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Abstract

Electrochemical impedance spectroscopy (EIS) is used extensively in battery re-
search, but usually at frequencies that do not reflect real-world usage patterns. This
has resulted in equivalent circuit models (ECMs) that are over-complicated, and
suboptimal battery management systems. It is logical to measure batteries at fre-
quencies reflecting their daily or weekly charge-discharge cycles, i.e., of the order of
microhertz. This is generally not done, however, because of difficulties that include
extreme measurement durations and the need for care to avoid issues such as charge
distribution problems, charge drift, and the risk of overcharging or flattening the
battery. This research demonstrates the feasibility of extra-low frequency (ELF)
EIS measurement using standard, non-specialised measurement equipment, and the
optimisation of frequency domain data through the superimposition of small-signal
measurement tones on larger square wave currents.

Study of charge movement rates in the frequency domain and voltage responses
in the time domain in batteries indicates connections between voltage sweep rate
in cyclic voltammetry (CV) and current magnitude in incremental capacity analysis
(ICA). The key factor determining what the investigator sees, e.g., reversibility of
electrode processes or evidence of individual electrochemical reactions, is rate of
movement of charge. Thus, controlled current can be used to obtain CV-type data
from a battery, something that would be hazardous if done conventionally using a
voltage ramp.

Repeatable, low-error EIS measurements at ELFs are essential for inferring bat-
tery ECM components, including constant phase elements (CPEs). The fractional
order of a CPE is linked to battery state of health (SoH) and energy efficiency.
This thesis shows that efficiency measurements with waveforms representative of

real battery usage can be used to track battery SoH accurately.
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Glossary

Abbreviations

CC-CV, constant current-constant voltage
CPE, constant phase element

CV, cyclic voltammetry

DFT, discrete Fourier transform

DVA, differential voltage analysis

ECM, equivalent circuit model

EIS, electrochemical impedance spectroscopy
ELF, extra-low frequency

EV, electric vehicle

ICA, incremental capacity analysis

OCV, open-circuit voltage

SEI, solid electrolyte interface

SoC, state of charge

SoH, state of health

Battery Types

AGM, absorbent glass mat lead-acid battery

ICR, lithium cobalt oxide (also known as LCO or Li-cobalt): LiCoOq

INR, lithium nickel manganese cobalt oxide (NMC, NCM): LiNiMnCoO»

LTO, lithium titanate: LisTiOg

NCA, lithium nickel cobalt aluminium oxides (NCR, Li-aluminium): LiNiCoAlO»

See https://batteryuniversity.com/article/bu-205-types-of-1lithium-ion
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Chapter 1

Introduction

1.1 Rechargeable Batteries and State of Health

Rechargeable battery systems have become the most important means of deliver-
ing readily convertible chemical energy to, for example, electric vehicles (EVs) [1].
They are also used in critical systems where reliable and predictable supply are cru-
cial [2]. Despite advances that have led to improvements in battery capacity and
power density, however, universally accepted methods for reliable and consistent
characterisation of battery state of health (SoH) remain elusive [3]. A rechargeable
battery is a nonlinear and time-variable system with internal electrochemical pro-
cesses that cannot be directly observed. Parameters are subject to interference from
the battery’s environment and mode of usage, and lack of clarity pertaining to bat-
tery characteristics and performance has major implications for battery management
3].

What do we mean by SoH? Battery SoH reflects general condition, and the
ability of the battery to deliver its specified performance when compared with a
new unit. During the lifetime of a battery, its performance deteriorates due to age-
and usage-related changes. Eventually, the battery will reach the end of its life and
will have to be retired and if necessary replaced. SoH gives us information about
the condition of the battery and the point it is likely to have reached in its life
cycle, factors of paramount importance to an EV owner or prospective purchaser,
or laptop computer users who needs to know that the batteries in their machines
will not require replacement shortly after purchase. Note here that SoH needs to
be contrasted with state of charge (SoC), which describes the battery’s short-term
capabilities, and which can be described by measuring actual charge [4].

There is no official definition of SoH, and no universally agreed set of rules for
its measurement [4]. A number of of approaches are currently used, although none
appears wholly satisfactory. They include measurements of either cell impedance or
conductance, or measurement of several parameters that might be lumped together

and assigned a score, for example capacity, internal resistance, self-discharge, charge
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acceptance, discharge capabilities, mobility of electrolyte, or cycle counting [4]. Res-
ults may depend on cell chemistry. Weighting of individual factors may be based on
experience, cell chemistry and battery application.

The uncertainty and lack of agreement across the research community and in-
dustry pertaining to battery characterisation and SoH prediction is problematic for
manufacturers and consumers alike, and has been a barrier to uptake of new techno-
logies, notably EVs. Moreover, premature retirement of batteries in critical settings
such as data centres because of uncertainty over service life is costly and wasteful.
The research presented here represents part of a wider and ongoing effort by the Bat-
tery Modelling Group at the University of Waikato to contribute to the overcoming

of these problems.

1.2 Statement of Originality

The author declares that this thesis is his original work. Assistance with equipment,

software and measurement algorithms, etc., is acknowledged where appropriate.

1.3 Thesis Outline

This thesis consists of six main chapters, including this introduction and an over-
all discussion and conclusion with recommendations for future work. The second
chapter overviews the current battery measurement landscape with a particular fo-
cus on the limitations of methods commonly used by researchers to characterise
rechargeable batteries. There follows a discussion of battery impedance, its re-
lationship to SoH, its measurement using electrochemical impedance spectroscopy
(EIS), and the use of EIS in battery equivalent circuit modelling. The concept of
and reasons for measurement of batteries at extra-low frequencies (ELFs) are also
introduced.

The original research component of this thesis is in three parts, described in the
third, fourth and fifth chapters. The first part takes place in the frequency domain
and deals with the development of methods to overcome difficulties in obtaining
reliable and repeatable EIS of rechargeable batteries at ELFs. It concludes that
such measurements are best made under working conditions in the presence of charge
movement at rates of the order we would expect to see when using the battery. It
also confirms the need to use constant phase elements (CPEs) in battery equivalent
circuit models (ECMs).

The second part moves to the time domain, and extends observations relating to
rate of movement of charge when cycling batteries to those made by electrochemists
when performing cyclic voltammetry (CV) and incremental capacity analysis (ICA),
demonstrates relationships between the two methods that are not widely appreci-

ated, and provides insight into how they relate to EIS at ELFs. A method is also



1.4 Research Papers 3

described for performing analysis analogous to CV on an intact battery by using an
incremental capacity approach. CV analysis of a battery (as opposed to an elec-
trochemical reaction system in a laboratory) would normally be inadvisable at best
and extremely hazardous at worst because of the risk of uncontrolled currents be-
ing drawn by a battery subjected to a linear voltage ramp. Ultimately, the research
demonstrates that, although CV and ICA are usually treated in the literature as two
completely different methods, they are in fact more closely related than is generally
realised, with the key underlying consideration being rate of charge movement.

The third part was prompted by the above observations in the frequency and
time domains which underlined the significance of the CPE in a battery ECM, and
by the need to explore how this relates to SoH. There appears to be an association
between battery SoH and energy efficiency, i.e., the difference between energy (power
integrated over time) put into the battery when charging and the energy released
when the battery is called upon to deliver that charge, with energy efficiency de-
creasing as the battery wears out. This was investigated, together with relationships
between energy efficiency and parameters used to characterise batteries and build
ECMs.

The final chapter brings together overall observations from the three experi-
mental chapters, discusses their implications for the ways in which we measure
battery SoH, and suggests future directions on the basis of questions that remain

unanswered.

1.4 Research Papers

The above three research topics are presented as three papers. At the time of
presentation of this thesis, the first has been fully published, the second has been
submitted for publication, and the third is in the form of a draft. This was originally
intended for eventual submission following the availability of more data and further
development, but has since been used instead to provide material for additional
publications (the first of which is presented in Appendix C).

The three papers are:

e C. Dunn and J. Scott, “Achieving Reliable and Repeatable Electrochemical
Impedance Spectroscopy of Rechargeable Batteries at Extra-Low Frequencies,”
IEEE Trans. Instrum. Meas., vol. 71, pp. 1-8, 2022. [Online]. Available:
https://ieeexplore.ieee.org/document /9789195 /

e C. Dunn, J. Scott, M. Wilson, M. Mucalo, and M. Cree, “Incremental Ca-
pacity and Voltammetry of Batteries, and Implications for Electrochemical

Impedance Spectroscopy,” submitted for publication.

e C. Dunn, J. Scott, M. Wilson, and V. Farrow, “New Theory and Efficient
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Algorithm for Tracking Lithium Battery State of Health,” Univ. Waikato,
Hamilton, New Zealand, Oct. 2023.

Work presented in this thesis has been used in the development of three further

publications (see Appendices):

e E. Poihipi, J. Scott, and C. Dunn, “Distinguishability of Battery Equivalent-
Circuit Models Containing CPEs: Updating the Work of Berthier, Diard, &
Michel,” J. Electroanal. Chem., vol. 911, p. 116201, Apr. 2022. [Online].
Available: https://linkinghub.elsevier.com /retrieve/pii/S157266572200193X

e« M. T. Wilson, C. Dunn, V. Farrow, M. Mucalo, and J. B. Scott, “Measuring
Electrical Properties of Batteries at Ultra-long Timescales,” NCSL Int. Meas.,
vol. 15, pp. 12-16, 2023.

e« M. T. Wilson, C. J. Dunn, V. Farrow, M. J. Cree, and J. B. Scott, “Efficiency
of Cycled Batteries Analyzed Through Voltage-Current Phase Differences,”
IEEE Access, vol. 12, pp. 36202-36211, 2024.

1.5 Code Repository

Programs and scripts key to the generation of data used in this work are held in a
publicly accessible repository at https://github.com/CDunnNZ/Batteries

Some of these programs show user instructions when called in the command line
without specifying any parameters or input files. These are shown below where
relevant.

Programs include:

e bcp66.c

Cycles batteries using a constant current-constant voltage (CC-CV) protocol
on an HP/Agilent/Keysight 66332A two-quadrant source measurement unit.

Reports time, voltage and current for plotting and further analysis.

bcp66 V1.08 jbs&cjd Nov 2020, June 2021, Sep 2021
Battery Cycler via Prologix gpib to HP/Agilent 66332A.
0 parameters is illegal.
Usage: bcp66 USB Vmax Vmin Ich Idis I+end I-end tdwell+ tdwell- ncyc Qfinal tfinal baseName [fsmax [Addr]]
where- USB is the rPi USB address (/dev/ttyUSBO, etc);
Vmax/Vmin are charge/discharge ’CV’ voltages;
Ich/Idis are the charge and discharge ’CC’ currents;
I+end/I-end are currents at which to end the CV phases;
tdwell+ is the max period (s) to wait at CV for I+end;
tdwell- is the max period (s) to wait at CV for I-end;
Qfinal is the % charge in Ah at the end of cycling;
ncyc is the # cycles to perform;
tfinal is the period (s) to digitise after current is zero;

baseName is the file string to be used;
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optionally Addr is the GPIB bus address, def=5.
optionally fsmax is the max sample frequency, def=0.94.
Cycles the battery by the CCCV method, while measuring V & I,
~8 samples/second, tvi file entries limited by fsmax.
If tdwell+/- is <0, the period is set and current is set to zero (CV->rest).
Assuming a 66332A instrument on Prologix/Fenrir USB-GPIB interface.
Requires no drivers, controls prologix using ++cmd protocol.
Creates basename.log & baseName.tvi with time-volts-amps-dQ-cyc quintuples.
Displays: #points, elapsed time, V, I, cycle, Tsample, CV time, dQ, and CC/CV mode.

e bz3p66.c

Measures battery impedance on a 66332A unit by sourcing a multitone current
signal, and measuring and reporting time, voltage and current (see Chapter 3).
Inserts a triphasic pulse of frequency and magnitude set by the user into the
source signal. The software includes the option to call software (“dftv”; see [5])
to perform a discrete-time Fourier analysis on the data for impedance mag-

nitude and phase determination.

bz3p66 V6.04 jbs&cjd, Dec 2020 -> Oct 2021
Battery Z measurement with triphasic pulses via Prologix/Fenrir GPIB-USB & 66332A.
Usage: bz3p66 USB Vmin Vmax Imax dQmax ncyc fmin fmax Xcyc Pf Pw Ip tr baseName [Addr [dftp [£f£]]1]
where- USB is the rPi USB address (/dev/ttyUSBO, /dev/ttyACMO, etc);
Vmin/Vmax are voltage limits (aborts outside this range);
Imax is the maximum permitted current (-value => only sinks I);
dQmax is the total charge in Ah that can be sourced or sunk (-val => equal I tones);
ncyc is the # cycles at fmin (typically 2.01-6.00);
fmin/fmax are the lowest and highest fregs;
Xcyc is the # cycles at fmin of data to discard before logging.
Pf is the frequency of pulse occurences in multitone time, =1/Ttp seconds;
Pw is the period of the triphasic pulse, in seconds;
Ip is the peak current of the triphasic pulses;
tr is the rest period after the triphasic pulse before resuming multitone;
baseName is the file string to be used;
Addr is the optional GPIB bus address, def=5.
dftp is the [path]lname of Scott/Farrow dft program (dftp,dftv,etc);
ff is the [pathlname of the Scott/Finer multitone optimiser program.
Makes a multitone tvi/Z measurement by sourcing current, measuring V & I.
If the USB parameter is set to "skip" the tvi measurement is skipped.
Creates baseName.tvi, basename.log, [.bat, .fmp, [.ffz]] files.
Z optionally computed by calls to dftp [& ff] at each frequency.
.bat file is dft script, fmp has dft’s z values, ffz is refined fmp.
Frequencies are a 1-2-5 sequence between fmin and fmax;
if fmax<0 frequencies are read from baseName.frq file, up to 32 fregs.
Requires no drivers, communicates using ++cmd protocol.

Writes complete data, including pulses, to basename.ptvi file.

e bzdcp66.c

Measures battery impedance on a 66332A unit by sourcing a multitone current
signal, and measuring and reporting time, voltage and current (see Chapter 3).
The measurement multitone is superimposed on a DC signal (the working
current, actually a square wave of magnitude up to 5 A with frequency set by

the user). This software also includes the optional call to dftv for impedance
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magnitude and phase determination. Note that bzdcp66 is now the software of
choice for battery EIS at ELFs when using the 66332A units at the University
of Waikato.
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bzdcp66 ------------ V6.21 jbs&cjd Dec 2020 -> Nov 2021
Battery Z measurement with dc, via Prologix/Fenrir GPIB-USB & 66332A, optional DFT.
Usage: bzdcp66 USB Vmin Vmax Imax dQmax ncyc fmin fmax Xcyc Idc fdc baseName [Addr [dftpl]
where- USB is the rPi USB address (/dev/ttyUSBO, /dev/ttyACMO, etc);
Vmin/Vmax are voltage limits (aborts outside this range);
Imax is the maximum multitone current in the cell (if <O only sinks I);
dQmax is the total charge in Ah that can be sourced/sunk (-val => equal I tones);
ncyc is the # cycles at fmin (typically 2.01-6.00);
fmin/fmax are the lowest and highest fregs;
Xcyc is the # cycles at fmin of data to discard before logging;
Idc is the magnitude of the added dc current component, and
fdc is the frequency of the squarewave at Idc;
baseName is the file string to be used;
Addr is the optional GPIB bus address, def=5.
dftp is the [path]lname of Scott/Farrow dft program (dftp,dvtv,etc);
Makes a multitone tvi/Z measurement by sourcing current, measuring V & I.
If the USB parameter is set to "skip" the tvi measurement is skipped.
NB: If Imax<0 battery is discharging, so dQmax boundary checking is ignored.
Creates baseName.tvi, basename.log, [.bat, .fmp] files.
Z optionally computed by calls to dftp at each frequency.
The .bat file is dft script, fmp has dft’s z values.
Frequencies are a 1-2-5 sequence between fmin and fmax;
if fmax<0, frequencies are read from baseName.frq file, up to 32 fregs.
fdc should be chosen so that none of its harmonics clash with multitones.
Requires no drivers, communicates using ++cmd protocol.
Measures for (ncyc+Xcyc)/fmin seconds, then does dft calls.
Corrects for 1/2 LSB DAC error in 66332.

e bap66.c

Also for use with 66332A units, bap66 sources any arbitrary current signal
provided by a *.ti (time and current) file, and then measures and reports time,
voltage and current when the source signal is passed through a battery (see
Chapter 5).

bap66 V1.50 jbs&cjd Jan 2021, Apr 2023
Battery arbitrary waveform measurement via Prologix/Fenrir GPIB-USB & 66332A.
Usage: bap66 USB Vmin Vmax baseName [Addr]
where- USB is the rPi USB address (/dev/ttyUSBO, /dev/ttyACMO, etc);
Vmin/Vmax are voltage limits (aborts outside this range);
baseName is the file string to be used;
Addr is the optional GPIB bus address, def=5.
Sources current described by a .ti file, measuring V & I to .tvi file.
Creates baseName.tvi, basename.log, reads basename.ti file.
Assumes ti file contains seconds-amps pairs (or blank lines).

Requires no drivers, communicates using ++cmd protocol.

o tvi2ica.awk

This script takes a *.tvi (time, voltage and current) file from a battery slow
cycling measurement on a 66332A unit (or similar measurement equipment),
and calculates and reports rates of charge movement for voltage increments
set by the user (see Chapter 4).

e Cyc_tvi2ica_Plot.m
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A MATLAB® script that performs the same task as tvi2ica.awk, but with
added functionality for data plotting.

tvi2u.awk

This script multiplies voltage, current and time elapsed for each row of a *.tvi
file and keeps two running totals, Ej, (energy in) where current is positive
(charging) and E,,; (energy out) when current is negative (discharging). The
script calculates F,yt/ Eqyn and outputs the result as energy efficiency u together

with the timestamp for each line of the input file (see Chapter 5).

tvi2u.c

A small C program that performs the same tasks as tvi2u.awk.

tvi2u V3.0 CJD & JBS August 2023
Usage: tvi2u file.tvi >file.tu
Takes in a 3-col ascii file giving time, voltage, current,

writes same time steps and device cycle efficiency to stdout.

getURegCyc.awk

Takes a *.tvi file from a regular cyclic waveform and calculates energy efficiency
u for each cycle and overall u across all cycles, and reports these with a variety
of other parameters including number of cycles, times, voltages, charge moved,

energy and loss, and u variance.

getURegCyc version 1.10 Chris Dunn July 2023

Usage: getURegCyc inputfile.tvi >outputfile.tu 2>resultsfile.txt
Takes a .tvi (3-column ascii) file for a regular waveform,

works out ’u’ for each period and overall ’U’ across all periods,
and writes period start times and u values to stdout.

Note: suitable only for regular waveforms.

For irregular and self-similar cycles use ’getSoH’.

getUTheta.c

Primarily for use with single sinusoid stimuli in a modelled CPE. Performs the
same tasks as getURegCyc.awk but also calculates and writes out the CPE
phase angle and fractional order « as derived using energy efficiency u (see
Chapter 5).

getUTheta version 1.10 Chris Dunn July 2023

Usage: getUTheta inputfile.tvi [Rs] >outputfile.tu 2>resultsfile.txt

Rs (optional) = series resistance.

Takes a .tvi (3-column ascii) file for a regular waveform,

works out ’u’ for each period and overall ’U’ across all periods,

and writes period start times and u values to stdout.

getUTheta also calculates and writes out the phase angle for the CPE,

from which we may infer alpha, and adds theta (in radians) and alpha to stdout.
Note: suitable only for regular waveforms.

For irregular and self-similar cycles use ’getSoH’.
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A further program, getSoH.c, is not listed here for intellectual property reasons.
However, details of this program and its operation can be found in Chapter 5 of this
thesis.

Some of these programs, notably those designed for use with the 66332A units,
are collaborative efforts, used and contributed to by several members (including the
author) of the Battery Modelling Group at the University of Waikato. They are

also subject to ongoing development.

1.6 MATLAB® Functions

A number of MATLAB® functions were used in this work, and are briefly explained

here.

1.6.1 Hilbert Transform

The function x = hilbert(zr) returns the analytic signal, z, from a real data se-
quence, zr (https://au.mathworks.com/help/signal /ref/hilbert.html).

In practice, this means that if the original real-valued signal in the time domain
is referred to as f(t), the Hilbert transform provides a unique analytic signal z(t)
from which the signal’s instantaneous properties can be derived. This analytic signal
will have a real part, which is the original signal, and an imaginary part, which will
consist of the Hilbert-transformed data H[f(¢)](¢). Thus,

2(t) = f(t) + GH[f(1)](t) = A(t) - 720 (1.1)

where j is the imaginary operator v/—1, A(t) is the signal’s instantaneous amplitude,

¢(t) the instaneous phase and w(t) the instantaneous frequency, such that

A() = \[£2(t) + HF()]2(2) (12)
6(t) = arctan (W) (1.3)
() = 220 (14)
The Hilbert transform itself is defined in the time domain as
oo =—p [~ I (1.5)

where P is the Cauchy principle value and ¢ and 7 are time variables.
MATLAB® calculates the Hilbert transform in Fourier space by first calculating
the Fourier components with a discrete Fourier transform (DFT), then multiplying

by —jsgn(w) (where sgn is the signum function and w is the angular frequency), so
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that
-1, ifw<0
sgn(w) =< 0, ifw=0 (1.6)
+1, ifw>0

The inverse Fourier transform then gives the Hilbert transform.

1.6.2 polyval (Polynomial Evaluation)

y = polyval(p, z) evaluates the polynomial p at each point in z. The argument p is
a vector of length n + 1 whose elements are the coefficients (in descending powers)
of an nth-degree polynomial

(https://au.mathworks.com/help /matlab/ref/polyval.html).

p(x) = prz™ + pox™ 4 4 P+ Do (1.7)

For example, the polynomial 322 + 2z + 1 can be represented as a vector of
coefficients [3 2 1], and polyval then used to evaluate the polynomial for specific

values of z. Thus

p=1[321]
r=2

y = polyval (p, x)

outputs a value of 17.

1.6.3 polyfit (Polynomial Curve Fitting)

p = poly fit(z,y,n) returns the coefficients for a polynomial p(z) of degree n that
is a best fit (in a least-squares sense) for the data in y. The coefficients in p are in
descending powers, and the length of p is n + 1 as shown in Equation 1.7 above
(https://au.mathworks.com/help /matlab /ref/polyfit.html). x and y are vectors of
the same length that represent x- and y- coordinates, and p is the vector of coeffi-
cients representing the fitted polynomial.

For example, consider the following data points:
(1,2) (2,3) (3,4)
poly fit can be used to fit a polynomial to these points, so

x=1[123]
y=1[234]
p = poly fit(x,y,1)
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outputs
p = 1.0000 1.0000

which means that the fitted polynomial is of degree 1 (a straight line) with the form
y=x+1.
Note that polyval (Section 1.6.2) can then be used to evaluate this polynomial

at any specific point .






Chapter 2

Background and Literature

Review

2.1 Estimating State of Health

The ability to characterise and model rechargeable battery SoH is key to the develop-
ment of an effective and reliable battery management system, and many estimation
methods have accordingly been investigated. According to a recent state-of-the-art

review [6], these methods fall into four main types (Figure 2.1):

Direct measurement methods

Indirect analysis methods

Adaptive algorithms

Data-driven methods

These approaches have been discussed extensively in the literature, and the
reader is referred to relevant reviews for further information [3, 6, 7]. This part
of the present thesis illustrates the variety of approaches to the problem of char-
acterising battery SoH, and the dilemma faced by a researcher seeking reliable and
efficient methods that work across different battery chemistries.

While a number of comprehensive reviews describing the many SoH analysis
and characterisation techniques and their relative merits are available (see above
and Table 2.1), authors appear reluctant to make unequivocal recommendations.
Xiong et al. state that “Although a large number of SoH estimation methods have
been studied, each method has its deficiencies and possibilities for improvement” [6].
These authors suggest that data-driven methods (see Figure 2.1) are increasingly
popular, and the Battery Modelling Group at the University of Waikato is investig-
ating optimisation and data fitting algorithms as part of its overall work. However,

Xiong et al. admit that these algorithms are only as good as the data upon which

13
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SoH estimation

methods
{
Capacity/energy : / ECM-based iy
testing Charging curves analysis: Empirical models
adaptive filtering
(elz.g.,. Kalman
Coulomb counting ICA/DVA . flltenngl) an‘?h Data fitting
observer algorithms
based on
Ultrasonic parameters such as Optimisation
Impedance (EIS) inspection ohmic resistance or arl)gorithms
OoCcVv
Cvcle countin " Other health Electrochemical
y g indices (e.g., models Machine learning
voltage change, )
. internal pressure, Combined
Desttrrl:cct;ve markers of SEI model/experimental Sample entropy
e < growth) approaches

Figure 2.1: Classification of battery SoH estimation methods. DVA, differential
voltage analysis; ECM, equivalent circuit model; EIS, electrochemical impedance
spectroscopy; ICA, incremental capacity analysis; OCV, open-circuit voltage; SEI,
solid electrolyte interface. Adapted from Xiong et al. [6].

they are based, which brings us back to the need for reliable and consistent meas-
urements coupled with an accurate circuit model.

As an illustration, techniques that are popular among researchers, frequently
discussed in the literature and apparently straightforward, but that are nevertheless
associated with problems likely to render them unsuitable for universal adoption in

battery SoH determination, are highlighted here.

2.1.1 Coulomb Counting

Of all the methods described, coulomb counting is stated to be one of the most
commonly used for SoH estimation [7]. This method is superficially attractive.

Integration of battery current over time has low computational complexity [8, 9]:

T
Qdischarge :/0 I(t)dt (2.1)

and

SoH (%) = Q‘é& % 100 (2.2)
rated
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where Qgischarge 15 the charge obtained by integrating the discharge current I(t) over

time T, and Q,qeq is the rated charge capacity.

Table 2.1: Comparison of battery state of health (SoH) estimation methods.

Method

Advantages

Disadvantages

Future direction

Direct measurement

e Simplest and most dir-
ect

e Can be combined with
model-based methods

e Accurate in the labor-
atory

e Ageing mechanisms
can be studied using EIS
and destructive methods

e Online measurement
may be difficult

e Specialised equipment
needed for EIS and de-
structive methods

e Destructive methods
irreversible, not suitable
for real-time use

e Simple online EIS im-
plementation methods
needed, with efficient
offline maintenance and
troubleshooting

e Better battery models
needed

Indirect analysis

e Can measure external
characteristics to get
ageing information

e ICA/DVA and ultra-
sonic methods can show
ageing mechanisms in
real time

e Accurate in a laborat-
ory environment

e Not suitable for all bat-
tery types

e Temperature affects
accuracy

e Not suitable for online
application; needs con-
trolled and strictly spe-
cified conditions

e Online ICA, etc.
methods with minimal

computational com-
plexity  (difficult  to
envisage)

e Combine applied and
machine learning meth-
ods

e Consider influence of
temperature

Adaptive filtering

e Accurate and robust
e FEasy online imple-
mentation

e Needs extensive al-
gorithm validation and
debugging

e Needs high perform-
ance controllers

e Dependent on model
accuracy

e Improve ECM by fur-
ther physical character-
isation

e Improve ECM by
incorporating ageing
mechanisms

e Fusion-model methods
to improve generalisabil-
ity

Data driven

e Less pre-testing re-
quired
e Precise estimation of
slowly changing para-
meters

e Requires efficient and
portable algorithm

e High dependence on
magnitude, sampling
frequency, completeness,
etc. of data

e Improve real-time ac-
curacy and robustness
by combining machine
learning, big data min-
ing and on-board adapt-
ive filtering algorithms

DVA, differential voltage analysis; ECM, equivalent circuit model; EIS, electrochemical impedance spectro-
scopy; EM, electrochemical model; ICA, incremental capacity analysis. Adapted from Xiong et al. [6].

Moreover, online application is feasible. However, estimation precision has been

reported to be low, and variable with respect to cycling (e.g., approximately 9%

after 21 cycles as opposed to 2.43% after eight cycles in lithium-ion batteries in one

study [9]). The degree of error may be improved by combination with other methods

such as Kalman filtering (KF) [10], but at the expense of increased complexity and

processing times.

KF algorithms require two steps for implementation. Firstly, a prediction state

is needed, where the filter estimates the output variable of interest; secondly, the

estimate is updated to obtain greater accuracy and improve certainty. There are

many derived and improved algorithms based on KF, including extended KF (EKF),
unscented KF (UKF), particle filtering (PF), adaptive EKF (AEKF), and sigma
point KF (SPKF), which represent attempts to deal with nonlinearity and high
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computational requirements (see Figure 2.1). Detailed discussion of these is beyond
the scope of this thesis.

Coulomb counting may be unreliable for three reasons. First, current is meas-
ured by a piece of hardware, typically an analog-to-digital converter reading voltage
across a resistor or across a Hall effect sensor. This might have errors or drifts. To
capture all the information the current must be sampled with sufficient resolution
at a sufficiently high frequency. A good digitiser will integrate the signal in analog
fashion with wide bandwidth and will digitise the integrated value with good pre-
cision, but many systems simply sample the instantaneous value at some rate. The
currents involved may have very wide dynamic range, and might have sharp pulses
with wide bandwidth.

Second, batteries have history and long, non-exponential memories [11]. A good
early example of this unexpected behaviour was reported in capacitors by West-
erlund in 1991 [12]. It is possible to demonstrate different charges entering and
exiting a battery over subsequent charge-discharge cycles on the bench, simply with
a misleading pre-charge sequence. This might account for coulomb miscounts.

Third, charge leaks through the cell, and there may be a mechanism at work
by which charge pushed into the battery bypasses the chemistry responsible for
energy storage. All these require further investigation, and could form part of future

research.

2.1.2 Open-Circuit Voltage and Charging Curves

Open-circuit voltage (OCV)-based methods seek to link the battery’s OCV (i.e., the
potential difference between the battery’s terminals with no load connected) with
its SoH. OCV develops as a result of electrochemical reactions within the battery,
and varies with the metals and electrolytes used [13]. Identifying this relationship so
that it can be expressed via a function can be an extensive process involving offline
battery cycling [7]. These methods are applicable to differing battery chemistries,
but the relationship between OCV and SoH varies with battery chemistry and cycling
history [7, 14, 15].

The definition of the open-circuit terminal voltage Upcy is based on a simplified

battery model as shown in Figure 2.2 [7, 16].

Uocv =U+ IR (2.3)

Xing et al. [16] acknowledged the influence of temperature when attempting to
construct SoH-SoC curves. These authors used extensive offline laboratory testing
and suggested an online variant of their method. Waag et al. [17] used an online
OCV method in combination with a nonlinear (current-dependent) battery model
(Figure 2.3) to estimate SoC and SoH.
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Figure 2.2: Simplified battery model showing open circuit voltage (OCV) [7, 16].
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Figure 2.3: Equivalent nonlinear circuit model used for power prediction [17].

Other authors [18] used a constant current-constant voltage (CC-CV) charging
method, with an ECM (Figure 2.4) to characterise the constant current portion of
the charging curve. They then used a transfer function and time-based parameter

to estimate SoH via a nonlinear least squares method to identify model parameters.

Charging curves have been used in this way because researchers perceive that
they change as the battery degrades, although interfering factors are likely to include
temperature and charging rate. The effective capacity of a cell is not constant
under all conditions, and is dependent on, for example, discharge rate [19]. This
phenomenon is known as capacity offset, is common across cell chemistries, and
is expressed by Peukert’s law, which describes a power relationship between the
discharge current (normalised to some base-rated current) and delivered capacity

(normalised to rated capacity) over some specified range of discharge currents [20].

A related complication is seen when cell terminal voltage as a function of charge
delivered is examined. When current flows through a cell, a voltage drop across
its internal resistance decreases the terminal voltage during discharge and increases
the voltage needed to charge the cell. This reduces effective capacity and decreases
charge-discharge efficiency. Higher discharge rates give rise to higher internal voltage

drops, which may explain capacity offset [19]. In addition, charge-discharge meas-
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Figure 2.4: Equivalent circuit model of lithium-ion battery used to represent con-
stant current charging profiles [18].

urements show a hysteresis in the charge capacity-terminal voltage characteristic,
with no single open circuit potential, and variation of both terminal voltage and
curve separation with charging rate relative to the rated capacity of the battery (C-
rate). Figure 2.5 shows measurements obtained by the Battery Modelling Group
at the University of Waikato to illustrate this.
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Figure 2.5: Measured charge-voltage characteristic of a lithium-ion 18650 cell. Left:
measured at C/2 using a constant current-constant voltage regime (dashed trace),
and then a constant current regime without a constant voltage equilibration period
(solid red trace). Right: measured at C/100, constant current-constant voltage
regime.

The constant voltage step has also been used as a health indicator, with battery

current behaviour during the CV phase being simulated by:
I(t, Closs) = A(Closs)eiB(Closs)t + C(Closs)

where C).ss represents capacity loss, and A, B and C are parameters related to
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Closs [21]. The authors stated that they were able to determine these parameters
and hence Cj,gs from the current curve at the constant voltage step.

As in most areas of battery research, the heterogeneity of approaches and models
makes objective comparison, or the recommendation of one system over another,

extremely difficult.

2.1.3 Incremental Capacity and Differential Voltage Analyses

As voltage curve analysis reveals very little information relating to the internal
characteristics of a battery, some researchers have attempted to use electrochemical
characterisation in combination with ICA to process voltage data [22, 23]. This is
done by integrating capacity corresponding to small voltage intervals (d@Q/dV) via
charging and discharging the battery using very small currents. Lithium intercal-
ation reactions are associated with complex phase transformations in lithium-ion
batteries; popular cathode materials such as transition metal oxides show two-phase
separation across porous electrodes, whereas graphite (the standard anode material)
passes through at least three phases [24]. The process of constructing an ICA plot
converts the voltage plateaus of a two-phase transition into recognisable incremental
capacity peaks.

In differential voltage analysis (DVA; dV/dQ), distances between peaks of the
differential voltage curve represent the amount of charge participating in the two-
phase transition. This facilitates quantitative analysis of capacity fading [25].

Figure 2.6 shows changes in incremental capacity and differential voltage curves
cycled at 40°C with 50% depth of discharge. The shapes, amplitudes and positions

of the curves characterise the battery at different ageing states.
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Figure 2.6: Evolution of incremental capacity and differential voltage curves in a
lithium-ion battery cycled at 40°C with 50% depth of discharge. Reproduced from
Xiong et al. [6] with permission.

A number of published papers have reported ICA peak position [15, 26, 27, 28|
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or the interval between peaks of the DVA curve [29] as markers of battery ageing.
Interestingly, one of these groups [28] used a fractional order battery model (Figure
2.7; see also Section 2.2.2).

i

I\L — 1

Figure 2.7: First-order fractional model as proposed by Tian et al. for use with
incremental capacity analysis [28]. CPE, constant phase element.

These authors demonstrated better agreement with dynamic stress testing voltage
data than was achieved with an integer order circuit model in which the CPE was
replaced by a capacitor (i.e., a CPE in which a = 1, where « is the dispersion coef-
ficient or fractional order which represents non-uniform boundary conditions and
distributed intercalation/de-intercalation processes in porous electrodes [30, 31]).
Fractional order models, CPEs, and the non-ideal capacitative characteristics of the
electrode-electrolyte interface will be discussed in more detail later.

ICA and DVA are subject to a number of limitations, chief of which are the
conditions and C-rates under which the curves are obtained (typically of the or-
der of C/25). Real-world SoH determination involves the movement of much larger
amounts of charge; under these conditions, terminal voltages cannot be considered
as OCV and parameters based on ICA or DVA may not apply. Moreover, char-
ging currents encountered in environments beyond the laboratory may be variable,

depending on the type of battery management system in use [32, 33, 34].

2.1.4 Cycle Counting

This is the simplest method of all, involving a counter that keeps track of the number
of charge and discharge cycles undergone by the battery [6]. It is commonly used in
laptop computers or small electronic products such as cellphones. If the total number
of cycles that the battery can be expected to undergo across its life is provided by the
manufacturer, and the current cycle number is known or can be calculated, battery
SoH can theoretically be determined. However, the method is based on numbers of

complete charge-discharge cycles, whereas batteries are frequently charged after only
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partial discharge. Conversion coefficients, determined experimentally, are generally
used to circumvent this problem, although it remains unclear as to how accurate
these are. Another problem lies in the inability of cycle counting to account for
extreme operating conditions that may affect the battery’s functionality, or other

aspects of any single battery’s individual usage history [4].

2.1.5 Other Methods

Other methods mentioned in Figure 2.1 include ultrasonic inspection, which uses
wave reflection, refraction and pattern transformation to characterise internal de-
gradation processes in a battery. Electrochemical models attempt to describe the
internal electrochemical dynamics of the cell, while destructive methods involve bat-
tery disassembly and use of methods such as spectroscopy, X-ray diffraction and
scanning electron microscopy. Obviously, this involves permanent damage to cells,
and is suitable only for laboratory investigations. Sample entropy relates to a sys-
tem of measures of system complexity, originally developed for use with noisy data
sets from biological systems (e.g., cardiovascular studies) [35]. Further discussion
of these methods is beyond the scope of this review, and the reader is referred to
papers covering these topics [6, 7]. They are mentioned here to illustrate the wide

variety of approaches to the measurement of battery SoH.

2.2 Battery Impedance and State of Health

We know that the ability of a rechargeable battery to store energy and provide power
decreases over the lifetime of the battery. However, as indicated above, SoH defini-
tion and characterisation lack clarity, despite over a century of battery development
and decades of discussion in the literature. Nevertheless, there is a consensus, ex-
emplified by recent reviews such as that of Xiong et al. [6], that battery SoH can be
characterised by a unit’s capacity and internal resistance, which are stated to reflect
energy capability and power capability, respectively [36, 37].

Studies of internal ageing mechanisms in lithium-ion batteries (for example)
indicate that capacity loss is chiefly due to loss of lithium inventory, active material
decomposition and structural changes [38, 39, 40], while increasing internal resistance
is attributed mainly to growth of the solid electrolyte interface (SEI: to be discussed

in more detail later).

2.2.1 Electrochemical Impedance Spectroscopy

Notwithstanding the wide variety of direct and indirect methods briefly discussed
above (Section 2.1), impedance measurement has become well established as the
method of choice for the characterisation of battery behaviour and properties, and

thereby the estimation of SoH. The preferred approach is electrochemical impedance
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spectroscopy (EIS), a powerful and non-destructive tool in which the properties of a
battery (or a variety of other systems) can be deduced by characterising impedance
over a wide frequency range. KIS possesses a number of features that underlie
its popularity and utility when compared with other methods: it provides a great
deal of useful information suitable for further analysis [41], can be used to separate
and quantify impedances related to the cell bulk, interfacial layer, charge transfer
reaction, and diffusion processes with a single experiment, can be carried out under
operating conditions, and is relatively straightforward and inexpensive [31]. It is
also highly accurate, is a reliable indicator of SoC, and provides information that
can be used to predict SoH [7].

Details of EIS and its applications are available from a number of good sources
(e.g., the text by Lasia [41] and several recent reviews [31, 30, 42]), and a brief

overview of the technique and how it applies to our research is given here.

Impedance (Z) of an electrochemical system around some steady or quasi-steady

state can be determined by [30]:

1. Applying a sequence or set of small-signal AC currents, expressed (for sinus-

oidal signals) as the complex exponential I(t) = |I|e/(“iter);
2. Measuring the voltage response V(&) = |V |e/(@iHov),

3. Calculating Z(w) = %ej(qj‘/_‘m) = %[cos(d)) + 7 sin(¢)].
The complex impedance Z(w) is made up of real and imaginary parts:

Z(w) = Zpcos(¢) + jZosin(¢)

where Z! ., = Zy cos(¢) is the real part of the complex exponential, which represents
the resistance of the system; Z{;mg = Zysin(¢) is the imaginary part of the complex
exponential, which is related to capacitance or inductance and represents energy
storage [31].

Impedance spectra can be produced in two different ways: Bode plots, showing
magnitude and phase shift across the measured frequency range, and Nyquist plots
(also known as Argand diagrams) that show the real and imaginary parts of Z(w)
using cartesian coordinates (Figure 2.8). Nyquist plots are more commonly used
by electrochemists, and are seen more frequently in the literature, because of a pre-
vailing consensus that ECMs can be more easily deduced from them [41]. However,
frequency information is implied only, not shown clearly (see Figure 2.9), and this

has implications for the present research.
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Figure 2.8: EIS spectroscopy representation according to Nyquist (Argand) and
Bode plots. These diagrams indicate a parallel RC circuit with R = 1002 and C' =
20 uF. Reproduced from Choi et al. [31] with permission.
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Figure 2.9: Tridimensional EIS impedance plot. Note the relationship of the real
and imaginary impedance to frequency, which is implied but not readily evident on
the more usually seen two-dimensional Nyquist plot. Reproduced from Lasia [41]
with permission.
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2.2.2 Electrochemical Impedance Spectroscopy and Equivalent Cir-
cuit Modelling

The shape of and the relative positions of elements in a Nyquist plot show how Z/__,

and Zgnag change relative to each other with decreasing frequency, and thus suggest
the likely components that might be used to construct an ECM that mimics the
measured behaviour. For example, the diameter of the semicircle in Figure 2.10
indicates the resistance of the parallel resistor (100 €2) on the real axis, while the
maximum point on the imaginary axis is observed at w = 1/RC, where RC is the

time constant of the system.
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Figure 2.10: (a) Equivalent circuit model and (b) Nyquist plot of a parallel RC
circuit. Reproduced from Choi et al. [31] with permission.

Addition of a series resistance to the parallel RC circuit yields the Nyquist plot
in Figure 2.11. The series resistance shifts the starting point of the semicircle to
higher Z!_, values.

Before discussing ECMs and their relationship to Nyquist plots further, we note
that modern electrochemical ECMs are generally based on the seminal work of
Randles [43], who proposed in 1947 that a battery ECM should consist of a net-
work consisting of two capacitors and two resistors to represent the capacity and
resistance equivalent to the electrode reaction, the ordinary double layer capacity of

the electrode surface, and the electrolyte resistance.
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Figure 2.11: (a) Equivalent circuit model and (b) Nyquist plot of a parallel RC
circuit with series resistance. Ro = 20€2, R; = 100€). The semicircle x-axis intercept
at 12082 represents the sum of the polarisation and bulk resistances; the diameter of
the semicircle represents the polarisation resistance (10012). Reproduced from Choi
et al. [31] with permission.

Randles used a capacitor to model the electrical double layer (the Gouy-Chapman-
Stern layer) between the electrode and the electrolyte on the assumption that an
electrode is ideally polarisable. We now know this not to be the case for solid elec-
trodes. At such electrodes, the double-layer capacitance is not purely capacitative,
and may display frequency dispersion [41]. This is attributed to dispersion of time
constants, 7 = R;Cy;, and dispersion due to surface adsorption and diffusion pro-
cesses (kinetic dispersion) [44]. Such behaviour cannot be modelled by simple RC
circuits, and in such cases Randles’ double-layer capacitor is replaced by a CPE, or
fractional capacitor, as originally proposed by Cole and Cole in 1941 [45]. Brug et
al. suggested in 1984 that the interface between a solid electrode and an electrolyte
can be mathematically described by an equivalent circuit consisting of a faradaic

resistance in series with a CPE [46].

A fractional order capacitative element can be characterised by its impedance as

1
Z = ——— fi 1 2.4
CPE Cr(jw) or a€(0,1) (2.4)
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where « is a fractional order exponent, and C, the pseudo- or fractional capacitance,
is a constant with dimensions Fs® ! [47]. As 1F is equal to 1CV ™!, and 1 A is equal
to 1 Cs™!, these units may alternatively be expressed as As®V 1.

Zcopg has a constant phase angle at ar/2 [48], whereas the phase shift in pure
capacitors (where @ = 1) is w/2. « is related to the deviation of the straight
capacitative line from 90 degrees by angle 90(1 — «) degrees [44].

When we consider that j~* = cos(an/2) — jsin(an/2), then Zcpg (see above)

may be expressed as

(2.5)

Zopp [cos(om/Q)] . lsin(aw/Q)}

(Cr)w (Cp)we
which means that the impedance of this element is no longer purely imaginary. Thus,
the CPE represents a non-ideal or leaking capacitor, and causes energy dissipation
because of the presence of a real impedance [44].

If jw = s, then:

Z(s) = ‘;((j)) = Cflsa (2.6)
and
I(s) = Cys*V(s) (2.7)

The inverse Laplace transform of (2.7) gives the current through a CPE in the

time domain:

d®v(t)
dte

After a potential step, current decreases proportionally to t~%. Thus, it never

i(t) =Cf

(2.8)

reaches zero, which means the electrode charge goes to infinity. Obviously, this is
impossible, the electrode cannot be called ideally polarisable, and cannot physically
exist. Also, it must become ideally polarisable somewhere beyond the measured
low frequency range [44]. A more detailed discussion of CPE behaviour in the time
domain can be found in a recently published review by Gateman et al. [49].

The name “constant phase element” originates from behaviour on the complex
plane and in Bode plots (Figure 2.12). The complex plane plots deviate from the
ideal capacitor case by 9° for a = 0.9 and by 18° for @ = 0.8 (note that Lasia refers
to « as ¢ [44]). The Bode phase angle is always constant and equal to 90« degrees,
and the slope of the logarithmic Bode magnitude plot equals . For a series R-CPE
circuit (Figure 2.13), the slopes in the complex plane are the same as in Figure
2.12, and the Bode plots approach those for the CPE only at lower frequencies [44].

This has implications for frequencies of measurement, and we will return to this later.

This brings us to Randles’ cell model [43], which models interfacial electrochem-
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ical reactions in the presence of semi-infinite linear diffusion of electroactive particles
to flat electrodes. The basic model consists of ionic resistance in series with a double
layer capacitance which is in parallel with a charge transfer resistance associated
with a faradaic reaction [50] (Figure 2.14). The key assumption is that the rate of
the faradaic reaction is controlled by diffusion of reactants to the electrode surface.
The diffusional resistance is represented by a Warburg impedance in series with the
charge transfer resistance. The Warburg impedance is a function of w=%? [51], such
that

ZWarbuT’g = O-/(j(“‘})o.5 (29)

where o is the Warburg coefficient [50].

The Warburg impedance cannot be represented by simple R, C, and L paramet-
ers, has real and imaginary parts of the same value [51], and is essentially a CPE
with « fixed at 0.5.

As discussed earlier, modern electrochemical and distributed time constant the-
ory accepts that Randles’ double layer capacitor will become a CPE [12, 47]. Thus,
a Randles circuit will contain two fractional elements, and it becomes clear that any

useful battery model must be fractional in nature.

2.2.3 Measurements, Interpretation and Model Complexity

Battery research literature in which characterisation is based on interpretation of
EIS spectra has tended to focus heavily on modelling based on Nyquist plots, where
each shape or pattern in the plot signifies a circuit element (Figure 2.15).

This has resulted in the generation of complicated ECMs with many elements,
each representing a battery component or characteristic (Figure 2.16).

The level of complexity needed in a battery model remains a contentious topic in
the literature. The choice of ECM, informed by Nyquist EIS spectra, has been stated
to depend heavily on cell chemistry and detailed characteristics [52]. Some authors
assert that there is no standard model that can fit all battery types [31, 52], and
that it is necessary to customise models by adding and subtracting circuit elements,
depending on cell characteristics (e.g., [53, 54, 55, 56]). Nevertheless, the need to
minimise circuit elements for practical impedance analysis has also been pointed
out [31]. Berthier et al. suggested in 2001 that most ECMs containing CPEs are
only distinguishable in a noise-free experimental environment [57]. When noise
is introduced, theoretically distinguishable two-terminal circuits frequently become
numerically non-distinguishable.

In the meantime, the literature continues to fill with various ECMs which differ
greatly in their physical significance but which often produce very similar EIS spec-

tra [58]. In an attempt to rationalise this confused state of affairs, some researchers
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Figure 2.14: (a) Equivalent circuit model and (b) Nyquist plot of a Randles circuit.
Note that R; represents the charge transfer resistance, which in series with the
Warburg element (W) presents the diffusional resistance, C is the double layer
capacitance (often replaced by a CPE), and Ry is the ionic (solution) resistance.
The Warburg impedance appears as a straight line, starting at the charge transfer
resistance, with a 45 degree slope. The total impedance shows as a semicircle due
to coupling of the charge transfer resistance with the double layer capacitance at
high frequencies and a straight line due to Zyw arpurg at low frequencies. Reproduced
from Choi et al. [31] with permission.

have developed formulae to convert between different circuit models that produce
identical spectra [58], or to automate via machine learning the fitting of measured

data to physical models [59].

Furthermore, many ECMs still consist of a voltage source with a network of
elements fitted to a cell impedance; several models of this type are illustrated in
Section 2.1.2. These Thévenin-type RC models have been preferred by researchers
because they offer an additional degree of freedom when characterising SoC, but
have been shown to be unsuitable for modelling the runtime characteristics of a
cell [60, 61].
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2.2.4 Electrochemical Impedance Spectroscopy and Battery State
of Health

Studies such as those of Wang et al. [62] and Westerhoff et al. [52] are good examples
of the use of EIS to model SoH. Wang’s group fitted an impedance model while
attempting to account for temperature and SoC. Impedance of the battery was
mapped over the temperature range 5°C to 45°C, and SoC from 10% to 90%, while
varying SoH from 1.0 to 0.8 (by using ageing cycles) to represent the typical life
cycle of a battery. No fewer than 200 impedance sweeps covered a frequency range
from 10mHz to 1kHz, but nevertheless resulted in an inadequate model with an

error of 10% or more under most scenarios [62].

Westerhoff et al. [52] used EIS spectra with circuit model parameter estimation
guided by the Levenberg-Marquardt algorithm (which is stated to be particularly
robust against poor starting parameters). Experiments were performed across the
temperature range 50°C to —20°C, SoC 100% to 0%, and SoH 100% to 86% after
cycling at 1C. The lower limit of frequency measurement was 5 mHz. Evolution
of Nyquist plots (Figure 2.17) showed increasing resistance with ageing, which
was stated to be irreversible, with expansion of the second semicircle in the plot
indicating increased charge transfer resistance. Increasing impedance caused by
depletion of free lithium ions in the electrolyte and growth of the SEI layer shifted
the entire impedance spectrum further into the capacitative range of impedance,

with an increase in the zero crossing frequency.

These authors fitted no fewer than nine circuit models of progressively increasing
complexity to their measured data. A simple resistance-only model was deemed suit-
able for high voltage grid applications, RC circuits with up to five parallel elements
arranged in series were suggested for smart grid integration or EV use, and one to
three R-CPE elements were recommended for EV or diagnostic use. Fits of R-CPE
model data to measured data are shown in Figure 2.18, with good agreement by
standard and average deviations. Despite the apparent complexity of their work,
Westerhoff et al. acknowledged the utility of CPE-based models for diagnostic use,
and warned against the assignment of excessive numbers of circuit elements [52].

These papers illustrate the issues encountered when attempting to characterise
battery SoH, especially when models are expanded to include other parameters such
as SoC and temperature.

A literature search using the University of Waikato’s library search engine with
the search string “‘battery’ AND ‘impedance’ AND ‘state of health’” yielded over a
thousand hits from the most recent five years alone. Despite the number of public-
ations and obvious keen interest from many centres in rechargeable battery charac-
terisation and SoH prediction, there is still no clear direction.

A selection of papers flagged as most relevant is summarised in Table 2.2. For

example, Cui et al. [63] claim to have developed a model based on impedance and
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OCYV determination using charging curves that is suitable for battery management
system implementation, notwithstanding the problems with voltage-capacity charac-
terisation alluded to in Section 2.1.2 of this review. Yang et al. [64] used a fractional
approach, using terminal voltage to approximate OCV. However, the state of a frac-
tional element cannot be described by its terminal voltage, as demonstrated using
Laplace circuit theory by Hartley et al. [65]. The terminal voltage of a capacitor
reflects the energy stored within it through

1
E = 5(Jv2 (2.10)

and charge stored through
QR=CV (2.11)

but, as illustrated in Section 2.1.2, no such single-value functions exist for a fractional
device, and therefore a battery.

Some authors have experimented with alternatives to the usual multisine stimuli
used with EIS. Locorotondo et al. [66] used pseudo-random binary sequence (PRBS)
excitation (a deterministic and periodic sequence of length M that switches between
two logic levels {0,1}), while Mingant et al. [67] studied the power spectral density
of a “quasi-EIS” (QEIS) spectrum based on free current and voltage signals arising
from acceleration and regenerative braking in an EV. Alternative approaches such as
these have not been widely accepted, however, and do not address the fundamental
problems relating to battery characterisation as discussed here. Moreover, past
experiments using daily driving and charging cycles with an electric scooter failed

to yield useful spectral data [68].

2.2.5 Electrochemical Impedance Spectroscopy, Battery Modelling
and the Solid Electrolyte Interface

The first semicircle visible on a Nyquist plot obtained using EIS (see Figures 2.15
and 2.16) represents the impedance of a layer that forms on the interface between
the electrode and the electrolyte in a lithium-ion battery. This layer is called the
SEI is generated via decomposition of the electrolyte, and provides a protective film
to suppress further decomposition of the electrolyte. It also protects the anode [71],
and is known to be a key physical marker of battery ageing and degradation [72]
(Figure 2.19).

Zhang et al. [73] conducted EIS studies on the surface of graphite in lithium-ion
cells and reported the formation of a relatively resistive preliminary SEI at approx-
imately 0.15 V, followed by a highly conductive layer at 0.15-0.04 V. Thus, SEI layers
with two different characteristics are formed, according to the voltage region in the
anode [73]. Furthermore, the resistance of the SEI layer (Rsgy) was found to be
very sensitive to the reactivity of the electrolyte during the first lithiation cycle [73].
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Table 2.2: Studies relating electrochemical impedance spectroscopy (EIS) to battery

state of health (SoH).

Reference

Methods

Conclusions and comments

Cui et al. [63]

e Real-time parameter identification
based on voltage response to charging
curves to identify ohmic and charge
transfer impedance

e Fast OCV determination based on short
charge-discharge (2 minutes each) current
pulses

e Real-time impedance and OCV data
used to develop an “SoH diagnosis ECM”
e Ageing experiments conducted by cyc-
ling 1.15Ah prismatic LiCoO2/MCMB
(mesocarbon microbead) batteries

e Impedance measured with Solartron
1250B frequency response analyser,
5mHz to 20 kHz, amplitude 5 mV

e Rapid identification of impedance and
OCV based on charge-discharge curves
stated to be effective for development of
SoH diagnosis model

e The authors state: “This method can
identify ohmic impedance and charge
transfer impedance from internal imped-
ance and realize the transformation of
Warburg diffusion impedance from fre-
quency domain to time domain”

e “Fast determination method of OCV is
proposed based on the short-time and low
current pulse to realize real-time measure-
ment and identification of the OCV”

Jiang et al. [69]

e LiMnNiCoO2 + LiMn20O4 35 Ah batter-
ies

e Cycled up to 520 times at C/3 to simu-
late ageing

e EIS measured from 10 mHz to > 100 Hz
after cycling at C/20, C/2 and 2.5C

e Both impedance and available capacity
should be taken into account in the eval-
uation of SoH, especially with high dis-
charge current

e The authors state: “The ageing of the
batteries has a significant impact on the
impedance characteristic”

e At frequency > 100 Hz, “there is a signi-
ficant difference between the phase angles
of different aging impedance. The abso-
lute value of the impedance increases con-
stantly with the batteries (sic) aging”

Kim et al. [70]

e Compared cell impedances at different
SoCs, SoHs and temperatures

e EIS with IM6ex unit (Zahner-Elektrik
GmbH & CoKG), 200mHz to 2kHz,
100 mA, lithium-ion 18650-26F 2.6 Ah
batteries

e Cells cycled to simulate ageing to 80%
nominal capacity

e Also presented test system to meas-
ure impedance during charging and dis-
charging (1C) at frequencies from 1 Hz to
250 Hz

e Lower impedances and less impedance
change between different SoCs at higher
frequencies

e Impedance increased linearly as SoH de-
creased

e Charge-discharge test system not suit-
able for online use because DC bias was
fixed at 1C, whereas in a real-world sys-
tem operating current changes frequently

Locorotondo et
al. [66]

e EIS using PRBS as a rapid test altern-
ative to a multisine signal

e Frequency band 4-1600 Hz

e LiMnNiCoOs2 20 Ah cells, ranging in
condition from new to end-of-life (by re-
peated cycling)

e 50 Hz and 500 Hz PRBS are good indic-
ators of battery SoH

e Most reliable results obtained with bat-
teries at 20-80% SoC, PRBS discharge
current amplitude C/4

ECM, equivalent circuit model; OCV, open-circuit voltage; PRBS, pseudo-random binary sequence; SoC,

state of charge.
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Reference Methods Conclusions and comments
Mingant et o “Quasi-EIS” (QEIS) spectrum based on e Ohmic resistance and capacitance of the
al. [67] free current and voltage signals arising ECM evolved monotonically with capa-

from acceleration and regenerative brak-  city fade
ing in electric vehicle

e QEIS analysed using power spectral

density (PSD); spectral results used to de-

velop ECM based on series resistance, a
capacitance and resistance in parallel, and

a series CPE

e LiFePOy4 1.4 Ah cells (66-cell modules),

subjected to ageing protocols

Yang et al. [64] e EIS (frequencies not apparent) with e Changing charge capacity across vari-

fractional Grunwald-Letnikov model ous voltage intervals was linked to capa-
e OCV, approximated by terminal city fade and used to develop a fractional
voltage, included in model model of battery ageing

e LiMnNiCoO2 2950 mAh batteries e The authors stated that: “A back

propagation neural network method was
utilized to successfully estimate battery
SoH with an error margin of —1.5% to
1.5% without a special state observer or
filtering approach”

ECM, equivalent circuit model; OCV, open-circuit voltage; PRBS, pseudo-random binary sequence; SoC,
state of charge.
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Figure 2.19: Electrochemical intercalation of lithium at a graphite electrode. Note
the reaction of lithium with components of the electrolyte to form the solid electro-
lyte interface (SEI). Adapted from Pinson and Bazant [72].
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Other authors have reported that the major component of the SEI is lithium di-
ethylene dicarbonate (LEDC), a compound with high lithium ion conductivity but
low electrolyte conductivity (hence its protective effect at the electrode) [74].

Pinson and Bazant [72] used a single-particle model (modelling capacity fade
by considering only the loss of lithium to the SEI on the negative electrode on the
assumption that other sources of capacity fade can be neglected). They were able
to accurately model observed capacity fade, and predict future fade, in cells with
graphite anodes. Extension to porous electrodes indicated homogeneous SEI growth
throughout the electrode (even at high rates). The lifetime distribution across a
sample of batteries was found to be consistent with Gaussian statistics, as predicted
by the single-particle model [72].

The formation and cyclic performance of the SEI can be improved by the addition
of agents such as vinylene carbonate to the electrolyte prior to lithiation [71]. The
SEI can also be damaged by extreme operating conditions or abuse, which manifests
as reduced battery performance and accelerated ageing [75]. Changes in Rgps that
are visible on EIS spectra can indicate failure after over-discharging leading to SEI
breakdown/decomposition and reformation [76].

In addition, a number of researchers have reported the formation in some nano-
structured anode materials of a reversible film which contributes to capacity beyond
that reported theoretically for a battery [77, 78, 79, 80, 81]. This “reversible” SEI
formation with extra capacity is not well understood. All these observations have
implications for observed characteristics of batteries under different usage conditions,
and would need to be accounted for in any battery model derived from conventional

EIS techniques.

2.3 New Approaches with Extra-Low Frequency Meas-

urements

The battery research community’s preoccupation with the use of EIS to generate
Nyquist plots in order to replicate individual electrochemical processes in batteries
has resulted in a plethora of complicated and inconclusive ECMs, and has caused
most workers to overlook a fundamental principle behind what is being measured
and why. Lasia has pointed out that Nyquist plots lack frequency information,
whereas Bode plots of magnitude and phase contain all the necessary detail [82].
Other authors concur [52, 31].

Mauracher and Karden noted as long ago as 1997 that rechargeable batteries
ought to be measured and characterised at frequencies that reflected their usage
patterns [83]. These authors suggested that measuring down to 1 uHz, representing
a period of approximately 278 hours, yielded useful information relating to diffusion

outside the electrodes in a battery. The research community appears, oddly, to have
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ignored this observation, which is surprising because rechargeable batteries are often
found in appliances that are charged daily, which corresponds to a cycling frequency
of approximately 11.6 uHz. All publications reviewed here and previously discuss
the fitting of models using impedance data obtained at frequencies no lower than
1-5mHz. Unfortunately, however, Mauracher and Karden adopted the position that
only frequencies down to 50 uHz were necessary (and subsequently modelled down
to 68 uHz, although they measured down to 6.8 uHz) because EV driving does not
usually take more than 2 hours. In addition, they provided incomplete descriptions

of how they obtained their data, which were sparse and noisy at lower frequencies.

2.3.1 Advances in Extra-Low Frequency Battery Impedance Meas-
urement

Scott and Hasan described in 2019 a method suitable for ELF battery imped-
ance measurement [84]. A sinewave current was delivered using a two-quadrant
power supply (Agilent 66332A) or a four-quadrant source measurement unit (SMU,
Keithley 2460A or Agilent E5270). Current and voltage were logged, and mag-
nitude and phase of both at frequencies of interest were determined using a DFT to
yield complex impedances. The authors noted that decreasing frequency required
decreasing stimulus current in order to limit the charge moved to a value within the
capacity of the battery under test [84, 85].

The proposed method was used to measure the impedance of an 800 mAh 14500
lithium-ion battery. External temperature was maintained at 25°C, and SoC at 62%.
The data yielded a Bode plot (Figure 2.20) with a slope that was not 1 (as would
be expected for a pure capacitance) but « in accordance with the fractional theory
summarised in Section 2.2.1. From Section 2.2.2 and Equation 2.8, the characteristic

CPE equation is

. d*u(t)
t)=0C 2.12
i(t) = ¢ (212)
which is represented by an impedance in the Laplace domain of
Z ! (see also Equation 2.4) (2.13)
cPE = ——— (see also Equation 2. )
Cy(jw)™

while phase is constant at amr/2 (Section 2.2.1).

Inspection of the figure shows how the impedance of the CPE dominates at lower
frequencies, with the phase settling to approximately 76 degrees, and the slope of
the magnitude showing a straight line with slope less than 20 dB/decade. The ohmic
series resistance of the battery, Rg, is 0.12 ).

The measured data were compared with two ECMs (Figure 2.21) which were
simulated in SPICE using the method of Scott and Single [86] with corrections
by Seshadri and Scott [87]. This method uses a theoretically infinite lumped RC
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Figure 2.20: Impedance magnitude (left vertical axis, blue traces) and phase (right
axis, grey traces) of a 14500 lithium-ion battery for frequencies starting at 10 uHz.
Measured data (lines with symbols) compared with those generated by an R-CPE
mathematical model (dashed lines) and a split-CPE model (solid lines) simulated in
SPICE [84].

approximation to model the behaviour of a CPE, and is based on mathematics
originally published by Morrison in 1959 [88].

CPE RS

Figure 2.21: Equivalent circuit models suggested by impedance plots at extra-low
frequencies [84].

Like the earlier model suggested by Brug et al. in 1984 [46], these new models [84]
required few variables, but fitted measured low-frequency data accurately. Note also
that the models contain only one element that is capable of storing energy: the
CPE, which is described by C; and «. This is important, because it suggests that
any change in SoH should be reflected by changes in either or both of these two
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parameters. Moreover, there is no need to add an arbitrary voltage source to the
model (as done by many other researchers); such added sources have nothing to do
with the way the battery stores and releases energy, and are unnecessary.

The results of the new experiments showed for the first time a possible connection
between SoH in a rechargeable battery and the parameters Cy and a. These para-
meters are not readily apparent when measurements are made at high frequencies,
and C cannot be deduced from a Nyquist plot (although a Nyquist plot may show «a
if measurements extend to low enough frequencies: the gradient of the straight con-
stant phase line as illustrated for a Warburg element in Figure 2.14 is the tangent
of ). Further data obtained in lithium nickel manganese cobalt oxide batteries [89]
suggest that Cy falls in conjunction with repeated cycling and falling capacity, and
that the magnitude and phase of impedance change. The research described in the

present thesis continues these efforts to characterise ageing in batteries.
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3.1 Measuring Batteries at Extra-Low Frequencies

The original research component of this thesis begins in the frequency domain with
a continuation of the work described in Section 2.3.1: impedance measurement by
EIS of batteries at ELFs, and investigation of the connections between these meas-
urements and battery ageing. New methods to obtain better quality EIS data and
their application in the development of an improved battery model that is detect-
able only at ELFs and is based on only a small number of circuit elements (see
Section 2.3) but that can nevertheless accurately characterise the battery and its
condition are discussed. The novel EIS approaches include the use of frequency-
division and time-division multiplexing of non—small-signal (working) currents with
small-signal measurement tones. Note that the effects on charge movement at the

electrode level in the time domain are discussed further in Chapter 4.

Following some introductory notes, this chapter presents a discussion of charge
distribution difficulties that may be encountered when measuring at ELFs, and a
charge leakage problem that was encountered with the 66332A units and its solu-
tion. The paper “Achieving Reliable and Repeatable Electrochemical Impedance
Spectroscopy of Rechargeable Batteries at Extra-Low Frequencies” that was pub-
lished in “IEEE Transactions on Instrumentation and Measurement” in June 2022

is then presented.

3.1.1 The Rationale For Extra-Low Frequency Measurements

The need to measure rechargeable batteries at frequencies that reflect their real-
world usage patterns (i.e., daily or weekly cycles of charging and discharging) was
acknowledged as long ago as the 1990s [83], but this need has been largely ignored
by the battery research community. Among the reasons for this are the difficulties
associated with making these measurements. These difficulties are addressed in the
paper that follows, and include briefly poor or non-availability of suitable commer-
cial impedance meters, very long measurement times, problems with consistency or
repeatability of measurements, and interference of transient time domain phenom-

ena.

Note that, in addition to the frequency-division and time-division multiplexing
working current methods described in this section, a third method involving a high-
current pilot tone was also originally tested. The pilot tone is a single frequency
sinusoidal stimulus set well above the measurement frequencies of interest (e.g.,
20 mHz or higher) notwithstanding the problems this might cause in terms of charge
distribution (see Section 3.2). This method was found to produce poor quality and
inconsistent impedance data, with erratic phase information in particular, and was
abandoned. This will be discussed further in Chapter 6.
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3.2 Relationship Between Charge Transfer and Frequency

A fundamental problem of making ELF impedance measurements relates to control
over the movement of charge. We would like to be able to measure down to 1 yHz, or
even lower. A half cycle (which would involve continuous charging or discharging) at
this frequency would occupy more than 11 days. This may exceed the charge excur-
sion capabilities of the battery, a problem which has in the past caused researchers

to abandon ELF measurement attempts [90].

If a small signal being used to measure impedance has an amplitude of Iy and

frequency f, its time domain equation will be
I = Ipsin(27 ft) (3.1)

As discussed by Scott and Hasan [84], the integral of current will show the amount
of charge transferred to and from the cell. The area under the positive half cycle
is the amount of charge moved into the cell, J;, and the negative half of the cycle

represents the amount of charge moved out of the cell, Quq:

/2 T/2
Q= [ 1dt = [ Iosin(enpt)d (3.2)
0 0
and
T T
Quie= [ Idt= [ Iysin(2nsfe)t (3.3)
T/2 T/2

Integration of (3.2) and (3.3) results in

Qun = 5= loos(2m O]} = —5 Lefeos(mT) =1 (3.4
and I
Qo =~ 5 oos(2nT) — cos(w T) (3.5)
However, fT = 1, which leads to
Qin = 7{; (3.6)
and I
Qout = = (3.7)

The negative sign denotes the direction of the charge flow with respect to the source.
The net overall charge movement over one complete cycle should be AQ = 0, oth-
erwise there may be unexpected waveform distortion.

Note that the peak amplitude of the charge delivered is dependent on the fre-
quency of the signal. As frequency decreases, the current stimulus must be reduced

to prevent the charge excursion flattening or overcharging the battery. Low current
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stimuli should therefore be used at ELFs. The bzdcp66 software used by the Bat-
tery Modelling Group (see Section 1.5 and the paper presented later in this chapter)
requires the user to set the total charge that may be sourced or sunk; if this limit
is exceeded, the measurement will abort. When carrying out ELF measurements,
current stimuli may need to be set so low that noise could potentially become a
problem, but early experiments upon which the research presented here was based
indicated that measurements down to at least 1 uHz would be feasible, and data
discernible above the noise floor.

There is also a potential problem associated with excessive peak-to-peak amp-
litude of the signal when adding a number of frequencies together. This is seen in
communications and in applications such as radar and sonar where there is a need
to maximise average power for a given amplitude range. The problem was high-
lighted by Schroeder in 1970, who defined peak factor as the difference between the
maximum and minimum amplitudes of the signal divided by its root mean square
value, and proposed a method for adjusting the phase angles of the components of a
signal to yield low peak factors (equivalent to a single sinusoid of equal power) [91].
Schroeder’s equations were accordingly incorporated into the bz3p66 and bzdcp66

programs described in Section 1.5 and in the paper that follows.

3.3 Charge Leakage

A problem encountered with analog-to-digital conversion (and vice-versa) and appar-
ent charge leakage with ELF impedance measurements should also be acknowledged
here. The HP/Agilent/Keysight 66332A two-quadrant source measurement units
used in these experiments admit up to 12 and 16 bits, respectively, for digital-to-
analog and analog-to-digital conversion. Ideally, when constructing signals digitally,
a measurement unit should round towards zero, but the 66332A units were found to
round down. This becomes a problem when making very long measurements, even
when 12 or 16 bits of resolution are available. The problem manifests as the battery
discharging very slowly during the measurement (Figure 3.1).

This type of error can be corrected by monitoring charge and adjusting for any
drift during the measurement. Alternatively, the data may be adjusted to eliminate
the ramp after the measurement is complete but before processing; this option is
available in the discrete-time Fourier transform software used in these experiments.
Any slope or offset is detected using linear regression and removed from the voltage

and current data before impedance magnitude and phase are calculated.
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Figure 3.1: Cumulative charge during EIS measurement using a 66332A two-
quadrant source measurement unit down to 1puHz (three cycles of the lowest fre-
quency requested) on a 2600 mAh ICR (lithium cobalt oxide) 18650 battery. Note
the overall loss of charge over the course of the measurement (approximately 35
days).
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Achieving Reliable and Repeatable Electrochemical
Impedance Spectroscopy of Rechargeable
Batteries at Extra-Low Frequencies

Christopher Dunn

Abstract—There is a need for techniques for efficient and
accurate measurement of the impedance of rechargeable batteries
at extra-low frequencies (ELFs, of the order of microhertz),
as these reflect real usage and cycling patterns, and their
importance in fractional battery circuit modeling is becoming
increasingly apparent. Major impediments include the time
required to perform such measurements and ““drift” in impedance
values when measurements are taken from the same battery at
different times. Moreover, commercial impedance analyzers are
generally unable to measure at these frequencies. We describe
here our use of programmable two-quadrant power supplies to
deliver multiple small-signal measurement tones in the presence
of large-signal “working” currents, and our use of these data
to generate impedance measurements with good precision and
in reasonable time. The improvement in the quality of electro-
chemical impedance spectroscopy (EIS) data is verified through
root-mean-square error (RMSE) when fitting equivalent-circuit
models (ECMs).

Index Terms— Electrochemical impedance spectroscopy (EIS),
equivalent-circuit model (ECM), extra-low frequency (ELF),
impedance, measurement, rechargeable batteries.

I. INTRODUCTION
LECTROCHEMICAL impedance spectroscopy (EIS) is a
powerful and non-destructive tool by which the properties

and characteristics of a battery can be deduced by determining
impedance over a wide frequency range [1], [2]. EIS is claimed
to be a reliable indicator of state of charge (SoC) [3], [4]
and state of health (SoH) [5]. The battery research community
has traditionally tended to focus heavily on equivalent-circuit
models (ECMs) fitted to EIS data. These circuit models are
considered key to prediction of SoC and SoH [2], [5]-[8],
although the reliability of some claims, particularly around
SoC, are questioned by some authors (see Mauracher and
Karden [9], for example).

Impedance spectra can be presented either as Bode plots or
Argand diagrams (also called Nyquist plots). The Bode plots
are now considered to be more informative [1]. This is because
frequency information is implied rather than shown explicitly
in Nyquist plots, while the Bode plots contain all necessary
detail [2], [7], [10]. This article will use Bode plots exclusively.
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Mauracher and Karden [9] noted as long ago as 1997 that
rechargeable batteries ought to be measured and characterized
at frequencies that reflect their usage patterns. These authors
suggested that measuring down to 10 uxHz, representing a
period of approximately 28 h, yielded useful information
relating to diffusion outside the electrodes in a battery. Mea-
surements taken at these extra-low frequencies (ELFs) provide
insights into model formulation [11] and have been shown
to aid model fitting [12]. The use of ELFs is new, which
is surprising because rechargeable batteries are often found
in appliances that are charged daily, which corresponds to a
cycling frequency of approximately 11.6 xHz.

Measuring in the ELF range is associated with a number of
difficulties. These include the time needed to make the mea-
surement. The minimum practical period for an EIS measure-
ment is the reciprocal of its frequency. To minimize the time
required, a single stimulus signal that includes all frequencies
of interest can be used [13]. The magnitudes and phases of
voltages and currents at these frequencies can be recovered
using a Fourier transform. In this case, the stimulus is referred
to as a multitone or multisine. Other complex waveforms
can be used to find impedances at multiple frequencies, for
example, a pseudorandom binary sequence (PRBS) [14], [15],
although there is a tradeoff between increasing numbers of
frequencies and the signal-to-noise ratio (SNR) of the mea-
surement.

Researchers have been faced with difficulties in finding
equipment suitable for operation at ELFs. Almost all com-
mercial impedance meters have a lower frequency limit of
1 mHz, which may have something to do with the many
investigators reporting results obtained at frequencies no lower
than this [16]-[23]. The Solartron 1260A is rated to measure
down to 10 xHz, but its use has been found to require great
care when working with “wet” systems such as batteries [13].

Modern electrochemical theory accepts that batteries exhibit
“fractional capacitance” [24], and an ECM should therefore
contain constant phase elements (CPEs) to embody battery
characteristics [12], [13], [25]. Fractional components are
associated with long decay tails after a stimulus is applied or
removed [26], [27], and these tails are thought to be among
the problems encountered when measuring “wet” systems with
the Solartron [13].

The impedance of a battery is known to “drift.” Fig. 1
shows EIS data obtained at five frequencies from a near-new

1557-9662 © 2022 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
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Fig. 1. Impedance (magnitude) of a 30-Ah AGM lead-acid battery at five

frequencies before and at various times after a charge—discharge cycle at 5 A.
The arrow shows the impedance drift over time as the battery equilibrates.

30-Ah absorbent glass mat (AGM) lead-acid battery of the
type typically found in light traction and power backup
applications. Measurements were made before and at several
times after cycling the battery and returning it to 80% SoC.
Note that small-signal impedance of the battery is halved by
cycling, with over a week being required for the battery to
re-equilibrate and return to its original state. Other reported
transient phenomena include the “coup de fouet” (“crack of
the whip”), which causes a sudden drop in voltage and change
in impedance with subsequent recovery when a fully charged
lead-acid battery is initially discharged [28].

We have observed impedance drifts in other battery
chemistries, including the lithium family, although relaxation
times seem to be much shorter. These drifts, which have
been noted by other researchers [29], make observation more
difficult and add to the frustration experienced by researchers
seeking reliable, repeatable EIS data. This article presents
novel measurement strategies that address these problems and
demonstrates the importance of measured data quality in bat-
tery characterization and accurate ECM fitting.

II. NEW METHODS FOR BATTERY
IMPEDANCE MEASUREMENT

All data obtained from the new system were measured at
22 °C with two-quadrant precision sources using four-wire
connections controlled via GPIB interfaces by Raspberry Pi
4 computers running custom software written in C. The
software utilities are: 1) bz3p66 and 2) bzdcp66 (battery
impedance with: 1) triphasic pulses or 2) added dc component
on our “Prologix/66332A” hardware) [30]. These command
line programs, which are called by scripts setting the parame-
ters for each run, minimize the risk of interference between a
small measurement signal and large “working” current sig-
nal using time-division or frequency-division multiplexing,
respectively. Both the programs make multitone impedance
measurements by sourcing and sinking current and recording
times, currents, and voltages in three-column “.tvi” data files
(timestamp, voltage, current). Default frequency ranges are
1-2-5 sequences between minimum and maximum specified
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Fig. 2. Example measurement system setup to use an HP66332A. Note the
unenclosed Raspberry Pi model 4 on the monitor base. The blue cylinder is
the battery under test, a single 40-Ah LTO cell.

values, but any set of frequencies is possible. The complex
impedance Z(w) for each frequency of interest

where Z(w) = %ej @v=e1)
is obtained from the.tvi data by performing a discrete Fourier
transform with “dftv,” a program based on software originally
described by Scott and Parker [31] for use with SPICE.

The battery used in new ELF experiments was a brand
new lithium titanate (LTO) 40-Ah 2.3-V 66160H cell. Fig. 2
depicts the equipment setup. Fig. 3 presents a block diagram of
the system. The measurement parameters were based on our
experience of battery cycling and impedance measurement,
the manufacturer’s ratings for the battery under test, and the
capabilities of the 66332A units.

A. Time-Division Multiplexing: bz3p66

bz3p66 alternately subjects the battery to a small-signal
measurement multitone and a “working” stimulus signal that
reflects a normal usage current. Interference is minimized by
reducing as far as possible the change in terminal voltage
that is seen following the application of a large working
signal (i.e., minimizing the artifact or “pulse tail” that char-
acterizes fractional elements as described earlier [27]). The
working stimulus is a triphasic pulse, a stimulus believed
from empirical observations in human-implanted electrodes to
minimize artifact tails [26]. Some mathematics confirm that

Authorized licensed use limited to: Univ of Waikato. Downloaded on June 16,2022 at 00:05:13 UTC from |IEEE Xplore. Restrictions apply.
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Fig. 3. Measurement system architecture.
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Fig. 4. Time-domain plot: bz3p66 on LTO, 30-s £3.5-A triphasic pulse
every minute. Note the 10-s “rest” after the end of each pulse to allow for
the settling of the long voltage tail that characterizes fractional devices, and
the small-signal measurement tones between the pulses.

the optimal pulse in a fractional derivative system consists of
three equal amplitude, alternating-polarity pulses in a 2-3-1
duration sequence (see Fig. 4).

bz3p66 outputs two time-domain files, one that includes the
triphasic pulse (“.ptvi”’) and one with the pulse removed: this
is the .tvi file that is used for further analysis.

The LTO battery was cycled once using a constant current-
constant voltage (CCCV) regime. The maximum (Viax) and
minimum (Vi) CV voltages were set at 2.7 and 1.8 V,
respectively; the charge and discharge CC currents were 5 A
(the maximum available from the 66332A units). CV phases
were ended at =1 A. The battery was rested after cycling for
10 min at a final SoC of 65%. Following this, bz3p66 was run
four times with working £ 3.5-A current pulses as follows:

1) 30-s pulse every 4 min;

2) 30-s pulse every 2 min;

3) 30-s pulse every minute (see Fig. 4);

4) 60-s pulse every 2 min.
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Fig. 5. Time-domain plot: bzdcp66 on LTO, £+3-A 860-uHz square wave.

Note offset measurement tones.

The measurement tones were 1-2-5 sequences from 10 yHz
(three cycles) to 1 Hz. The maximum total charge that could
be sourced or sunk (d Qmax) Was set at 5 Ah (0.125C). This
charge is distributed across all measurement tones.

B. Frequency-Division Multiplexing: bzdcp66

bzdcp66 performs battery measurements by exposing the
battery to a small-signal multitone and a working stimulus
signal simultaneously. This is accomplished by superimposing
the EIS multitone on a periodic square wave which aims to
mimic the effect of a working dc signal (see Fig. 5).

The battery was cycled to 65% SoC as for bz3p66 and then
subjected to sets of consecutive bzdcp66 runs as follows:

1) three runs with 3-A square wave (ly.) at a frequency of

860 uHz (fac), i.e., a period of approximately 20 min;

2) three runs with I;. 35 mA with the same fy. (i.e.,

negligible working current signal);

3) cycle again to reset and ensure SoC;

4) repeat.

The measurement tones were 1-2-5 sequences from 20 yHz
(three cycles) to 2 Hz. d Omax Was 5 Ah, distributed across all
measurement tones as with bz3p66.

The working and EIS signals for bzdcp66 are selected so
that their spectra do not overlap. This is done by choosing EIS
frequencies that are multiples of fj, the lowest frequency, and
powers of 2 or 5

ftest =2F x 59 x fO (l)

where fi 1S a test frequency, and p and ¢ are integers. Thus,
each frequency in the multisine has the prime factors 2 and
5 only in its multiple of fy. The square wave is then given a
frequency that is a multiple of fy but that does not have 2 or
5 as prime factors, for example

fae=T x 11 x 13* x 17" x fy (2)

where i, j, k, and [ are integers. This suggests that fy. might
be a multiple of 7, 11, 13, 17, etc.

As a final check, all odd multiples of fg. can be compared
with each multisine tone, and a larger factor is chosen for fic
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if there are “near-miss” differences that might pollute adjacent
tones in a windowed Fourier transform. For these experiments,
860 ©Hz was chosen as this is a multiple of 43 (a prime
number) and the fundamental frequency of 10 xHz, and it
has no harmonics close to any of the test frequencies.

C. Data Quality Evaluation: ECM Fitting

The quality of the data was evaluated via ECM fitting.
The procedure used was developed at this center and has
been described recently by Poihipi ef al. [12]. Briefly, the
measured data are used to generate an ECM via an opti-
mization method based on the downhill simplex algorithm of
Nelder and Mead and implemented in C as a command line
program [32], [33].

The optimization target is defined as a root-mean-square
error (RMSE) value calculated from complex impedances as
indicated by the measured data. The final RMSE reflects how
well the model fits the data: a perfect fit will yield an RMSE
approaching zero; higher values indicate noisier (less stable)
data. The choice of appropriate model starts with the simplest
ECM which is based on a single resistor and CPE in series
(R-CPE). If the resulting RMSE indicates a poor fit, selection
moves to the next model in the chain of complexity, a resistor,
and two CPEs in series (R-CPE-CPE). Fitting then starts with
parameter values returned by the R-CPE case. If the previous
fit had resulted in an RMSE dictated chiefly by noise in the
data, the additional component will not improve the fit and
the quality of the data can be said not to justify the more
complicated model, even if that model is in fact more correct.
If the additional element reduces the RMSE, however, we may
conclude that the extended model represents the data better.
The reader is referred to Poihipi ef al. [12] for more details
of the ECM fitting method.

III. RESULTS
A. Time-Division Multiplexing: bz3p66

The impedance magnitude and phase curves obtained from
the Fourier-transformed .tvi data generated by bz3p66 are
shown in Fig. 6. Varying the duration and/or frequency of
the triphasic pulse made little or no difference to magnitude
and phase profiles, with consistent disturbance of the phase
response around 0.1 mHz.

Different regions of the Bode plot reveal various aspects
of the battery’s characteristics and condition that can be rep-
resented in an ECM. Briefly, the high-frequency section of
the magnitude plot approaches a horizontal asymptote that
represents the series resistance (R;) of the battery, while
the region below 1 mHz is dominated by a CPE (i.e., the
R-CPE model). Other behaviors of the magnitude and phase
plots reveal hints as to other circuit elements that might be
appropriate. For example, the rounded “knee” between the
R and first CPE regions suggests a second fractional series
element [12], [13], [27] (i.e., the R-CPE-CPE model). The
results showing the relationship between the quality of the
measured data and ECM determination are summarized later
(see Section III-D).
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Fig. 6. bz3p66 on LTO battery: impedance magnitude and phase of four

runs with differing triphasic pulse frequencies and durations. Solid lines, open
circles (magnitude), or squares (phase) = 30-s pulse repeated every minute;
dashed lines = 30-s pulse every 2 min; dotted lines with crosses = 30-s pulse
every 4 min; dot-dash lines with open diamonds = 60-s pulse every 2 min.
On this and all subsequent plots, magnitude runs from top left to bottom right,
and phase from bottom left to top right.
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Fig. 7. Impedance magnitude and phase: bzdcp66 on LTO battery with 3-A

square wave. The battery was cycled twice, with three consecutive impedance
measurements after each cycling. Solid lines with open circle (magnitude) or
square (phase) = first of three consecutive impedance measurements after
first cycling; dashed lines = third of three consecutive measurements after
first cycling; dotted lines with star/asterisk = second of three consecutive
measurements after second cycling.

B. Frequency-Division Multiplexing: bzdcp66

Figs. 7 and 8 show impedance magnitude and phase curves
overlaid from repeated runs (three plots per chart to maintain
clarity) of bzdcp66 with a 3-A working square wave. Mag-
nitude and phase appeared consistent and repeatable between
runs, whether interspersed with additional cycling or not, and
the low-frequency phase response did not show the disturbance
exhibited repeatedly by bz3p66.

Similar consistency between runs was noted when bzdcp66
was run with a negligible (35 mA) square wave to mimic a
small-signal measurement multitone with no working current
(see Figs. 9 and 10). No impedance drift due to re-equilibration
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Fig. 8. Impedance magnitude and phase: bzdcp66 on LTO battery with
3-A square wave. Solid lines with open circle (magnitude) or square
(phase) = second of three consecutive impedance measurements after first
cycling; dashed lines = first of three consecutive measurements after second
cycling; dotted lines with star/asterisk = third of three consecutive measure-
ments after second cycling.
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Fig. 9. Impedance magnitude and phase: bzdcp66 on LTO battery with

35-mA square wave. Solid lines with open circle (magnitude) or square
(phase) = first of three consecutive impedance measurements after first
cycling; dashed lines = third of three consecutive measurements after first
cycling; dotted lines with star/asterisk = second of three consecutive mea-
surements after second cycling.

after cycling as described earlier in lead-acid batteries (see
Fig. 1) was evident. These results are consistent with obser-
vations that suggest very rapid re-equilibration of batteries
based on lithium chemistries. Interestingly, the phase irreg-
ularity around 0.1 mHz seen with time-division multiplexing
reappeared in the presence of negligible /.

C. Comparison of Time-Division and Frequency-Division
Multiplexing: bz3p66 Versus bzdcp66

In view of the homogeneity between sweeps for each type
of measurement (i.e., bz3p66 and bzdcp66 with or without a
working square wave), individual representative plots may be
used for visual comparison of the different methods. Fig. 11
contrasts third (final) runs from one set each of bzdcp66 runs
with 3-A and 35-mA working currents.
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Fig. 10. Impedance magnitude and phase: bzdcp66 on LTO battery with

35-mA square wave. Solid lines with open circle (magnitude) or square
(phase) = second of three consecutive impedance measurements after first
cycling; dashed lines = first of three consecutive measurements after second
cycling; dotted lines with star/asterisk = third of three consecutive measure-
ments after second cycling.
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Fig. 11.  Impedance magnitude and phase plots: representative bzdcp66

runs (third of three sweeps for each square wave magnitude) on LTO battery
with 3-A and 35-mA square waves. The solid lines with open symbols show
magnitude and phase achieved with a 3-A square wave; the dashed lines with
star/asterisk show results with a 35-mA (i.e., negligible) square wave.

Note the reduction in impedance magnitude when a sig-
nificant working signal is applied, particularly in the region
below 0.5 mHz (e.g., 0.0052 versus 0.0118 Q at 0.1 mHz)
and the elimination of erratic behavior in the low-frequency
region of the phase plot. Additional shaping of the phase
curve is also evident in the region around 10 mHz in the
presence of a 3-A working current. This is not visible when
the square wave is effectively “turned off” and implies the
availability of additional information that might be important
in the development of a realistic ECM for the battery.

Finally, Fig. 12 repeats the above with the addition of
magnitude and phase information from a representative bz3p66
run (30-s pulse every 2 min). The magnitude trace follows that
of bzdcp66 with negligible square wave in the low-frequency
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Fig. 12. Impedance magnitude and phase plots: comparison of bzdcp66

with a 3-A or 35-mA square wave and bz3p66 runs on LTO battery. Solid
lines with open symbols = bz3p66 sweep with a 30-s triphasic pulse every
2 min; dashed lines with asterisks = third of three bzdcp66 sweeps with a
3-A square wave; dotted lines with crosses = third of three bzdcp66 sweeps
with a 35-mA square wave.

region, but with markedly erratic phase behavior. Most notable,
however, is the suppression of impedance magnitude in the
higher frequency R; region.

D. ECM Fitting

Table I summarizes the results of ECM fitting to data
obtained using the three measurement techniques described
above. Data from all runs with each type of measurement
(bzdcp66 with 3-A square wave, bzdcp66 with 35-mA square
wave, and all triphasic pulse variations of bz3p66) were,
respectively, concatenated into three combined files for the
analysis, one for each type of measurement.

Observing the changes in parameter values and RMSEs
when attempting to develop the model from the basic R-CPE
case (see Table I), only bzdcp66 with a 3-A working square
wave yielded data that allowed the second CPE to be “seen.”
This level of model refinement was not possible with either
bzdcp66 with a 35-mA square wave or bz3p66, as shown by
the negligible changes in parameter values upon addition of
the second CPE. Note also the identical RMSEs for the R-CPE
and R-CPE-CPE models with these two last measurement
techniques, with a values approaching zero for the second
CPE (see Table I). In contrast, addition of the second CPE
when fitting to data generated by bzdcp66 with 3-A working
current resulted in a halving of the RMSE value (see Table I).

IV. DIScuUssION

Evidently, charge density or rates of current flow must be
taken into account when measuring impedance and parame-
terizing models. Apparent impedance decreases when higher
currents are passed, an effect that is exaggerated at low fre-
quencies. Fig. 13 shows data from an exploratory experiment
in which |Z| was measured using a multisine run at maximum
current (/,x) values ranging from 5 mA to 7 A on a lithium

IEEE TRANSACTIONS ON INSTRUMENTATION AND MEASUREMENT, VOL. 71, 2022

TABLE I
ECM PARAMETER ESTIMATION

ECM | R« | a [ Cpr [ C2 | a2 [ RMSE
bzdcp66 3 A square wave (frequency multiplexing)

R-CPE 1.252 | 0.80 | 73,270 0.1271
R-CPE-CPE | 0406 | 091 | 17,130 | 1218 | 0.07911 | 0.0651
bzdcp66 35 mA square wave (frequency multiplexing)

R-CPE 1.228 | 0.63 | 10,280 0.0804
R-CPE-CPE | 1.069 | 0.63 | 10,300 | 6236 | 0.00004 | 0.0804
bz3p66 (time multiplexing)

R-CPE 0.559 | 0.66 | 11,330 0.1020
R-CPE-CPE | 0434 | 0.66 | 11,290 | 8042 | 0.00006 | 0.1020
CPE, constant phase element; ECM, equivalent-circuit model; RMSE,

root mean square error.

R, series resistance (ohm x 10~3); C'g and Cs, fractional capacitances
(F/s(lfo‘)) of first (R-CPE model) and second (R-CPE-CPE model)
CPEs, with respective slopes denoted by o and ae.

Impedance (ohms)

—©— 200 piHz
* —5— 400 pHz
800 jiHz
——2mHz
——#—— 20mHz
100mHz

10-2 L L I
1078 1072 107" 100 10"
Current (amperes)

Fig. 13. Impedance of a 4-Ah LiFePO4 battery plotted against currents
ranging from 5 mA to 7 A at six frequencies (see figure key). Measurements
taken on a Keithley 2460A four-quadrant precision source controlled by a
Raspberry Pi running custom software [30].

iron phosphate battery rated at 4 Ah. Frequencies ranged from
200 uHz to 100 mHz. Measurements from 50 to 200 mA
(approximately C/50) behaved like “small” signals. At higher
frequencies, increasing current had less effect, but although
the 7-A maximum current had a marked effect on the low-
frequency traces, it did not “pull” the impedance down to
a high current asymptote, which suggests some permanent
resistive mechanism that cannot be overcome. This is more
apparent in Fig. 14, which shows full frequency sweeps carried
out with Iy« set at 50 mA and 7 A after cycling.
Unfortunately, it is not possible to draw substantial
current from a battery for prolonged periods because
the battery will run flat, a major difficulty encountered
by Budde-Meiwes et al. [29]. As described by Scott and
Hasan [13], the peak amplitude of charge delivered is depen-
dent on the frequency of the signal. As frequency decreases,
the current stimulus must be dropped significantly to pre-
vent the charge excursion flattening or overcharging the bat-
tery. Budde-Meiwes et al. [29] abandoned ELF measurements
because it is not possible to make a reliable measurement of
battery impedance below 1 mHz without running for periods
well in excess of 1000 s. Overall, the twin aims of measuring
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(50 mA) and high (7 A) currents. Full frequency sweeps from from
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at ELFs while the battery under test is delivering significant
current cannot be met with techniques that have been available
until now. In this article, we have described two methods
permitting ELF measurements while the battery is delivering
or receiving substantial current or charge without going flat or
overcharging.

V. CONCLUSION

We have presented two novel methods for measuring the
impedance of batteries at ELFs in the presence of substantial
currents. One method time-division multiplexes EIS mea-
surement stimuli with large “working” current bursts; the
second method multiplexes in the frequency domain, rely-
ing on Fourier transformation to recover the EIS data from
“underneath” the large working current. Both the methods
break the fundamental limiting tradeoff noted by Budde-
Meiwes et al. [29] between the magnitude of the “working”
current that can be drawn during measurement and the lowest
attainable frequency in the EIS. We show here measurements
to 10 uHz, and note that exploratory measurements to below
500 nHz have been made.

Frequency-division multiplexing proves superior in stabi-
lizing the impedance spectrum against impedance drift phe-
nomena. That stable impedance agrees most closely with
expectations from models [3], [12], [13], [27].

Thus, substantial charge displacement achieved with
the frequency-domain method appears to stabilize battery
impedance more effectively and maximize measured data
quality when compared with large peak currents achieved
with the time-domain method. This implies that it is charge
displacement rather than working current value that should
be maximized to expose the true working impedance of a
battery and to optimize data for ECM fitting. This is consistent
with the expectation that surface layer processes on the battery
electrodes are responsible for impedance drift; they may also
be implicated in the erratic phase behavior seen at ELFs. The
exact chemical nature of these interfacial processes requires
further clarification.
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4.1 Linking Electrochemical Impedance Spectroscopy in
the Frequency Domain and Electrochemical Ana-

lysis in the Time Domain

Chapter 3 dealt with novel approaches to EIS, a type of analysis that is carried out
in the frequency domain. Here we move into the time domain and discuss electro-
chemical observations related to rate of charge movement, and their connection with
EIS carried out at ELFs.

This chapter begins with some background on our experience of slow cycling
of batteries (i.e., low rates of charge movement) and observations that led to an
exploration of how frequency and time domain analyses complement each other.
Behaviour that is obscured in one domain may be more easily visible in the other,
and investigation of time domain phenomena may shed light on what is happening
in the frequency domain in the work described in Chapter 3. The electrochemical
techniques of ICA and CV, which illustrate charge behaviour in the time domain,
are briefly introduced, and there follows a paper that explores the relationships
between ICA, CV and EIS, demonstrates the relationship between charging rate in
ICA and voltage sweep rate in CV, and how they relate to behaviour seen with ELF

measurements in a battery undergoing EIS.

4.2 Relationship Between Slow Cycling and Incremental

Capacity

The work described in this chapter was prompted by observations during constant-
current cycling experiments in batteries in which small (down to 50 mA) charge-
discharge currents resulted in voltage plots that were markedly different in appear-
ance to plots obtained at larger currents (up to 5A). In addition to apparently
higher charge capacity and reduced hysteresis in charge-discharge loops when plot-
ted against charge moved [92], voltage responses to current stimuli also showed
pronounced regular perturbations, repeating in every cycle, that smoothed out with

increasing current (Figure 4.1).

4.2.1 Incremental Capacity Analysis

The voltage response perturbations are related to the peaks and troughs seen in ICA
plots, which show incremental charge movement per unit change in voltage. This
is illustrated in Figure 4.2. ICA was introduced in Section 2.1.3 as a potential
candidate for tracking battery degradation (although its suitability for inclusion in
battery management systems has been questioned on the grounds of computational
complexity [93]), and is carried out by applying small (C/25 or less [94, 95]) charge-

discharge currents to the device under test and tracking the voltage response. Con-
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Figure 4.1: Cycling plots for a 4.8 Ah lithium NCA battery charged and discharged
at currents ranging from 50 mA to 5A. Examples of perturbations in the voltage
response curves are indicated by arrows: note their attenuation as current (i.e., rate
of charge movement) increases.

stant current in both directions is usually used, and incremental capacity is plotted
by choosing a set small voltage increment (6V) and calculating (using current and
time, both of which are known) the charge moved (§Q) for each successive voltage
step. 0Q/dV is then plotted against the cell potential, which in a lithium-ion cell
results in a series of peaks corresponding to reactions involving the intercalation and
de-intercalation of lithium ions at the electrode (e.g., see Figure 4.2, second panel).
Tracking the magnitudes and positions of these peaks as the battery ages reveals
information pertaining to electrochemical changes and electrode degradation [96].
In addition, peak areas (each demarcated by curve inflections) correspond to phase
transitions associated with the formation of solid solutions of lithium with other
elements [96, 97].

Voltage

Voltage
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Figure 4.2: V(@) and incremental capacity plots for the discharge part of a slow
cycle in a 4800 mAh lithium NCA cell. Note how the slope of the tangent to a
shallow portion of the V(@) plot corresponds to a peak in the incremental capacity
plot (i.e., greater charge movement for a smaller voltage increment).

4.2.2 Cyclic Voltammetry

In CV, a cyclic linear potential sweep (potential is swept up and then down at a

constant rate) is applied to the electrode, and the resulting currents are recorded.
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A plot of current against voltage can then be used to obtain information on the
thermodynamics and kinetics of electrode reactions and mass transport in the cell.
CV is widely used to investigate reduction and oxidation reactions, the reversibility
of electrochemical processes, and electron transfer-initiated chemical reactions such
as catalysis [98, 99, 95].

An example of a typical cyclic voltammogram is shown in Figure 4.3 [100]. Here
the forward scan is negative and proceeds in a reductive direction (note that this
is the US convention; the IUPAC convention has the oxidative scan in the forward

direction, with anodic currents in the top half of the plot [98]).
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Figure 4.3: Cyclic voltammogram showing a single-electron reduction and oxida-
tion [100]. The reduction reaction (negative scan) starts at (a), the starting poten-
tial, and runs to (d), the switching potential. E,., the cathodic peak potential at
(c), is reached when the reductive current is at a maximum. After the switching
potential is reached, the anodic (positive) scan runs from (d) to (g). The anodic
peak potential E, is at (f). ipq, anodic current; 4,., cathodic current.

At first, the potential is insufficient to reduce the analyte, but it increases until
the onset of reduction is reached at (b). Current then increases as cations are
reduced, with current limited by speed of migration of cations (diffusion of reduced
species is more rapid than ion migration). The voltammogram peaks at (c) where

the reductive current is at a maximum, and the migration rate of cations is equal to
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the rate of diffusion of reduced species. Current flow decreases after this point as the
electrode becomes saturated with reduced species, which hinders cation approach
and causes the reaction rate to be limited by diffusion [100, 101].

Scan reversal to positive potentials (the oxidative scan) from (d) continues until
the potential reaches the oxidation threshold at (e). Oxidation then proceeds as a
reversal of the reductive process described above. If the reaction is fully reversible,
the anodic and cathodic peak currents should be of equal magnitude. If it is not,
the plot will show a missing or attenuated peak on the reverse scan.

More detailed discussion of CV is beyond the scope of this brief introduction,

and the reader is referred to the review by Elgrishi et al. [98] for more information.

4.2.3 Charge Rate, Sweep Rate and Extra-Low Frequency Electro-
chemical Impedance Spectroscopy

Charge or discharge rate in ICA is related to voltage sweep rate as used in CV.
Faster sweep rates in a CV (i.e., a steeper voltage ramp) leads to a decrease in the
size of the diffusion layer at the electrode, which leads to the generation of higher
currents [98]. The forced change in potential in CV, which is applied regardless of
the SoC of the electrode, can increase current beyond the kinetic limit of the system
and thereby prevent capacity from being accessed [95]. Incremental capacity, on the
other hand, is collected at constant current, which gives electrochemical processes
more time to complete. This however begs the question as to what happens to an
ICA plot if current is increased to the point where kinetic limits are being exceeded
(as in CV). As suggested by Figure 4.4, in the limit, the two approaches could
be viewed as essentially providing the investigator with the same information, with
rate of movement of charge being the underlying factor that determines what the
investigator sees. Observations hinting at these points have been published previ-
ously [95], but the measurement techniques and new EIS results at ELFs described
in this thesis have allowed these ideas to be developed further.

The evolution of ICA plots and voltammograms as rate of movement of charge
increases provides insight into why EIS may yield variable results, particularly at
ELFs. It also indicates the importance of operating point and a possible reason for
the effectiveness of the non—small-signal working current discussed in Chapter 3.
These concepts are explored in the paper that follows. There is also a mathematical
argument for a new way of looking at ICA and CV based on the importance of rate
of charge movement, and a suggestion for an easily implemented laboratory method
for safely carrying out a CV-type analysis on an intact battery.

In light of its potential interest to electrochemists as well as engineers, the paper
that follows was originally submitted for publication in “The Journal of Electroana-
lytical Chemistry”. It was rejected after peer review, however, with reviewers raising

concerns over the perceived novelty of the electrochemical work, and difficulty in see-
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Figure 4.4: Incremental capacity plot (ICA, black solid line) and a cyclic voltam-
mogram (CV, blue dashed line) from the same electrode (lithium manganese oxide,
LioMnyOy). ICA was carried out with a constant current of 0.33mA /cm?; CV
voltage ramp was 0.04mV /s (sweep up and down in 6.9 hours). Reproduced from
Talaie et al. [95] with permission.

ing the rationale underlying measurement at ELFs. The paper was edited in light
of these comments to give more emphasis to the postulated links (related to rate
of charge movement) between electrochemical (time domain) measurements and our
ELF (frequency domain) observations, to explain more clearly the reasoning be-
hind ELF measurements, to highlight the hitherto underappreciated equivalence of
CV and ICA when charge is moving at sufficiently high rates, and to suggest that
measurement equipment and protocols described provide a straightforward and safe
means of obtaining CV-type data from a battery with basic equipment. At the time
of original submission of this thesis, the paper was under consideration by “IEEE

Transactions on Instrumentation and Measurement”.
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Incremental Capacity and Voltammetry of Batteries,
and Implications for Electrochemical Impedance
Spectroscopy

Christopher Dunn, Student Member, IEEE, Jonathan Scott, Life Member, IEEE, Marcus Wilson, Michael Mucalo,
and Michael Cree, Senior Member, IEEE

Abstract—Incremental capacity analysis (ICA), where incre-
mental charge (Q) movements associated with changes in poten-
tial are tracked, and cyclic voltammetry (CV), where current
response to a linear voltage sweep is recorded, are used to
investigate the properties of electrochemical systems. Electro-
chemical impedance spectroscopy (EIS) is a powerful, non-
destructive technique that can be used to determine small-signal
ac impedance over a wide frequency range. It is frequently used
to design battery equivalent circuit models.

This manuscript explores the relationships between ICA, CV
and EIS, demonstrates how sweep rate in CV is related to
charging (C) rate in ICA, and shows the connection between
observations linked to rate of charge movement in CV and ICA
and intermittent, irregular behavior seen in EIS when performed
on a battery. We explain the use of an additional dc stimulus
during EIS to ensure reliability of battery impedance data and
to facilitate equivalent circuit modeling, and suggest a method
for obtaining CV-type data from a whole battery without risking
its destruction.

Index Terms—Electrochemical impedance spectroscopy, cyclic
voltammetry, incremental capacity analysis, equivalent circuit
model, battery, nonlinear analysis

I. INTRODUCTION

YCLIC voltammetry (CV) and incremental capacity

analysis (ICA) are widely used in the evaluation of
electrochemical systems. CV measures current while potential
is swept linearly as a function of time [1]-[4], whereas
ICA tracks incremental charge (()) movements associated
with changes in potential (d@)/dV) when a constant current
is applied [5], [6]. A related technique, differential voltage
analysis (DVA), shows how potential changes with respect
to charge movement (dV/d@) [7]. While these methods pro-
vide simple but useful information about peak currents and
potentials that can help to characterize the electrochemistry
of a system, a further method, electrochemical impedance
spectroscopy (EIS), holds a special place because it presents
data as a function of frequency that can reveal a great deal
of information about the electrochemical characteristics and
condition of a cell and inform the development of equivalent
circuit models (ECMs) [8], [9]. Accompanying all these is
the most basic method of charging and discharging a cell
(cycling), which allows the investigator to produce plots of
potential against some other variable (typically charge moved),

Manuscript received Month XX, 2023; revised Month XX, 2023.

the shapes of which are determined by a cell’s thermodynamics
and kinetics [10].

Although the above methods are usually viewed as distinct
techniques that give the investigator different types of data,
they are related both mathematically and in terms of the
information they can provide. Very slow cycling experiments
and EIS at extra-low frequencies (ELFs, down to as low as
1 uHz) that reflect the real-world usage cycles of rechargeable
batteries [11]-[14] have led to observations enabling us to
clarify connections between the above techniques, and to
suggest a simple and inexpensive method for carrying out
ICA on batteries. They also explain the recently reported need
to use background direct currents to suppress electrochemical
behavior that interferes with EIS measurements at ELFs [14].

We report and discuss these observations in this paper, and
suggest in addition how our method might be used to allow
analyses analogous to CV to be carried out on intact lithium-
ion batteries. Conventional CV involving the application of
a voltage ramp with constant dV/d¢ would not be feasible
because of the risk of thermal runaway, leakage of electrolyte
or even explosion as a result of the uncontrolled currents
that might be generated. Other problems include the relatively
small active electrode area in a lithium-ion cell, which could
limit sensitivity and accuracy of an attempted CV, and poten-
tial unsuitability of the battery electrolyte for this procedure.

II. CONNECTING CYCLIC VOLTAMMETRY, INCREMENTAL
CAPACITY ANALYSIS AND DIFFERENTIAL VOLTAGE
ANALYSIS

CV, ICA and DVA are all used to relate aspects of elec-
trochemical activity to cell terminal voltage. Relationships
between CV and ICA have been explored previously [10],
[15], but we extend these ideas with an emphasis on the
significance of very low sweep or cycling rates, and discuss
their relevance to EIS, particularly when carried out at ELFs.

Assume a battery has some function relating open circuit
terminal voltage to charge available, V(Q). In the case of CV
a linear voltage ramp is applied, so

av
‘E—k (1

and so
V(t)=kt+V (2

0000-0000/00$00.00 © 2023 IEEE
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where k is the constant voltage sweep rate, ¢ is time in seconds,
and V; the battery’s open circuit voltage at the start of the
sweep. Also

_dQ  dQdV _de

I(t) = dt dvV dt T dV 3)

In CV, current I(t) is plotted against voltage V' (¢), and the rate
of change of voltage (dV/dt) is constant. Current represents
rate of reaction, which varies as the absolute voltage varies.
Equation 3 shows that incremental capacity d@/dV is in fact
equal to I(¢)/k, which is current (which may vary) divided by
the voltage sweep rate k, a constant that now acts as a scaling
factor.

CV experiments assume that the concentration of reagents
is not affected by diffusion, which is equivalent to saying that
the sweep rate k is slow (so that concentration gradients that
would build up by diffusion-affected processes do not form).
Moreover, the peaks of a CV plot are influenced by sweep
rate [1], [3].

In ICA, a constant current is used, so

I(t) = ¢ )
and so i0 40 dv
I t = — = —— =
W= ~ava ¢ ®)
where c is the constant current value. Then
dQ c
= = (6)
d
av %]

This value is plotted against voltage. By definition, DVA
(dV/dQ) is the reciprocal of ICA (dQ/dV). Both describe
cell phase transition characteristics during intercalation and de-
intercalation processes at the electrodes during charging and
discharging [16], but constitute different ways of viewing this
information.

It is worth noting here that the assumption that a battery
obeys a state equation relating open-circuit terminal voltage
to charge available, V(Q), is not true in general. If we accept
that the battery embodies a fractional (constant phase) element,
this is mathematically not the case. '

III. EXPERIMENTAL METHODS
A. Hardware and Procedure

The battery used in the present experiments was a new
lithium nickel cobalt aluminium oxide (NCA) 4.8 Ah 3.7V
21700 cell. Measurements were taken at 22°C using two-
quadrant precision sources (HP/Agilent/Keysight 66332A
units) via four-wire connections controlled through GPIB in-
terfaces by Raspberry Pi 4 computers running custom software
written in C [14], [17] (Figure 1).

'In general, charge @ is a functional of voltage, Q@ = Q [V (¢)]. Differen-
tiating with respect to time yields

_de® _ [t Q@) av ’
== ‘/t,:,oo i

and this full form must be evaluated. In a typical quasi-static situation this is
not necessary. Discussion of this is beyond the scope of this manuscript.

Functions ‘ User command line interface ‘
Initialize
Set current Battery
Set voltage impedance Battery cycling
Measure current measurement
Measure voltage

Output on \—y—/

Output off . .
Check errors Measurement interface (Raspberry Pi)
Check status

Log data R

Log status USB interface

GPIB interface

Functions

Initialize _E EEL: |
Read - m—
Write = 66332A T
e

Fig. 1. System architecture.

The software utility used for battery cycling, “bcp66”, is a
command line program called by scripts that set parameters
for each run, allowing many experiments to be queued and
executed. Typically batteries are cycled according to industry
standard CC (constant current) or CC-CV (constant current-
constant voltage) protocols?. The utility allows the user to
specify charge and discharge currents (cycling rate calculated
with reference to the cell’s nominal capacity in ampere-hours)
which are applied in constant current mode until pre-specified
voltage limits are reached. At this point, a constant voltage
phase may begin if desired; if not, the software stays in
constant current mode and switches immediately to the next
charge or discharge phase. Rest periods can also be requested.
The software allows the user to specify currents at which to
end constant voltage phases, and dwell times, the maximum
period to wait for constant voltage phases to end. Other
parameters include number of cycles, the final charge (percent)
at the end of cycling, and a wait time or period to continue
recording after cycling is finished and current has returned
to zero. Output is presented in a “.tvi” text file with time,
voltage, current, charge moved (AQ) and repetition-number
columns. The 66332A units return approximately eight records
per second.

B. Data Processing

Data were processed by scripts in MATLAB® or AWK.
All processing starts by importing timestamped current and
voltage values from .tvi files created by the measurement sys-
tem into arrays containing time, voltage and current data. An
arbitrary voltage interval is specified (5mV in the examples
shown in this manuscript), and a calculation performed as the
script loops through the arrays to calculate the quantity of
charge moved and the time taken for each voltage increment.

2The acronym “CV” is used in electrochemical research to designate cyclic
voltammetry, but in the industrial battery world the same acronym is used to
designate “constant voltage”, a part of charging and discharging protocols.
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This information is then used to create three further arrays
containing charge moved as a function of time, charge moved
as a function of voltage (incremental capacity) and change in
voltage as a function of time (k, see Equation 1) for each
voltage increment. These data can be used to generate plots
that are representative of ICA or a current-derived equivalent
of CV. The latter are not conventional electrochemical CV
plots as described earlier (Section I) because we have not
applied a voltage ramp and measured the current response.
Rather, we have applied constant charge and discharge currents
and tracked voltage increases and decreases with time at the
sample rate of the instruments. In the interests of clarity, we
will therefore refer to “CV-type” or “current-derived” plots in
this manuscript.

C. EIS Measurement

Full details of the procedure used to conduct EIS at ELF
using the 66332A units controlled by Raspberry Pi comput-
ers via GPIB interfaces have been reported previously [14].
Briefly, a command line C program C, “bzdcp66”, is used
to make multitone impedance measurements by sourcing and
sinking current, and recording times, currents and voltages in
three-column .tvi files. The complex impedance Z(w) for each
frequency of interest

Z(w) = mej(dwfdn) (7
1]

is obtained from the .tvi data by performing a discrete-
time Fourier transform using a program based on software
originally described in [18] for use with SPICE, and the
magnitude and phase results presented in Bode plots (Nyquist
plots convey no useful information at ELFs). The measurement
software is distinguished by its ability to impose a small-
signal, multiple-frequency (multitone) stimulus in addition to
a “working” stimulus signal simultaneously. This is accom-
plished by superimposing the EIS multitone on a periodic
square wave which aims to mimic the effect of a working dc
signal, as reported previously [14]. This charge displacement
stabilizes the impedance spectrum against impedance drift
phenomena and maximizes measured data quality, showing
the true working impedance of a battery and optimizing data

for ECM fitting [14].

D. ECM Fitting

The ECM fitting procedure used has been described pre-
viously [9], and involves generation of an ECM via an
optimization method based on the downhill simplex algorithm
of Nelder and Mead [19] that is implemented in C as a
command line program [20]. The optimization target is defined
as a root mean square error (RMSE) value calculated from
complex impedances as indicated by the available data. The
final RMSE reflects how well the model fits the data, with
a perfect fit defined as an RMSE approaching zero, while
higher values indicate noisier, poorer quality or ambiguous
data. As previously [14], modeling starts with the simplest
ECM, a single resistor and CPE in series (R-CPE). If the
RMSE indicates a poor fit, we move to the next model in the

chain of complexity, a resistor and two CPEs in series (R-CPE-
CPE). Links between these observations and electrochemical
behavior suggested by cycling experiments are explored as
described in Sections III-A and III-B.

IV. RESULTS
A. Incremental Capacity and Voltammetry

Figure 2a shows a complete slow (C/48) discharge-charge
cycle with its voltage response. Note the uneven voltage trace:
this is characteristic of slow charging and discharging and
corresponds to changes in the rate of movement of charge,
which is not constant across cell potentials. Plateaus in the
voltage versus time curve correspond to peaks in the dQ/dV
(ICA) plot in Figure 2b, with each peak representing a different
chemical reaction or intercalation environment, and the area
under the peak being the capacity of that process. Thus,
voltage plateaus (shallow tangents) in Figure 2a represent
large capacity increments in Figure 2b (i.e., a lot of charge
is moved for a small voltage change). These peaks describe
cell phase transition characteristics during the intercalation
and de-intercalation of lithium ions [16]. Changes in peak
position and size have been investigated as potential markers of
battery aging, with the literature tending to focus on LiFePO4
cells [5], [6], [21]-[23], although data on NCA [24] and other
chemistries [25]-[28] are also available.

We see the same pattern of peaks when charge movement
is related to increments of time and presented as current
in a CV-type plot (Figure 2c). This is because dQ/dt (i.e.,
current, as conventionally plotted in CV), is in fact dQ/dV
(i.e., incremental capacity) multiplied by the scaling factor %
(Equation 3). Moreover, ICA is d@/dt (which we define as
c¢; Equation 5) multiplied by 1/k (ie., 1/ %; Equation 6).
Although we have not carried out a true CV on the battery
for reasons discussed earlier (Section I), these relationships
and observations indicate that CV might yield the same
information as ICA but under different circumstances.

Figure 3a shows the effect of increasing the rate of
charge/discharge from 100 mA (C/48) to 5 A (approximately
1C): the voltage response to the charge/discharge current
becomes smoother, reflecting increased uniformity of charge
movement across the cell’s terminal voltage range. In addition,
the peaks in both the incremental capacity versus time and cur-
rent versus time plots that correspond to the shallow portions
of the charge-discharge curve flatten and become less distinct,
and move apart so that the negative and positive portions
are no longer symmetrical (Figures 3b and 3c). Under these
conditions both types of plot begin to resemble more closely
the CV traces typically seen in textbooks, in which the current
change with terminal voltage has a broad anodic (charging)
region, with a corresponding cathodic region upon discharge
if the overall electrode process is behaving reversibly.

The conventional view is that electrochemical processes
have more time to reach completion under the constant current
conditions under which differential capacity is collected [10].
The constant potential sweep rates used in CV on the other
hand force changes in potential regardless of the state of
charge of the electrode which can increase current beyond the
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Fig. 2. 4.8 Ah lithium NCA cell cycled with a charge/discharge current of
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kinetic limit of the cell and prevent some capacity from being
accessed.

We contend that, regardless of whether current or potential
is used as the stimulus, the key underlying factor is rate of
charge movement. Under very slow charge-discharge condi-
tions, the system can be said to be in a quasi-static state,
with the electrode processes within the cell approximating a
succession of equilibrium states that reveal the variable rates of
charge movement. If charge and discharge rates are increased,
the cell moves away from this equilibrium-like state and can
no longer be described as being in a quasi-static condition.

These observations underline the interrelationships between
CV and ICA, and the importance of rate of charge move-
ment in maintaining a quasi-static measurement. They also
demonstrate how a controlled current stimulus might be used
to obtain CV-like data from an intact cell. One stated advantage
of CV has been that it provides rate information about the full
cell, while dQ/dt plots have superior resolution and are more
useful to researchers focusing on electrode materials [10], [15].
However, both CV and ICA have associated rates. In one,
dV/dt is constant, while in the other d@Q/dt is constant, yet
in both d@/dt is sought. In the limit of d¢ approaching zero,
they can be said to be equivalent.

It is worth noting here the very large current values indicated
in Figure 2c. As explained in Section III-B, these are not
actual measured currents, but result from a calculation based
on charge movement. They underline the danger inherent in
attempting to apply even a gentle voltage ramp to an intact
battery, as we would have no control over the potentially huge
currents that might eventuate at certain terminal voltages.

B. Conditions for Reliable EIS and ECM Fitting

Rate of charge movement is also crucial in EIS, particularly
when carried out at the lowest frequencies. EIS measures by
means of sinusoidal tones (perturbations) what amounts to
the derivative dV/dI of the battery characteristic at various
frequencies (rates), which essentially corresponds to the slope
of the trace in a voltammogram. Traditional small-signal
EIS measurement yields unreliable results especially below
100 pHz. We suggest that this is because the slope of the
voltammogram can vary sharply at low enough rates. Using an
additive, large, working current in EIS measurement changes
the nature of the current-voltage characteristic towards a flatter,
broad peak, and impedance values become stable as a result.

Figure 2c shows, for example, that the value of impedance
when the battery is at 4.0V will be very different from
the value at 4.1V, since for a given increment in voltage
the increment in current will be very different. The working
current pulls the battery away from the small-signal, quasi-
static condition, thus smoothing out the effect of the local
peaks. The current is no longer “small”, and the paradox is
resolved by noting that the working current may be large, but it
reverses often enough that the charge displacement it produces
remains small. Hence, the battery does not discharge before
the measurement is complete, nor do its characteristics become
nonlinear.

The implications of charge movement rates for EIS at ELFs
are apparent when EIS is performed with and without working

currents as described in Section III-C. As shown in Figure 4a,
with no working current (small measurement tones only), poor
quality magnitude and phase impedance plots are obtained.
In particular, phase behavior is unclear below 20 pHz, and
series resistance above 100mHz is difficult to ascertain. An
ECM based on two elements (R-CPE) only can be generated
(Table I), with poor fit to the measured data.

Conversely, when the same measurement is made in the
presence of a 500 mA square wave, stable and unambiguous
magnitude and phase impedance plots are obtained (Fig-
ure 4b). Using these data, a three-element ECM (R-CPE-CPE)
with a good fit to the measured data can be generated (Table I).
These results are concordant with earlier findings [14], and
demonstrate that EIS at ELFs in an intact battery must be
carried out under working conditions.

This begs the question as to whether the cell is in a
quasi-static or non—quasi-static state: on one hand, there are
relatively large “working” currents flowing; on the other, those
large currents reverse frequently, so that net charge flow is
small over a period of minutes. In answer to this question, we
contend that the system should be considered quasi-static, as
evidenced by the reversible peaks in CV-type plots.

The asymptotes corresponding to the circuit elements in
each ECM are shown in Figures 5a and 5b. Note in par-
ticular the asymptote for CPE2 in Figure 5b. This element
is discernible only through ELF measurement [14] and con-
firmed here to be visible only when the cell is not fully
quasi-static, but also not in perfect equilibrium. We might
call this a “pseudo—quasi-static” state. Certainly the data are
not obscured by diffusion, but neither are the instantaneous
currents small. We are in the region between ‘“‘small-signal”
measurements that typically apply to EIS work that assumes
a linear device, and the “large-signal” regime where nonlinear
effects dominate.

TABLE I

ECM PARAMETER ESTIMATION
ECM [ R [ « | Cr | Ca | az | RMSE
bzdcp66 with 10 mA square wave (negligible working current)
R-CPE 38.53 | 0.7200 2397 0.1456
R-CPE-CPE | 36.73 | 0.7450 3162 793.6 | 0.2839 | 0.1439
bzdcp66 with 500 mA square wave (working current)
R-CPE 26.80 | 0.9053 6160 0.1479
R-CPE-CPE | 18.25 | 0.9913 | 14,250 | 1553 | 0.2402 | 0.0296
CPE, constant phase element; ECM, equivalent-circuit model; RMSE,

root mean square error.

R, series resistance (ohm x 10~3); C'r and Cs, fractional capacitances
(F/ s(lfa)) of first (R-CPE model) and second (R-CPE-CPE model)
CPEs, with respective slopes denoted by o and ao.

V. CONCLUSION

These findings support the concept of equivalence of CV
and ICA in terms of the information they provide to the
experimenter. Both methods have associated rates and, in
both cases, rate of charge movement is the key variable that
determines what the investigator sees. Low rates of charge
movement yield detailed peaks corresponding to individual
reactions in incremental charge or current plots, while greater
rates lead to loss of resolution and the generation of plots
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Fig. 4. Measured (solid lines) and fitted (dashed lines) magnitude (open
circles) and phase (open squares) impedance curves: extra-low frequency
(down to 2.5 puHz) electrochemical impedance spectroscopy on a 4.8 Ah
lithium NCA cell.

more closely resembling CV as commonly presented in the
literature. In addition, the current-controlled method with
calculation of cumulative charge movement described in this
manuscript offers a practical solution, using basic equipment,
to the problem of performing CV, or at least a pseudo-CV
analysis, on an intact battery without risking destruction of
the device under test.

The near-equilibrium conditions that reveal electrode ac-
tivity at different terminal voltages interfere with small signal
impedance measurements, or at least make them susceptible to
small changes in equilibrium point. We suggest that attempts
to fit circuit models to EIS data obtained under quasi-static
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Fig. 5. Measured impedance magnitude with fitted asymptotes showing
discernible equivalent circuit elements: 4.8 Ah lithium NCA cell.

conditions are likely to result in unreliable models. This work
is consistent with earlier observations [9], [14] suggesting
that rechargeable batteries based on lithium ion chemistries
are adequately characterized by relatively simple R-CPE-CPE
models, and that ECMs with many components representing
individual electrochemical processes within the cell [8], [29],
[30] are overfitted when predicting operation under working
conditions.
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4.3 Complete Incremental Capacity and Cyclic Voltammetry-
Type Plot Sets

All available ICA and CV-type plots could not be shown in the paper presented in
this chapter because of journal space limits. The full sets are reproduced here to

show how the plots evolved with each increase in current.
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Figure 4.6: CV-type plots for a 4.8 Ah lithium NCA battery charged and discharged
at currents ranging from 50mA to 5 A.
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currents ranging from 50 mA to 5 A.
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5.1 The Constant Phase Element and Battery State of
Health

The work reported in Chapter 3 in the frequency domain and Chapter 4 in the
time domain reinforces the place of the CPE as a significant and necessary compon-
ent of a battery ECM [44, 52, 31]. The discussion thus far has focused on battery
characterisation, but we would like explore links between the CPE-based battery
model and SoH. Importantly, for future practical application (in, for example, bat-
tery management systems), this needs to be done in realistic situations using the
types of waveform encountered in real-world settings.

The research described in this chapter was initially intended for eventual public-
ation, with “IEEE Transactions on Instrumentation and Measurement” as a likely
target journal, as the work follows on from and ties in with the papers in Chapters 3
and 4. It also shows further application of the measurement techniques and equip-
ment used by the Battery Modelling Group. A preliminary draft that required
further work is presented in this chapter. A subsequent paper by Wilson et al. [102]
that developed these ideas sufficiently for publication (after initial submission of this

thesis in November 2023) is presented in Appendix C.

5.2 Energy Efficiency as a Marker For State of Health

In 2015, Hartley et al. [65] published observations that linked the energy efficiency
of a battery (i.e., the ratio of energy put into the battery upon charging, E;,, to
that delivered when the battery is discharged, Egy) to its fractional order when
the battery is viewed as a single fractional element. Hartley’s primary objective
was to ascertain and describe the conditions under which energy efficiency could
be maximised during a single charge-discharge cycle for fractional elements of order
—1 (inductor) to +1 (capacitor), and to show that these conditions held for both
constant current and constant voltage scenarios. The authors then used their find-
ings to construct curves showing the relationship between maximum input-to-output
efficiency and fractional order.

It is important to note here that Hartley et al. described a specific case where
the system is charged from rest with initial voltage and charge of zero, and then
discharged back to the initial zero state, using a single rectangular pulse. They did
not generalise their findings to other waveforms and scenarios.

These authors demonstrated their hypothesis with an example based on a meas-
ured 1.0 F supercapacitor. The experiment was repeated here for constant current
charge and discharge in simulation with an R-CPE battery model. This was done to
verify that the idea of relating u to « is a practical one that extends to systems other
than that described in the paper, and as an additional test of our SPICE modelling

process.
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5.2.1 Repeating the Work of Hartley et al. in a Battery Model

Hartley et al. [65] stated that the energy efficiency (which we call u) of a fractional

element is:
Eout

E;

where « is the fractional order of the element.

= [2% —1)? (5.1)

If we know u, then, with rearrangement of Equation 5.1, we can estimate a.

log(at 1)
o= “log20) (5.2)

The above applies only when

o the fractional element is stimulated from rest with initial voltage and charge

of zero;
e a constant current k; is applied until time T

o the fractional element is discharged back to its initial zero state using a con-

stant current —bk;,

where the current ratio b is given by

b=2 1 (5.3)

—bk; is applied from time T to time T, where

Ty = 2T (5.4)

These conditions reportedly [65] confer maximum input-to-output energy efficiency
for a fractional element for all a.

A simple R-CPE battery circuit was simulated in “ngspice”
(https://ngspice.sourceforge.io/) according to the procedure described by Wilson et
al. [103] as used by the Battery Modelling Group. This method generates a CPE
subcircuit in SPICE, using software written in C, that is based on an array of RC
elements in parallel as originally described by Morrison [88]. The SPICE model
consisted of a CPE with a = 0.8 and fractional capacitance C'y = 1200 As*V~1 in
series with a resistance of 0.025 ) (parameters that reflect real lithium-ion batteries
as measured by us). An initial constant charge current of 500 mA (k;, an arbitrary
value reflecting the magnitude of cycling current that might typically be used in the
laboratory) was applied for 10000s (7'). A discharge current of —370mA (this is
—bk; as described above) was then applied for a further 10000s (i.e., to T'f; this was
equivalent to a 50 uHz charge-discharge cycle). This was modelled in a piecewise-

linear (PWL) manner as follows:

Istim O 99 PWL(O 0 0.1 500mA 10000s 500mA 10000.1s -370mA 20000s -370mA 20000.1s 0)
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where Istim is the SPICE name of the current source, 0 and 99 are the nodes either
side of Istim, and the current starts at zero amps at 0s, then maintains 500 mA
from 0.1s to 10000 s, then drops to —370 mA from 10000.1s to 20000s, and finally
returns to zero at 20 000.1 s.

A plot of the SPICE-simulated currents and voltages (Figure 5.1) showed a
response exactly as predicted by Hartley et al. [65].
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Figure 5.1: Current stimulus and voltage response in a battery with o = 0.8 simu-
lated in SPICE.

An AWK script (Section 1.5) was used to integrate energy in and energy out
by multiplying current and voltage at each timestep and keeping cumulative totals
for E;, and E,y,. Calculation of u = E,y;/Fy, at the end of the simulation yielded

u = 0.543. Thus
log(v/0.543 + 1)
o=
log(2.0)

= 0.796

which appears to validate the work of Hartley and colleagues [65] and the SPICE
CPE model [103]. It also reinforces the concept of linking a CPE characteristic (in

this case fractional order) to energy efficiency.

5.3 Energy Efficiency in Real-World Batteries

The idea that energy efficiency Eoyi/Ein, which we will call u, would decline as a
battery was repeatedly cycled was initially tested on a “tvi” file from a past bzdcp66
measurement (see Chapter 3). Figure 5.2 shows a zoomed-in portion (for easy
visualisation of the waveform) of the current against time plot for this measurement,

which ran for a total of 3 x 10% seconds (34.7 days). The waveform shows the



5.3 Energy Efficiency in Real-World Batteries 77

measurement tones superimposed on a 1 A square wave (which is effectively cycling
the battery).
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Figure 5.2: Zoomed-in current versus time plot from an impedance measurement
(bzdcp66) on a 66332A source measurement unit using a 2.6 Ah ICR 18650 battery.

The result of calculation of u, data line by data line, averaged out as the meas-

urement proceeded, is shown in Figure 5.3.
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Figure 5.3: Energy efficiency u (= Egyt/ Ein) averaged over time of the 2.6 Ah lithium
ICR 18650 battery of Figure 5.2.

The measurement settles to a u value representative of the battery under test

as progressively more charge and discharge cycles are completed. Calculating u by
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each line of data as the measurement proceeds is a poor method for detecting drifts
in u, however, since we are averaging the result over the entire measurement time.
A very long measurement time would be needed to discern declining u with this
approach, as SoH deterioration in a battery in normal use is a gradual process.

It would be better to identify complete cycles and compute E,,; and E;, for
each complete half cycle. This is straightforward for regularly repeating waveforms
like sinusoids or even waveforms that are staggered or asymmetrical (Figures 5.4
and 5.5), but not so for irregular or arbitrary waveforms of the type that might
be produced by a battery in use. In addition, Figure 5.5 indicates variation of u
with shape, magnitude and period of waveforms, which suggests that some as-yet

unknown waveshape correction factor might be required.
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Figure 5.4: Cycling plots for a range of CC-CV protocols applied to a 1.6 Ah 3.2V
lithium iron phosphate 18650 battery. Note the varying minimum and maximum
currents, waveshapes and period lengths.
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5.4 Real-World Measurements: Self-Similar (Pseudo-)
Cycles

In addition to exploring u as a potential marker of battery SoH, we would like to
be able to calculate this parameter from waveforms that are likely to be seen in
real-world environments. Consider the energy delivered by the battery of an EV.
The current drawn is large when the vehicle is accelerating, modest when cruising,
is reversed when braking regeneratively, and so forth. These events take place in
an irregular fashion, and are influenced by factors such as traffic light timing, hills
on the route taken, weight being carried, etc. On some days the user may make
more trips than on others. When the vehicle’s battery is being charged, current is
constant (or follows a defined profile). In-use current draw, on the other hand, will
occur less predictably, and will include large bursts or current spikes. Recharging
might be carried out each night, or perhaps weekly, but might also sometimes be
interrupted for an urgent journey. Clearly, no two days will be exactly alike, and
even if the vehicle is used for regular commuting five days a week weather and other
unexpected events will occasionally break the routine.

For the purposes of experimentation with real batteries in the laboratory, test
sequences capable of specifying current as a function of time for periods of time
ranging from days to years were required. These current profiles never repeat ex-
actly but have a quality that we refer to as self-similarity, and return to a defined
“home state” after each complete recharge cycle. This home state might have some
variability to it, for example charge to 80% most days, but occasionally all the way
to 100%. Cyclic behaviours that can be identified from this quality of self-similarity
are referred to as pseudocycles.

A software utility named “GenDrive” was developed to generate such a waveform
by Vance Farrow of the Battery Modelling Group (see author list in the paper that
follows), and was used for these experiments with permission. The GenDrive wave-
form is based on current versus time profiles obtained from experiments originally
carried out by the present author that involved weekly use of an electric scooter [104]
(Figures 5.6 and 5.7).

GenDrive is a utility written in the MATLAB® programming language that uses
the MATLAB® randn() function. It generates text files consisting of two columns,
time and current (*.ti files). Waveforms created by GenDrive can be broken down
into cycles, series and pulses, each of which contains multiples of the next (i.e., a
cycle is made up of multiples of series, and a series is a multiple of pulses). For
the experiments described in the paper presented here, negative pulses (which draw
current from the battery) were set to a mean —1.5 A with standard deviation (SD)
0.12A. Positive pulses (which push current into the battery) were a mean 0.9 A
with SD 0.18 A. Each GenDrive series contains a mean of fifteen (SD = 4) negative

pulses, and seven (SD = 3) positive pulses, so the combination of generally greater
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Figure 5.6: Voltage and current versus time logged during a week’s use of an electric
scooter powered by two 12-volt lead-acid batteries wired in series (voltage was meas-
ured at the node between the two batteries). Note the twice-daily current draws as
the scooter is ridden on weekday mornings and afternoons. The period of inactivity
from approximately 80 to just over 140 hours shows the scooter left over a weekend
plus one day [104].
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Figure 5.7: Zoomed-in plot of current (amps) versus time with scooter ride during
data collection as shown in Figure 5.6. The y-axis label refers to the data logger
used, a “LabJack” U6 device (https://labjack.com/products/u6), connected to the
scooter across a 2m{2 shunt to provide current sensing [104].

number and magnitude of negative pulses sets an overall trend of drawing current
from the batteries. Each cycle contains at least two series of pulses which are ran-

domly spaced with rest periods of between 15 minutes and 2 hours, and finishes with
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a 1 A recharging period during which the net charge lost is replaced. Parameters
were arrived at experimentally by setting current values suitable for batteries in use
in the laboratory, and by comparing the evolving GenDrive waveform with the ori-
ginal scooter driving data and fine-tuning until the current excursions and frequency
spectrum of the artificial waveform were deemed to match the real-world waveform
closely enough.

A single series of pulses from a GenDrive *.ti file is shown below. The left-hand
column shows the time in seconds, and the right-hand column the current in amps

to be drawn or supplied from that time until the next listed timepoint.

.312280000000e+04

.192050000000e+04

-1.440000e+00

3

3.319260000000e+04 0
3.322930000000e+04 -2.030000e+00
3.331660000000e+04 9.300000e-01
3.338330000000e+04 0
3.341590000000e+04 -2
3.349520000000e+04 0
3.353230000000e+04 1.040000e+00
3.358190000000e+04 -1.590000e+00
3.366050000000e+04 1.100000e+00
3.372050000000e+04 1.190000e+00
3.378270000000e+04 0
3.381240000000e+04 -1.660000e+00
3.389410000000e+04 0
3.392050000000e+04 -1.540000e+00
3.400980000000e+04 -1.750000e+00
3.408900000000e+04 3.300000e-01
3.414310000000e+04 -1.450000e+00
3.422250000000e+04 8.400000e-01
3.427840000000e+04 5.500000e-01
3.433210000000e+04 -1.850000e+00
3.441160000000e+04 0
3.444330000000e+04 -1.820000e+00
3.452420000000e+04 0
3.455610000000e+04 9.900000e-01
3.464390000000e+04 -2.130000e+00
3.474970000000e+04 -1.630000e+00
3.483230000000e+04 0
3.486620000000e+04 5.300000e-01
3.493610000000e+04 0
3.583020000000e+04 0
3.670570000000e+04 0

4

-1.620000e+00

The pulses and series generated by this part of the file, and the five subsequent
series, are shown graphically in Figure 5.8. The figure shows the six series making
up part of a cycle, and the end of that cycle followed by the start of a 1 A recharge
period.

The GenDrive *.ti file is sourced by bap66, another C program that runs in
the command line on the Raspberry Pi computers controlling the 66332A units
(see Section 1.5). When called without parameters, bap66 presents the following

instructions to the user:
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Figure 5.8: Part of a GenDrive current stimulus: 30000s to 70000s (8.3 to 19.4
hours). Each series (numbered 1 to 6 in the figure) is made up of individual positive
and negative pulses, with rests of 15 minutes to 2 hours between series. Fach collec-
tion of series makes up a cycle, which ends with a 1 A charging period as indicated.

bap66 V1.50 jbs&cjd Jan 2021, Apr 2023
Battery arbitrary waveform measurement via Prologix/Fenrir GPIB-USB & 66332A.
Usage: bap66 USB Vmin Vmax baseName [Addr]
where- USB is the rPi USB address (/dev/ttyUSBO, /dev/ttyACMO, etc);
Vmin/Vmax are voltage limits (aborts outside this range);
baseName is the file string to be used;
Addr is the optional GPIB bus address, def=5.
Sources current described by a .ti file, measuring V & I to .tvi file.
Creates baseName.tvi, basename.log, reads basename.ti file.
Assumes ti file contains seconds-amps pairs (or blank lines).

Requires no drivers, communicates using ++cmd protocol.

“baseName” is the name of the input file called; this name is also used for the
output file (with a .tvi suffix) generated by bap66. Vi, and V., are limits set
according to rating of the battery being tested.

5.4.1 Detecting Self-Similar (Pseudo-) Cycles and Measuring u

For the GenDrive waveform, u was calculated using “getSoH”, a C program that
searches streams of voltage and current data for pseudocycles. The utility runs in
the command line, and presents the user with the following instructions when called

with no parameters.
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getSoH V6.10 JBS CJD May 2023
Usage: getSoH file.tvi Ithreshold Verror t_rest Qerr [Rs [t_min [t_max]]] >file.tu
where
Ithreshold is the current considered to be close to zero;
Verror is how close to the starting voltage one must be;
t_rest (seconds) is the time considered enough to be at rest;
Qerr is how close to zero the delta-Q must be;
Rs is battery ohmic resistance (def=0.00);
t_min (seconds) is the smallest permitted pseudocycle duration (def=3 days);
t_max (seconds) is the longest permitted pseudocycle duration (def=14 days).
Takes in a 3-col ascii file giving time, voltage, current;
writes plottable Tstart(hr)-u-Tperiod(hr) triples to stdout at pseudocycles,
plus adjusted efficiency factor.
Cycle recognised for return close to V and Q between rests, with large enough Q
excursion plus required min and max time between matching rests.
Writes progressive pseudocycle reports to stderr.
Writes some diagnostics to getSoH.log.
If time is not monotonic (cat tvi files?) time is incremented to make it monotonic.
Start with Verror & Qerr around 0.2% of battery values.

Ithreshold depends upon hardware. t_rest will increase with battery age.

GetSoH runs line-by-line through the *.tvi file generated by bap66 and identifies
rest periods of negligible current movement (based on the Ithreshold value entered
by the user) that exceed a given duration (¢_rest). While doing this it accumulates
charge delivered and withdrawn. Using the parameter Verror, it examines terminal
voltages at the end of rest periods, and identifies pseudocycles as periods delineated
by rests where the voltage and charge differences (based on Qerr) are smaller than
the parameters entered. A pseudocycle search starts every time a rest is identified,
coulomb counting separately for each one, and terminates when the pseudocycle
completes at the next rest. The algorithm is executed sequentially (current and
voltage data are processed but not stored). The process therefore requires very
little memory and very modest processing power.

Note that in the experiments described in the paper that follows, a pseudocycle
is in fact one or more GenDrive series (of pulses), while a GenDrive cycle is a com-
plete set of series between recharges. Thus, in this instance, GetSoH is identifying as
pseudocycles groups of series that may or may not correspond to complete GenDrive
cycles. The point is made because GetSoH was written as a utility that could be
used with any arbitrary waveform, not GenDrive specifically, which simply repres-
ents the first attempt to deploy it. It also does not affect the overall progression
of the u calculation over the life of the battery. GetSoH can be made to identify
larger groups of series as pseudocycles by increasing the length of the ¢t_min para-
meter (the smallest permitted pseudocycle duration, which defaults to three days if
not specified). There is also a t_max parameter that can be used to override the
default 14 days for the maximum permitted pseudocycle duration. Adjustment of
parameters allows the user to control the operation of the software to take account
of factors such as the equipment used and the timescale of the measurement.

There is also the option to add a series resistance (Rs) for the battery. If this is
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done an adjustment is made to the voltage used in the energy calculation. The adjus-
ted efficiency factor mentioned in the instructions relates to the as-yet unidentified

waveform correction factor referred to earlier, and was not used.
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Abstract—Recent observations in battery measurement studies
and the representation of batteries by equivalent-circuit models
(ECMs) containing constant-phase elements (fractional capaci-
tors) suggest a powerful new measure of battery state of health
(SoH) based on the evolution of energy efficiency as the battery
ages. The proposed measure may be calculated from arbitrary
current and voltage waveforms as seen in normal battery use,
and does not require values of any model parameters. The
relationship between efficiency and battery SoH is demonstrated.
The algorithm requires very little data storage and only trivial
computing power. Simulation and measurement confirm the
accuracy and utility of the new measure. Measured data stretches
over 120 days of continuous usage.

Index Terms—Rechargeable batteries, state of health, frac-
tional derivatives, equivalent-circuit model, power factor

I. INTRODUCTION

ATTERY state of health (SoH) has been defined as “a

measure that reflects the general condition of a battery
and its ability to deliver specified performance in comparison
with a fresh battery” [1].

Charge cycle capacity has been presented as the “gold
standard” for measurement of battery health [1]. Batteries
degrade and lose charge-holding capacity over time after
manufacture [2] because of a variety of physical aging mech-
anisms [3]. When the capability of the battery to hold and
deliver charge (and therefore energy) drops below a predefined
threshold (typically 70% to 80% of its capacity at manufac-
ture), many warranty providers consider it to have reached
the end of life [2, 4]. SoH is a term used to express this
capacity fade [2, 3]. This definition is popular because it can
be measured easily on the bench.

SoH does not correspond to a single specific physical
characteristic, however, and charge capacity is not the only
property of a battery that changes with progressive degrada-
tion [1]. Power capability (the ability to deliver a given power)
also falls. Wearing out of various internal battery components
can manifest as increased charge transfer and diffusion re-
sistance, reduced current density, decreased voltage, and heat
generation [5]. Recent reports describe Tesla roadster batteries
failing through loss of power capacity [6].

We seek to characterize SoH in a battery using measured
arbitrary current and voltage. Because the waveform is arbi-
trary, any measure must be independent of frequency, wave
shape and load current amplitude. It should not depend upon
any particular charging behavior a user may impose. In this

The authors are with the School of Engineering and the School of Science,
University of Waikato, Hamilton, New Zealand. e-mail: cjdunn@xtra.co.nz

manuscript a parameter related to cycle energy efficiency is
proposed as suitable for this purpose.

II. THEORY

A battery may be accurately represented by an equivalent
circuit model (ECM) comprising only a series resistor and
constant-phase elements (CPEs; fractional capacitors) [7, 8, 9].
Hartley et al. showed the energy cycle efficiency of a charged
and then discharged CPE to be a simple power function of
the system order, subject to “the assumption that zero initial
energy is stored” [10]. However, the authors’ main stated aim
was to demonstrate energy equivalence of constant current and
constant voltage charging and discharging in a CPE, and to
describe conditions under which energy efficiency could be
maximized for a given fractional order. They did not generalize
to different types of waveform or situations where there is
considerable energy stored and a large dc offset.

Both the capacity of a battery and the apparent order of the
CPE that models it in the simplest R-CPE equivalent circuit
decrease with wear [11]. This is consistent with falling cycle
capacity and power capability.

By definition, a CPE exhibits a constant phase shift between
sinusoidal current and voltage across all frequencies [8, 12].
Thus, the power factor of a CPE is independent of the
frequency at which it is measured. Moreover, as shown by
Hartley et al. [10], energy loss in a CPE over a cycle is related
to «, the order of the fractional derivative describing that CPE.
Thus, the energy efficiency of the element reveals the order
of the derivative. Since a CPE is linear [13], superposition
holds, and we may decompose any waveform into a sum of
sine functions. From this we can relate efficiency to SoH.

A. Single Sine Wave Stimulus

Let us assume that the current into a cell is a single sine
wave:
I(t) = Ipsin(wt) (1)
The complex impedance of a CPE is
Z(w) = —> )
W)= ———
Cr(gw)™
The voltage across a CPE for this current input, assuming
there is a constant starting voltage offset Vj, is:
V(t) = Vo + V, sin(wt — 0) 3)

where V,, = |Z(w)|ly is the amplitude of the ac part of the
waveform, § = am/2 is the phase, and « is the order of



the fractional derivative. Note that V, depends on frequency
through |Z| and the phase delay 6 depends on the order of the
CPE, «.

Since the terminal voltage of a battery is always positive in
a practical situation, the sign of the power, P(t) = V (¢)I(t),
is determined by the sign of the current I(t), positive in the
first half-cycle and negative in the second. The energy into the
CPE in the first half-cycle is given by:

By — / o

=0

T/2
= / [Vo + V sin(wt — 0)] [Io sin(wt)] dt 4)
t=0

which is:

T/2 T/2
Ei, = / Volo sin(wt)dt—f—/ Vol sin(wt) sin(wt—0)dt
t=0 t=0 5)
where 7 is the period of the sine wave. The first part integrates
simply to VoIoT/mw. The second part can be integrated by
noting that

sin asin 3 = % [cos(a — B) — cos(a + B)] (6)

and thus the energy into the CPE becomes

VoloT ~ VoIoT cosf
By = odo 4+ 2 0l COS )
m 4
The energy put into the CPE in the second half-cycle is

given by:

T
Eou = _/tT/2 V(ﬁ)‘[(ﬁ)

T

= / [Vo + Vg sin(wt — 6)] [Io sin(wt)] dt (3)
t=T/2

The quantity o, is negative, since I(t) is negative during

the second half-cycle. We can perform the integration in the

same way as for the previous half-cycle, giving us:

Fous = Wl T n VoloT cos O ©)
m 4
The energy taken out of the CPE in the second half-cycle is
the negative of Eqyuy.
Thus we can define the efficiency as being u =

which is:

*Eout/Ein
- Wl T/7 — VoIoT cos0/4
U= VoloT /7 + Vo IoT cos6/4

Cancelling the factor of Ip7" and multiplying top and bottom
by 7 /Vy gives:

(10)

1 — 7V, cos6/4V,
u =
1+ 7V, cos6/4V,

In the limit of @ — 1, in other words the CPE becoming a
pure capacitor, cos # — 0 and thus © — 1 as we expect since
a capacitor cannot dissipate energy.

If the ratio of V, to Vj is rather less than one (which
practically would likely be the case), then we can use the
binomial theorem to approximate Equation (11) as:

(In

7V, cosf

2Vo

wrl— (12)

and
2Vo(1 — u)

0~ 13
cos =y (13)
and hence
2 2Vo(1 —
QA — arccos [Vo(u)} (14)
T Vy,

By measuring u experimentally we can then infer o.

B. Complex Stimulus

For multiple sinewaves let us define an applied current I(t)
over some time domain 0 to 7"

I(t) =I1 sin (w1t + ¢1) + Iosin (wot + o) + ...

= ZI” sin(wnt + ¢n) (15)

where n is an integer > 0 (n.b., [y = 0 would denote no
net average charge moved), I, is a real amplitude for the nth
component, w, = 27wn/T, and ¢,, is the phase of the nth
component.

For the voltage over a CPE, each harmonic component is
related to the equivalent harmonic component of the current,
s0:

V(t) =) Vasin(wnt + ¢, +0) (16)

where V,, = |Z, |1, is the (real) amplitude of the nth compo-
nent and |Z,| = 1/Cyw? is the magnitude of the impedance
at the nth frequency, with Cy the fractional capacitance and
« the order of the CPE, and § = —m«/2 is a constant phase
difference between the V' and I harmonic components.

In the case of a single sinewave it was possible to break the
integration into the “adding energy” (Ei,) and “removing en-
ergy” (Eout) parts. This allowed straightforward computation
of efficiency, u. This is not feasible for an arbitrary wave-
form, however, as we cannot identify complete half-cycles to
integrate from ¢ = 0 to 7/2. The determination of E;, and
Foy is consequently mathematically difficult, possibly even
intractable. Alternatively, therefore, we investigate the energy
E dissipated over time T by integrating I(¢) and V(t) as
follows:

T
E =
t=0

dt [Z Iy sin(wnt + ¢n)

Z Vin sin(wimt + ¢, + 0)

an
Reversing the order of summation and integration:

dt sin(wnt 4 ¢) sin(wimt + ¢ + 6)

(18)
which will equal zero unless m = n, in which case (with
this special case denoted by J,,,,):

E:ZZIan/

T
n m t=0

T
Jpn = / dtsin(wpt + ¢p) sin(w,t + ¢pn + 6) (19)
t

=0



Using the identity sin(a + ) = sinacos 8 + cos asin 3,
with a = w,t + ¢, and B = 6, we expand the second of the
sines in the integral to give:

T
Jnn = / dt sin(wnt + ¢y, sin(w,t + ¢p,) cos @
t=0

T
g
t=0

The sine-cosine product in the second integral goes to zero
over the period; the sine-squared product in the first integrates
to T cos 6/2. Then, substituting into Equation 18:

dt sin(wpt + ¢r,) cos(wnt + ¢p) sin @ (20)

E=>" I,Vin6umT cos6/2

m n

2n

where the Kronecker delta d,,,, = 1 if m = n or 0 otherwise.
Hence, carrying out the sum over m, we get the m = n case
(being non-zero) only, yielding

o T cos 6 ZInVn

2 (22)

C. Self-Similar Cycles (SSCs)

Most rechargeable batteries are used in a repetitive fashion.
A cell in an electric vehicle (EV) sees large current pulses as
the vehicle accelerates, modest current draw while cruising,
pulses of recharging when dynamically braking, periods of rest
with minor current draw while stopped or parked, and episodic
slow or fast charging. The pattern of such usage may change,
say with the particular driver or the vehicle load or traffic
conditions, but the approximate periodicity will remain. No
two periods will be exactly alike, but they will resemble each
other in their statistical properties, typical waveshapes, etc. A
similar argument applies to batteries in power tools, mobile
phones, solar-powered installations, wireless accessories, and
grid storage facilities. We refer to the periods of self-similar
activity as “pseudocycles”.

Finding SoH via u in pseudocycles depends upon selecting
intervals that capture a pseudoperiod from within the stream
of current and voltage data that approximates an ideal period
sufficiently closely. For example, one might consider any in-
terval over which the charge delivered and the charge returned
are equal, or close to equal, to constitute a valid pseudocycle.!
Another condition might require that the starting and ending
rest voltages of a cell be the same, or close; alternatively,
perhaps both the change in charge and the change in rest
voltage could be required to be small. Another condition would
be that the statistical properties of the current waveform hold
across the pseudocycle, or that an adjustment be made to
compensate for this. Refer to Section III for details of how
pseudocycles have been identified in this manuscript.

INote that this definition fails with lead-acid batteries, and often with nickel
metal hydride batteries. Both these chemistries are provided with a mechanism
to cope with overcharging, so that they are not immediately damaged when
too much charge is supplied.

D. Health via Efficiency

On the premise that declining energy efficiency tracks
battery health, we require a generic indicator of SoH that
follows 6 independently of waveform. Equation 22 shows the
overall energy dissipated in a pseudocycle. We suggest that
this is proportional to cos 6, but this leaves us unsure as to
how to approach the summation term (without performing
Fourier transforms on I(t) and V(¢) to obtain I,, and V,,).
However, V,, depends on « via impedance, so « is involved
in the summation term as well as cos 6. The research question
then becomes: “How does « relate to energy dissipated?”, in
addition to whether it is possible to identify pseudocycles from
a stream of real-world data.

Rewriting Equation 22 as

T cosf
E = zn: —y Vo= ;En (23)
where F,, is now defined as
E, = TCTOSQIHV,L (24)
Then o
cosf = IV, (25)

which suggests a ratio of energy dissipated by the nth
harmonic component to the energy that would be dissipated
by the nth component with no phase difference between I and
V, i.e., energy “lost” over energy ‘“contained”.

We require a general formula that reduces back to (13) for
the sinewave case, but the mathematical intractability of this
process requires us to formulate a hypothesis based on what
is known that can be tested empirically.

Let D be a measure of the deviation of the CPE from a pure
capacitor (i.e., D = 0 implies pure capacitative behavior), so
that

_ (V@) (1 —u)
b= V2o

where Vp in (13) is replaced by (V (¢)), the mean voltage
over some chosen period, and V, by v/20y,, the peak voltage
excursion across that period, and where v is the measured
efficiency over that period. As a battery ages, we expect D
to increase as efficiency decreases. This approach was to be
explored using the present battery measurements.

(26)

III. METHODS
A. Simulation

First, the relationship between u and « for the sine wave
case (Section II-A) was explored using a modeled resistance
in series with a CPE of known « generated by the open-source
“ngspice” SPICE simulator (https://ngspice.sourceforge.io/).
The CPE model was based on an array of resistors and capac-
itors in parallel as described by Morrison [14] and Seshadri
and Scott [15], and subsequently developed and validated as
a SPICE model by Wilson et al. [16].

A “.tran” analysis tracking current and voltage was run
on a circuit simulation consisting of a small (0.025 (2) series



resistance and a single CPE with a = 0.8. A 50-uHz sine
wave was simulated for 1.2 x 10° s, with an initial potential
of 4.0V on the CPE. The SPICE output was processed by
an AWK script that detects cycles by looking for reversals in
charge movement (current direction) and calculates FEj;, for
each positive half-cycle and E,,; for each negative half cycle.
Total E for each half-cycle was calculated as the cumulative
product of voltage and current for each recorded timestep (dt).
Then, for each complete cycle:

27

B. Measurements

The initial CPE SPICE simulation was followed by battery
measurements. The equipment and methods used at our center
have been described in detail previously [17]. Briefly, mea-
surements were taken at 22 °C using two-quadrant precision
sources (HP/Agilent/Keysight 66332A units) via four-wire
connections controlled through GPIB interfaces by Raspberry
Pi 4 computers running custom software written in C [11].
Three batteries were used in these experiments. Two were
lithium nickel manganese cobalt oxide (LiNi,Mn,Coj_,_,0»;
INR) 3500-mAh 3.6-V 18650 cells removed from an electric
quad-bike battery pack, and the other was a lithium nickel
cobalt aluminium oxide (LiNiCoAlO,; NCA) 4800-mAh
3.7-V 21700 cell.

Batteries were initially cycled using industry stan-
dard CC-CV (constant current-constant voltage) proto-
cols using “bcp66”, a command line program writ-
ten in C [17]. Code 1is available in a repository
(https://github.com/CDunnNZ/Batteries). After cycling, extra-
low frequency (ELF) electrochemical impedance spectroscopy
(EIS) from 5.0 pHz to 1.0Hz was carried out using the
recently reported method that is now standard in our labo-
ratory [17] to allow characterization of the cell and the fitting
of an ECM as described by Poihipi et al. [7].

Another C utility, “bap66”, was used to pass sinusoidal and
arbitrary waveforms through the cells via the 66332A units.
bap66 calls two-column “.ti” files consisting of timestamp-
current pairs that can represent any desired waveform, and
outputs a three-column “.tvi” file showing voltage response
to the applied current. A sinusoidal current waveform was
generated as a .ti file via a script written in C. u was deter-
mined as described previously (Section III-A and Equation 27)
using a C program developed from the earlier AWK script
with some additional capabilities including calculation (based
on Equation 13) and printout of o and voltage-current phase
differences.

These phase differences and « values calculated from w
were verified by comparison with values determined using
Fourier and Hilbert transform methods. Fourier transforms of
.tvi data were performed with “dftv”, a C program originally
designed for use with SPICE [18] that is able to handle non-
equispaced time-domain data, and the fast Fourier transform
(FFT) function available in MATLAB®. Fourier analysis was
applied to the voltage and current data columns in each .tvi
file to reveal the phase (¢) associated with both parameters at

frequencies of interest. The difference between ¢y and ¢y is
the phase shift 6 through the battery at any given frequency.
This would be 90° for a capacitor, and somewhat less for a
fractional system such as a battery, which acts as a “lossy”
capacitor. Note also that, although a CPE displays constant
0 regardless of frequency (a fundamental characteristic), a
battery can show changing 6 at very low frequencies [17]
because the circuit describing it is not a pure CPE, but rather
a fractional capacitance in series with a resistance.

Hilbert transforms involve convolution of a signal in the
time domain with the Hilbert kernel 1/7¢ or multiplication in
the Fourier domain by —jsgn(f) to reveal the so-called ana-
Iytical signal, which contains phase information. The “hilbert”
function in MATLAB® was applied to voltage and current data
to obtain ¢y and ¢y, respectively, and consequently 6.

Arbitrary waveforms intended to represent the usage cycles
of electric vehicles and other equipment as described earlier
(Section II-C) were generated as .ti files with “GenDrive”,
a utility that creates waveforms using MATLAB® and its
“randn” function. These waveforms can be broken down into
cycles, series and pulses, each containing multiples of the
next. For these experiments, negative pulses (drawing current
from the battery) were set to a mean —1.5 A with standard
deviation (SD) 0.12 A. The mean positive pulse was 0.9 A
with SD 0.18 A. A GenDrive series contains a mean of fifteen
(SD = 4) negative pulses, and seven (SD = 3) positive pulses,
so the combination of generally greater number and magnitude
of negative pulses sets an overall trend of drawing current
from the battery. Cycles contain at least two series of pulses,
randomly spaced with rest periods of between 15 minutes and
2 hours, and finish with a 1-A recharging period during which
the net charge lost is replaced. Figure 1 shows a representative
section of the current stimulus used in these experiments.

Current (A)

c e b e e e e e
35000 40000 45000 50000 55000 60000 65000 70000

-3
30000

Time (s)

Fig. 1. GenDrive current stimulus: 8.3 to 19.4 hours.

FE;, and E,,; were determined with “getSoH”, a C pro-
gram that searches streams of voltage and current data for
pseudocycles. Within the stream, it identifies rest periods
of negligible current draw that exceed a given duration. By
accumulating the charge delivered and withdrawn, and looking
at terminal voltage at the end of rest periods, it identifies
pseudocycles as periods delineated by rests where the voltage
and charge differences are smaller than the parameters entered



when the program is called. Inspecting these values between
every possible pair of rest periods allows pseudocycles to
be identified. The algorithm is executed sequentially (current
and voltage data are processed but not stored). It starts a
search for a pseudocycle at each rest identified, coulomb
counting separately for each one, and terminates each search
when the pseudocycle completes at the next rest. This means
that the process requires very little memory and very modest
processing power. Parameters set by the user include threshold
current (0.01 A for these measurements) and voltage (0.05 V)
considered to be close to starting values, and how close to zero
charge movement should be (0.01 Ah). The minimum time for
the system to be considered at rest (60 s in these experiments),
and the shortest and longest permitted pseudocycle durations,
may also be set (these were left at their default values of 3 and
14 days, respectively). The data from getSoH can be presented
as a point in time associated with the computed efficiency
factor, or as a “bar” that marks the start and end point of each
pseudocycle.

Regression analyses and least-squares fitting were carried
out using MATLAB® “polyfit” and “polyval” functions

IV. RESULTS
A. SPICE Sinusoid Simulation

Simulation work started with an R-CPE model with o = 0.8.
The minimum (V,,,;,,) and maximum (V,,,,,) voltage responses
for a selected cycle were determined from plots constructed
in MATLAB® (Figure 2), and these values used to calculate
Vo and V, (see Equation 13). Knowing u, « could then be
back-calculated.
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Fig. 2. Current (solid line) and voltage response (broken line) at end of sim-
ulation. R-CPE model, o = 0.8, fractional capacitance C'y = 1200 AsovV—1,
series resistance = 0.025 €2, 50-uHz sinusoidal stimulus.

V., = 0.2684V, Vy =
0.9635, and therefore

3.9793V, and uw = Eoui/Fin =

2 x 3.9793(1 — 0.9635)
7 x 0.2684

6 = arccos

=1.22rad (69.9°)

and

2 2x1.92
o= 22X g
T i

(28)

which is compared to the value of 0.80 upon which the
CPE model was based. Note that the model was initialized
by simply putting an initial condition of 4.0V on all the
capacitors in the Morrison array in SPICE.

In an attempt to ensure that the simulation was reaching
steady state, the model was adjusted to reduce the fractional
capacitance (Cy) of the CPE to 470 As®V~! and to increase
the stimulus frequency to 100 xHz. Under these conditions a
value of o = 0.80 was obtained, confirming the association
between u and « for this modeled sine wave case.

B. Measured Sinusoidal Stimulus

Figure 3 shows the voltage response to a 0.5-A 50-uHz sine
wave applied to one of the INR batteries. The constant phase
exponent « characterizing the fractional capacitance of the
battery is related to the (purely) capacitative phase separation
of 90° by an angle ¢ = 90°(1 — «) [8].
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Fig. 3. Current (solid line) and voltage response (broken line) after 14

measured cycles. INR 18650 cell, 50-pHz sine wave current.

A Fourier transform using dftv showed a phase separation
between current and voltage at 50 Hz of 65.93°, a difference
from 90° of 24.07° (= ¢). Thus
o) 24.07
90 1= 90 1=-0.73

Thus, o = 0.73. The MATLAB® FFT and Hilbert transform
(Figure 4) yielded the same result.

Calculation of E,,:/FE;, for each available cycle showed
results ranging from 0.9760 to 0.9762; thus, u was set to
0.9761. Use of the same calculation as for the simulation
in Section IV-A, and V,,;, and V,,,, values as shown in
Figure 3, resulted in a phase difference of 68.11° (1.19rad)
and a = 0.76. Refinement of the program to include a
small series resistance (0.01 €2, a plausible value for a battery)
reduced the value of « to 0.73 (phase difference 65.95°), in
alignment with the Fourier and Hilbert approaches, and linking
u and « in a measured battery. The series resistance is entered

—a =

(29)
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as a parameter when the program is called in the command
line, is multiplied by current, and the result used to adjust the
CPE voltage before the energy calculation is performed.

C. Self-Similar Cycles

Following repeated charging and discharging using the
arbitrary waveform (SSCs), u as calculated for pseudocycles
identified by getSoH showed a clear and consistent reduction
over time (Figure 5). Note the reproduction of two consecutive
“runs” in the figure, necessitated by memory and file size
limitations in the Raspberry Pi computers used to control
the 66332A units and the consequent need to restart after
approximately 80 days. Note also the point estimates of u in
Figure 5, and v with pseudocycle duration in Figure 6. Central
clustering of longer pseudocycles, with shorter pseudocycles
as outliers, suggested more reliable estimates of u with longer
periods.

Least-squares fitting analysis of the first dataset (run 1)
in MATLAB® showed a strong linear correlation (correlation
coefficient —0.9392) with narrow 95% confidence limits (Fig-
ure 7).

D (Equation 26) increased over time for each identified
pseudocycle as predicted. Results showed greater scatter and
weaker linear correlation than those for u (Figure 8), but the
increasing trend for D was clearly apparent.

The first run of data from the 4800-mAh NCA 21700
battery followed the same pattern of falling « when subjected
to the arbitrary waveform (Figure 9), although cyclic variation

0 500 1000 1500
Time (h)

2000 2500

Fig. 5. Plot of energy efficiency w against time for an INR cell charged
and discharged using an arbitrary waveform. Note the reduction in w with
repeated cycling over time. The two data series are two consecutive parts
of the same ongoing measurement, with run 2 beginning where run 1 stops,
necessitated by the data storage limitations of the Raspberry Pi units executing
the measurement software.
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Fig. 6. Energy efficiency u against time for an INR 18650 cell plotted as
bars showing pseudocycle duration for each calculated w value. Note the
central clustering of longer pseudocycles, with outliers tending to be shorter
pseudocycles (durations range from 3 to 14 days). The two data series are
two consecutive parts of the same ongoing measurement, with run 2 beginning
where run 1 stops, necessitated by the data storage limitations of the Raspberry
Pi units executing the measurement software.

was apparent. There was also some evidence of this type
of pattern in the INR battery (Figure 5). This effect may
have been caused by the GenDrive waveform not being truly
arbitrary, and we might expect to see such a pattern in a real-
world waveform from an electric vehicle, as drivers tend to
use their vehicles according to regular routines.

Similarly to the INR battery (Figure 6), longer pseudocycles
tended to be concentrated in the middle of the w plot, with
outliers being predominantly short pseudocycles (Figure 10).

The same strong linear correlation between u and time was
noted in this cell (Figure 11), together with the same clear
increasing trend in D (Figure 12), although correlation for D
with time was again weak, with wide 95% confidence limits.

Note that it is possible to adjust input parameters in getSoH
to control the length of pseudocycles to be detected (the
default minimum and maximum values are 3 and 14 days,
respectively). Figure 13 shows the result of repeating getSoH
for run 1 in the INR battery with a minimum pseudocycle
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Fig. 7. INR 18650 cell arbitrary waveform run 1: w versus time ¢ with first-
pseudocycles (durations range from 3 to 14 days).

order polynomial (linear) fit and 95% confidence limits. Correlation coefficient
= —0.9392; u = (—1.4354 x 10~6)¢ + 0.9537.
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order polynomial (linear) fit and 95% confidence limits. Correlation coefficient
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2027 . . . T T T T
E -
0.956 U 0.26 - +H
A E Ty
0.955 v ]
e ¥
= 0.25 F -t +
0.954 1 = s S
8 e T T S S T o
0.953 . R 0.20 g ﬁ%#ﬁ+%++#+ o+
b LT ;;_' tﬂ%+¢++++ + -h?f *{Fg_ e
. i To2f fH *fﬁt*‘;'_{ﬁ; ii; fﬂr Ras O
U 0951 - o [ FRetr PRV j" - 4 4t H
= + o« e + + P
0.95 § =022y R e vy ]
E At + + —
0.949 4 ¥ o e
§0‘21—+++ ¢+'3r'+ s i
0.948 J E I n +
2 F L+
0.947 ] £ 02 +tE
0.946 ! ! ! ! Z 0.19 . . . . | | |
0 500 1000 1500 2000 2500 0 200 400 600 800 1000 1200 1400 1600
Time (h) Time (h)

Fig. 12. NCA 21700 cell arbitrary waveform run 1: D versus time ¢ with first-
order polynomial (linear) fit and 95% confidence limits. Correlation coefficient
=0.2464; D = (7.2904 x 10~%)¢ + 0.2282.

Fig. 9. Plot of energy efficiency u against time for the NCA 21700 cell
charged and discharged using an arbitrary waveform.

duration of 7 days. There was a small improvement in the
least-squares linear fit for D (correlation coefficient = 0.3544),



but the best-fit line was unchanged.
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Fig. 13. Energy efficiency w against time for an INR 18650 cell plotted as
bars showing pseudocycle duration for each calculated « value. Pseudocycle
durations set to 7 to 14 days. Note the absence of short-cycle outliers as seen
in Figure 6.

D. Relationship of D and «

To test the relationship between D and « where the
waveform is not a single sine, inverse cosines of D after
least-squares fitting for the batteries at the beginning of the
measurements were taken, and, using the relationship shown in
Equation 28, the results summarized in Table I were obtained.
Values of o« obtained in this way (ap) and those obtained
using extra-low frequency EIS and R-CPE model fitting [7, 19]
(Figure 14) were within 2% of each other.

TABLE I
ESTIMATION OF a VIA D

Battery « u D 0=cos 1D | ap =20/n
INR 0.869 | 0.9537 | 0.2260 1.343rad 0.855
NCA 0.860 | 0.9545 | 0.2282 1.341rad 0.853

«, estimate based on equivalent-circuit model with single constant-phase
element (CPE) as determined using the method of Poihipi et al. [7]; ap,
estimate based on inverse cosine of D.
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Fig. 14. R-CPE model fitting [7] for the 18650 INR battery. o (= 0.869
for this cell) is given by the slope of the CPE impedance magnitude (|Z])
asymptote. Rs = series resistance.

Figure 15 shows the result of applying the above to all
values of D and to the best-fit line in MATLAB® for run 1
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Fig. 15. « derived from D (ap) for run 1 of the 18650 INR battery.

in the INR cell. We see the anticipated fall in o with repeated
charging and discharging.

V. DISCUSSION

These findings demonstrate that energy efficiency u reveals
SoH for a lithium-ion battery, and « specifically where the
charge-discharge stimulus is a sine wave. Where this is not
the case, theory predicts that we would have to know I,
and V,, (Equation 22) as well as being able to identify
pseudocycles. The results presented here suggest that u can
be used to track battery health without necessarily knowing
these characteristics, and that we can do this with waveforms
other than single sinusoids. Furthermore, we can detect phase
changes following declining SoH that reflect changing o using
a parameter that shows deviation of a fractional system from
purely capacitative behavior.

We note that have shown this only for a single modeled
arbitrary waveform which may be too “self-similar” for further
generalization. A real waveform from, say, an EV in daily use
might not give the same result. Many further measurements,
using a variety of waveforms over prolonged periods, will be
required for verification. Some sort of waveform correction
might also be needed. Is there a measurable waveform property
(crest factor, spectral range, spectral occupancy, envelope,
etc.) that correlates with the variation in efficiency, and can
therefore correct out non-health noise that we see in u or D?
Such correction factors would have to be investigated through
extensive simulation and measurement.

Increasing energy dissipation appears consistent with de-
creasing «, but this is not the only possible hypothesis. We
may not need to know « to track SoH; measured u alone
may suffice. For more certainty relating to how to use u (or a
similar measurement) to find # and o we would need to know
I, and V,, in order to identify their Fourier components and
plot impedance spectra based on these [17], but this would
move us away from the idea of a simple predictive algorithm
that is easily measured in sifu with minimal hardware and
processing power. Moreover, u implies the fitting of an R-
CPE model to the data, whereas an R-CPE-CPE model has



been shown to be more appropriate [7, 17], with overall «
being dictated by increasing dominance of the second CPE as
the battery ages. This is important when building an ECM for
a battery, but may not be relevant for simply using u to track
SoH.

VI. CONCLUSION

Energy efficiency u can serve as a marker of SoH in lithium-
ion batteries being cycled according to arbitrary waveforms
as found in electronic devices being used under real-world
conditions. This parameter appears to be related to o, which
is defined by the simplest battery ECM, and which declines
as the battery wears out. u is described by a very simple
algorithm with minimal computing requirements that could be
easily incorporated into battery management systems. Further
work is needed to confirm (or otherwise) the association of
with phase behavior in a battery, and the significance of this
association. The algorithm should also be tested on waveforms
from real devices and vehicles in daily use.

REFERENCES

[1] V. Pop, J. B. Henk, D. Danilov, P. P. L. Regtien, and
P. H. L. Notten, Battery Management Systems: Accurate
State-of-Charge Indication for Battery-Powered Applica-
tions. Springer, 2008.

J. A. Osara, O. A. Ezekoye, K. C. Marr, and M. D.
Bryant, “A methodology for analyzing aging and
performance of lithium-ion batteries: Consistent cycling
application,” J. Energy Storage, vol. 42, p. 103119, Oct.
2021. [Online]. Available: https://linkinghub.elsevier.
com/retrieve/pii/S2352152X21008227

C. Pastor-Ferndndez, T. F Yu, W. D. Widanage,
and J. Marco, “Critical review of non-invasive
diagnosis techniques for quantification of degradation
modes in lithium-ion Dbatteries,” Renew. Sustain.
Energy Rev., vol. 109, pp. 138-159, Jul. 2019.
[Online].  Available:  https://linkinghub.elsevier.com/
retrieve/pii/S136403211930200X

L. Ungurean, G. Carstoiu, M. V. Micea, and V. Groza,
“Battery state of health estimation: a structured review of
models, methods and commercial devices,” Int. J. Energy
Res., vol. 41, no. 2, pp. 151-181, 2017.

C. Hendricks, N. Williard, S. Mathew, and
M. Pecht, “A failure modes, mechanisms, and
effects analysis (FMMEA) of lithium-ion batteries,”
J. Power Sources, vol. 297, pp. 113-120, Nov.
2015. [Online]. Available: https://linkinghub.elsevier.
com/retrieve/pii/S0378775315301233

J. Neff, “Tesla Roadster Batteries Are Failing, Revealing
End Of Life Symptoms,” INSIDEEVs, Mar. 2023.
[Online]. Available: https://insideevs.com/news/658962/
tesla-roadster-ev-battery-end-of-life/

E. Poihipi, J. Scott, and C. Dunn, “Distinguishability
of Battery Equivalent-Circuit Models Containing CPEs:
Updating the Work of Berthier, Diard, & Michel,”
J. Electroanal. Chem., vol. 911, p. 116201, Apr.

(2]

[4]

(8]

(9]

[11]

[16]

[17]

2022. [Online]. Available: https://linkinghub.elsevier.
com/retrieve/pii/S157266572200193X

A. Lasia, “Dispersion of Impedances at Solid Elec-
trodes,” in Electrochemical Impedance Spectroscopy and
its Applications. New York, NY: Springer New York,
2014, pp. 177-201.

V. Farrow, J. Scott, M. Cree, and M. Wilson, “Passive,
Fractional, Battery Equivalent-Circuit Model in Time and
Frequency Domains Part 1: Linear Model,” submitted for
publication.

T. T. Hartley, R. J. Veillette, J. L. Adams, and C. F.
Lorenzo, “Energy storage and loss in fractional-order
circuit elements,” IET Circuits Devices Syst., vol. 9, no. 3,
pp- 227-235, 2015.

V. Farrow, “Characterisation of rechargeable batteries:
addressing fractional ultralow-frequency devices,” Master
of Engineering, University of Waikato, Hamilton, New
Zealand, Sep. 2020.

T. J. Freeborn, B. Maundy, and A. S. Elwakil,
“Fractional-order models of supercapacitors, batteries
and fuel cells: a survey,” Mater. Renew. Sustain. Energy,
vol. 4, no. 3, p. 9, Sep. 2015.

S. Westerlund and L. Ekstam, “Capacitor theory,” IEEE
Trans. Dielect. Electr. Insul., vol. 1, no. 5, pp. 826-839,
1994.

R. Morrison, “RC Constant-Argument Driving-Point Ad-
mittances,” IRE Trans. Circuit Theory, vol. 6, no. 3, pp.
310-317, 1959.

S. Seshadri and J. Scott, “Correction to “Compact Non-
linear Model of an Implantable Electrode Array for
Spinal Cord Stimulation” [Jun 14 382-390],” IEEE Trans.
Biomed. Circuits Syst., vol. 12, no. 4, pp. 963-964, 2018.
M. Wilson, L. Cowie, V. Farrow, M. Cree, and
J. Scott, “Simulating Fractional Capacitors With the
SPICE Circuit Simulator,” 2023. [Online]. Available:
https://www.techrxiv.org/account/articles/24156396

C. Dunn and J. Scott, “Achieving Reliable and
Repeatable Electrochemical Impedance Spectroscopy of
Rechargeable Batteries at Extra-Low Frequencies,” IEEE
Trans. Instrum. Meas., vol. 71, pp. 1-8, 2022. [Online].
Available: https://ieeexplore.ieee.org/document/9789195/
J. Scott and A. Parker, “Distortion analysis using SPICE,”
J. Audio Eng. Soc., vol. 43, no. 12, pp. 1029-1040, Dec.
1995.

C. J. Dunn and J. Scott, “Deducing battery impedance
from working vehicle voltage and current waveforms,”
University of Waikato, Hamilton, New Zealand, Oct.
2019.

VII. BIOGRAPHY SECTION



Christopher Dunn (Student Member, IEEE) re-
ceived the bachelor’s degree from the Portsmouth
School of Pharmacy, Portsmouth, U.K., in 1985,
the master’s degree from the Queen’s University of
Belfast, Belfast, U.K., in 1993, and the Graduate
Diploma in Electronics from The University of Wai-
kato, Hamilton, New Zealand, in 2019, where he
is currently pursuing the Ph.D. degree. His back-
ground is originally in the pharmaceutical sciences,
with past specialization in medicinal chemistry (no-
tably quantitative structure—activity relationships and
pharmaceutical analysis), pharmaceutical technology, small-scale and asep-
tic/sterile manufacturing, and quality assurance. He has also worked in scien-
tific communications and in asset management/inspection and line structure
engineering for the power supply industry.

Jonathan Scott (Life Member, IEEE) received the
B.Sc., B.E. (Hons), M.Eng.Sc., and Ph.D. degrees
from The University of Sydney in 1977, 1979, 1985,
and 1997, respectively, and the PGC Management in
Higher Education from Waikato University in 2014.
From 1998 to 2006, he was with Hewlett-Packard
and Agilent Technologies Microwave Technology
Center, Santa Rosa, CA, USA, where he was respon-
sible for advanced measurement systems operating
from dc to millimeter-wave. In 1997 and 1998, he
was the Chief Engineer of RF Technology, Sydney,
NSW, Australia. He was with the Department of Electrical Engineering, The
University of Sydney, Sydney, prior to 1997. He was the Foundation Professor
of electronic engineering with The University of Waikato, Hamilton, New
Zealand from 2006 to 2022. He has authored more than 150 refereed publi-
cations, several book chapters, and a textbook. He holds numerous patents,
several covering active products from microwave and RF to biomedical and
battery systems. His educational interests include threshold concepts and
their application, particularly across engineering disciplines. His research
interests are the characterization and modeling of implantable electrodes,
semiconductor devices, batteries, and acoustic systems.

Marcus Wilson received the Honors degree in
Physics and Theoretical Physics from the University
of Cambridge in 1992, and the Ph.D. degree in
Theoretical Solid State Physics from the University
of Bristol in 1995. He is a Senior Lecturer in Physics
and Chemistry in Te Aka Matuatua — School of
Science at The University of Waikato, Hamilton,
New Zealand. He has worked in numerical modeling
of physics processes in industry in the UK. and
in academia in New Zealand, the latter since 2004.
His research interests include electric properties and
dynamics of the human brain, transcranial magnetic stimulation, and more
recently batteries.

Vance Farrow received the B.E. degree in 2018
and the M.E. degree in Electronic Engineering at the
University of Waikato, Hamilton, New Zealand. His
M.E. focused on the prediction of battery life using
small-signal measurements. He is currently pursuing
the Ph.D. degree, working on battery management
systems using fractional-derivative models and ex-
tremely low frequency electrochemical impedance
spectroscopy measurements, at the University of
Waikato.

10



Chapter 6

Discussion, Conclusions and
Future Work

97



98 Discussion, Conclusions and Future Work

This chapter summarises the key findings, lessons learned, and issues identified
by the work described in this thesis. It also discusses briefly aspects such as experi-
mental approaches that were tried but did not work and points of interest that arose

from observations during the research.

6.1 The Need For Reliable Measurements in the Fre-

quency Domain

When the work described in this thesis was started, the need for a reliable measure-
ment technique for obtaining ELF impedance data in the frequency domain was an
overriding concern for the Battery Modelling Group. Data that could be used with
confidence were urgently required to assist battery modelling work (e.g., Poihipi et
al. [105]), and a reliable method was needed to allow long-term studies that could
be allowed to run for many months in various battery types to start. Even before
the work in Chapter 4 was started, it had become clear from the results presented
in Chapter 3 [106], and from the failure of the pilot tone method (see below), that
control of charge density or rate of current flow was a key determinant of the quality
of data, and of any models based on those data.

Some comments on the abandoned pilot tone (or powersweep) method referred to
in Section 3.1.1 are warranted. Like bz3p66, this measurement technique was based
on a misunderstanding of the form and function of the SEI, and the mistaken idea
that there existed in the battery some reversible SEI component (see Section 2.2.5)
that was interfering with measurement tones and that could be eliminated with the
use of high currents. The pilot tone was in fact a 20 mHz sine wave of magnitude 2 A
that was added to 12 measurement tones (1 pHz to 10 mHz). The measurement tones
were examined in overlapping sets of four to avoid charge availability and distribution
problems caused by the demands of the pilot tone (a disadvantage of this method).
The impedance curves obtained were of poor quality (e.g., Figure 6.1), with the
same erratic phase behaviour at low frequencies as with bz3p66 (see Chapter 3),
although bz3p66 had the advantage of allowing all measurement tones to be run
at the same time. This is because the high current pulse was applied at intervals,
separately from the measurement tones.

Ultimately, the key to good, consistent EIS measurements at ELFs was found to
lie with rate of charge movement during the measurement. This was not initially
obvious while working in the frequency domain, but became fully apparent as data
emerged. Subsequent confirmation was provided by observations in the time domain
as described in Chapter 4, and the link made with phenomena such as the cyclic
perturbations in voltage response to a constant current stimulus. Such was the
success of the bzdcp66 technique that, for the purposes of this thesis, tentative

initial plans to explore other types of measurement (e.g., pseudo-random binary
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Figure 6.1: Impedance magnitude and phase obtained using a powersweep in a
2.6 Ah lithium ICR 18650 battery. Note that the measurement comprises four sets
of four overlapping test frequencies carried out in sequence, each accompanied by a
2 A pilot tone at 20 mHz.

sequences) were not pursued.

The techniques described here also overcome the problem of finding suitable im-
pedance meters with which to carry out EIS measurements at ELFs. It is worth
reiterating that all experiments described in this thesis were carried out not with
dedicated commercial impedance meters, but rather with basic equipment (includ-
ing general-purpose programmable power supplies manufactured in the 1990s and
controlled by Raspberry Pi computers) obtained at minimal cost. bzdcp66 addi-
tionally solves the problem of charge drain that has caused investigators in the past

(e.g., [90]) to abandon ELF measurements.

6.2 Connecting the Frequency and Time Domains

The work connecting EIS impedance measurements at ELFs to electrochemistry-
related observations in the time domain arose from a realisation of the importance
of rate of charge movement that became apparent in Chapter 3, and the association
with the perturbations in voltage responses to constant current cycling that smooth
out progressively as current magnitude increases.

CV and ICA (and DVA) are usually treated in the literature as entirely different
analytical techniques. This is true in terms of the ways in which they are carried
out, but the connections between them tend not to be appreciated. The findings
presented in Chapter 4 demonstrate that sweep rate in CV is related to charging
rate in ICA, that this can be shown mathematically, and that the key underlying

factor determining what the investigator sees is rate of movement of charge. Con-



100 Discussion, Conclusions and Future Work

ditions under low rates of charge movement that reveal individual electrochemical
characteristics at the electrode in ICA (as opposed to the higher rates that would be
associated with a CV scan) create quasi-static conditions that interfere with EIS at
ELFs. This in turn ties in with and accounts for the observations in Chapter 3, in
which the quality of data obtained with EIS at ELFs was dependent on the presence
of adequate charge movement (i.e., current magnitude). Links between CV and ICA
in terms of rate of charge movement have been tentatively explored in the literature
before (see Section 4.2.3), but here these ideas are greatly extended and are related
for the first time to observations during EIS carried out at ELFs.

Of interest, we might expect a power law plus step voltage response in the
time domain to a current step if the battery is characterised by a resistance and
a CPE (R-CPE). The time series data in Section 4.2 and Figure 4.1 do indeed
appear to show a step (because of R) followed by an upward curve with decreasing
gradient (suggesting a power law with power less than one) due to the CPE at higher
currents. At low currents this is partly obscured by the regular perturbations in the
voltage response as a result of electrochemical processes at the electrode. This idea
is potentially supported by logarithmic plots of representative portions of charging
data (Figure 6.2). Note, however, that the battery is known on the basis of the
data summarised in this thesis and from previous work [105] to be better described
by an ECM containing two CPEs, and a full and proper analysis of this would be
difficult, as explained by Hasan and Scott [60].

6.3 Constant Phase Element Parameters, Energy Effi-
ciency and State of Health

Part of the original motivation for optimising the quality of EIS data at ELFs was
the need to improve the estimation of CPE parameters in the battery ECM, most
notably fractional order «, which has been linked to SoH (see Section 2.3.1 and
Chapter 5). The linking of energy efficiency u to « [65] suggests a means by which
battery SoH might be estimated by using a readily measurable quantity that has
been associated with a CPE parameter.

While energy efficiency had been linked to a by Hartley et al. [65], this had
been done for a single and very specific charge-discharge scenario only. The work
presented here confirms the link between v and « for the sine wave case, suggests
the same association for other charge-discharge waveforms, and shows that « can be
used to track SoH in a lithium-ion battery regardless of waveform.

The D parameter explored in the paper presented in Chapter 5 represents a pre-
liminary attempt to define a general case relating falling u to « as the battery wears
out. D was arrived at heuristically, given the difficulty of deriving a general formula

for waveforms other than sinusoids (particularly arbitrary waveforms). While it ap-
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Figure 6.2: Plots of logarithm of voltage versus logarithm of time for a 4.8 Ah lithium
NCA battery cycled with currents of 5 A and 50mA. A single charge is shown in
each case. Vj is the measured voltage at the start of charging.

peared to offer a means of connecting an u derived from an arbitrary waveform to
a, data were widely scattered and linear correlation was weak, although an upward
trend mirroring the downward trend in v was visually clearly evident. More work,
both mathematical and empirical, would be available here for a future researcher,
and it is worth noting that the arbitrary waveform cycling referred to in the paper of
Chapter 5 in the NCA 21700 and INR, 18650 batteries is ongoing, and will continue
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to provide further and longer term data.

Notwithstanding, for the purposes of implementation in a battery management
system, defining declining u in terms of a CPE parameter may not be necessary. The
GenDrive battery measurement plots depicted in the paper in Chapter 5 show that
the total loss in efficiency over 6 months is less than 1%. If that were in a practical
application like a cellphone battery, it would be unlikely to be noticed. However,
with the simple algorithm described here, we can detect this downward trend quite
readily, and have observed it in two batteries with slightly different lithium-based
chemistries.

The variation in u (ranging from approximately 0.92 to approximately 0.96 in
Figure 5.5, Section 5.3) indicates the need for some correction factor in order
to standardise u across different wave shapes or stimulus types. Note that this
makes sense in light of the findings of Hartley et al. [65], who specified a particular
type of pulse stimulus in order to maximise u for any given CPE-based system.
Deviation from this stimulus will reduce efficiency (i.e., will change the value of u).
We initially believed that this might be achieved by adjusting w for crest factor
(CF), a parameter that shows the ratio of the peak values in a waveform to its
effective value, thus indicating how extreme the peaks in the waveform are. CF is
calculated as the peak amplitude of the waveform divided by its root mean square
(RMS) value. A CF of one indicates no peaks (e.g., direct current or square wave);
higher CF values indicate peaks. For a sine wave, for example, RMS = 1/ V2, so
CF = V2 ~ 1.414. Attempts to apply a CF-based correction factor had proved
unsuccessful at the time of writing, however. Moreover, the determination of CF for
the self-similar waveforms that would be encountered in real-world systems may be
excessively difficult.

If values of u corresponding to SoH conditions ranging from brand new to im-
minent failure could be determined for a given battery type, a battery management
system might be programmed to recognise and report these and other intermediate
stages in the battery’s life (or show ongoing deterioration on a monitor of some
kind, such as the health bars in EV dashboard displays). This is discussed further

in Section 6.4

6.4 Conclusions

EIS measurements at ELFs in batteries have been shown in this thesis to be feas-
ible and readily achievable without the need for expensive specialised equipment,
contrary to prior opinion. Measurement at ELFs reflects real-world battery usage
and reveals valuable information, not seen at higher frequencies, about a battery’s
characteristics and condition. It does this by allowing the investigator to construct
a very simple ECM consisting of only a single series resistance and one or two CPEs

that captures all necessary impedance magnitude and phase information. Moreover,
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rates of charge movement at these microhertz frequencies reveal connections with
electrochemical behaviour in the time domain that until now have been unrecog-
nised or poorly described. Additional benefits of the research, accruing from a new
appreciation of the importance of rate of charge movement in both frequency and
time domains, have included the discovery of a constant-current method for deriving
a CV-type analysis from a battery, a procedure that would be hazardous if carried
out using a conventional voltage ramp.

While the full details of the relationship of CPE parameters (notably fractional
order «) with energy efficiency during charge-discharge cycles remain to be fully
and formally described for all waveforms, the relationship between u and SoH, and
the utility of this parameter for tracking battery health, has been shown. The
work in Chapter 5 demonstrates relationships between u, o and phase that could be
utilised in a real-world battery management system in situ. For example, full lifetime
impedance characterisation of a battery being cycled from new to exhaustion might
be carried out by performing EIS at ELFs in the laboratory at regular intervals to
provide the “gold standard” reference. During this process u and phase changes
could also be tracked. This would give the engineer a full reference set of related
parameters and an accurate ECM for that battery.

At least one of these parameters (u, and possibly phase shift) could then be
tracked in the time domain in a working device by a management system without
the need to remove the battery for testing. Knowledge of how u and phase relate
to «, and of what happens to a and phase as the battery ages and approaches end-
of-life, would allow us to predict where the battery is in its life cycle and when it
is going to be likely to require replacement. This approach would circumvent the
practical difficulties inherent in attempting to measure a working battery in the
frequency domain at ELFs (notably the need for measurement times of days or even
weeks and the absence of a stable, time-invariant and clearly defined waveform for
Fourier analysis).

The work is subject to a number of potential limitations, some of which relate
to reliance on Fourier transformation of signals in the time domain to obtain in-
formation in the frequency domain (particularly in Chapters 3 and 4). To apply
a Fourier analysis to a signal we should ideally have an infinitely repeating single-
valued function, and the system should be linear and time-invariant (although it is
worth noting here that in theory any signal that is physically realisable is Fourier-
transformable [107]). None of these requirements can be guaranteed for a battery
because it is a finite construct that changes over time. This is unlikely to be signific-
ant enough to worry about from an engineering viewpoint, however, as the battery
changes its characteristics only very slowly (over months or even years) except when
close to failure. Moreover, the measurement software described in Chapters 1 and 3
is capable of tracking and to some extent controlling changes in operating point via

setting of voltage and charge movement (referred to as dQmax) limits. Currently
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the software aborts a measurement (primarily for safety reasons) if limits set by the
user are exceeded, but an option could easily be added to generate a warning (so
that closer limits could be set for observational purposes) while allowing the meas-
urement to continue. As described in Chapter 3, Section 3.3, the software already
contains a “ramp” option to adjust for charge drift during prolonged measurements.

An alternative approach involves using the Hilbert transform to relate evolving
phase differences between V' (t) and I(¢) to changes in « as the battery deteriorates.
This is eminently feasible and straightforward for a simple waveform with predictable
periodicity such as the single sinusoid case presented in the paper in Chapter 5, but
a working battery in situ would not present such a waveform. Rather, a complicated
signal that does not repeat in a strictly regular fashion is likely to be encountered,
and the Hilbert transform would deliver phase information for every frequency com-
ponent present in that signal. This would result in considerable fluctuation in phase
data that would be likely to obscure relevant information. An example of this can
be seen in Figure 7 of the paper presented in Appendix C.

Traditionally, EIS has been used to describe battery degradation in terms of
changes in multiple individual aspects of the cell’s electrochemistry (see Chapter 2,
Section 2.2.3). This approach is exemplified by the work of Westerhoff et al. [52], and
the present thesis demonstrates how the investigator may avoid its inherent com-
plexity by relating battery condition and stage of life cycle to impedance phenom-
ena derived from a very simple ECM revealed by EIS measurement at ELFs. This
captures the overall consequences of those individual electrochemical degradation
mechanisms. There are, however, so-called cell degradation modes that specifically
describe capacity loss and power fade in lithium-ion batteries that are of interest to
researchers seeking to develop new electrode materials, for example. These mechan-
isms are loss of lithium inventory, loss of active material, ohmic resistance increase
and loss of lithium plating [96]. At first glance, with the exception of ohmic res-
istance increase, ELF techniques do not appear to capture these. This is a valid
criticism that should be addressed here.

Although detailed discussion of electrochemical degradation modes is outside the
scope of this thesis, it is worth pointing out that they can be represented by changes
in incremental capacity [96]. While Chapter 4 focuses on the relationships between
ICA, CV and EIS, the ICA method described therein could in fact be used to track
degradation modes. For example, loss of lithium inventory leads directly to capacity
fade via a loss of available lithium that accompanies growth of the SEI [108, 109] (see
also Chapter 2, Section 2.2.5). Comparison of the work of Ansedn et al. [96] with
the ICA plot shown in Figure 4.2 suggests that the sharp and narrow peak at a
cell potential of approximately 4.1 V represents electrochemical staging phenomena
primarily influenced by lithium ion availability. The shape and position of this peak
would be expected to change as the cell ages and available lithium becomes depleted
with SEI growth.
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6.5 Future Work

EIS at ELFs remains the preferred method for providing standard reference data
characterising a battery via a holistic and simple ECM that shows deterioration
via impedance phenomena. Experience to date, however, suggests that frequency
domain measurements of this type may not be feasible for working batteries in
sttu. This implies in turn that measurement in the time domain would be easier to
implement in a practical battery management system, and this has been explored
to some extent in Chapter 5 of this thesis.

Following the completion of the draft paper presented in Chapter 5, one of the
INR 18650 cells was allowed to continue cycling with tracking of u for a further

6 months. Findings that include this extended period of observation are shown in
Figure 6.3.
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Figure 6.3: Evolution of energy efficiency u against time for an INR 18650 cell
charged and discharged using an arbitrary waveform (see Chapter 5). The plotted
bars show pseudocycle duration for each calculated u value. Note that cycling was

interrupted for EIS measurement at 72 days (1776 hours), 222 days (5328 hours)
and 318 days (7632 hours).

Note the increased rate of decline in u after approximately 6000 hours (250
days) of driving. This suggests that time series data could warn of impending
failure some weeks in advance of where the user might detect loss of performance,
and reinforces confidence in the utility of time domain measurements for future
application. Future research should include repetition of this experiment with a
range of battery chemistries.

Ideally we would like to characterise battery wearout in terms of the R-CPE-

CPE model as shown by EIS performed at ELFs, but to date we are able to relate u
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to fractional order o of a CPE mathematically for a single sinusoidal waveform only.
For a complicated waveform we might use the Hilbert transform to monitor phase
changes over time, but this is not without problems as discussed earlier (Section 6.4).
For future development we require a method that is suitable for complicated wave-
forms that are not strictly repeating. A way forward might be offered by wavelet
analysis, an alternative non-parametric technique suitable for time series data [110].

The continuous wavelet transform of a signal f(t) is defined as

Witah) = [ f(t);&w* (t;b> dt

where
o Wy(a,b) is the wavelet coefficient at scale a and translation b,
o (1) is the mother wavelet function,
o *(t) represents the complex conjugate of the mother wavelet,
o a is the scaling parameter (dilates or compresses the wavelet),
o b is the shift (or translation) parameter (shifts the wavelet in time),
e t is the time variable.

The Fourier transform can obtain the frequency components of a signal, but
cannot determine where in time these components occur. By changing the shift
parameter b, the wavelet transform can obtain this information, which permits the
investigator to generate a three-dimensional time-frequency spectrum. In addition,
the availability of the scaling parameter a gives the wavelet transform improved
and flexible resolution capabilities in the time-frequency plane [110, 111]. These
properties make the wavelet transform a better option for dealing with real-world
waveforms as generated by for example electric vehicles or electronic appliances. In
short, the wavelet transform can be used to identify power and phase properties of
signals at differing frequency scales and to track their changes over time. The in-
formation obtained allows the investigator to construct an impedance-like spectrum
from I(t) and V(¢) data that is directly comparable to an EIS analysis of the same
system. The use of wavelet transform techniques therefore merits further invest-
igation in light of the findings presented in this thesis. It may also make possible
the transition of the concepts discussed here from the laboratory to working battery

management systems.
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This paper relates to material presented in Chapter 3 of this thesis, which demon-
strated how the use of working currents during EIS measurements at ELFs allows
the investigator to increase modelling accuracy when fitting an ECM to a battery.
Notably, Poihipi et al. [105] show that a three-element ECM (R-CPE-CPE) is gener-
ally sufficient to model real, measured data. This is the level of detail made possible
by the use of EIS at ELFs accompanied by a working current as described earlier
(Chapter 3) [106].

Contributions made by the present author to this paper included assistance with
the drafting of Section 1 “Introduction” and Section 6 “Measured Data”, and pro-

vision of measurement data for the latter.
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This manuscript revisits the assertion of Berthier et al. that competing fractional-element equivalent-circuit
models of battery cells are indistinguishable in the presence of noise. Starting with Westerhoff’s general equiv-
alent-circuit model (ECM) of 2016 and an idealized impedance spectrum of a lithium battery, a contemporary
set of possible ECMs are chosen. Their distinguishability is investigated. Using the extended frequency range
recommended by Mauracher & Karden in 1997 or Hasan & Scott in 2019, an approach is presented that permits

selection of the appropriate model, even in the presence of noise. For the given frequency range, models with
up to five elements or eight real parameters are studied. Fitting to measured data with straightforward numer-
ical methods and choosing the most primitive appropriate sub-circuit is shown to reproduce the data. Typically
a three-element, five-parameter ECM is shown to model real, measured data with precision comparable to indi-

vidual sample error.

1. Introduction

Electrochemists seek the equivalent-circuit model (ECM) of a bat-
tery to characterize its internal processes, while electrical engineers
seek the same model in order to predict state-of-charge (SoC) and
state-of-health (SoH). There is today a vast amount of literature in
which models are presented and applied.

Berthier et al. [1] presented a paper in 2001 that set out to deter-
mine from an electrochemical perspective whether ECMs containing
constant phase elements (CPEs) were numerically distinguishable from
one another. These authors used CPEs in models based on electro-
chemical impedance spectroscopy (EIS) data, and explored their
hypothesis by numerically fitting four arbitrary ECMs to synthesized
EIS data using the optimization method of Fletcher et al. [2]. They con-
cluded that the ECMs are distinguishable provided that the synthesized
EIS data are noise-free. Each circuit was further optimized against
noisy synthesized EIS data using 0%, 1%, 2.5% and 5% noise. The
authors concluded that circuits became indistinguishable from one
another once the noise level exceeded 1%.

Berthier’s group used angular frequencies from 100radians/s
(16Hz) to 1Mrad/s (160kHz), and displayed results in the form of
Argand diagrams (sometimes called Nyquist plots). These frequency
bounds and mode of presentation impose significant limitations. More-
over, optimization was applied without delving into details of the pro-
cess, and equally for each ECM irrespective of its complexity.

https://doi.org/10.1016/j.jelechem.2022.116201
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Batteries in appliances such as cellphones, computers, and vehicles
are commonly cycled as infrequently as once a week or longer, and
certainly no more often than every few minutes. These periods equate
roughly to frequencies ranging from 1 xHz to 1mHz, or equivalently C-
rates from 0.006 to 4. In the case of rechargeable batteries, this implies
the need to measure at extra low frequencies (ELFs) to encompass typ-
ical usage patterns [3-5].

This manuscript aims to update the work of Berthier and col-
leagues, with use of an expanded frequency range and presentation
of data in Bode plot form. This offers advantages where frequency
information is important [6]. In addition, a guided fitting process will
be used, and a progressive set of ECMs will be drawn from recent lit-
erature [7,8].

2. Battery Equivalent-Circuit Models

Westerhoff and colleagues [7] suggested that there are three ways
to characterize a battery, referred to as ‘black,” ‘gray’ and ‘white’ box
models. White box is a theoretical modelling method which returns
to fundamental physics and a detailed understanding of the physical
chemistry to determine behavior potentially leading to an ECM [9].
For example, [10] starts with white-box methods, than transitions to
grey-box models through the fitting of an ECM. Black box modelling,
on the other hand, employs a blind empirical modelling method using

1572-6657/Crown Copyright © 2022 Published by Elsevier B.V. All rights reserved.
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sets of measured data to extract a battery model [11]. This method
works best for linear relationships and is not often used on its own
[9] since model extraction requires large, accurate, data sets and com-
putationally intensive software [11]. Gray box modelling is the combi-
nation of the White and Black methods, using both theoretical
understanding of the system and measured data for a more reliable
model [10,11].

Westerhoff and colleagues [7] described ‘gray’ box modeling, in
which quantitative ECMs were generated on the basis of experimental
data. Westerhoff et al. presented a general battery model (Fig. 1). Like
Berthier 15 years before him, Westerhoff includes CPEs, sometimes
identified as “fractional capacitors”, in his model. Since Randles in
1947 [12], electrochemists have acknowledged the presence of these
fractional-derivative functions in their models. Conversely, the engi-
neering literature contains many ECM models that are based at best
on second-(integral)-order models [13], despite it having been shown
that they are not appropriate[14]. The separate electrical and electro-
chemical components in a battery are represented by individual cir-
cuits, each connected in series with the others. The manuscript
suggested that this general model can be simplified leaving fewer
sub-circuits while continuing to represent the characteristics of a bat-
tery, depending upon the significance of each component to the whole
impedance. The authors then compared the output impedance spectra
of these sub-circuits to data obtained experimentally. They concluded
that the chief determinant of the number of components required for
each sub-circuit was the accuracy required for the application in ques-
tion. Hence, it is possible to reduce the number of components in Fig. 1
without losing the ability to represent the impedance output of a
rechargeable battery accurately.

In this manuscript six ECMs will be considered. They will be used in
a progressive model fitting approach. The distinguishability and per-
formance of each of the ECM sub-circuits is explored by numerically
fitting each one to simulated battery data. The six ECMs appear in
Fig. 2.

The first ECM reduces the Westerhoff circuit to its simplest form.
This ECM contains two elements: a single CPE and a series resistor.
(Fig. 2, upper left circuit.) The impedance of an ideally polarizable lig-
uid electrode (e.g. mercury, amalgam, or indium-gallium) can be mod-
eled by an R-C circuit, but the double-layer capacitance of a solid
electrode is not purely capacitative, displays frequency dispersion,
and cannot be modeled adequately by an ECM based on capacitors
[15]. Instead, CPEs are used to emulate this non-ideally polarizable
behavior. The equation for the impedance of a CPE is

1
CFSa

()

Zcpg =

where Cr is the CPE value (its pseudo- or fractional capacitance, a con-
stant with the dimensions Fs* 1), a is the CPE fractional order exponent,
s = j2zf (where 2zf = w, the angular frequency), and f is the frequency
in hertz [16]. The total impedance of the R-CPE model can therefore be
found by

=R + Zcpg
=R+,

Cps®

ZR-—cpE

(2)

Ranode Wa Rsela

CPEanode

B
\i A
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where R;is the series resistance and Zcpgis the impedance of the CPE
(Eq. 1) in ohms.

It is worth mentioning at this point how the particular six sub-cir-
cuits have been selected. Why these six, given the large choice
afforded by starting with the circuit of Fig. 1?

The choice is guided by measured impedance data. Fig. 3 shows the
magnitude and phase of impedance measured on a small selection of
batteries covering different chemistries and capacities. The traces all
share a basic shape associated with the base R-CPE circuit. As will
become clear below, the other circuits that we have chosen to use in
this study correspond to characteristics observed in at least a few mea-
sured examples.

The R-CPE model can be extended by the addition of a Warburg
element (W) to become the second ECM, R-CPE-W. (Fig. 2, upper right
circuit.) Warburg elements are CPEs with an alpha bound to a value of
one-half. They famously appeared in the electrode reaction experi-
ments of Randles reported in 1947 [12], and describe Faradaic impe-
dance in the presence of redox processes in semi-infinite linear
diffusion systems [6]. Their generalization to arbitrary fractional order
yields the CPE described above [17]. The impedance of a Warburg ele-
ment is given by

1

ZWarburg = C T
ws?

©)
and so the impedance of the R-CPE-W model is given by
= Ry + Zcpe + Zwaburg

=R, +-L +—1; (4)

57 1
Crs Cws2

ZR—CPE—W

where R;is the series resistance, Zcpris the impedance of the CPE (Eq. 1)
and and Zy,wu, is the impedance of the Warburg element (Eq. 3).

In practice, assumptions made in the theory that anticipates a
Warburg element are often not completely met. The Warburg can
be replaced by a CPE to give an extra degree of freedom. (Fig. 2,
middle left circuit, and so forth.) The total impedance of this model
is given by

=Ry + Zcpr1 + Zcpg2

_ 1 1
=R tgatom

ZR—CPE—CPE

(5)

where Rqis the series resistance, and Zcpg;and Zepgoare the impedances
of the two CPEs, and we keep the W subscript to show the origin of the
element.

Readers familiar with circuit theory will appreciate that small
phase deviations at high and low frequency extents suggest a parallel
element in the mix. Additional components can be added in parallel
with other elements in an ECM to accommodate deviations in battery
phase response. The R-CPE-CPE-Rp subcircuit will have impedance

Zr_cpe-cpE-rp = Rs + [Zcpe1 + Zcpe2]||Rp (6)

where R, is the parallel resistance. This equation can be expanded by
noting that the impedance of parallel elements can be written

1 Xy
X|lYy = ¥y ™)

Rfiim,c Reathode W,

(e}
)
m

Ceathode

ilm,c

)

Fig. 1. Potential complete equivalent circuit of a battery according to Westerhoff [7]. Constant phase elements (CPEs) are used to characterize electrochemical
behavior at the anode, solid electrolyte interface (SEI), separator (sep), and cathodic thin film (film,c). Note also resistances (R) associated with the copper and
aluminium foils (Cu and Al), anode, SEI, electrolyte (elec), separator, thin film and cathode, and capacitances (C) at the separator and cathode. Warburg elements

are denoted by W, and W, at the anode and cathode, respectively.
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Fig. 2. The equivalent-circuit models (ECMs) considered in this manuscript. For ease of communication we identify them by the sequence of elements. The top left
circuit can be identified as “R-CPE”, the top right as “R-CPE-W”, the middle left as “R-CPE-CPE”, middle right as “R-CPE-CPE-Rp”, then “R-CPE-CPE-CPEp” and

finally “R-CPE-CPE-Rp-CPEp”.
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Fig. 3. Impedance magnitude of a selection of rechargeable batteries. LTO is a lithium titanate cell of 40Ah capacity, NCA is a 4.8Ah lithium nickel cobalt
aluminium cell, LiPo is a 250mAh lithium polymer cell, and NiMH is a 2.5Ah nickel-metal hydride cell.

leading to

[Rs + Zcpr1 + Zcpea)Rp
Rs + Zcpp1 + Zepe2 + R,

ZR—CPE—CPE—Rp =

and then

1 1
, [Re+ & + k] Ro
R-CPE-CPE-Rp = 5 1 1 -
Rit+gat oy

The form of (6) is usually preferred by engineers over (9) because it

is more intuitive and easier to assimilate. As the expansions rapidly

(8) become more onerous we will restrict ourselves to the parallel notation
from here onwards.

The final two ECMs to be investigated have impedances Zs and Zg

Z5 = ZR*CPE*CPE*CPEP
=R + [Zeper + Zcpea]||Zcrep (10)
©)
=R+ [ + ok I o
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where the || operator is taken to have precedence over addition, a, is
the order of the parallel CPE, and Cp the proportionality constant of
the parallel CPE; and

Zs = Zr-CPE-CPE-Rp-CPEp
= [[Rs + Zeprr || Zeprp + ZCPEZ] IRy

= [~ + e It + ] 1% o

3. Fitting Algorithm

Following the lead of Berthier and colleagues [1], data will be gen-
erated from one of the ECMs with varying amounts of numerical noise,
and each model will be fitted to that data.

3.1. Numerical Optimization Method

The numerical optimizer was created in Matlab, using both the
inbuilt toolboxes and previously published examples of real-parameter
black box optimization algorithms [18-20]. The optimization method
utilizes the downhill simplex algorithm of Nelder & Mead [21,22], a
direct-search method which aims to minimize non-linear, multidimen-
sional functions. For a function with ndimensions, the optimizer takes
a set of n + 1vertices to create a simplex. The vertices then move iter-
atively in order to reduce the size of the simplex until a termination
value is reached. The main limitation of the Nelder-Mead approxima-
tion is potential for convergence of the simplex to local minimum,
called a ‘saddle’, rather than the global minimum.

The method is analogous to multiple skiers on a mountain. As the
n+ 1 skiers traverse downward on various paths, they all end up at
the lowest point in their environment. However, each skier may end
up at different locations and elevations when they reach the ‘bottom’.
One way to address this problem is to have multiple random starting
points and then evaluate which starting point minimized the function
the furthest. In some cases we applied this approach using a second
program written in C. The C program could apply thousands of random
multiple starts with variable range of starting points in a period of
about a minute.

The root-mean-square error (RMSE) used as the optimization goal
is calculated from the impedances defined in Egs. (2)-(11) above.
Impedance values are complex, and the RMSE is defined as the square
root of the average of the squared distance in the complex impedance
(Argand) plane. Various alternatives, weighting magnitude and phase
differently, etc., were tried, but proved to offer no advantages.

3.2. Fitting Sequence

Choosing the appropriate model to fit given data commences with
the simplest ECM, the R-CPE model. The model has only three param-
eters, converges quickly, and generally finds the global minimum with-
out restarts. The final root-mean-square error (RMSE) reflects how
well the model fits the data. If the model perfectly fits ideal data,
the RMSE will approach zero. If the model perfectly fits data with a
certain amount of random white noise, the RMSE will settle at a value
close to that noise level, so that 1% added noise will result in a final
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RMSE of about 0.01. If the model does not fit the data, the extent of
the mismatch also appears in the RMSE.

The second step of the model selection process moves to the next-
simplest model, in this case the R-CPE-W model, with four parameters.
The fit starts at the model parameter values returned in the R-CPE
case. If the previous fit has settled at a point where the RMSE was lar-
gely defined by noise in the data, then this attempt will not improve
upon the fit, and it may be concluded that the quality of the data does
not justify this more complicated model, even if that model might be
more correct. However, if the added element results in a lower RMSE,
it must be concluded that the extended model does represent the data
better.

This process is repeated for the ECMs with increasing degrees of
freedom, the R-CPE-CPE model, with five parameters, in the third step,
and so on. During the progressive fitting, it is possible for parameter
values to be returned that are impossible. For example, a cannot
exceed 1.0, and C, cannot be negative. Such an event signals that
the model and fit cannot be appropriate for the data.

4, Simulated Data

A set of model parameter values were chosen for the ECM with
eight degrees of freedom, the R-CPE-CPE-Rp-CPEp model. Values
appear in Table 1. The magnitude and phase computed using Eq. 11
are plotted in Fig. 4. Also plotted in the figure are the asymptotes cor-
responding to each of the five elements. This permits the reader to
associate regions in the plot with different elements; for example,
the horizontal section of the magnitude plot between 1mHz and 1Hz
is dominated by the series resistance, R;, and the straight-line region

100 |
> m
E 10 ®
= o
) 53
[ K=
N ©
[} 7]
© ®©
g ! £
0.1
L u | wul I R -90
N N N N N O &
O & O o N0 O’ O

Frequency (mHz)

Fig. 4. Plot of magnitude (red triangles) and phase (cyan dots) generated from
the eight-parameter model. The additional straight lines represent the
impedance of the five elements of the model, three CPEs plus series and
parallel pure resistance.

Table 1
Synthetic Model Parameter Values
Parameter R; a Cr Cw a2
Value 0.05 0.75 10,000 500 0.40
Parameter R, ap Cp
Value 500 0.15 0.8
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between 1 yHz and 20 yHz is dominated by the first CPE. A practised
eye can pick up other hints about what ECM might be appropriate. For
example, the curling up of the phase below 1 yHz hints at a parallel
element, and the rounded, gradual nature of the corner at 500 xHz
hints at a second fractional series element.

5. Model Discrimination & Selection

Fig. 5 depicts the RMSE obtained fitting each of the ECMs to ideal
noiseless data computed according to Section 4. The result is not sur-
prising; only the correct model yields the expected RMSE of zero. Nev-
ertheless, it is also possible to say that the parallel elements are having
much less impact on the fit than the three series elements. Also note
that the extra degree of freedom acquired when the Warburg is
allowed to become a CPE significantly improves the fit, something that
might not be expected from the position of its asymptote in Fig. 4.

Adding noise at 1% and 3% leads to the results in Fig. 6. This plot
contain a great deal of information. The noiseless data from Fig. 5 is
reproduced adjacent to the noisy results for comparison. As expected,
adding noise increases the RMSE in all cases. Error bars have been
added to the noisy RMSE results. In each case 30 simulations were
run with different added noise, and the mean and standard deviation
(SD) of the RMSE calculated across these runs. The error bars show
the £1.0SD extents.

Observe that the RMSE results do vary somewhat for given noise
contribution, but not greatly. Where different models return RMSE val-
ues that lie within the error margins, the conclusion must be that the
models are indistinguishable. One way of interpreting this is to say
that the quality of the data does not justify the added complexity of
the model with a higher number of degrees of freedom. In the exam-
ple, the R-CPE-CPE-Rp model has six degrees of freedom, the R-CPE-
CPE-CPEp model seven, and the R-CPE-CEP-Rp-CPEp model eight. It
is clear that the first three models (with three, four, and five degrees
of freedom) all fall short of the final three. Amongst the final three,
the R-CPE-CPE-Rp model, as the most constrained, is to be preferred.
This conclusion is reached both in the case of 1% noise, and 3% added
noise. In other words, once noise reaches as little as 1% it becomes
impossible to distinguish between the final three models. Given the
RMSE with incorrect models but operating with noise-free data, it
can be anticipated that the last three models will become indistinct
when noise reaches about half a percentage point.
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Fig. 5. RMS error obtained fitting the various equivalent-circuit models to
ideal (noiseless) synthesized data.
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Fig. 6. RMS error obtained fitting the various equivalent-circuit models to
ideal (noiseless), 1 percent noise, and 3 percent noise synthesized data. Error
bars show 1 standard deviation in expected RMS error.

6. Measured Data

The modelling process described above was applied to impedance
magnitude and phase data measured on real batteries. Measured data
were obtained for a near-new lithium nickel cobalt aluminium oxide
(referred to variously as NCA or NCR) 21700 cell and a used but
healthy lithium nickel manganese cobalt oxide (referred to variously
as NMC or INR) 18650 cell. Measurements are made with a developed
form of the method initially described by Scott and Hasan [4]. For the
present experiment, a multiple-sinewave current consisting of multiple
frequencies ranging between 0.5 yHz and 2Hz was delivered using a
two-quadrant power supply (model 66332A dynamic measurement
source) controlled by software developed in-house, written in C, and
running on a Raspberry Pi 4 connected via a Prologix-compatible
open-source GPIB interface. The 66332A delivers up to 5A of current,
and has voltage and current resolutions of 5mV and 1.32mA, respec-
tively. The software can be configured to distribute either current or
charge displacement across all frequencies in various fashions.

Impedance, Z, of an electrochemical system around some steady or
quasi-steady state can be determined by:

1. applying a small-signal multitonal sinusoidal current, where
1(2) = 1jefor;

2. measuring the voltage response V(t) = |V|g@4v);

3. calculating Z(w) = %ef(‘/"f’¢"))[23].

Z(w) is made up of real and imaginary parts:

Z(w) = Zo cos(¢) +JZ, sin(¢p)where Zt,.q = Z, cos(¢p), the resistance
of the system, and Z//;q, = Zo sin(¢), capacitance and/or inductance,
representing energy storage [8]. In this manuscript, we display Bode
plots which present magnitude |Z(w)|=|V|/|I] and phase
arg(Z(w)) = ¢y — ¢

Current and voltage were logged by the 66332A approximately
every 0.1s. Magnitudes and phases of both parameters at the frequen-
cies of interest, required to permit the above calculations, were deter-
mined using a discrete Fourier transform (DFT) after the method first
described by Scott and Parker [24]. The resulting magnitude and
phase plots for the batteries used here are shown in Fig. 7.

The results of attempting to fit the various ECMs to these batteries
appear in Fig. 8. The associated model parameters appear in Tables 2
and 3.
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Fig. 7. Plot of measured impedance magnitude (solid blue up triangles) and
phase (open blue up triangles) of a lithium nickel cobalt aluminium oxide
(NCR/NCA) 2170 cell and magnitude (solid red down triangles) and phase
(open red down triangles) measured on a lithium nickel manganese cobalt
oxide (INR/NMC) 18650 cell.
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Fig. 8. RMS error obtained fitting each ECM to the two data sets presented in
Fig. 7. The left-hand blue bars correspond to the NMC cell.

Table 2
ECM Parameters for NMC 18650 cell
Parameter Ry a Cr Cw a2
Value 0.0330 0.99 14,180 187 0.27
Table 3
ECM Parameters for NCA 2170 cell
Parameter Rs a Cr Cw a2 Ry
Value 0.0503 0.99 22,230 230 0.272 44
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Observing the RMSE for the various models in Fig. 8, it is clear for
the NMC cell, for which less data is available, that the R-CPE-CPE
model is the appropriate choice. More than five degrees of freedom
cannot be justified, and the error in the data is relatively small in mea-
surement terms. In the case of the NCA cell, the noise is much larger,
but the data span a greater frequency range. The RMSE settles to a
value almost triple that of the other cell. Nevertheless, the data clearly
justify a six-parameter model, whose parameters appear in Table 3.
The more complex models have very slightly less RMSE, but not by
a margin that we consider to warrant the complexity.

7. Conclusion

We have revisited the work of Berthier, employing fractional equiv-
alent-circuit models inspired by recent, extra-low frequency EIS mea-
surements. Our conclusion is that it is possible to distinguish
between a selection of ECMs. With real, noisy data there will be mod-
els between which it will not be possible to make a reliable selection.
We say of these that their extra degrees of freedom are not justified in
the face of the quantity and quality of data available. In other words,
adding degrees of freedom is not justified if the RMSE does not
decrease by an extent greater than the expected uncertainty. Up to that
point, the model with more degrees of freedom and lower RMSE is
preferred.

The rich literature on gray-box, equivalent-circuit models exposes a
disconnect between the work of electrochemists and electrical engi-
neers, the former have great insight into the circuit elements, and
the latter the tools to fit and employ them.

It has become clear that a guided fitting approach and multiple
restarts in the optimization can help in finding a global minimum,
especially in the case of models with more than a few degrees of free-
dom. When selecting between several ECMs, the most simple is fitted
first, and the results of the first fit used as the starting point for fitting
the next-most complicated model. Multiple restarts improve the likeli-
hood that the optimization will not be caught in a saddle.

A wide range of frequencies improves the sensitivity of the RMSE to
parameters in a given ECM. The frequency range should be chosen
appropriately in view of the intended application of the model.

The ability to obtain values for parameters of elements in the ECM
of a battery should allow electrochemists to associate internal compo-
nents of a battery with branches in the ECM. The same ability should
allow electrical engineers to observe degradation & ageing in a battery
and predict failure well ahead of the event.
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The following paper by Wilson et al. [92] draws on work presented in the present
thesis, and gives a broad and succinct overview of ELF battery measurement and
its place in the overall work of the Battery Modelling Group at the University of
Waikato. Section 3 of the paper “Measuring Impedance” relates to Chapter 3, and
Sections 4 “Time-Domain Measurements at Constant Current” and 5 “Relationship
to Cyclic Voltammetry and Incremental Capacity Analysis” to Chapter 4. The

author provided experimental data for use in these sections.



MEASUREMENT TECHNOLOGY: IN PRACTICE

Measuring Electrical Properties [of Batteries

at Ultra-long Timescales

M. T. Wilson'®, C. Dunn2®, V. Farrow2 ®, M. Mucalo'®, J. B. Scott2®

Abstract: Quantifying battery behavior is critical to development of new battery technologies and energy storage systems.
While it is straightforward to measure properties such as impedance at short timescales (i.e. frequencies larger than ~1 Hz)
the relevance of this is questionable since rechargeable batteries in normal usage are often cycled on timescales of hours or
days. Making measurements at these timescales, for example impedance measurements below ~1 mHz, is more challenging.
In this paper we discuss approaches to quantifying battery behavior at timescales from hours to weeks (frequency scales of
~0.1 mHz down to ~1 pHz). We present frequency domain measurements and time domain measurements, achieved through
four-point measurements with a Keysight 66332A at around 100 mA RMS. At low frequencies significant charge is shifted in a
measurement cycle, complicating interpretation. The digitization of a sine-wave may introduce errors such as constant current
offsets that build in significance with time. The operating point (DC voltage level) of the battery should be controlled since it
influences impedance at the lowest frequencies as a result of the voltage-dependent nature of different electrochemical pro-
cesses. We relate the voltage-dependent effects to time-domain measurements such as cyclic voltammetry and incremental

capacity analysis.

1. Introduction

Rechargeable batteries are becoming increasingly important
in energy storage applications, such as electric cars. Reliably
measuring battery performance parameters such as state-
of-charge and state-of-health is critical. Failing to identify
state-of-health reliably results in waste as batteries are dis-
posed of when they still have useful life remaining, or ugly
surprises for a user when a battery fails unexpectedly. In the
case of medical implants, replacing a battery involves risky
surgery—knowing exactly when to do this would save many
surgical procedures.

Batteries are frequently described by equivalent cir-
cuit models (ECMs) [1, 2, 3]. A variety of electronic circuit
elements, typically capacitors and resistors but also con-
stant-phase elements, are put together to form an equivalent
circuit. These are useful for modeling battery response in dif-
ferent situations, but have limitations. It is difficult to distin-
guish one circuit model from another, particularly when data
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have been measured over alimited frequency range [3]. While
laboratory-based measurements might be carried out using
frequencies of order hertz (timescales of order seconds), bat-
teries in practice operate at much longer timescales—often
days between charging periods.

In this paper we discuss ways in which battery perfor-
mance over long timescales may be characterized, in both the
frequency domain and time-domain. We first discuss some
general principles of rechargeable batteries. We then discuss
the process of measuring battery impedance, highlighting
some subtleties. Then we move to considering time-domain
measurements, specifically charge-discharge cycles and
their relationship to cyclic voltammetry. Finally, we put our
findings into a broader context for battery measurement.

2. General Principles

2.1 Equivalent Circuit Models

Numerous ECMs have been proposed in the literature [1].
ECMs allow prediction of the voltage response to different
current profiles, facilitating investigation of battery proper-
ties such as state-of-charge (the charge held by the battery

1Te Aka Matuatua - School of Science, University of Waikato,
Private Bag 3105, Hamilton 3240, New Zealand
2School of Engineering, University of Waikato,
Private Bag 3105, Hamilton 3240, New Zealand
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relative to its maximum charge capacity) and state-of-health
(often defined as the charge capacity relative to its capacity
when first manufactured).

Numerous ECMs have been proposed for batteries, includ-
ing the historical model of Randles [5], the physical model of
Westerhoff[2] with 16 elements to describe explicitly various
battery electrochemical processes, and the phenomenologi-
cal model proposed in reference [4], Figure 1.

R Warburg

—:wg

CPE

Figure 1. One of the battery ECMs proposed in [4], con-
sisting of a resistor, Warburg element and constant-phase
element (CPE).

2.2 Fractional Elements

The CPE and Warburg are components whose impedance Z
is a non-integer power of frequency, and whose phase is a
constant, Z = 1/(jw)“C, where w is the angular frequency, 2n
times frequency, a is a constant between 0 and 1, and Cris a
constant known as the fractional capacitance. A pure capaci-
tor has a=1; a pure resistor has a=0. The special case of a=1/2
gives a ‘Warburg’ element, often associated with ion-diffu-
sion mechanisms.

An unpleasant feature of fractional elements is that their
behavior is non-local—their voltage depends not just on their
state now but on how they reached that state. Their behavior
may be modeled mathematically in the time domain through
fractional calculus [6].

2.3 Frequency Domain and Time Domain

Typically electrical measurements are carried out (a) in the
frequency domain, using sine-wave currents of constant
frequency, or (b) in the time domain using controlled puls-
es of current. For linear systems, the two are connected via
Fourier or Laplace transforms. For realistic systems, there is
often discrepancy between the two forms of measurement,
e.g.[7, 8], due to nonlinearities.

3. Measuring Impedance

3.1 General Principles

Impedance of a component is often measured using a four-
point impedance meter. This equipment sets a controlled
current through the device under test (DUT) and then mon-
itors the voltage over the DUT. Often impedance meters will
produce AC signals of frequencies of the order 1 Hz at the
low end, though some will go much lower. For example, the
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Solartron 1260A will measure down to 10 uHz. But to work at
still lower frequencies, programmable supplies are required,
such as a Keysight 66332A.

Low frequency measurements demand long timescales
and are slow to make. Impedance measurements are often
non-repeatable unless carried out carefully. Battery im-
pedance decreases after cycling and takes many days to
re-equilibrate [9]. Several periods are required to acquire a
good quality measurement. This long timescale means that
the battery’s operating point (state-of-charge) might change
during the course of the measurement, complicating the in-
terpretation of the result.

3.2 Measuring at Multiple Frequencies

If a DUT behaves linearly, it is practicable to measure imped-
ance at several frequencies simultaneously. This superposi-
tion will speed up measurement of an impedance spectrum
considerably, by constructing a current waveform that ex-
hibits multiple frequencies, carried on a lower frequency that
ensures the battery is always actively working [9]. The ampli-
tude of the carrier waveform should be kept low in order that
the battery does not charge or discharge significantly during
the measurements. Spectral windowing (e.g. Hann window-
ing) should be applied to the collected data before a discrete
Fourier transform is applied to recover a spectral response.
Linearity should be checked by repeating with a different
current amplitude.

Alternatively, multiple frequencies may be applied on top
of a square carrier wave of several-milliampere current; the
carrier wave ensures that the battery is always in a ‘working’
condition when measured [9, 10]. Figure 2 shows a section
of the voltage and current in an example measurement on a
Li-ion battery.

3.3 Analogue-to-Digital Conversion

Impedance meters will construct sine-wave signals digital-
ly. Some analogue-to-digital converters (ADCs) will round
towards zero, but others may round up or round down. This
rounding may cause difficulties. Figure 3 illustrates the er-
ror when an ADC rounds down. The solid black line shows
a sine wave. The solid blue line shows this wave converted
(four-bit ADC) into a digital form. The dashed blue line is the
average of the digitally constructed sine wave—this average
is not zero. A consequence of this non-zero average is that the
battery will slowly discharge during the measurement peri-
od. For short periods this is unlikely to be problematic, but at
ultra-long periods this will result in a significant movement
in charge during the measurement period even with 12-bit
resolution—meaning that the battery’s operating point is
different by the end of the measurement period. This error
may be corrected by monitoring and adjusting charge drift
throughout a measurement.
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Figure 2. Using a square wave of 0.00132 Hz to ensure a
battery is continually working (charging or discharging)
during an impedance measurement using several frequen-
cies. (a) The current against time, as set by the mea-
surement machine. The inset is a close-up of one section
showing multiple frequencies in the time domain. (b) The
voltage against time, as measured.
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Figure 3. An illustration of an error introduced by an ADC.
The black line is a sine wave; the blue line a digitally-re-
constructed sine wave where the ADC has rounded down.
The average of the digital reconstruction is not zero (blue
dashed line).

3.4 Example Impedance Plot

An example impedance plot is shown in Figure 4. These data
were collected with a Keysight 66332A four-point dynamic
measurement source with a current of up to 100 mA (lower at
lower frequencies), with 12 bits of ADC. Current waveforms
were digitally constructed at single frequencies and the re-
sulting voltage measured over three periods. Waveforms
were then Hann-windowed and a discrete Fourier transform
applied and Z recovered at the applied frequency [3].
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Figure 4. A plot of (a) magnitude and (b) phase of
impedance against frequency for a 4.8 A h NCA battery, for
sub-millihertz frequencies. The lowest and highest frequen-
cies shown correspond to periods of 11.6 d and

1.4 h respectively.

4. Time-Domain Measurements at Constant
Current

One may also analyze time-domain measurements. Here, one
may cycle a battery (charge and discharge) several times. One
option is a constant current (CC) protocol: here we charge
at a constant current until the voltage reaches a defined up-
per limit, then discharge at a constant current, which is of-
ten same as the charge current, until the voltage reaches a
defined lower limit, and then repeat. The voltage response
V(t) then contains information about the battery in a comple-
mentary manner to the impedance measurements. Another
well-used alternative, which is more akin to battery charging
protocols used in practice, is constant current-constant volt-
age (CC-CV). Here one begins by charging at constant current
until the voltage reaches a defined upper limit, then holding
the voltage constant, which means that the current reduces,
before applying a constant discharge current.

With time domain data we may typically analyze (a) the
charge capacity, that is how much charge the battery takes
during a charge cycle, equal to [,T for a constant current I,
charge over a time T, (b) the discharge capacity, how much
charge the battery gives out in a discharge cycle (which might
not equal the charge capacity [11]), and (c) the shape of the
voltage response V(t). For a battery, the charge-discharge ca-
pacities vary with timescale (longer periods give higher ca-
pacities), a phenomenon labeled capacity offset.
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Practically, CC or CC-CV measurements at long timescales
require careful consideration. A programmable supply such
as the Keysight 66332A or Keithley 2400-series Source Mea-
surement Unit will put out a current at the requested level
subject to an analogue to digital conversion. Thus the actual
current applied will differ from the requested current. With a
resolution of around 1 mA this will result in a significant er-
ror in calculated charge passed over timescales of hundreds
of days. E.g. for an eight-day charge period this error results
in 0.2 A h of extra charge, a significant fraction of the capaci-
ty of a 4 A h battery. It is important to use the actual applied
current in calculations of charge capacity.

We have performed CC measurements for a lithium nick-
el-cobalt-aluminium-oxide (NCA) battery, rated at 4.8Ah
charge capacity and 17.1 W h energy capacity [7]. Specifical-
ly, we have charged and discharged the battery at currents
of 5A, 2A, 1A, 0.5A, 0.2A, 0.1A and 0.05 A in that order.

voltage (V)
W
[=)]

decreasing current
! ! ! !

-15000 -10000 -5000 0 5000

charge passed (C)

Figure 5. A plot of voltage against charge for currents
from 5 A down to 50 mA for a 4.8 A h NCA battery cycled
under CC.
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Figure 6. A plot of discharge capacity against time for a
4.8 A h NCA battery.
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Charging is considered complete when the voltage reaches
4.30V; discharging is considered complete when the voltage
drops to 3.00 V. The lowest current gives a charging period
of about 4 days. Figure 5 shows V against q plots for selected
currents. Figure 6 shows the discharge capacity as a function
of current drawn.

Figure 5 shows that, at lower discharge currents, the
charge capacity is greater and the hysteresis is reduced (less
area in a charge-discharge loop, meaning less energy is dis-
sipated as heat). Also, there are pronounced ‘wiggles’ in the
V(q) curves at the higher voltages, for the lower discharge
currents, where dV/dq fluctuates significantly from low (a
‘plateau’) to high, as the battery approaches fully charged.
Figure 6 demonstrates the phenomenon of ‘capacity offset’,
where charge capacity increases as the rate of charge-dis-
charge (current drawn) reduces.

5. Relationship to Cyclic Voltammetry and
Incremental Capacity Analysis
The wiggles of Figure 5 may be related to cyclic voltamme-
try (CV), an experimental method commonly used to charac-
terize and identify electrochemical reactions [12]. In CV, the
voltage across a cell is swept up (increasing V) at a constant
rate and the resulting current is recorded; the voltage is then
swept down at the same rate to complete the cycle. A plot of i
against V typically shows a series of peaks which correspond
to various electrochemical reactions and phase transitions.
If we assume for a battery voltage is a function of charge,
V=V(q), then the relationship between Figure 5 and CV be-
comes clear. Differentiating with respect to time gives:

dv  dVdg avy .
== (%) (1)
dt dqdt dq
and hence i = V,,/(dV/dq) where Vrate=dV/dt is the voltage
slew rate. The peaks of current in CV thus correspond to re-
gions of low dV/dq. That is, broadly the plateaus of Figure 5
correspond to the peaksin CV. This is a simplistic assessment,
since for a battery, V is not a strict function of g, since it has
memory effects. However, it is reasonable to assume that the
plateaus (wiggles) of the V against g plot are associated with
specific electrochemical processes in the battery.

One may reconstruct a pseudo-CV from the time-domain
data via Eq. (1); for example, the CV reconstructed from the
0.1 A data of Figure 5 (the solid black line) is shown in Fig-
ure 7 below.

A study of a cyclic voltammogram suggests why electrical
impedance spectroscopy (EIS) will sometimes produce high-
ly variable results. If the battery is operating near a peak,
voltage will vary little with a given change in current (thus
impedance is low), but away from a peak the same change in
current requires a much greater change in voltage and thus
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Figure 7. A reconstruction of a CV from constant-current

data for a NCA battery cycled at 0.1 A (corresponding to

the solid black line in Figure 5).

a higher impedance measurement. Operating point is thus
significant, for example Figure 7 suggests that at around
4.05 V a small change in operating point would give a signif-
icant change in measured impedance. Using a square carrier
wave for impedance measurements (Figure 2) may help re-
duce these fluctuations by varying the operating point during
measurement.

A related experimental technique is incremental capacity
analysis (ICA) [13]. During ICA, voltage is increased in small
steps AV and a measurement of the charge AQ passed in or-
der for the battery to re-equilibrate is made. A plot of AQ/AV
against Vthen yields similar information to Figure 7.

6. Discussion and Conclusion

We have presented frequency and time domain measure-
ments of batteries, at ultra-long timescales (several days).
At such scales, battery behavior may be modeled through
fractional calculus, using ECMs containing fractional ele-
ments. These elements lead to measurable phenomena such
as capacity offset. Measurements should to be made carefully
since errors in current, e.g. due to ADC, will accumulate into a
considerable error in charge over a long time period. Batter-
ies have nonlinear V(q) characteristics at high and low states
of charge and it is advisable to make impedance measure-
ments away from these regions to ensure repeatability. Even
so, reconciling time-domain and frequency-domain measure-
ments is difficult. If done well, frequency and time domain
measurements allow identification of plausible ECMs and
component values, thus allowing a battery to be described
with meaningful, and measurable parameters. At long times-
cales, the complexities of battery electrochemistry become
evident and plots of V(q) demonstrate patterns that link with
cyclic voltammetry.
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The paper presented in this appendix [102] was published in early 2024, after
the initial version of the present thesis was sent out for examination. The paper
consolidates and builds on the concepts developed in the draft paper of Chapter 5,
and shows how use of the phase-efficiency relationship opens up the possibility of
monitoring battery SoH by analysing time domain data acquired while the device
under test is in situ.

While EIS remains the “gold standard” for characterising battery ageing, the very
low frequencies (and subsequently long measurement times) needed when describing
the battery in terms of the simple R-CPE circuit model are likely to render the
method impractical for in-use devices. Time series analysis of in-situ voltage and
current measurements may provide a solution to this problem and represent the way

forward.
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ABSTRACT Ageing of rechargeable batteries is routinely characterized in the frequency domain by
electrochemical impedance spectroscopy, but the technique requires laboratory measurements to be made
on a time scale of days. However, the normal cycling of a battery as it is used in situ provides equivalent
information in the time domain, though extracting robust frequency information from a time series
is challenging. In this work, we explore, in the time domain, the relationship between instantaneous
voltage-current phase difference and cycle efficiency. Moreover, we demonstrate that phase measures can
be used to identify battery ageing. We have cycled a 250 mA h Nickel-Cobalt cell several hundred times
and used Hilbert Transforms to identify phase difference between voltage and current. This phase difference
becomes closer to zero as the battery ages, commensurate with a drop in energy cycle efficiency. In another
experiment, we applied a synthetic current profile mimicking behaviour of an electric car cell, toa 3.2 A h
LiNiMnCoO; cell, for ~100 days. For this more complicated profile with a wide range of frequency content,
we used wavelet analysis to identify changes in phase difference and impedance as the battery aged. For
this cell, drop in cycle efficiency was associated with a rise in internal resistance. The results imply that
time-series analysis of in sifu measurements of voltage and current, when applied with equivalent circuit
models and underlying theory, can identify markers of battery ageing.

INDEX TERMS Battery, constant phase element, efficiency, fractional capacitance, time-series analysis.

I. INTRODUCTION

Battery state of health (SoH) is a loose term generally used to
describe of the performance of a battery when compared to
an equivalent ‘new’ battery [1]. State of Health can manifest
itself in various ways, such as charge or energy capacity,
energy cycle efficiency and ability to deliver power, and can
be estimated in numerous ways in practical applications [2].
Degradation is associated with many different failure mech-
anisms [3], [4] and can show itself through many ways, such
as increased charge transfer and diffusion resistance, reduced
current density, decreased voltage, and heat generation [5].
Frequently, battery ageing is clearly demonstrated through
changes in impedance spectrum [6], [7], [8], [9] but

The associate editor coordinating the review of this manuscript and
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electrochemical impedance spectroscopy (EIS) often requires
long measurement times in the laboratory, and thus is
impractical for many battery applications, although in some
cases more rapid measurements are possible [10].
Equivalent circuit models, using an array of capacitors,
resistors, and constant phase elements (CPEs), have been
well used to describe batteries [11], [12], [13]. Variations
in different circuit elements will lead to variations in
energy cycle efficiency, charge capacity, efc., and it is
attractive to seek to describe ageing of batteries in terms of
these elements. Indeed, Farrow has used measurements of
impedance spectrum to show a change in circuit elements
as ageing occurs [8], and Mauracher & Karden have used
electrochemical impedance spectroscopy to model changes
in lead-acid batteries [14]. Significantly, combining EIS with
time domain measurements, Messing et al. have identified

© 2024 The Authors. This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License.
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changes in circuit elements with ageing from relaxation
effects [15].

In this work we demonstrate that a change in order of a
constant phase element in an equivalent circuit influences
cycle energy capacity, via a change of phase between the
voltage and current. Changes in phase have been previously
recognized as underlying signals for SoH of lithium-ion
batteries [2]. Importantly the phase changes can be extracted
from time-series data acquired while the battery is cycled.
We first relate phase and energy efficiency for a CPE, through
a theoretical analysis, as shown in Sec. II. We demonstrate
that, for a CPE, we expect a relationship between cycle
energy efficiency and phase between V and I. We then,
in Sec. III, describe and analyze with Hilbert transforms
and wavelet analysis the results of three experiments, using
different batteries and charging-discharging cycles, that
elucidate the relationship between phase and cycle efficiency.
We demonstrate that for one of these experiments, changes in
efficiency as the battery ages are related to phase changes.
However, for another experiment, they are related to an
increase in resistance. Finally, in Sec. IV, we put these results
into the context of equivalent circuit models and suggest how
time-series analysis of voltage and current can be used to
elucidate changes in SoH.

Il. THEORY

A. CONSTANT PHASE ELEMENTS

A constant phase element (CPE) or fractional capacitor can be
defined through the fractional derivative relationship between
current / and voltage V:

1 C v 1
() =G (1)
where ¢ is time, Cy is the fractional capacitance, and d* /dt®
denotes the fractional derivative of order o, where 0 < a <
1. Fractional calculus has a secure mathematical base [16]
including for application to batteries [17]. For the purposes
of this work, the relationship is best discussed in terms
of a response to a sine wave stimulus. For a sine wave
current input, the voltage responds as a sine wave, but with
a phase difference determined by the fractional order o.
Specifically, constructing the impedance as the complex
voltage (amplitude and phase) divided by the complex
current, we have:

VA = 2
©) = o @)
where o is the angular frequency (= 2mf where [ is
the frequency) and /> = —1. Of importance is the phase

(argument of Z), which is arg(j~*) = —m«/2. This phase is
independent of frequency, hence the term ‘constant phase
element’. In the limit of « — 1 the CPE behaves as a
capacitor; in the limit of @ — 0 the CPE behaves as resistor.
The special case of « = 0.5 describes a Warburg element,
commonly used in modelling of electrochemical processes,
for example with the Randles circuit [18].
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CPEs have been commonly used in models of batteries.
For example, the model of Westerhoff et al. which explicitly
considers the physical behaviour of the various structures of
a battery, contains three CPE elements in addition to two
Warburg elements, two capacitors and nine resistors [12].
Westerhoff’s model associates electronic components with
physical processes. However, for practical purposes, many
fewer elements are needed to describe a battery [13], [19],
with Poihipi et al. using just two CPEs and a resistor to
effectively model experimental results [11]. Such a reduced
phenomenological model makes attribution of changes in
electronic component values to particular chemical and phys-
ical processes difficult. Indeed, experimental measurements
of impedance [8], [20], [21], [22] suggest that in many cases
simply a single CPE may be sufficient in series with a resistor
might be a sufficient equivalent circuit to describe a battery.

B. ENERGY EFFICIENCY OF CPE

For a rechargeable battery, the energy efficiency of a cycle, €,
defined as the energy taken out of the battery during a
discharge divided by the energy put in during a charge, is of
significance. For a pure capacitor (¢ = 1) there is no energy
loss and € = 1; in contrast for a pure resistor (¢ = 0) there
is no energy stored and € = 0. In general, the efficiency
of a battery cycle will depend on the shape of the cycle.
In some special cases, it is possible to derive the efficiency
mathematically.

The case of a single rectangular charge and discharge
pulse (where charging and discharging currents are both
constant, but not necessarily equal) has been analyzed by
Hartley et al. [23], [24]. By setting the charge and discharge
currents and times to maximize energy efficiency, one obtains
an efficiency directly related to the fractional order o:

e=(2"-1)". 3)

While efficiency is dependent on «, the actual values of
energy into the battery during the charge and the energy taken
out of the battery during the discharge, depend on the currents
and cycle times.

A second case in which we can explicitly derive the
efficiency of a CPE is that of a continuous sine wave input.
In the analysis below, we derive the efficiency under a
sine wave stimulus for the case of a CPE in series with
a resistor (denoted CPE-R), which is a reasonable circuit
model for many batteries [8], [11]. A CPE-R model has a
knee angular frequency defined where |Z(w)| = R; below
this angular frequency the CPE dominates the impedance.
We use the standard convention for batteries that positive and
negative currents correspond to charging and discharging of
the battery respectively. For the case of a sine wave current,

1(t) = Iy sin(wt), 4)

the voltage across the CPE, assuming there is a constant
starting voltage offset V{ as a result of charging a CPE a long
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time in the past, responds as:
Vepe(t) = Vo + Vg sin(wt + 60) %)

where V, = |Z(w)|lp is the amplitude of the a.c. part of the
waveform, and § = —amw/2 is the phase, i.e. the voltage
trails the current by arr /2. Note that V,, depends on frequency
through |Z|. The voltage across the resistor, R, is simply IR,
and thus the total voltage over the CPE-R elements is

V(t) = Vo + Vg sin(wt + 0) + IpR sin(wt). (6)

We assume that V(¢) is always positive. For rechargeable
batteries in normal operation, this will always be the case.
Then the sign of the instantaneous power, P(t) = V(1)I(t),
is determined by the sign of the current /(¢), positive in the
first half-cycle and negative in the second. The energy into
the CPE-R circuit in the first half-cycle is given by:

T/2
Ep = / V(I (t)dt. (7)
t

=0
Writing out V(¢) and I(r) explicitly leads to

T/2
E;,, = / Volp sin(wt)dt
t=0

T2
+ / V.1 sin(wt) sin(wt + 0)dt
=0

T/2

+ / IgRsinZ(a)t)dt )
=0

where T is the period of the sine wave. Performing the

integrals yields

~_ VoloT | ValoT cos® I3RT

" og 4 4
The energy put info the CPE in the second half-cycle is given
by:

®)

T
EY = / V(I (t)dt (10)
t=T/2
which is
) T
EY = / [Vo + V, sin(wt + 6)
t=T/2
+1IyR sin(wt)] Iy sin(wt)dt. (1)

The quantity Ei(j) is negative, since I (t) is negative during the
second half-cycle. We can perform the integration to give:
VauloT cos 6 I&RT
4 4
The energy taken out of the CPE in the second half-cycle,

is the negative of the energy put in, that is E,,; = —El.(j) .

Thus we can define the efficiency as being € = E,,;/Ei
which is:

VoloT /0 — ValoT cos0/4 — I3RT /4
€ = .
VoloT /7 + ValoT cos /4 + IZRT /4

@ VoloT
E) =— + (12)

(13)
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Multiplying numerator and denominator by m/VplpT, and
writing the voltage over the resistor as V, = IpR gives:
_ 1—nV,cos860/4Vy — 'V, /4V)
147V, cos0/4Vy + V4V

In the limit of « — 1, and R — 0, in other words the CPE-R
equivalent circuit of the battery becoming a pure capacitor,
cosf® — 0 and V, — 0, and thus ¢ — 1 as we expect.

€ (14)

C. APPLYING EFFICIENCY MEASURES TO REALISTIC
SITUATIONS

We emphasize that Eq. (14) applies to a sine wave current
stimulus delivered to a single CPE in series with a resistor.
In the limit of small currents (long charge/discharge times)
any resistive effects will become small. For example, if the
battery were described by a CPE in series with a resistor, the
energy dissipated over the resistor would become negligible
as the charge/discharge currents were reduced. Therefore,
as one reduces the charge/discharge current, the final term
in the numerator and denominator of Eq. (14) will become
negligible.

In practice, the current can be far from sinusoidal.
A realistic waveform will consist of non-harmonic periods
of charge and discharge, over a range of different frequency
scales. We note however that Eq. (14) gives a value of €
that is independent of frequency and depends only on (a) the
phase angle 8 = o /2 and (b) the ratio of the amplitude of
the voltage variation over the CPE, V,, to the constant offset
term Vjp, and, if the current is large enough, (c) the ratio of the
amplitude of the voltage over the resistor, V,, to the constant
offset term Vj. It is therefore reasonable to hypothesize
that efficiency in realistic (non-sinusoidal) situations will
depend most significantly on these dimensionless terms.
In typical situations cycling of a battery is performed between
prescribed voltage limits and thus V, and V will be defined
independently of charging rate.

If the ratio of V, to Vj is rather less than one (which
practically would likely be the case, e.g. for a battery cycled
between 2.9 V and 3.3 V one can attribute Vo =3.1 Vand V,
as 0.2 V), and the current is small so that V,./Vj is negligible,
the binomial theorem approximates Equation (14) as:

nV,cos6

2Vo

We note here that V, is the amplitude of the assumed
sine-wave and V( the mean voltage. We emphasize that
Eq. (15) applies rigorously only for the case of a low-current
sine wave stimulus, but rigorous generalization for more
complicated waveforms is mathematically challenging. Nev-
ertheless, the analysis demonstrates a relationship between
cycle energy efficiency and phase differences — thus we
expect in a general case a loss of cycle energy efficiency, for
example due to ageing, to be accompanied by a changes in
phase between V and I where the battery can be described as
a CPE. Note however that if resistance R is significant, which
will be the case at the higher frequencies, changes in cycle
efficiency could also be attributed to changes in R.

e~ 1 (15)
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liIl. EXPERIMENTAL METHODS AND ANALYSIS

We have carried out three separate experiments in order to
demonstrate and confirm the relationship between efficiency
to the fractional order, including in realistic battery operating
conditions.

In the first experiment, we have cycled a battery using
rectangular current pulses, at ever-decreasing currents. In the
limit of zero current one would expect the effect of any
series resistance to disappear, and we would be left with the
behaviour of the CPE. Specifically, we expect that a plot of
current and voltage would show hysteresis and the energy
efficiency would be related to «. We confirm this is the case.

In the second experiment, we have cycled a battery over
several weeks in an attempt to wear it out, using some
standardized charge-discharge cycles. We extract the energy
efficiency over each cycle and show it is related to the
phase difference between the voltage and current signals.
In particular, as the battery ages, the energy efficiency drops
while the phase between voltage and current moves towards
zero in the manner expected.

Finally, we have cycled another battery over several weeks
with a current profile more akin to what would be expected
for an electric vehicle (EV), consisting of a time of rapidly-
changing, mostly negative currents (corresponding to the EV
being in use), followed by a time of zero current (correspond-
ing to the EV being parked), and then a time of constant
positive current (corresponding to charging), repeated over
many days with small variations. We have extracted €
for these cycles, and have used the Multiscale Oscillatory
Dynamics Analysis (MODA) toolbox of Lancaster Univer-
sity [25], [26], available at github.com/luphysics/moda to
identify the phase relationship between voltage and current.
All experiments were performed in an air-conditioned room
where ambient temperature was kept between 21.0-22.5°C.
Raw data is available from the authors on request.

A. LOW FREQUENCY CYCLING

1) EXPERIMENTAL METHOD

In the first experiment we cycled a 4.8 A h, 3.7 V,
LiNiCoAlO, (NCA) 21650 cell using a constant-current
charge followed by a constant-current discharge using the
same current as for the charge. Specifically, for a given
current, we cycled the battery several times between lower
and upper voltage limits of 3.0 V and 4.3 V respectively.
We used currents of 5 A, 2 A, 1 A, 05 A, 0.2 A, 0.1 A
and 0.05 A in that order, recording voltage and current as a
function of time. We have evaluated the energy in and energy
out for each of the cycles using Egs. (7) and (10) respectively,
and thus found the efficiency. From the efficiency in the low
current limit we estimate « using Eq. (15) and compare the
result to a value of @ measured from an impedance spectrum
obtained using the method of Dunn et al. [9], [20].

2) RESULTS
Figure 1 shows a plot of voltage against charge for the various
charge-discharge currents. At the lowest currents hysteresis
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FIGURE 1. A plot showing hysteresis in the NCA battery at various
constant charge-discharge currents. The currents used are given in the
legend. Adapted from [27].

remains, indicating that there is energy loss. The voltage
against charge plot is roughly linear over much of the voltage
range, although it shows some regular fluctuation particularly
at the higher voltages and a rapid increase in gradient at
both ends of the voltage range. We ignore these tails in our
processing, and identify a voltage range here of 3.4 Vto 4.2V
for the linear portion. We also note that the charge capacity
of the cell increases as current decreases, consistent with a
fractional element being involved [27].

3) ANALYSIS

The energy in and out of the cell during the charge and
discharge half-cycles, found by integrating V(¢)I(¢) over
time, are shown in Table 1. In the limit of zero current,
the efficiency approaches 0.988; this is close to 1 indicating
that the cell is very like a capacitor but is clearly less
than 1 showing that loss mechanisms are present. Applying
Eq. (15) with voltage limits of 3.4 V and 4.2 V (thus Vy =
38 Vand V, = 04 V) with a measured efficiency of
0.988 gives us 0 = 1.497 rad = 85.8°, and hence o = 0.954.

We can verify the value for the fractional order « from
the impedance spectrum. Figure 2 shows a plot of the of
the impedance of the cell against frequency, on logarithmic
axes, as (a) magnitude and (b) phase. Fitting a straight line
to the lowest seven frequency points of (a) yields a gradient
of —0.976(8) and hence we infer a value of o from the
impedance measurement of 0.976(8), larger but close to that
estimated through the efficiency.

In the limit of zero current, we expect that any resistive
loss becomes negligible. By attributing the energy loss to a
CPE, we have estimated an order for the CPE of 0.954. This
is slightly lower than that found by measuring an impedance
spectrum.

‘We note that we have estimated the order of the CPE, «,
using Eq. (15) which strictly only applies to a CPE-R model
driven by a sine-wave stimulus, in the limit of low currents.
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TABLE 1. The energy in and out of the battery, Ej, and E,; respectively,
and the cycle efficiency e, at different charge-discharge currents during
the battery cycling of Fig. 1.

Current (A)  Ej, (KI)  Eour (KJ) €

5 34.14 28.54  0.836

2 51.86 47.64 0919

1 57.10 5439  0.953

0.5 58.97 5740 0973

0.2 60.77 60.04  0.988

0.1 61.78 61.04 0.988

0.05 62.89 62.13 0.988

T T (a) T T
m
£
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'» 10°F 1
©
=
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E 2
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10 10 102 10°
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FIGURE 2. The impedance spectrum of the NCA battery, presented as
(a) magnitude and (b) phase.

The experimental cycling has been carried out, for practical
reasons, with a rectangular stimulus and so the calculated
value of o should be seen as an estimate only. Nevertheless,
it is encouraging that the value estimated from energy
efficiency and the value from the impedance spectrum, two
very different methods, are roughly in agreement.

B. STEREOTYPED CYCLES

The second experiment consists of ageing a battery by
performing repetitive charge-discharge cycles. The cycle
efficiency is monitored and related to phase difference
between voltage and current. A repetitive but non-sinusoidal
cycle can be analyzed using Hilbert Transforms in order to
extract the phase difference between voltage and current.
For example, Hilbert Transforms have been used in the
context of batteries to validate electrochemical impedance
spectrum measurements [28] and to detect disturbances in
power systems via phase changes [29].

1) EXPERIMENTAL METHOD

A 250 mA h INR Nickel-Cobalt cell was cycled in the
laboratory using sets of 30 charge-discharge cycles, each
of a particular form of constant-current-constant-voltage
(CC-CV) cycling. In CC-CV, a constant charging current /.,
is applied to bring the voltage to a specified upper voltage Vj,.
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TABLE 2. The different cycle types used, defined in terms of the charge
current /5, discharge current I, upper voltage Vj, lower voltage V;,
lower bound on charging current during the constant voltage phase I;,,,,
and time spent at zero current t,.

Type  Ien(A)  lais(A) Vo (V) Vi(V) Low(A) 10 (s)
Cyc  0.16 -0.16 43 33 0.03 600
Shal  0.16 -0.16 4.0 33 0.03 600
Float  0.16 -0.16 4.3 33 0.003 600
Asym  0.04 -0.16 43 33 0.01 600
Mysa  0.16 -0.04 4.3 33 0.03 600
Slow  0.08 -0.08 4.3 33 0.03 600

TABLE 3. The sequence of CC-CV cycling, in sets of 30 cycles.

Sequence  Cycle set Cycle type ~ Cumulative cycles
1 1 Cyc 310
2 Shal 340
3 Float 370
4 2 Cyc 400

Impedance measurement
5 3 Cyc 430
6 Asym 460
7 Mysa 490
8 4 Cyc 520

Impedance measurement
9 Slow 550
10 5 Cyc 580
11 Shal 610
12 Float 640
13 Slow 670
14 Asym 700
15 Mysa 730
16 6 Cyc 760

Then the battery is held at this voltage by reducing the current,
until the current decays to a specified lower value I;,,,. The
battery is then discharged with a constant discharge current
14is, until its voltage reaches a specified lower bound V.
Then a period of zero current is applied for a defined time
period fg. The cycle is then repeated. Six different variations
of the CC-CV cycling were used, as outlined in Table. 2 and
applied in the sequence shown in Table. 3. The forms of cycle
differed in terms of maximum and minimum voltage, charge
and discharge currents, and the lower current bound to end
the constant voltage phase. A standard cycle, denoted here
by ‘Cyc’ was returned to several times in order to allow a
direct evaluation of ageing effects. The current characteristics
of a standard cycle, along with a voltage response, are shown
in Fig. 3. Before this experiment, the cell had already been
cycled approximately 280 times in various ways. At two
points in the experiment the cycling was interrupted to
perform a measurement of impedance on the cell [9]. The
experiment took nine weeks total duration.

We discarded the first three cycles of each set of 30 cycles
to allow the voltage signals to stabilize. Cycle efficiency
€ was evaluated for each cycle, and averaged over the
remaining 27 cycles in each set. We also, for the time
period spanned by the final 27 cycles, calculated the Hilbert
Transforms of current and voltage using Matlab. The phase
¢;(t) of the current waveform was then extracted as:

(16)

$il1(D)](r) = tan ™" (M) 7

1(1)
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FIGURE 3. The current (top, blue) and voltage response (bottom, red) for
a few standard ‘Cyc’ cycles.

where H[I(#)](t) denotes the Hilbert transform of I(z) and
the inverse tangent is evaluated using the signs of the
numerator and denominator using the ‘atan2’ function in
order to be continuous from —m to 7. The phase ¢y (¢) was
similarly extracted for the voltage waveform V (¢). The phase
angle ¢(t) = ¢y() — ¢r(¢t) was found, representing an
instantaneous phase difference between V(¢) and I(¢). The
mean phase difference over the final 27 cycles of each ‘Cyc’
set was calculated.

2) RESULTS

In Fig. 4(a) we show, for each of the six sets of 30 ‘Cyc’
cycles, the mean energy into the cell during the charge periods
(averaged across the final 27 cycles), and the mean energy out
of the cell during the discharge periods (similarly averaged
over the final 27 cycles). In Fig. 4(b) we show the distribution
of cycle efficiencies for the six ‘Cyc’ sets.

Figure 5 shows the distribution of phase differences
between V and I over each of the six ‘Cyc’ sets, as found
through the Hilbert transform. The second and subsequent
sets are displaced downwards by 0.1 on the y-axis for clarity.
It is immediately evident that the phase distribution moves
towards zero as the battery ages.

3) ANALYSIS

Figures 4 and 5 show that as the battery ages, (i) the cycle
efficiency drops and (ii) the distribution of phase differences
becomes less negative. These changes are summarized in
Table. 4. Furthermore, we have used Eq. (15) with Vo = 3.8V
and V, = 0.5V, in order to estimate the phase angle 6
from the measured efficiencies; these are shown in Tab. 4 as
Oest- These can be compared with the mean measured phase
differences as found via the Hilbert transforms, indicated
as fy.
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FIGURE 4. (a) The mean energy in and out of the battery during each of
the six sets of standard cycles (excluding the first 3 cycles in each set).
(b) The distribution of the cycle efficiencies for each set. The red line
shows the median; the boxes show lower quartile and upper quartile; the
extending lines showing the range of the data. Outliers are marked with
red crosses. Note how both the energy capacity and the efficiency drop
with age.
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FIGURE 5. The phase between voltage and current as distributed over
each of the six sets of cycles, as calculated using Hilbert transforms. The
first set is shown in the top trace; the second and subsequent sets are
displaced downwards by 0.1 for clarity.

TABLE 4. For each of the six standard cycle sets, we show the cumulative
number of times the battery has been cycled by the end of the set, the
mean measured efficiency ¢, the phase difference estimated from the
measured efficiency 6,4, and the mean measured phase difference from
the Hilbert transform, 6.

Set  Cumulative cycles (%) Pest (rad) Py (rad)
1 310 87.9(5) —0.945 —0.837
2 400 87.5(6) —0.921 —0.816
3 430 87.2(5) —0.904 —0.794
4 520 86.5(6) —0.860 —0.771
5 580 86.2(13) —0.840 —0.754
6 760 84.8(13) —0.745 —0.681

We note that the measured efficiency drops as the battery
ages and as a consequence 6, moves closer to zero.
Additionally, the measured phase 0y also moves towards
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FIGURE 6. A section of the current input to the cell. The inset is a
close-up of one of the period of activity indicated by the dashed box.

zero. The ratio of the two, ¢es/¢H, is roughly constant
across the six sets, ranging from 0.87 (for set 5) to 0.91 (for
set 6). We do not expect them to be exactly the same since
Eq. (15) applies rigorously only for a sine wave stimulus, but
nevertheless the two measures are similar. These result also
suggest that a move in order of the CPE is responsible for a
significant part of the ageing-related drop in efficiency.

C. SYNTHETIC DRIVE PATTERN FOR ELECTRIC CAR

The previous two examples have used simple, repeated
current waveforms. For the third situation, we now consider
more complicated current waveforms, more akin to the
currents that would be experienced by an EV battery, and have
used wavelet analysis in order to identify phase differences.
An advantage of a complicated waveform is that it contains
frequency components across the spectrum and can help
distinguish between efficiency changes due to changes in o
and those due to changes in R.

1) EXPERIMENTAL METHOD

A synthetic current profile /(¢), lasting around three months,
was created using the method described below. The profile is
designed to mimic electric vehicle activity. It shows several
hours of constant-current charging (representing a vehicle
being charged overnight), followed by a period of a few hours
inactivity (when the charging is complete but the vehicle is
not in use), then about an hour of charge/discharge activity at
high currents (corresponding to a morning commute), then
several hours of inactivity followed by about an hour of
charge/discharge activity at high currents (corresponding to
an evening commute). Randomness is included so that the
function is not periodic. A section of the profile is shown in
Fig. 6.

Before the profile was applied, the impedance spectrum of
anUBCO3.2Ah3.6 V18650 INR LiNiyMn,Co;_,_,0; cell
was measured using the method of [9]. The synthetic profile
was then applied to the cell using a Hewlett Packard 66332A
precision current-voltage supply. The actual current applied
and the voltage of the battery were monitored continuously.
Data were recorded with a sample rate of 8.6 Hz.

2) RESULTS
Since the cycles are not periodic, efficiency has been defined
over a pseudo-cycle. Specifically, we have identified a
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FIGURE 7. (a) The average phase difference between V and I as
calculated via a Hilbert Transform (Sec. 111-B) over each pseudocycle.
(b) The energy efficiency for each pseudocycle.

pseudo-cycle as starting at a time when the charge (time-
integrated current) drops to 50% of its range (i.e. is at 50%
of the way from its minimum to its maximum), and then
ends after it has risen to at least 90% of its range and then
dropped again to 50%. Over each pseudo-cycle we have
evaluated the energy supplied to the battery E;, by integrating
I(t)V(t) where [ is positive, and evaluated the energy taken
out E,,; by integrating I(¢)V (t) where current is negative, and
constructing the efficiency € = E,;; /Ejp.

Efficiency has been evaluated for each pseudo-cycle.
Figure 7(b) shows the efficiency of each successive
pseudo-cycle.

3) ANALYSIS

The results of the Hilbert Transform method of Sec. III-B to
find the mean phase difference between V(¢) and I(¢) over
a pseudocycle are shown in Fig. 7(a). The results fluctuate
considerably because of the many frequency components
present in the signal. This is in contrast to the regular cycling
results in Sec. III-B where the periodicity of the cycle is
much better defined. The cycle efficiencies also fluctuate
considerably for similar reasons, Fig. 7(b), but in this case
there is a clear trend to reduced efficiencies as the battery
ages, with efficiency € dropping from about 0.950 to 0.948.
This is a relative increase in 1 — € of 4%.

To proceed we need to use a method appropriate for
complicated waveform shapes and for waveforms that are not
strictly repeating. We have analyzed the data with a wavelet-
based approach, using the Multiscale Oscillatory Dynamics
Application (MODA) toolbox produced by Lancaster Univer-
sity github.com/luphysics/moda [25], [26]. The time-series
data V(¢) and I(¢) were split into six equal sections, each
17 days long. To ensure file sizes were sufficiently small
for analysis on an Intel i5-1145G7 2.6 GHz processor with
16.0 GB RAM, both V(¢) and I(t) were downsampled by a
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FIGURE 8. (a) The magnitude Z (f) and (b) the phase ¢(f) of the
wavelet-constructed impedance spectrum at low frequencies, averaged
over six seventeen-day sections. The legend shows the start and end day
for each section. The black crosses show the results from the impedance
measurement at the start of the experiment.

factor 40, to 0.215 Hz. A wavelet transform using a lognorm
wavelet was applied to both voltage and current waveforms
in each section, to give a spectrogram of voltage V(f, )
and current I(f, r) against both frequency f and time ¢ in
that section. Frequency ranges of 107> Hz to 10~3 Hz
were initially used, to emphasize the low-frequency region
where the CPE impedance is likely to dominate the resistive
impedance. Impedances were constructed using Z = V/I
(note these are complex quantities) from which an impedance
magnitude |Z(f , 1)| and phase arg[Z(f , t)] constructed. The
magnitude and phase were both averaged over time ¢ to give

a spectrum for magnitude Z(f) = <|Z(f , t)|> and phase
t

o(f) = <arg[2 (, t)]> for each section. The magnitudes and

phases are plotted in tFig. 8. Also shown is the result of the
impedance measurement at the start of the experiment. The
higher frequency range was also examined — the analysis
was repeated but this time for a frequency range of 103 Hz
to 10~ ! Hz; results are shown in Fig. 9.

First, we note that the impedance spectra reconstructed
from the wavelet analysis, in particular day 1-17, are very
similar to the impedance spectrum measured directly at the
start of the experiment, providing some confidence in the
wavelet analysis. Figures 8 shows no obvious differences in
the impedance spectra for the 17-day periods considered at
frequencies below about 103 Hz. The variation in Z at the
very lowest frequencies is likely to be uncertainty due to
having only a few periods in the datastream at the lowest
frequencies, and is ignored. In the 10~ Hz to 10~* Hz region,
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FIGURE 9. (a) The magnitude f(f) and (b) the phase ¢(f) of the
wavelet-constructed impedance spectrum at high frequencies, averaged
over six seventeen-day sections. The inset on (a) shows the highest
frequencies on a finer scale, indicating a small but discernable rise in
impedance magnitude as the battery ages. The legend shows the start
and end day for each section. The black crosses show the results from the
impedance measurement at the start of the experiment.

the impedance shows CPE-like behaviour, having a constant
slope on the 2(}” ) graph and roughly constant phase ¢(f).
In contrast to the results of Sec. III-B, there is no indication of
a change in phase of the impedance despite Fig. 7(b) showing
a small but clear reduction in the energy efficiency. For this
particular cell under the conditions tested, the underlying
changes responsible for the loss in efficiency with ageing do
not appear to be a result of a change in the properties of this
CPE.

However, the impedance spectrum at higher frequencies,
Fig. 9, shows a clear gain in impedance magnitude as the
cell ages. At 10~! Hz, the magnitude of impedance rises
from about 38.25 m2 to about 41.00 mS2 from the first and
second seventeen-day range to the fifth and sixth, an increase
of 2.8% In this spectral region, the impedance is resistor-like
as evidenced by the phase difference close to zero. The
2.8% increase in resistance is roughly commensurate with the
experimental change in 1 — € of about 4% from Fig. 7(b); we
would expect the two to be linearly related through Eq. (14).

The implication is that under the tested conditions, this
cell demonstrates ageing through increases in its internal
resistance R, as opposed to changes in its CPE characteristics.

IV. DISCUSSION

We have used time-series analysis of voltage and current
data to probe the changes in batteries as they age. We have
assumed that a battery can be described through a CPE-R
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equivalent circuit model. For the special case of a sine wave
stimulation, we have shown theoretically that cycle energy
efficiency is related to (i) the order of the CPE, o, which
manifests through a phase difference between voltage and
current, and (ii) the resistance, R.

The theory has been tested for three cases. In Sec. III-A
we have used different charge and discharge currents to
cycle a battery, and shown that the order of the CPE
element predicted by applying the theory to measured cycle
efficiency matches that independently measured through
Electrochemical Impedance Spectroscopy.

For the case of regular repetitive cycling of a battery in
Sec. III-B, the cycle energy efficiency has been measured
as the battery ages and the theory applied to predict a
move in phase difference towards zero. Analysis of the V
and / time-series with Hilbert Transforms have been able
to provide another measure of phase difference which is
in broad agreement with that predicted from the efficiency
measurements, as shown in Table 1.

In the third experiment in Sec. III-C, irregular cycling
with a wide range of frequency components has been applied
for around 100 days. The analysis in this case is more
complicated, since (i) it is difficult to define a cycle, and
(i) the use of a Hilbert Transform is dubious. To identify the
change of energy efficiency with ageing, we have needed to
use pseudo-cycles — with start and end points being based
on returning a battery to a defined state of charge following
a significant discharge. This has introduced considerable
variation in the results, but cycle energy efficiency still
shows a clear downward trend, as shown in Fig. 7(b). For
complicated signal patterns, wavelet analysis, for example
used to detect disturbances in electrical power systems [29],
offers a wave forward. We have used wavelet analysis with V
and / time-series to identify changes in phase and impedance
with ageing. For the battery tested, the ageing manifests as a
rise in impedance at high frequency rather than a change in
phase difference.

An implication is that the two batteries, of Secs III-B
and III-C, are likely ageing in different ways. While both
are reducing in energy cycle efficiency, the underlying
mechanisms appear to be different. We emphasize that our
theory in Sec. II, and in particular the relationship between
cycle energy efficiency and phase of the CPE, Eq. (15), has
been derived using only a sine wave stimulus. Our application
of it to more complicated signals is therefore not rigorous, but
is still insightful. The development of more general theory
is mathematically challenging. While we have aimed to
keep ambient temperature constant, we finally note that even
fluctuations of the size of 1.5°C, which are experienced, may
be sufficient to make measurable differences to efficiency and
may partly be the cause for the fluctuations in Fig. 7.

V. CONCLUSION

By considering phases between voltage and current traces,
we have demonstrated that the energy efficiency of a cell
relates to the order of a CPE element in its equivalent circuit.
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In the case of the measured Nickel-Cobalt cell, the drop of
efficiency of the cell as it ages can be attributed to a change in
the phase difference between voltage and current. Moreover,
the analysis has been performed in the time domain, rather
than requiring frequency domain measurements such as EIS.
The phase-efficiency relationship opens up the possibility of
monitoring the state-of-health of a battery from time domain
data acquired while a battery is in situ in its normal operation.
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