list) based on the following impedance values:

z, = [2,(1), 2,(2), ..., z:(n)] (2.10)

In this thesis, the uppermost bound of the DF arc is denoted as k., the lowest
bound of the CT arc is denoted as k., and the lowest bound of the SEI arc is denoted
as kky;, these boundaries can be identified by applying moving average filter (MAF)
to process the measured impedance data via Algorithm 1, the filtered EIS data is
shown in Fig. 2.6a. The algorithms presented in this chapter are written by utilizing
MATLAB syntax. Algorithm 1 uses the following MATLAB commands: ’smooth’,

‘min’ "break’, and ’continue’.

Algorithm 1 Boundary identification.

Input: z,, z;.
Output: ki, k&r, k2L

S, < smooth(z,, 10)
S.; +— smooth(z;, 10)
iter =0
while true do
iter = iter + 1
if (s.;(iter +1) > min(s,;(1 : iter)) | (iter > ksgr2) then
kEkp, < iter + 10
kb < iter + 10
KB . < iter
break
else
continue
13: end if
14: end while

—_ = =
T

The gradient m of the Diffusion arc can be estimated by fitting the Diffusion arc
with the linear model mentioned in (2.5) and searching out the best fit using Algo-
rithm 2. The fitting process is also demonstrated in Fig. 2.6b and 2.6¢. Algorithm 2

uses the following MATLAB commands: 'mean’; find’, and 'max’.

17



Algorithm 2 Diffusion arc fitting.

Input: z,, z;, ki,
Output: m, kppo

1: fori=1:k#.—-1do

2 k), k=1,2,.i+1<z(1:i+1)

3: Zz(/{?>,k:1,2,,l+1 <—Zz<12+1>

4: m(i) «+ Estimate gradient in i*" iteration via Eq. (2.5) - (2.9)

5: y < Estimate imaginary part of the impedance based on the fitted linear
model.

6: S, = 2111 (zi(k) —y(k)? > the sum of error squares

7 Sp = S (2(k) — mean(y))®  © the total sum of squares around the mean

8: r(i) =4/ St%tsr > correlation coefficient

9: end for

10: kppe < find(r == max(5 : end)) > written in MATLAB syntax

11: M m(l{?DFg)

- Reach the best fit

0.998

< 0.99

£ 0994

2 0992
S o099

0.988

T
1
1
|
1
1
1
I
1
1
1
I
|
I
1
5

0.986
0

0035 004 0045 005 0055 006 0065 007 0075
Re(2)/9

10 15 20 25 0035 004 0045 005 0055 006 0065 007 0075
o Re(2)/Q

(a) (b) (c)

Figure 2.6: DF arc fitting process. (a) Smooth the EIS using MAF. (b) Find the
highest correlation coefficient r when fitting the DF arc. (c) Fitted DF arc.

2.3.3 First Estimation of Warburg Coefficient o

From the observation of EIS measurements in [22], it was found that the gradient of
the Diffusion arc varies with the SOC level; in addition, gradients may be different
even at the same SOC level of batteries from two different manufacturers; therefore,

an improved method to represent Warburg impedance is defined mathematically as

Zw(jw) = (1 —jm) (2.12)

ale
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where o is the Warburg coefficient, m is the gradient of fitted DF arc, and j is v/—1.

It must be emphasized here that in [16] the gradient was assumed to be m = 1. In
this chapter, it is proposed to estimate the gradient m to achieve better EIS fitting.
It can be shown based on (2.1) that the Warburg impedance is significant only
at lower frequencies. In Fig. 2.4, impedance measurements from kpp; to kppo are
selected to estimate the Warburg coefficient (we define kpry = 1, and kppo is obtained

via Algorithm 2). Considering the real part of the impedance z, in the diffusion arc:

1 1
ko) =2 hors) = (e )

ZT(Q)—ZT (kJDFQ—l):O' ( 1 ! )

VW2 /W(kpra—1)

(2.13)
(1) = 2 (hopa =+ 1) = 0 | = = ————
Z2r\N) — Zr (RDpF2 — M =0 -
wn w(kppg*ﬂr#l)
where n = | fpr2=kpeitl |
The observation model corresponding to (2.13) is
% = bo (2.14)

where
Zr(]-) — Zr (kDF2)

2(2) = 2 (kpr2 — 1)

N
I

zr(n) — 2, (kppa —m + 1)
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and the LS estimate of o is

6rs = (b"b) "1 (b’7) (2.15)

2.3.4 Estimation of Rgg and Cygp

As shown in Fig. 2.4, to fit the SEI arc precisely, we select feature points that lie
between ksgr1 and ksgro. Let us denote the impedance measurements in the SEI arc

as

sp(k) £ 2z (k) st kspn <k < kspr
(2.16)
si(k) £ zi(k) st kspr <k < kspp
where z,(k) = Re(Z(wy)) and z;(k) = Im(Z(wy)).
The estimation of Rggp is to fit the SEI arc using a semicircle with its centre lying
on the real axis; the coordinate of this semicircle’s center can be denoted as (z, 0);

the radius of the semicircle can be denoted as ry; thus, the measurements in (2.16)

should satisfy the equation of the semicircle [22]:

(sr(k) — x5)° + (si(k) — 0)* = 7,2 (2.17)

sp(k)? = 2x,5,(k) + 22 + 5,(k)* = 1,2 (2.18)

20



Let ¢ = —2x, and d = 22 — r,?, thus

= ——d 2.1
T's 4 ( 9)
2
=1/——d 2.2
T's 4 ( 0)
And (2.18) can be rewritten as
sr(k)” + (k) + csp (k) +d =0 (2.21)

In the matrix form, (2.21) can be written as

— (Sr(kSEH)Q + Si(kSEll)Q)
— (s (kspr +1)* + si(ksprn + 1)%)
— (sp(ksen +2)* + si(kspn + 2)?)

~ (so(kspr2)® + si(kser)?)

_ ‘. (2.22)
se(ksen) 1 i 7
ny(1)
sp(kspn +1) 1
c ny(2)
= Sr(kSE‘[]_ + 2) 1 p +
-~
XSEL n,(n)
i sy (kser2) 1_ —_—
B
Using LS algorithm, the estimate of xggr will be given by
%spr = (BB) 1 (B”z) (2.23)
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The estimates of ¢ and d are:
¢ =xgspi(l), d=%sg1(2) (2.24)

From Fig. 2.4, Rggy is the diameter of the SEI arc; thus, by substituting the values
of c and d in (2.20), the estimate of Rggy is

Rspr = 27y = 24/ — — d (2.25)
The estimated centre of the semicircle can then be expressed as
¢

(4,0) = (~5.0) (226)

The fitting accuracy of the SEI arc can be evaluated as [23]

ZkSEIQ d 2
k=ksgn %

ksgra — ksgn + 1

RMSEgg; = (2.27)

Where dj, is the geometrical distance between the actual EIS data point and

predicted EIS data point, which is defined as

dy =\, (k) — 2% + [s: (k) — 0% — 7, (2.28)

It can be shown in (2.1) that when the frequency is very high, the impedance in
CT arc and Diffusion arc will be minimal so that it is negligible; thus, we assume the

Zorepr term will be zero, that is

4 =Zp+ Zsg1 + 0 (2.29)
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Therefore, the impedance in SEI arc can be expressed as:

Zsg1 = Z — ZrL (2.30)
i +jf;§LICSEI =2W) —jwl = Ra (231)
1 4+ jwRgpiCspr = Z() _}szIL _ (2.32)
JwRspiCspr = Z(@) _]3851[/ " Re 1 (2.33)
JwCsgr = Z@) = jle o R;EI (2.34)
Take the imaginary part on both sides of the above equation,
Csgr = (5) Im (Z(w) — ]LL R — Rim) (2.35)

o= () (L) -

Substituting the expression for Rg and L from (2.2) and (2.3), respectively, in

(2.36) at w = Wi (kSEll S k S kSEIQ)Z

~ 1 1

Finally, average all the estimates Cggy(k) to obtain the final estimate

. 1 ksEer2 ~
Cspr = C k 2.38
SHl ksgro — ksgn +1 k_kzsm sei(K) ( )

Using the LS approach to identify Rsg; and Cgg; via the automatic selection of
feature points are fully described in Algorithm 3. In addition, Fig. 2.7a shows the
RMSE of the fitted SEI arc in each iteration and 2.7b shows the SEI arc, which is
selected since it can reach the best fit. Algorithm 3 uses the following MATLAB

commands: floor’; length’.
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Algorithm 3 Estimate Rgr; and Csg; via automatic feature detection

Input: z,, z;, kéEI, RQ, L
Output: Rggr, Csgr.

1: n=20
2: range_SEI < floor(length(z,)/4)
3: kspre < length(find(—z; > 0))
4. for kgpr = kéEI s ksgra —range_SEI do
5: n=n+1
6: ijt — 2z, (ksen : ksgr2)
7 Z{Zt — zi(kspn : ksprz)
8: kID(n, Z) — [k:SElla k?SEIQ] '
9: Rgpi(n) < Use z/" and z/* to compute Rgg via Eq. (2.16) - (2.25)
10: RMSE(n) < Compute RMSE via Eq. (2.26) - (2.28)
11: end for
12: idx < Find the index points to the lowest value in RMSE
13: RSEI — RSEI(’Ldl'>
14: kSEI index < kID(idz, :) > Identify the range of data points that can reach
the best fit
15: Csgr +Use the kSEI index to estimate Cgpy via Eq. (2.37) - (2.38)
18] e ] 20| o Fredstiae o
1? / °r @OOOO
" 121 /// 1 s o) ; 00000%000%%@9&)
= //
08} /
A
o021 777'7‘{4%@1 the best fit
0 5 10 15 ZISOratiOZrl5 30 35 40 45 0.035 0.04 0.045 0.05 R.L?ZS;Q 0.06 0.065 0.07 0.075
(a) (b)

Figure 2.7: Fitted SEI arc and CT arc using LS approach. (a) RMSE of the
fitted SEI arc. (b) Best fitting of SEI arc.

2.3.5 Estimation of Rct and Cpy,

It can be observed in Fig. 2.4 that to fit the C'T arc using a semicircle precisely, we

need to select feature points that lie between kory to kors; therefore, the impedance
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measurements in the CT arc can be denoted as:

Cr(k‘) é Zr(k’) s.t. kCTl S k’ S kCT2
(2.39)

Cz(k?) £ Zz<k) s.t. kCTl S k S l{?CTQ
where z,.(k) = Re(Z(wy)) and z;(k) = Im(Z(wy)).
Assuming that the centre of the semicircle lies on the real axis, which is noted as

(2, 0), the radius of the semicircle can be noted as r.; thus, the measurements in

(2.39) should satisfy the equation of the semicircle [22]:

(cr-(k) — xc)2 + (ci(k) — O)2 =2 (2.40)

er(k)” = 2zec. (k) + 22 + ¢i(k)* = .2 (2.41)

Let g = —2x. and h = 22 — .2, thus

2
2 9
2o, 2.42
r2=? (2.42)
4
c=A\/=——h 2.4
re=y/% (2.43)
And (2.41) can be rewritten as
er(k)? + ci(k)* + gen(k) +h =0 (2.44)
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In the matrix form, (2.44) can be written as

— (¢ (ker)? + ci(ker)?)
— (cr(ker1 + 12 + ¢i(ker + 1)?)
— (Cr(kCTl + 2)2 + Ci(kCTl + 2)2)

- (Cr(kCT2)2 + Ci(kCT2)2)

] P (2.45)
cr(kCTl) 1 B 7
nv(l)
Cr(kCTl + 1) 1
g nv@)
= | (ke +2) 1 . +
-~
xcT ny(n)
Cr(kCTQ) 1 —_——

-~

C

From (2.45), xcr can be estimated using LS algorithm
%cr = (CTC) 1 (CTp) (2.46)
Thus, the estimates of a and b are:
g=x%cr(l), h=xcr(2) (2.47)

As shown in Fig. 2.4, Rcr is the diameter of the CT arc; thus, by substituting

the values of @ and b in (2.43), the estimate of Ror is

. 2 -
Ror =20 =2\/= —h (2.48)
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The estimated centre of the semicircle can then be expressed as

9

The fitting accuracy of the CT arc can be evaluated as [23]

Sopcre dy?
RMSEqt = —CoT
or kcre — ke + 1

(2.50)

Where dy is the geometrical distance between the actual EIS data point and

predicted EIS data point, which is defined as [23]

d =\ len(k) — @2 + [eslhk) — O — 7. (2.51)
Based on (2.1),
Z = Zgy, + Zsg1 + ZcTgDF (2.52)

Therefore, the impedance in CT arc and DF arc can be expressed as:

ZcT&dF = 4 — ZR1, — ZsEl (2.53)

Rer + ZW(jw)
1+ jw (Rer + Zyw(jw)) CoL

h (2.54)
= Z(w) — jwL — Rg — _SHL
@)= 14 jwRsmCser
Thus,
Jjw (Rer + Zy(jw)) Cor,
Rer + Zy(jw) (2.55)

= —1

_ _ _ _ Rsmr
Z(w) jWL Ro 1+jwRsE1CsEl
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Then,
1
. R,
Z(w) o jWL — R — 1+jUJRSin:IIC'SEI

2.56
1 (2.56)
RCT + ZW(jw)

JwCpr, =

Take the imaginary part on both sides of (2.56), and substitute Z,(jw) with the

expression given in (2.13), we obtain

CDL

B <£) - (Z(@ ~jwl— ;Q S (2.57)

1+jwRsg1CsEI

1
_RCT+(1—jm)\%>

Substituting L, Rq, Rsgi, Csgi, Ror and o with the estimations given in (2.3),

(2.2), (2.25), (2.38), (2.48) and (2.15) respectively, in the above equation at w = wy,
(kor1 < k < kers):

Cpr(k)

1 1
= — ) Im - . _
(wk> Z(wk) — jka — RQ — — fsmr (258)

1+jwi RsE1CsEr

1
Ror+ (1 —jﬁz)%)

Finally, average all the estimates Cpy, (k) to obtain the final estimate

kora
R 1 _
ChL = Cpr(k 2.59
= o e 7T, O Ol (259

Using the LS approach to identify Ror and Cpy via the automatic selection of
feature points is shown in Algorithm 4. Furthermore, Fig. 2.8a shows the RMSE of

the fitted CT arc in each iteration, and 2.8b shows the CT arc selected since it can
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Figure 2.8: Fitted SEI arc and CT arc using LS approach. (a) RMSE of the

fitted CT arc. (b) Best fitting of CT arc.

reach the best fit. Algorithm 4 uses the following MATLAB commands: ’floor’ and

round’.

Algorithm 4 Estimate Ror and Cpy, via automatic feature detection

. L >IN S » - 5 5
Input: z,, z;, k¢y, ksere, Ra, L, Rser, Csgr, 0Ls, m
Output: Rcr, Cpr,

1: n=0

2: kY < kspro — floor((ksgra — kE7)/2) > the uppermost bound of the CT arc
3: rangecr < round((k%; — k&) /2)

4: for kery = k&p : (kY — rangecr) do

5. for kory = (kkp + rangeor) : kS do

6: n=n+1

7: zﬁt <+ z.(ker1 : koro)

8: Z{Zt — Zi(k'CTl : kCTQ)

9: kID(n, 2) = [kCTl, kCTQ]

Rer(n) < Use z/% and z/™ to compute Rep via Eq. (2.39) - (2.48)

10:

11: RMSE(n) < Compute RMSE via Eq. (2.49) - (2.51)

12: end for

13: end for

14: idx < Find the index points to the lowest value in RMSE

15: RCT — RCT(idx)

16: kCT_index = kID(idz,:) > the range of data points that can reach the best fit
17: Cpy, +Use the kCT_index to estimate Cpr, via Eq. (2.58) - (2.59)
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2.3.6 Evaluation of the General Fitting Accuracy

In the complex plane, the absolute value of the error between the measured EIS and es-
timated EIS is actually the distance between measured EIS data points and estimated
EIS data points as shown in Fig.2.9, dy, where ds, ... d,, are the distances between
measured EIS data point (z,(k), z;(k)) and estimated EIS data point (2.(k), Z;(k)),

which can be used to evaluate the fitting accuracy, the distance dj, is represented as.

dp = V/[2r(k) = 2 (R)]? + [z:(k) — 2i(k)]? (2.60)

Where n is the number of measurements, k € 1,2, ..., n.

%1073
T T T T T T T T

O Measured EIS data
—— Fitting

4 F

000,
D0y S

S5 : : : :
0.023 0.0235 0.024 0.0245 0.025

0.01 0.012 0.014 0.016 0.018 0.02 0.022 0.024 0.026
Re(Z)/$2

Figure 2.9: Geometrical distance between measured EIS data point and
predicted EIS data point.
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Therefore, the evaluation of EIS fitting can be expressed as

MAE — % Sl = % S |20 ~ Za) (2.61)

>
Il
—
£
I
—_

~

Where Z(wy) is the measured impedance at wy, Z(wy) is the impedance estimation at
wg, which is computed based on (2.1) with the estimated ECM parameters, N is the
total number of measurements, |- | denotes the absolute value of the complex number.

The goal is to fit the EIS measurements such that the fitted EIS can achieve the
lowest MAE.

The percentage error of the estimated parameters can be expressed as:

Percentage Error (%)

_ : (2.62)
_ True Value — Predicted Value « 100%

True Value

2.4 Exhaustive Search Approach

2.4.1 Second Estimation of Warburg Coefficient o

Assume Rg, L, Rsgr, Csgr, Ror, Cpr, and m are given, based on (2.54),

1
1 .
FortZaGa) T I 0DL (2.63)
. Rsgr
= /(w) — jwL — R — -
@)= “T 1+ JwRsr1Csgr
. + jWCDL
RCT + ZW(.]W)
) . (2.64)
Z(w) o ij — Ro — 1+jW];SS]::EIICSEI
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thus,
1

RCT + Zw(]w)

. (2.65)

- — jwCpy,

— — _ _ Rsmr
Z(w) jWL Ro 1+jwRsE1CsEl

Ror + Zw(jw)
1 (2.66)
— jWODL

1

iDL —Re— Rspr
Z(w)—jwL—Rqa 1+jwRgE1CsEL

then, the Warburg impedance can also be expressed as:

Zw(jw)

1 2.67
= T , — Rer (2.67)

. Rggr
Z(w)—jwl—Ro- 1+jwRgp1CSEI

Take the real part on both sides of the above equation, at w = wy (kpp1 < k <

kDF2)7

Re (Zy (jwr))
1 (2.68)
— jw
PTOR Em e———
The real part of the Warburg impedance can be noted as:
W, (k) £ Re (Zy(jwr)) st kpp1 <k < kppo (2.69)
Take the real part on both sides of (2.12), we get
W, (k) = — (2.70)
r ,—wk .
Thus,
P = W(k) /oo (2.71)
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Finally, average all the estimates 67 to obtain the final estimate

1 kpro
. ~ES
Ops = o 2.72
"5 kppe — kpp1 + 1 k:kZDFl g (2.72)

2.4.2 Specify the Range of Parameters for Exhaustive Search

As presented in section 2.3, the rough estimations of ECM parameters are given;
therefore, we can assign the lower and upper bound for each parameter such that
the exhaustive search approach can identify the most suitable parameter between the
boundary. As shown in Algorithm 5, the range of each ECM parameter is assigned
based on the empirical coefficient. In this chapter, the size of possible values in each
ECM parameter is restricted to 20 such that the computational time is within the

acceptable range. Algorithm 5 uses the MATLAB command ’linspace’.

Algorithm 5 Set the range of ECM parameters estimated by LS approach .

Input: Rggr, Csgr, Rer, Cor, m

Output: R . RS}, CHE . G, (REF . ),
{Cpun .. Cparl, {mmm o, mmer}

1 glé?, -, REET} <+ linspace(0. 2 Rpr, ZRSEI, 20)

2. {CFEp, ..., CHaw} lmspace(CSEI, 2. 5CSE1, 20)

3. {RE . m‘”} — lmspace(() 5RCT, 1.5Rcr, 20)

4: { g}f", oo, Oy lmspace(C’DL, 3Cpr, 20)

5 {m™m .. m™} « linspace(0.8m, 1.2m, 20)

2.4.3 Implement Exhaustive Search

Algorithm 6 describes the ES approach that can be applied to precisely identify
the ECM parameters, which are roughly estimated in the previous section. Fig.
2.10 shows the MAE evaluated from the initial iteration throughout the end of the
exhaustive search process; by finding the lowest MAE in this figure, one can identify

the best estimation of ECM parameters via the ES approach.
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Algorithm 6 Exhaustive Search Approach.

Input: {REY, .. Y}, (B, CBS Y, {REf, . REg}, (OB, OB},
fmmin, ..., mm), Ro, L
Output MAEEEH, Pys
1: n=20
2: for Rgpp € {RSEI NN glE?Iz} do
3. for Csg € {C’SEI - Q?Ecim} do
4: for Ror € {RE”%”, ., RESEY do
5: for Cpy, € {CDL s o Cgfm} do
6: for m € {m™" ... ,m™=} do
7 n=n++1
8: Second Estimation of o using Eq. (2.68) to (2.72)
9: Use the estimated ECM parameters in each iteration to generate
simulated EIS data
10: Compute MAE(n) using Eq. (2.61)
11: end for
12: end for
13: end for
14: end for
15: end for
16: MAEES < Find the lowest value of MAE

17: idx < Find the index of MAE,,;, in MAE

18: Pgg < Identify the ECM parameters using the index idx that points to the lowest
MAE

19: Compute percentage error (In EIS simulation test procedure)
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Figure 2.10: Find the lowest MAE of ES approach.

2.5 Nonlinear Least Squares Approach

The concept of implementing the NLS approach based on the Monte-Carlo run is
shown in Fig. 2.11. This approach randomly selects initial guesses of the ECM

parameters in each Monte Carlo run to fit the EIS data in different cases.

2.5.1 Objective function

The goal is to find the optimized ECM parameters to minimize the following function.

N
x = argmin ) _|Z(w) — Z(wp)| (2.73)
k=1
Where,
x = [Rq, L, Rse1, Cser, Rer, Cpr, 0, m] (2.74)
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1
ot jk(4)
. (2.75)

o7+ Jwx(6)
Ve

+ 1
%(5)+(1—j%(8))

and Z(wy) is the measured impedance at wy, N is total number of measurements, | - |
denotes the absolute value of the complex number.
The nonlinear least square approach is implemented in MATLAB using the built-

in function [sqgnonlin to fit the EIS data.

2.5.2 Initial Guess

Instead of setting the lower bound and upper bound for the NLS approach, in this
chapter, we randomly select the initial guess in each Monte-Carlo run to try different
NLS fitting based on different initial guess; this way, to find the best fit among all
cases. In MATLAB the initial guess is defined as:

Xp = [abs(randn(1,7)), 1] (2.76)

2.5.3 Algorithm Switch

To reach the best fit, firstly, the NLS approach will apply ’trust-region-reflective’
algorithm [24,25], then the NLS approach will switch to ’levenberg-margquardt’ al-
gorithm [26-28]; since, in some cases, the curvature of the objective function can be
negative; as compared to using the Levenberg-Marquardt algorithm, using the Trust
Region method can reach better performance [29]. After that, the algorithm that
can achieve the lowest mean absolute error (MAE) will be selected as the approach
that can reach the best fit. The detailed approach is shown in Algorithm 7. This

algorithm uses the following MATLAB commands: ’abs’ and 'randn’.
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Algorithm 7 NLS Approach.

Input: measured impedance Z
Output: MAENS Pyg

,_.
@

—_
—_

12:
13:
14:
15:
16:
17:
18:

min

Define objective function

n =70
while n < 100 do
xo = |abs(randn(1,7)),1] > Randomly set initial guess

Solver switches to ’trust-region-reflective’ algorithm

Solver switches to ’levenberg-marquardt’ algorithm

Compute MAE

n=n+1
end while
Find tt?e lowest MAE computed by ’trust-region-reflective’ algorithm, denote as
MAE "

min

. Find the lowest MAE computed by ’levenberg-marquardt’ algorithm, denote as

MAEL

if MAE"! < MAE!’™ then
MAENLS — MAE™

else
MAERN = MAER™
end if

Punis < Identify the ECM parameters using the index points to the lowest MAE
Compute Percentage Error (In EIS simulation data validation procedure)
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Identify the ECM
parameters using
the index points to

the lowest MAE

Figure 2.11: Monte-Carlo based Nonlinear Least Sqaures Approach.

Import EIS
data (f, Z)

—> n=0
Compare

lowest_MAE_trf and
lowest MAE_Ivbm,
choose the aglorithm
that reaches the
lowest MAE

|

—_— ;
Function

algorithm.
Find the lowest MAE ,

denote as
lowest_MAE_trf

algorithm
Find the lowest MAE, ~<—

denote as
lowest_MAE_Ivbm

2.6 Implementation

In this chapter, we implemented three ECM parameter estimation approaches in

Define Objective

———P n=n+1 €—

1

Randomly set
initial guess

Solver swithces to 'trust-
region-reflective' algorithm

\

Solver swithces to 'levenberg-
marquardt' algorithm
= l
Compute MAE
If the estimations (C_SEI >
C_DL)&(R_SEI>R_CT) &
(one of the ECM parameters <

0), set MAE(n) large penalty.
(e.g. MAE(n) = 10000)

n >=100? NO—

YES

| fooooo-

MATLAB R2020a with a 3 GHz Processor and 16 GB RAM.

2.6.1 Simulate EIS data

The simulated EIS data was generated using Algorithm 8, where the frequency ranges
from 0.01 Hz to 10 kHz, and the number of EIS measurements is 121; this is because
we want to keep the conformity with the sampling size set in the EIS experiment

conducted in [22]. Table 2.1 shows the true ECM parameters for simulating EIS

data. Algorithm 8 uses the MATLAB command ’linspace’.

The signal-to-noise ratio (SNR) is defined as [32]:

Psi na
SNR(dB) = 10logy, < o 1

noise
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Algorithm 8 EIS simulation.

IHPUt: fL7 fH) n
P: True ECM paramters, 8 x 1 vector
Output: z,, z;, f: Frequencies range from the lowest to the highest

1. q= linspace(loglofL, logiofu,n)

2 f,=1099 45¢€1,2,...n

3 f= [fh f27 XS fn]T

4: w = 2nf > Angular frequency, n x 1 vector
5:

Z < Compute impedance via Eq. (2.1) based on the given ECM parameters P
> Where, P = [Rq, L, Rspr, Cser, Rer, Cpr, o, m]*

6: z, < real(Z)

7. z; < —imag(Z)

Table 2.1: True ECM parameters used for EIS simulation

RQ (mﬂ) L (TLH) RSEI (mQ) CSEI (F) RCT(IIIQ) CDL (F) o (X10_3) m
34 95 6 1 18 8 5 1

Where P is the average power, A is the root mean square (RMS) amplitude.
In this chapter, we imposed Gaussian noise on the simulated EIS data. Assume
the standard deviation is 0,5, the amplitude of the signal is Rq, if SNR (dB) is

given, then the 7,,; can be defined as

20

Onoise = 1 SNR (278)

2.6.2 Collect Real EIS data

The impedance data is measured from two Li-ion batteries: LG 18650 and Moli-
cel 21700. In addition, the specifications of LG and Molicel batteries are shown
in [22, Tab. 1]. The data are collected using the Arbin battery cycler (Model:
LBT21084UC), which has 16 channels that can operate in parallel. In this exper-
iment, eight channels were used to collect data simultaneously at room temperature
(23 °C).

As shown in Fig. 2.12, the EIS data are measured by the EIS device (Gamry
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Garmry
Interface 5000P MitsPro Software

Power Supply

Figure 2.12: Experimental Setup [31].

interface 5000P). We operated the Gamry EIS device and Arbin battery cycler using
the software MitsPro provided by Arbin company. The voltage measurement error of
the Gamry EIS device is 0.2 mV as specified from [30]. In this chapter, we validated
LS, ES, and NLS approaches on EIS data collected from one LG and one Molicel
battery when the SOC is at 90%, 50% and 10%, while discharging from a fully charged

state.

2.7 Results

In this section, fitting results obtained from the simulated and real EIS data are

shown and discussed.

2.7.1 Estimation Results of ECM Parameters Using Simu-
lated EIS Data

The comparisons of simulated EIS data fitted by LS, ES, and NLS approaches are
shown in Fig. 2.13a to Fig. 2.13d. It can be observed that the LS approach shows
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Table 2.2: Estimated ECM parameters, computational time, and accuracy of using
LS, ES and NLS approaches to fit simulated EIS data

SNR RQ L RSEI CSEI RCT CDL Lo Runtime MAE

@) APProach o qm) mo) () mQ)  (F)  (x10%) ™ (sec)  (x107)
LS 301732 00.0050 65013 0.7001 202605 3.7199 50541  0.7955 08179 36

35 ES 341732 90.0050 5.6803 1.0318 17.6020 7.6356 5.1542 09546 132.5195  7.7635
NLS 341513 949926 58394 09940 17.9632 7.9505 4.9704 1.0083 24578  T.5761
LS 330115 80.3443 7.0720 08487 21.0450 4.4013 56201 08273 13832 37

0 ES 339115 80.3443 6.1266 09827 17.7220 8.1076 5.1341 09754 1506105 4.3021
NLS 339639 912816 5.0986 0.9877 18.0500 7.9177 49947  1.0035 24566  4.2861
LS 340076 93.6538 7.6838 0.8704 210861 4.7606 50606 10132 08481 31

45 ES 340076 93.6538 50044 1.0078 183116 7.7674 4.9456  1.0025 133.6487  2.5021
NLS 340100 96.2800 5.8936 1.0074 17.9556 T7.8518 50690 09891 20077  2.2078
LS 33.0983 93.1031 7.353 00300 20.8236 4.6782 54055 08688 0.7761 32

5  ES 33.0983 93.1031 58671 1.0034 18.0840 7.6328 4.9885  1.0060 1344532  1.6276
NLS 33.0970 03.9546 50664 1.0366 17.9481 7.0246 50128 09960 2.0583  1.3904

insufficient goodness of fitting, whereas ES and NLS approaches generally reach con-
siderable goodness of fitting. Table 2.2 shows that at any SNR, the computational
time of the LS approach is the fastest; however, the fitting accuracy MAE is the
lowest. On the contrary, the ES approach has the slowest computational time, but
the fitting accuracy is significantly improved compared with the LS approach. The
NLS approach reaches the lowest MAE and considerably faster computational time,
which only takes around two seconds to complete the EIS fitting. Furthermore, with
the SNR increasing, the MAE decreases.

As shown in Fig. 2.14a to Fig. 2.14d, it is clear that at any SNR, the percentage
error of the estimated RC components reaches the highest when using the LS approach
and reaches the lowest when using NLS approach, except for that the percentage error
of Csgr estimated at 50 dB is higher than that when using NLS approach; besides, at
any SNR, the percentage errors of estimated ECM parameters using NLS approach
are well below 5% showing significantly higher estimation accuracy compared with

ES and LS approaches.
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Figure 2.13: Fitting simulated EIS measurements via LS, ES, and NLS ap-
proaches at different SNR. (a) 35 dB. (b) 40 dB. (c) 45 dB. (d) 50 dB.

2.7.2 Estimation Results of ECM Parameters Using Real EIS
Data

We selected LG 18650 and Molicel 21700 Li-ion batteries to validate whether the LS,
ES, and NLS approaches show consistency in fitting real EIS data that are collected
at 90%, 50%, and 10% SOC.

Fig. 2.15a, 2.15b, and 2.15¢ show the fitted EIS of LG 18650 battery using LS,
ES, and NLS approaches; similarly, Fig. 2.15d, 2.15e, and 2.15f show the fitted EIS
of Molicel battery using same approaches. It can be observed that the LS approach

cannot fit the EIS data accurately in all cases; however, both ES and NLS approaches
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Figure 2.14: Percentage difference between true and estimated ECM pa-
rameters at different SNR. (a) 35 dB. (b) 40 dB. (c) 45 dB. (d) 50 dB.

show better goodness of fitting.

In Table 2.3, it can be observed that when fitting the LG battery’s EIS data, the
fitting accuracy of the ES approach is quite similar to that of the NLS approach,
but at any SOC level, the EIS approach shows slightly better goodness of fitting;
furthermore, comparing to the computational time, the ES approach considerably
slower, whereas the NLS approach only needs around 2 seconds to fit the EIS data.
Though the LS approach still shows the fastest computational time, the MAE is the

highest among all SOC levels. Additionally, in Table 2.4, the validation on the Molicel

battery shows consistent results.

2.8 Conclusion

This chapter presents the LS, ES, and NLS approaches to extract ECM parameters

through battery impedance measurements. Compared to the LS approach, the ES
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Figure 2.15: Fitting real EIS measurements of LG and Molicel batteries at
different SOC levels via LS, ES, and NLS approaches. (a) LG battery at 90%
SOC. (b) LG battery at 50% SOC. (c¢) LG battery at 10% SOC. (d) Molicel battery
at 90% SOC. (e) Molicel battery at 50% SOC. (f) Molicel battery at 10% SOC.
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Table 2.3: Estimated ECM parameters, computational time, and accuracy of using
LS, ES and NLS approaches to fit real EIS data collected from LG 18650 battery
while discharging

SOC Ro L Rser  Csgr Rcr CpL o Runtime MAE
(%) Approach 0y @H)  mQ)  (F)  mQ)  (F) (x107%) ™ (sec)  (x10-%)
LS 333308 5552208 4.8670 03253 41876 07179 L1901 10186 0.729 16
9  ES 33.3308 555.2208 3.7300 03253 3.6366 21536 2.1423 09221 133.9260  4.8733

NLS 32.8162 544.9949 3.9102 01691 4.0532 19840 2.1418  0.8933 18634  3.9978
LS 333500 5504295 3.9987 0.2071 30794 04795 15624 14540 0.7036 16
5  ES 333500 550.4205 2.6938 02071 26742 1.2366 1.6223  1.1632 131.8468  4.1756
NLS 33.1436  529.4929 2.8149 0.1890 2.8303 1.2932 1.5826 1.1364 1.7841 4.012
LS 337480 5488295 G.3127 02072 143045 17628 28718 24868 0.7206 31
10 ES 337480 5488295 G.6449 0.2072 184450 5.1020 26614 19804 1333339 12
NLS 337766 593.9607 6.6475 02611 16.1871 5.2400 3.5550 13235 21813  9.3108

Table 2.4: Estimated ECM parameters, computational time, and accuracy of using
LS, ES and NLS approaches to fit real EIS data collected from Molicel 21700 battery
while discharging

SOC Ro L Rser Cser Rer CpL o Runtime MAE
(%) Approach 0y @H) Q)  (F) Q) (F) (x10%) T (sec)  (x1079)
LS 123167 1280060 34751 01814 25873 03466 16716  0.3333 0763 12
90  ES 12.3167 1280060 23411 01814 2.9278 1.0399 18852  0.4000 137.6328 5.8928

NLS 12.1632 124.6571 25830 01318 2.9435 0.9523 17920 0.7169 1.8850  3.2337
LS 123167 128.0069 32931 0.1772 27962 03224 16401 05792 07237 15
5  ES 12.3167 1280060 22185 01772 2.1339 0.8094 16279  0.6950 1353571 27111
NLS 12.2259 126.3043 2.0331 0.1294 2.4749 0.7420 1.5924 0.8763 1.891 1.3862
LS 124444 120.6070 38036 0.1900 3.0673 03903 10573 L5757 0.7366 12
10 ES 124444 1206070 2.6230 0.1900 3.7937 1.1708 17966 13260 134.0528  3.3286
NLS 124340 126.2317 31777 01418 3.3352 1.0094 17361 13533 19071  2.7548

and NLS approach can extract ECM parameters more accurately. Furthermore, the
presented novel NLS approach is based on the Monte Carlo run to fit the AR-ECM
to the simulated and actual EIS measurements, which resulted in faster computation
time and higher accuracy. When fitting the simulated EIS data, both ES and NLS
approaches show considerably high accuracy when the SNR is low, and the fitting
accuracy improves as the SNR increases. In contrast, the LS approach shows insuffi-
cient goodness of fitting at any SNR level. When fitting the actual EIS measurements
collected from two different Li-ion batteries, the NLS approach still shows faster and
more accurate fitting performance than the ES approach; this result is consistent
with the validation in simulated EIS data. Though the ES approach shows accept-

able accuracy, the computational time is considerably longer than the NLS approach.
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Therefore, among the three proposed approaches, the best option is to apply the
Monte-Carlo-based NLS approach to identify the ECM parameters through battery
EIS.
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Chapter 3

Thesis Conclusion

This thesis introduced the process of measuring battery impedance response and its
graphical representation; and, most importantly, using the presented LS, ES, and
NLS approaches to extract ECM parameters through battery impedance measure-
ments from simulation data and actual EIS data collected from LG 18650 and Molicel
21700 batteries. Compared to the LS approach, the ES and NLS approaches reveal
superior accuracy in ECM parameter extraction. Notably, the novel NLS approach
incorporates Monte Carlo simulations to fit the AR-ECM to simulated and actual
EIS measurements, resulting in faster computation time and higher accuracy. For
simulated EIS data, the ES and NLS approaches demonstrate remarkable accuracy
even under low signal-to-noise ratio (SNR) conditions, with improved fitting precision
as the SNR increases. Conversely, the LS approach fails to provide satisfactory fitting
quality across all SNR levels. When applied to actual EIS measurements collected
from the two different Li-ion batteries, the NLS approach consistently outperforms
the ES approach regarding both fitting speed and accuracy, corroborating the find-
ings from the validation via simulated EIS data. While the ES approach exhibits
acceptable accuracy, its computational time is significantly longer compared to the
NLS approach. Therefore, considering the results obtained from the three proposed

approaches, the Monte-Carlo-based NLS approach emerges as the optimal choice for

o1



identifying ECM parameters through battery EIS.

Future work

In future works, we will investigate deploying the NLS approach to the BMS board
combined with the rapid EIS measurement hardware to improve the accuracy and
computational time for ECM parameters estimation; the BMS can then adopt these

precisely estimated ECM parameters for more accurate online SOC/SOH estimation.
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