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Abstract—Lithium-ion batteries have a significant role in storing and using energy, an increasing market led by the
electrification of transportation. Developing reliable and accurate models for lithium-ion batteries is crucial for optimizing
their performance and assure they are working in optimal conditions, minimizing the ageing and degradation they
experience in the cycling process. In this project, several lithium-ion batteries aged under different conditions, C-rate,
Temperature and ADoD, were measured using Electrochemical Impedance Spectroscopy (EIS). The acquired data was
processed using the proposed algorithm based on the Distribution of Relaxation Times (DRT) analysis. The inclusion of
DRT analysis in the processing algorithm produced more consistent fitting results for the Equivalent Circuit Model (ECM)
with less variability between measurements. A preliminary study was also conducted to investigate the correlations
between the changes in the ECM and the cycling conditions of the cell. The results of this project demonstrate the
potential of DRT analysis as a dataset processing method to improve the accuracy and reliability of lithium-ion battery
models.

Keywords—Lithium-ion batteries, Electrochemical Impedance Spectroscopy, Ageing, Distribution of Relaxation Times,
Equivalent Circuit Model
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1 OBJECTIVES

This thesis aims to develop a reliable and accurate
model for lithium-ion batteries by incorporating
various factors influencing their performance, such
as ageing and cycling conditions. The primary fo-
cus is on using Electrochemical Impedance Spec-
troscopy (EIS) data and Distribution of Relaxation
Times (DRT) analysis to enhance the consistency
and reliability of Equivalent Circuit Models (ECM).
The ultimate goal is to optimize the performance
and extend the lifespan of lithium-ion batteries
across multiple applications.

o Conduct a literature review on differ-
ent lithium-ion battery modelling ap-
proaches, focusing on utilizing Electro-
chemical Impedance Spectroscopy (EIS) and
Equivalent Circuit Models (ECM).

o Age several lithium-ion batteries under dif-
ferent ambient conditions and measure their
impedance variations over time using EIS.

o Develop a data processing algorithm that
improves the consistency and reliability of
ECM fitting results.

o Investigate the correlations between changes
in the ECM parameters and the cycling con-
ditions of the lithium-ion battery cells.



1.1 Thesis Outline

Chapter 2 provides a general introduction to
lithium-ion batteries, discussing their significance,
the need for research in this area, and basic concepts
related to their modelling. Chapter 3 presents an
overview of the available datasets containing EIS
measurements, their locations, and an evaluation of
whether the data aligns with the research objectives.
Chapter 4 details the proposed analysis method-
ology, ranging from the EIS configuration to the
examination of the fitted parameters in the ECM.
In Chapter 5, the outcomes of applying the analysis
methodology to the selected datasets are presented.
Chapter 6 summarizes the research conclusions,
while Chapter 7 highlights the study’s limitations
and provides recommendations for future work.

2 INTRODUCTION

Developing improved energy storage technologies
is one of the critical objectives of meeting the vari-
ous global decarbonization agreements, such as the
Paris Agreement. Most of the pressure in the near
future will come from the transition to electricity-
based mobility, as reflected in figure 1.

Compared to today, global battery demand is expected to grow by a factor of ~19 to reach

~3,600 GWh in a 2030 target case
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Fig. 1. Global battery industry growth by application and region
by 2030, from [1].

Currently, the best alternative to fossil fuels for
storing energy is dominated by the Lithium-Ion
Batteries (LIBs), as they have a high energy den-
sity, low self-discharge, and no memory effect [2].
LIB are an electrochemical construct encompassing
different chemicals that achieve energy storage [3].

The performance of batteries is heavily influ-
enced by the dynamic operating conditions they
undergo. The non-linear and time-varying charac-
teristics of battery behaviour during operation pose
a significant challenge in accurately determining
the underlying chemical processes. A noticeable
miss exists between the electrochemical phenomena
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and the circuit model used to infer these processes
within the battery [4].

In this thesis, batteries are studied from the elec-
trical engineering point of view, not entering into
the chemical implications of the different findings.
Even though a base understanding of how these
batteries are built is needed to understand some of
the electrical degradation processes observed, given
that, in the following sections of this chapter, there
will be an introduction to the electrical properties,
the thermal properties, and the chemical properties
that encompass LIBs, as well as the modelling and
analysis techniques that will be used.

2.1

Lithium-ion batteries exhibit several electrical prop-
erties, such as voltage, current, capacity, and in-
ternal resistance, which are critical to their oper-
ation and performance. This section will provide
an overview of these properties, establishing the
context necessary for understanding this thesis’s
modelling and analysis techniques.

Electrical Properties

2.1.1 Voltage

The voltage of a lithium-ion battery, also known as
the cell potential, is the driving force that propels
the flow of electrical charge between the battery’s
electrodes. The voltage primarily depends on the
battery’s State of Charge (SoC) and the electrode
materials of electrochemical potentials. Fig. 2 rep-
resented a typical distribution of the change in the
voltage a battery has dependent on their SoC With
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Fig. 2. OCV curve of a Lithium-ion cell

the help of a good model of the battery behaviour
and keeping under a specific operating range.

2.1.2 Voltage Limits

Voltage limits are crucial for lithium-ion batteries’
performance, safety, and longevity. These limits de-
fine the safe operating range, with the lower voltage



limit preventing excessive lithium-ion extraction
and the upper limit avoiding overcharging. Adher-
ing to the specified voltage limits helps maintain
optimal performance and extend battery life during
charging and discharging cycles [5].

2.1.3 Capacity

Capacity is a measure of the total amount of electri-
cal energy a battery can store and deliver. Expressed
in ampere-hours (Ah) or watt-hours (W-h), capacity
is determined by the amount of active material in
the battery and the efficiency of the electrochemical
reactions occurring within the cell.

2.1.4 C Rate

The C rate measures a battery’s charge or discharge
rate, expressed as a multiple of its capacity. A higher
C rate implies a faster charging or discharging pro-
cess, while a lower C rate indicates a slower one.
For example, a 1C rate means the battery will be
charged or discharged in one hour, while a 0.5C rate
extends the process to two hours. The choice of C
rate is crucial for balancing performance, efficiency,
and battery life, as faster rates can lead to increased
heat generation and reduced cycle life [5].

2.1.5 ADepth of Discharge

The ADepth of Discharge (ADoD) is a term that
has different uses in the battery area of knowledge.
In this master thesis, it will be used to describe
the difference between the maximum SoC and the
minimum SoC that the cycling profile of a cell
achieves.

2.1.6 Impedance

Impedance is a key parameter characterizing the
opposition to the flow of electrical current within
a battery. Factors contributing to internal resistance
include electrolyte conductivity, electrode material,
and contact resistance between electrodes and cur-
rent collectors. In the complex plane, impedance
has two components: resistance (real) and reactance
(imaginary). Battery impedance depends on various
operating conditions, such as temperature, SoC, and
current [6]. Variations in impedance can lead to
permanent degradation in the cell (ageing), empha-
sizing the importance of maintaining optimal op-
erating conditions to ensure the battery’s longevity
and power delivery capabilities.
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2.1.6.1 Basic Impedance Elements: To
model the complex impedance behaviours of
batteries, basic circuit elements are combined,
approximating the observed impedance
characteristics. These elements include resistors,
capacitors, inductors, RC circuits, Constant-Phase
Elements (CPEs), and Warburg elements. While
these elements help to model the impedance
behaviour of batteries, they do not necessarily
represent the actual internal components of the
battery.
All the formulas of this section are given relative
to the angular frequency:

w=2nrf 1)

2.1.6.2 Resistor: Ideal resistors are the sim-
plest impedance element, their current is always
proportional to the voltage, so there is no phase shift
(reactive part).

Z(w)=R (2)

AN

ZReal

(@) (b)

Fig. 3. Electrical symbol of a resistor with the impedance spec-
trum it produces in a frequency sweep.

2.1.6.3 Capacitor: Ideal capacitors are pure
reactive elements, have zero resistance, and their
magnitude is inversely proportional to the fre-
quency.

In the Nyquist plot, a pure capacitive behaviour
appears as a vertical line fixed at Z,. = 0, and the
imaginary component tends to be infinite as the
frequency decreases.

2) = = )

2.1.6.4 Inductor: An ideal inductor is the
opposite of an ideal capacitor. They also have neg-
ligible restive component, but their reactive effect
makes the voltage lead the current by a phase shift
of 90°, viewed in the Nyquist plot as a vertical line
(down in the representation used in this research,
as the major capacitive effect that have the batteries
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Fig. 4. Electrical symbol of a capacitor with the impedance
spectrum it produces in a frequency sweep.

makes it standard to work with the imaginary axis
inverted)

Z(w) = Ljw 4)
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Fig. 5. Electrical symbol of an inductor with the impedance
spectrum it produces in a frequency sweep.

2.1.6.5 RC Circuit: In the chapter
2.1.6.6 Series:

Z(w) = Zp(w) + Zc(w) :R—i—jéw (5)
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Fig. 6. Electrical symbol of a series RC pair with the impedance
spectrum it produces in a frequency sweep.

2.1.6.7 Parallel:

1 1
Y@= 70 "2 7w ©
R
Z(w) = T4 jwRC ()
7= RC (8)
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>
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Fig. 7. Electrical symbol of a parallel RC pair with the impedance
spectrum it produces in a frequency sweep.

2.1.6.8 Constant Phase Element: Contrary

to the other impedance elements presented in the

section, the CPE is a theoretical construct to explain

an impedance behaviour that does not have an
electrical ideal equivalent.

The CPE is used to describe processes that be-

have as an in-between an ideal capacitor (phase sift

s

= ) and an ideal resistor (phase shift = 0°).

Z(w) = 9)

where:

() = Capacitance or Conductance
a = number of waves

these elements can be rearranged as:

Magnitude |Zepe(w)| = ! -
Qu* (10)

Phase shift ¢epe = ——
™= (RQ)" (1)

In the case, « = 1 the CPE will behave as an
ideal Capacitor and in the case, o = 0 the behaviour
of the CPE will be the same as an ideal resistor [7,
Chapter 14].

2.1.6.9 Warburg Element: A special case of
a CPE is the Warburg element when o = 0.5.

w w

Z(w) = Vo _j\ﬁ

(12)
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Fig. 8. Electrical symbol of a CPE with the impedance spectrum
it produces in a frequency sweep.

2.2 Thermal Properties
2.2.1 Heat Generation

During the operation of a LIB, heat is generated
as a result of various factors, including electrical
losses, chemical reactions, and mechanical friction
within the cell. The thermal behaviour of a cell can
be used as an indicator of the health of it. With
the ageing process and the increase of impedance
the cells cycle at higher temperature then at their
Beginning of Life (BoL). In some applications ther-
mal management may be key to assure the correct
behaviour of the system.

2.2.2 Thermal Runaway

Thermal runaway is a condition in which an
exothermic reaction within a LIB causes a rapid
increase in temperature, leading to a self-sustained
cycle of increasing temperature and heat generation.
This process can result in catastrophic failure, fire,
or battery explosion.

Several factors can contribute to thermal run-
away; including overcharging, over-discharging,
excessive current, high operating temperature, and
external short circuit. The chance of a thermal run-
away can be minimized through careful battery
design, effective thermal management systems, and
the use of safety features such as thermal fuses.

2.3 Chemical Properties

Simplifying a battery to its more elemental form, it
is formed by three elements; an anode, a cathode,
and an electrolyte. By convention, the electrodes
are named by their behaviour during the discharge
phase of the battery, being the cathode one with a
higher potential and the anode one with the lower
one. [8, Chapter 1]. The term LIBs does not refer to a
unique chemistry, but to a family of chemistries that
share the use of lithium-ion in an alloy (usually in
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the cathode) to store the energy [9]. In the figure 9,
we can see different chemistries used for the battery
electrodes, being for commercially available LIBs,
new proposed LIBs chemistries or chemistries used
on batteries not related with LIBs.
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Fig. 9. Relationship between the potential and capacity of active
materials utilized in Lithium-ion technologies [10], [11].

But what makes a good battery is not only the
theoretical potential that a specific chemistry can
achieve but a trade-off between life expectancy,
performance, safety, cost, and other considerations
that only the final application can determine the
most suitable.

2.3.1 Anode

In anode materials, there is not much of a dis-
cussion, as most of the commercial batteries use
carbon/graphite; carbon offers a favourable com-
bination of factors such as reasonable pricing, plen-
tiful supply, decent energy, and power density, and
extended service life, making it more advantageous
than other intercalation-based anode materials [5].
A more in deep study about the carbon anode can
be found in [12] where a comparison between the
different crystalline structures of carbon is made to
compare the differences in charge storage capabili-
ties.

2.3.2 Electrolyte

The electrolyte is a material inside the battery that
has to be electrically insulating but a good con-
ductor of ions[5]. The Open Circuit Voltage (OCV)
values, which is the potential difference between the
positive and negative electrodes, have to be main-
tained inside Electrolyte Stability Window (ESW),
which is the reason why LIBs have to be maintained
over a minimum voltage.

The importance of the electrolyte in this thesis
is that in the interface between the electrolyte and



the electrodes, as a bi-product of the redox reactions
that enable the battery to operate, a crystalline struc-
ture grows called Solid Electrolyte Inter-phase (SEI).
This is one key degradation parameter that affects
the electrical behaviour of the battery.

Once the SEI layer is formed, the reaction be-
tween the electrodes and the electrolyte is dimin-
ished, hindering the battery degradation. Battery
performance, irreversible charge loss, rate capabil-
ity, cycle ability, or safety are parameters affected
by the SEI composition [13]. Thus, additives are
introduced in the electrolyte to control the chemical
structure of this layer [14].

Its effects on the electrical characteristics will be
explained in section 2.4

2.3.3 Cathode

There are several cathode chemistries currently
used in the market, and it is usually by an acronym
of these chemistries that the cells are refereed. The
cathode chemistry induces differences in cell perfor-
mance such as max current that the cell can provide,
max charge, degradation over ageing, etc. Thus, the
best chemistry will depend on the application.
Some common cathode materials include:

e Lithium Cobalt Oxide (Li:Co0o0O,) (LCO):
LCO offers high energy density but has
lower thermal stability. The cost can be a fac-
tor due to its cobalt content. These batteries
are commonly found in portable electronic
devices such as smartphones, laptops, and
cameras [5].

o Lithium Manganese Oxide (LiMno04)
(LMO): LMO cathodes are known for their
high thermal stability, making them a safer
option compared toLCO. However, they
have lower energy density and a shorter
cycle life. These batteries are often used in
power tools and electric vehicles [5], [15].

o Lithium Iron Phosphate (LiF'ePOs) (LFP):
LFP cathodes offer excellent thermal stabil-
ity, safety, and long cycle life but have a
lower energy density. They are commonly
used in electric vehicles, energy storage sys-
tems, and various industrial applications [5],
[16].

o Lithium Nickel Manganese Cobalt Oxide
(LiNiMnCoO3) (NMC): NMC cathodes pro-
vide a good balance of energy density, ther-
mal stability, and cost, making them popu-
lar for use in electric vehicles and energy
storage systems. Different ratios of nickel,
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manganese, and cobalt can be adjusted to
optimize specific characteristics [5], [17].

o Lithium Nickel Cobalt Aluminium Oxide
(LiNiCo0AlOs) (NCA)): NCA cathodes have
high energy density, good cycle life, and
relatively low cost due to their lower cobalt
content. They are often used in electric vehi-
cles and energy storage systems [5], [18].

2.4 Battery Degradation and Ageing Mecha-
hisms

When the battery is in use, different chemical re-
actions occur between the other components that
allow energy extraction (or injection) into the sys-
tem. Unfortunately, there are non-desirable effects
that are unavoidable (at least with current chemi-
cal formulations) that modify the battery operation
characteristics. These effects can be grouped into
temporal, which will contain how the chemical re-
actions change based on the temperature, current
demand, humidity..., and permanent, which are the
sum of the different degradation processes taking
place in the battery. To make it more complex, all
these effects depend on the chemistry, and each
reacts differently to a modification of the operation
conditions.

The degradation process refers to the non-
reversible part of the chemical reactions in the bat-
tery. After every charge-discharge cycle, there is a
part of the material loss converted to a different el-
ement. This not only accumulates after every cycle,
making the battery less capable of performing as
in the beginning, but also its presence modifies the
electrical behaviour of the battery. The accumula-
tion of this permanent degradation process is what
constitutes the ageing of the battery.

This project aims to examine battery degrada-
tion from an electrical perspective, focusing on the
cumulative impact of ageing processes on electrical
properties rather than investigating each process in
detail.

In Fig. 10, the most prominent ageing mecha-
nisms occurring in the anode, cathode, and other
active materials are depicted, along with their pri-
mary contributions to either capacity fade or in-
creased impedance. This visual representation aims
to clearly understand the relationship between var-
ious degradation processes and their effects on the
battery’s performance.

Loss of lithium inventory (LLI) refers to the
irreversible trapping of lithium ions in inactive
materials or side reactions, reducing the number
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Fig. 10. Predominant mechanisms of ageing that arise within
a battery’s anode, cathode, and other active materials. The
diagram outlines the primary factors that contribute either to
capacity degradation or heightened impedance [19].

of available lithium ions for energy storage.Loss of
Active Material (LAM) occurs when the active ma-
terials in the anode or cathode degrade, leading to
reduced energy storage capacity. Both LLI and LAM
contribute to capacity fade, which is the decline in
the battery’s ability to store energy over time.

On the other hand, increased impedance results
from the SEI layer’s growth on the anode, the for-
mation of passivating layers on the cathode, and
other degradation processes that hinder ion trans-
port within the battery. This increase in impedance
reduces the battery’s efficiency, ultimately affecting
its overall performance.

By understanding the relationship between
these ageing processes and their effects on battery
performance, this project aims to provide valuable
insights into the electrical properties of battery
degradation.

3 ELECTROCHEMICAL IMPEDANCE SPEC-

TROSCOPY DATASETS

A great effort has been made to sort most of the
available datasets with information relating to cy-
cling batteries in [20]. Despite being one-year-old,
differences in how the data can be accessed have
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been found. In this section, similar to in the cited pa-
per, there will be an overview of the datasets found,
focusing on the ones containing Electrochemical
Impedance Spectroscopy (EIS) measurements; there
will be an introduction of the purpose of that data
collection, a resume of the data format and a value
judgment of the fitness of the data for the purpose of
this research. Finally, a table comparing the different
datasets can be found in Tab.1. In the section 3.2, it
will be introduced why it is relevant to have our
own dataset and how we are making the measure-
ments.

3.1
3.1.1

The dataset was collected for the study of the pub-
lication [21], where the aim was to train a neural
network to predict the state of the battery having
impedance measurements as an input. The data can
be downloaded from [22]. The data collection was
performed over LCO LR2032 coin LIB cells. The
set consists of 12 batteries cycled at 1C Constant
Current-Constant Voltage (CC-CV) charge protocol
and 2C discharge at Constant Current (CC), 8 cells
are cycled at 25°, 2 cells are cycled ad 35° and 2 cells
are cycled at 45°. The End Of Life (EOL) is defined at
80% of the initial capacity, which happened between
250 and 300 cycles. There are EIS measurements at 9
points of the charge/discharge profile at each cycle,
making this dataset of about 20000 measurements.
From those, only about 9000 measurements are
usable for our project (measurements taken place
in the measurement location I, V, and IX) as the
other six were obtained without sufficient resting
or with current in the cells. More information about
the measurement points and condition of the cells
at that state can be found in the ”additional infor-
mation” part of the cited paper.

External datasets
University of Cambridge

3.1.2 Sandia national lab

The Sandia national lab has different datasets with
measurements on cycling batteries. From those,
there are two with EIS data that are relevant to
mention.

The first dataset, ”"Battery Cell Testing Data
Archive”, can be downloaded from [23] and was
published with this paper [24] explaining the test
procedure. The test is performed on 24 cells of four
different chemistries, LCO,LFP,NCA, and NMC.
Each cell is cycled at 1C CC-CV charge protocol
and discharged with all the different CC profiles,



discharges at 1C, 5 discharges at 5A, and 5 dis-
charges at 10A; if the chemistry allows it there are
5 discharges at 20A and 5 discharges at 30A. This
test is done at a constant temperature of 5°, 15°, 25°,
35° or 45 °C, having different cells for each tem-
perature. The EIS measurements took place at the
BoL of the cell, before the test and after this test was
performed. Even though the test procedure does not
adapt to the data needed for the analysis proposed
in this paper, the documentation provided about the
test set up, test conditions, and cells examined is
worth mentioning as a reference of good practices.

The second dataset is a more ambitious data
collection that was published in [25] explaining the
test procedure. The test was done in 18650 cells of
three different chemistries: 30 cells of LFP (1.1 Ah),
24 cells of NCA (3.2Ah), and 32 cells of NMC (3Ah).
A full description of the cells is available in the cited
paper. The cells are cycled at three different tem-
peratures, 15°, 25° and 35°, three different ADoD,
0% to 100%, 20% to 80%, and 40% to 60% and
discharged at four different C rates, 0.5C, 1C, 2C
and 3C. Making 12 cycling condition groups were at
least 2 cells of each chemistry had been cycled. The
study concluded once a cell reached 80% of its initial
capacity. After contacting them we have confirmed
that at the moment of writing this thesis only the
cycling data has been publicly released in [26] but
the EIS measurements have still not been disclosed,;
expecting to be in 2023 after the publication of a
paper analysing the data.

3.1.3 Oxford

The University of Oxford has a battery intelligence
lab that has different battery data published on their
website as well as in the Battery Archive project
[26]. The dataset containing publicly available EIS
data, ‘Path Dependent Battery Degradation dataset’,
is divided into three parts that can be found in
[27]-[29]. The test was performed to 12 Panasonic
NCA 18650 LIBs. Mixing cycling profiles at C/2 and
C/4 rate with CC-CV protocol for charging and CC
load for discharging and calendar ageing rests of 10
days or 2 days; sorting the batteries in 4 groups of
cycling environments. The ADoD is in all the cases
from 100% to 0%. The EIS measurement was only
taken at three points during the test, at the BoL,
at a middle point, and at the EOL. The end-of-life
point is not defined in the test, but it is mentioned
that the middle was at 384 days of cycling. EIS
was performed at 80%, 50% and 20% SoC. It is
mentioned that the EIS resolution is of 6 Points Per
Decade (ppd), but no information at which exact
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frequency is carried each of the different impedance
measurements is provided.

For the analysis methodology proposed in this
master thesis, it is needed to know the frequency
measurement points, so this dataset was discarded
for further analysis. Also, more EIS measurement
points would be interesting to study and model the
impedance change through the ageing.

3.1.4 Stanford University

The dataset was collected for the study of the paper
[30] and the data can be downloaded from [31].
The test was performed on 10 21700 NMC cells
following the Urban Dynamometer Driving Sched-
ule discharge driving profile, with different CC-CV
charge rates, from C/4 to 3C. All cells were tested
on the same temperature (23°).

This discharging profile differs from the analysis
intention of this work, centred in cells under con-
stant cycling conditions. Even though the data is in
good shape to be processes with our methodology,
it was decided not to include it in this thesis as the
circling conditions differed too much from the data
gathered or the other analysed dataset.

3.1.5 University of Warwick

The University of Warwick made a dataset in co-
operation with Jaguar in 2016 to study the viability
of EIS technique to quantify the degradation of bat-
teries in comparison with traditional methods[32],
[33]. The data is stored in [34] where the cycling con-
ditions are explained. The dataset is compounded
of 4 NCA 18650 cells with a capacity of 3Ah. The
cells were cycled at 25° with a ADoD of 100% at 1C
CC-CV in the charging phase and discharged at a
constant rate of 1C. The test ended after 500 cycles,
with a characterization test (EIS measurement) ev-
ery 50 cycles. The cells went through a pre-ageing
process of 0, 50, 100, and 150 cycles before the start
of the test. The cells were selected to have similar
impedance (between 25%) and capacity (between
9%) before the start of the pre-ageing process.

Even though in [20] is listed as accessible upon
request, after requesting access to the university we
were informed that the data was collected under
confidentiality agreements and could not be shared.

3.1.6 NASA

Recently, the National Aeronautics and Space Ad-
ministration (NASA) website has been renewed,
and the datasets link provided in [20] doesn’t work
any more. Despite that, the data is still accessi-
ble under the same link through the web. archive



project, which stores portions of the World Wide
Web to ensure the information is preserved. The
new location of the data is the one found in the
references of this paper.

The first dataset NASA has dataset 5. Battery
dataset[35] is not known, the purpose of this data
collection. The dataset contains 34 18650 “commer-
cial Li-ion” batteries, without referencing the exact
chemistry/ies or reference to which batteries are.
The cell’s nominal capacity is 2000 mAh. The cells
are cycled under the defined EOL criteria of 70% of
its original capacity, under three temperatures (4°,
24° and 43°), charged at .75C with CC-CV protocol
and with different discharge profiles encompass-
ing .5C, 1C, and 2C CC and one group of 4 cells
discharged at 2C square wave at 50% duty cycle.
The EIS measurement is carried out in a frequency
sweep between 0.1Hz to 5kHz. No information at
which exact frequency is carried each of the dif-
ferent impedance measurements is provided. As-
suming that the measurement was taken at equally
logarithmic spaced points, we could calculate the
freq data, needed for the analysis techniques we aim
in this publication. With that assumption, we can
say that the measurements were taken at 12 ppd.

The second dataset NASA has on battery data,
dataset 11. Randomized Battery Usage[36] and was
produced for the publication [37]. Even though in
[20] is claimed to have EIS measurements, those
could not be found in the downloadable data. There
is also no reference of EIS or impedance measure-
ments on the published paper that explains the
dataset cycling conditions. NASA also has two other
datasets regarding battery measurements, dataset
15 and dataset 16, but in them, no EIS measurement
was taken.

3.1.7 Wisconsin-Madison & McMaster University

This dataset available in [38] carried out a different
number of tests where the EIS at different tem-
peratures and different SoC is performed. It is not
clear, to our knowledge, which of the EIS measure-
ments correlates to each of the claimed SoC points
nor which ageing the battery reached the EIS test
(pristine or continuation of the previous test). The
dataset contains 'n’ different 18650 NCA batteries
that appear to have been cycled under an HPPC test
before being tested at 25°, 10°, 0°, -10° and -20° and at
intervals of 5% of SoC. Analysing the dataset, there
are no 20 EIS measurements in each temperature
and no information as to which of the different SoC
are the ones saved in the dataset.
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3.2 University of Twente
3.2.1 Data collection justification

Even though some research institutions are working
with EIS data, the availability of those is scarce. One
reason is that collecting EIS data is costly due to
the long duration of the tests and the cost of the
equipment, and sometimes the test is done in com-
panion with companies that hide the data under
non disclose agreements as happens with the War-
wick dataset; another reason is that even the data
is made public this is not properly documented,
making the analysis of these either impossible or
with lots of assumptions, as happens with the data
of the University of Wisconsin.

Currently, only one public dataset, provided by
the University of Cambridge, meets the quality
requirements for this project. But that dataset only
covers differences in ageing and temperature. Leav-
ing out other interesting study cases as ADoD, C-
rate, different chemistries, Electromagnetic Interfer-
ence (EMI). Given the situation, it is interesting to
build our own dataset to study the degradation of
cells under different conditions. This also opens the
possibility of making a contribution and ending up
releasing the dataset.

3.2.2 University of Twente dataset

The dataset is only available internally in the EP-
EMC group, intending to release it in the future
once it is completed. The data collection started for
this master thesis and a full explanation of the test
procedure can be found in Appendix A.

The dataset comprises 8 NCA 18650 with a nom-
inal capacity of 2.6Ah. The cells are cycled under the
defined EOL criteria of 80% of its original capac-
ity. The test was carried out at room temperature
(monitored to be 22°C+1), charged at 1C with CC-
CV protocol and with different discharge profiles
encompassing 1C, 2C, 3C and 4C CC and three
different ADoD, 20% to 100%, 20% to 80% and
40% to 80%. The EIS measurements are performed
at 0% SoC, after the capacity measurement is per-
formed every 10 cycles. With a frequency range
from 10mHz to 100kHz at 10ppd

Before the release, this dataset is planned to be
enlarged with different temperatures, chemistries
and more cells per cycling condition.

3.3 Comparison

In the table 1 there is a resume of the main char-
acteristics of the described datasets. In it, we can
see the different cycling conditions. The experiment
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TABLE 1
A comprehensive comparison of various EIS datasets.

Data set Nr.of Form Chem.Year Temp Test ADoD C- Nom. cap. EIS SoC EIS nr. EIS
cells fac. end rate [mAh] meas. range meas.
8 18650 NMC 2023 22°  SoH80% 80-20%  1C 2600 0% 0.01Hz- -
100-0%  2C 20kHz
60-40%  3C
4C
12 LR- LCO 2020 25° SoHB80% 100-0% 2C 45 0% 0.02Hz- 20000
2032 35° 100% 20kHz (9000)
45°
Sandia Lab. A 24 18650 LCO 2017 5° noageing 100-0%  1C 2500 0% 0.1Hz- 126
[24] LFP 15° 5A 1100 100kHz
NCA 25° 10A 2900
NMC 35° 20A 3000
45° 30A
SandiaLab.B 86 18650 LFP 2020 15° SoH 100-0%  0.5C 1100 n/a n/a n/a
NCA 25°  80% 80-20% 1C 3300
NMC 35° 60-40% 2C 3000
3C
Oxford 12 18650 NCA 2020 24° n/a 100-0%  C/2 3000 20% 0.01Hz 298
[ 1-[1] C/4 50% to 5kHz
80%
Stanford U.[ '] 10 21700 NMC 2022 23° SoH80% 100-0%  HPPC n/a 20% 0.01Hz- 53
6) 50% 10kHz
80%
Warwick U. [34] 4 18650 NCA 2016 25° 500cycle 100-0% 1C 3000 20% 0.01Hz- n/a
50% 100kHz
90%
NASAS5[ ] 44 18650 n/a 2008 room SoH70% 100-0%  2C 2000 100% 0.1Hz- -
0% 5kHz
Wisconsin- n/a 18650 NCA 2018 25°10°n/a n/a n/a 2900 100%95% 1mHz- -
Madison & 0° 6kHz
McMaster [ ] -10° 5% 0%
-20°

B Accessible data |

collected and how the EIS measurements were per-
formed. N/a is used as not available.

4 ANALYSIS METHODOLOGY

The main principles of the methodology algorithm
in this paper are presented in Fig. 11, where the
steps taken to process the impedance data in the
ECM model are broken down. The model is based
on the EIS measurement over a controlled ageing
dataset of LIB as has been illustrated in Fig. 11(a).
As shown in the visual representation of the pro-
cessing algorithm, the paper’s methodology focuses
on three main stages. First, the results of the bat-
tery ageing from the EIS measurement, second the
Distribution of Relaxation Times (DRT) analysis to

Accessible but not for this project |

Data not accessible

deconvolute the EIS data during the whole battery
ageing process, and finally, effective modelling with
a proper ECM model and parametrization of the
model. A similar approach has been proposed in
[39]; in that case, correlating between battery ECM
parameters as a function of open circuit voltage
(OCV) has been investigated in different SOC and
temperature. The algorithm is intended to process
large amounts of data, and the selected dataset has
over 20,000 EIS measurements.

4.1 Electrochemical Impedance Spectroscopy

EIS is a useful, non-destructive tool for analysing
battery performance. By injecting a small AC sweep
signal into the battery and measuring the resulting



12

trans formation prediction & fitting
EIS DRT
| | /—\ N A 1 T A A A 1T \(N
B = Rsei Rct
§ N [~ RO Wd
Nl ] KRR ..:.. K % | | Csei CCt W
_/ '\/:/theing
T T j | LI 111 1 11 1 B 1 R AL \HH7
(@ () ©

Fig. 11. Schematic overview of the steps in the proposed Electrical Equivalent Model (ECM) modelling methodology.

signal over a frequency range from mHz to kHz. Al-
though EIS measurements are typically performed
in a laboratory setting due to their complexity, they
offer a valuable approach for developing models
that can inform battery diagnostics and prognostics
[40].

This process generates an impedance spectrum
of the battery, which can be analysed and inter-
preted to gain a deeper understanding of the in-
tricate electrochemical reactions occurring within
the battery [41]. In Fig. 12, a typical EIS measure-
ment is plotted in a Nyquist representation, with
the different insights that can be gained from this
measurement highlighted.

The impedance spectrum can be divided into
several regions, each corresponding to different fre-
quency ranges and providing specific information
about the battery’s performance and characteristics.
In the low-frequency range, several phenomena can
be observed, such as diffusion processes, charge
transfer resistance, the presence of other semicircles,
and the ohmic region.

The diffusion processes are related to the trans-
port of ions and electrons within the battery’s active
materials. By analysing the low-frequency region,
it is possible to determine the battery’s diffusion
limitations and gain insights into its capacity fade
and rate capability.

The charge transfer resistance corresponds to
the semicircle observed in the mid-frequency range.
It is associated with the kinetics of electrochemi-
cal reactions at the electrode-electrolyte interface.
Analysing this region can provide valuable infor-
mation about the battery’s performance under var-
ious operating conditions and help to identify po-
tential degradation mechanisms.

Other semicircles that may appear in the
impedance spectrum can be attributed to various
interfacial reactions, such as side reactions or elec-

trode film formation. These can significantly impact
the battery’s performance and lifetime, making their
identification essential for proper battery manage-
ment.

Finally, the ohmic region, observed in the high-
frequency range, represents the battery’s ohmic re-
sistance, which includes the resistance of the elec-
trolyte, current collectors, and other components.
Analysing this region allows for the evaluation of
the battery’s internal resistance and potential issues
related to temperature and ageing.

This process generates an impedance spectrum
of the battery, which can be analysed and inter-
preted to gain a deeper understanding of the in-
tricate electrochemical reactions occurring within
the battery. In Fig. 12 it is shown a typical EIS
measurement plotted in a Nyquist representation
with the different insights you can gain from this
measurement highlighted.

In this paper, we sequenced the dataset gener-
ated by the Cambridge university for the publica-
tion [21]. This dataset has been selected because,
compared with other available EIS repositories, the
data has enough resolution to extract features, up to
10 points per decade, ageing has been done at differ-
ent temperatures and EIS measurements have been
performed at each charging cycle of the battery.

From the EIS measurement, there are 2 param-
eters that can be extracted directly, which will be
used later with the DRT values to fit the ECM circuit
elements.

4.2 Distribution of Relaxation Times

When a change in potential or current perturbs
an electrochemical system, the system will respond
by redistributing charges and ions to reach a new
equilibrium. The speed at which this redistribution
occurs is determined by the rates of various chemi-
cal and electrochemical processes in the system.
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Fig. 12. Nyquist’s visualization of an ideal EIS measurement. As
a reference, the colormap shows the frequency at which each
impedance feature is happening, allowing to attribute features
to different processes inside the battery.

The DRT is a mathematical analysis technique
used to extract information about the rates of these
processes from the system’s response to a perturba-
tion. This is done by transforming the data from the
frequency domain (f) to the time domain (7). The
result of the analysis will output a g(7) values with
peaks at certain, 7 indicating an electrochemical
process present [42].

Using only EIS measurements to analyse elec-
trochemical systems can sometimes be misleading,
as it can give the impression that the number of
impedance elements in the system is different from
it actually is. However, the DRT technique provides
a more comprehensive and detailed analysis of the
system’s behaviour, allowing for a better under-
standing of the underlying chemical and electro-
chemical processes.

There are different algorithms proposed to com-
pute this calculation such as Tikhonov Regulariza-
tion [43]-[45], Maximum Entropy [46] or Fourier
transform [47], [48]. in this project, we followed
the algorithm proposed by [43] that follows the
Tikhonov approach.

To achieve that, the experimental data is fitted
against the Zprr model, which follows the expres-
sion:

9(r) .

1+ i2nfr (13)

o0
Zprr = Ro + /0
where Ry is the ohmic resistance, 7 is the relax-
ation time, and ¢(7) is the distribution function of
relaxation times.

To obtain ¢(7) from the measured impedance
data, it needs to solve the inverse problem repre-
sented by equation 13. This is an ill-posed problem,
which means that small errors in the input data may
result in significant errors in the output. To over-
come this issue, regularization techniques, such as

13

Tikhonov regularization, the radial basis functions
and the Dirac distribution.

Once ¢g(7) is known, the expression above can
be discretized and normalized, ending up with the
expression:

G()

14
1—|—jw7k ( )

Z(w) = Ro+ Rpor Y
k=0

Being >, G(7;) = 1, the normalized version
of g(7). The G(7), peaks of the ¢g(7) can be mapped
over the impedance elements of the ECM with:

R, = G(m)Rpoi (15)

Cp = Bufr, (16)
or in case it opts for a R-CPE as the impedance
element:

(17)

Even though one of the benefits introduced by
the DRT is giving a model-free characterization
of impedance spectra, this information should be
analysed due to the fact that the data obtained is
sensitive to the EIS quality and the tune of some
DRT algorithm parameters [49]. In some papers like
[39], [50] after performing the DRT analysis an RC
value is mapped at every peak. This gives great
accuracy, but when applying this technique to a
whole dataset it introduces problems. False peaks
may occur, as stated in [49], making the model not
consistent through the ageing and difficulties within
the task of tracking their differences. At the same
time, choosing proper ECM needs an assumption of
how the system behaves.

The proposed method to convert the DRT values
into an ECM requirements taking into account the
more prominent peaks that are present in all the
datasets.

The peaks can be mapped to the RC networks
proposed in suitable ECM, to choose the approxi-
mation that represents the best model, it is essential
to know the application for which the model is
designed.

A visual representation of the DRT analysis on
an ideal EIS measurement can provide a better
understanding of the process. In the Fig. 13 the DRT
analysis had been made over the data of the ideal
EIS measurement visualized on the Fig. 12.
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Fig. 13. DRT analysis of an ideal EIS measurement (solid line)
giving the g(7) values. The arrows mark the point where the
main impedance characteristics are located, and the circuit
above each peak is derived from the DRT shape. The exact
shape of the ECM circuit will vary depending on the studied
sample; for LIB, it is common to model each impedance element
using R-C or R-CPE pairs respectively.

4.3 Equivalent Circuit Models

Accurately modelling battery ageing is essential for
understanding the factors contributing to battery
degradation and developing strategies to prolong
battery life. EIS is a powerful tool for characterizing
battery behaviour, as it can provide information
about the battery’s electrochemical properties and
internal resistance. However, interpreting EIS data
can be challenging due to the complex nature of the
electrochemical processes occurring within a battery
and the presence of noise and other sources of error
in the measurements. This is where ECMs come
into play - by offering a simplified representation of
the battery’s behaviour, they enable the extraction
of useful information from EIS data and provide
insights into the underlying mechanisms of battery
ageing.

There are multiple approaches for selecting the
appropriate form of the ECM. Fig. 14, adapted from
[51], presents an ECM based on the physical con-
struction of the cell, modelling different layers as
distinct electrical components. This method is diffi-
cult to standardize, as it depends on the exact chem-
istry used for each layer, information that manufac-
turers rarely disclose. Furthermore, the complexity
of this approach makes parameter calculation and
maintaining linear ageing drift of the parameters
challenging.

This phenomenon is caused by one of the dis-
advantages of ECMs: multiple parameter combi-
nations can reproduce the same EIS shape, and
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this uncertainty is exacerbated by the number of
parameters.
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Fig. 14. Description of individual cell components with equiva-
lent circuit elements, adapted from [51].

An alternative technique is to choose the circuit
complexity based on the shape observed in the EIS
measurements, with each semicircle modelled as
an impedance element. In this work, we opted, as
introduced in section 4.2, to determine the circuit
shape by the features present in the EIS measure-
ment, making this decision using the DRT to en-
hance the accuracy of the decision. This approach
allows linking circuit elements with specific electro-
chemical processes that manifest in different regions
of the EIS measurements, as discussed in section 4.1.

This modelling approach constructs the ECM
from the regions of complex impedance present in
the EIS, and that can be visualized in Fig. 12. These
regions are linked to the frequency at which the
measurements took place and are divided as:

o High frequencies: It encompasses the induc-
tive behaviour, from the connections, cell ge-
ometry and cables [52], omitted in this work,
and the ohmic resistance that models the re-
sistivity of the electrolyte and electrodes[6].

o Mid-frequencies: Modelled as a series of par-
allel networks, usually as R-C pairs or R-
CPE. In this region, it is manifested the
effects of the charge transfer reactions and
the double layer effect between the anode,
cathode, and SEI.

o Low frequencies: This region is usually mod-
elled as a Warburg element, a special case of
CPE with a fixed phase angle of 45°. This
region is attributed to the diffusion of the
lithium-ions in the cell [53].

In this study, the EIS data indicated that the cells
displayed three primary impedance phenomena,
evidenced by two partly overlapping semicircles
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Fig. 15. Equivalent circuit models for three primary impedance
processes, adapted from [56].

in the low and mid-frequency ranges, and a lin-
ear segment in the low-frequency range. This is
similar to the shape observed in [54], where the
high-to-middle frequency semicircle were related to
lithium-ion migration through the SEI layer and
surface film capacitance, while the low-frequency
semicircle was associated with lithium-ion charge
transfer, lithium-ion concentration in the electrolyte,
and interfacial capacitance at the electrolyte in-
terface. Furthermore, the inclined linear portion
at very low frequencies signifies dominant mass
transport and represents the controlled diffusion of
electroactive species across the interface between
surface films. To represent this shape, we chose
one of the circuits depicted in Fig. 15 that could
exemplify LIB cells with this arrangement.

The presented circuits are all valid models to
accommodate data from LIB cells. The difference
between them lies in their capacity to adapt to non-
ideal data. Circuit A) has completely ideal semicir-
cles centred in the real axis, while circuit C) uses
the CPE element to allow more flexibility for the
data to be fitted. Circuit B) is presented to show
that the blocks that model each of the impedance
features can be as complex as required, but with
complexity comes an increase in the difficulty of
fitting the values and calculating the initial values
from the DRT analysis [54]-[57].

For our data sets, we decided to use circuit A)
for the data obtained from the Cambridge data set
and circuit C) for the data acquired in the U. Twente
battery lab.
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4.4 Accuracy comparison

The proposed method using the DRT modelling
approach has an increase in the computation time
of one to two seconds per each EIS measurement
intended to analyse. That can add up when you
are analysing from hundreds to thousands of mea-
surements. But the benefits obtained with these
methods can mitigate some of the problems that
ECMs models have.

One of the major drawbacks that ECM models
have is that different combinations of circuit values
can produce the same impedance shape. Viewing it
from the Least Squares Fit (LQF) algorithm means
several minimums can be found. That can be seen
in the data as the jittering in the errors, meaning
that the algorithm is oscillating between different
possible solutions between different runs.

With the DRT proposed approach is it possible
to calculate good starting values to feed the LQF al-
gorithm. This makes the algorithm start close to one
of the minimums of the function and in consequent
runs the algorithm will be tracking that specific
minimum, making the error variability smaller.

This can be seen in Fig. 16, where a data set has
been fitted to the same ECM, with and without the
DRT process.

5 RESULTS AND DISCUSSION

This section presents the analysis results of two
datasets using the methodology described in Sec-
tion 4.

As discussed in the section 3, there is the Cam-
bridge data, collected on LR2032 Li-ion cells, and
the dataset created in our group, collected over
18650 NMC cells. Since the datasets are from dif-
ferent cell types and chemistry and cycled on dif-
ferent cycling conditions, they can not be directly
compared.

The dataset from the University of Cambridge
has cells cycling at different temperatures, keeping
all the other parameters constant. In contrast, the
dataset from the University of Twente keeps the
temperature constant, varying the discharging C-
rate and the ADoD. Therefore, the results and the
data analysis will be done in separate parts, and the
results obtained will only reflect the conditions of
each dataset.

Both datasets were processed following the
methodology explained in section 4. Starting with
an ageing EIS dataset with enough resolution, 10
points per decade, and in the frequency range be-
tween 10mHz to 20 kHz, the data is normalized
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Fig. 16. Fit residual values of the real and imaginary parts of the Impedance residuals. The boxes represent the values within the
first and third quartile of all the measurements taken in that frequency point, whereas the dark bar represents the median of that
data. The x-axis is the frequency range studied, and the y-axis represents the relative error deviation. In the sub-figure (a) is the
result after applying the DRT approach explained in this paper, and in the sub-figure (b) is the result after the same fitting process

but skipping the DRT approach.

and processed with the DRT algorithm for each
measurement point. From this first calculation it is
extracted the shape of the ECM, selection of the
observed peaks that are present in all the data, and
using the values of these peaks to calculate a first
approximation of the fitted values for the ECM.
Then these values are processed using the LQF
algorithm to adjust an ECM for each measurement
point. Finally, the fitted values are compared with
the dataset’s ageing and conditions to try to find
correlations between the drift of specific compo-
nents with the cycling conditions.

5.1 Cambridge Dataset
5.1.1 Dataset selection and cleanup

The Cambridge dataset consists of 9 measurement
points taken at various stages of the cycling profile
and under different conditions. However, only sub-
datasets I, V, and I were suitable for this project
since they correspond to cells without any load
and with a proper rest period. Sub-datasets II, III,
VI, and VII were excluded since the measured
impedance under load is non-linear. Sub-datasets
IV and VIII were also excluded, as the cells had
not reached electrochemical equilibrium after a rest

period without load. We processed only sub-dataset
V, as it corresponds to cells at charge, which are
more stable and have a more linear measurement
compared to sub-datasets I and IX. This section
focuses on the ageing degradation of the cells, and
thus, we did not consider the differences produced
by the state of charge.

In Fig. 17, the capacity fade chart of the selected
dataset can be seen. It can be appreciated that some
cells had a short life span, not reaching 100 cycles,
whereas all the others are aged to 250-300 cycles.
In the original paper [21], those cells are omitted
from the training dataset without a comment on
the reason but considering the early decision on
their EOL. The following results on the Cambridge
dataset are based on cells 1, 2, and 3, aged at 25
cells 1 and 2, aged at 35° and cells 1 and 2, aged at
45°.

In Fig. 18, we can see the ageing drift measured
over the cycles on one of the batteries that compose
the dataset. The intention is to process the data to
acquire an ECM and then try to find correlations
with the ageing and, in this case, the temperature at
which the cells were cycled. As a first observation,
it can be seen that the majority of the differences
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Fig. 17. Cambridge dataset SoH expressed as remaining capac-
ity compared to the initial measurement.

induced by the ageing in the impedance can be ob-
served in the mid to low frequencies, corresponding
to the Charge Transfer and the Diffusion regions, as
explained in section 4.1.
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Fig. 18. EIS ageing on battery cell nr. 6 of Cambridge dataset.
The colour is related to the cycle the measurement took place.

5.1.2 DRT: Peak selection and ECM

First, the EIS measurements were converted to DRT
values using the Simple Run algorithm developed
by [43], which requires impedance values and fre-
quency information. It should be noted that the
algorithm’s performance is influenced by the sam-
pling rate, with lower sampling rates leading to
more erratic g(7) values. In our dataset, we em-
ployed a sampling rate of 10 measurements per fre-
quency decade (i.e., decade-by-decade sampling).

After processing the data, we obtained a dis-
tribution function of the RC pairs present in the
dataset. For the ECM model, we selected the three
most significant peaks from this distribution. The
remaining two peaks had a relatively minor impact
on the model, as their magnitudes were lower than
the selected peaks, and their variance over the age-
ing was negligible.

To track the peaks, we employed a peak identifi-
cation algorithm to extract the local peaks from the
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data. In the first sample, we manually selected the
desired peaks. After that, a function was used to
score the peaks in similarity to the selected peaks
based on their distance and the expected ageing
trend. From those scores, a new peak was selected
for each initial peak. The process applied to the
Cambridge dataset can be seen in Fig. 19.
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Fig. 19. Distribution of relaxation times at different cycle num-
bers of the Li-ion cell. The points mark the maximum of the
selected impedance features in the Cambridge dataset for the
cell 25C03.

5.1.3 Least Squares Fit

From the peaks selected above, and following the
formula 15, 16 and 17, it is possible to calculate
the ECM parameters from 7 and G values. For the
(), parameters, we assume an initial « value of 1,
representing an ideal capacitor. Later the different
R, C, Q, a and W components of the ECM are
adjusted to the initial EIS measurement using the
LQF algorithm. The LQF is sensitive to the ini-
tial parameters given to the system. In Fig. 20 it
can be seen the difference between the measured
impedance data of one EIS with the approximation
extracted from the DRT and the final adjustment of
the LQF. For the analysis of the Cambridge dataset,
it was selected the shape

5.1.4 Data Correlations and Trends

In Tab. 2, we can see some of the fitted parameters
we acquired, which is for one cell of the Cambridge
data set.

The highest correlation is between the param-
eters of the Charge transfer and diffusion models.
Specifically, the C.; and R. parameters show a
strong relationship. This is expected, as the elements
modelling higher frequency impedance character-
istics tend to remain constant across the ageing
dataset.
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Fig. 20. Nyquist plot of cell 1 at 25 °C on cycle 120. Comparison
between the measured impedance data (blue dots) and ECM
model prediction, with the parameters directly extracted from the
DRT (green line) and after LQF adjustment (yellow line).

TABLE 2
Values of the ECM parameters fitted with the DRT method as a
function of ageing (cell cycling).

Cycle Ro Ra Ca Ry Cy We We
Nr

[ @ mF] Q@ [mF] [ s
1 0.463 0.297 1.83 0.519 30.0 0.821 27.3
35 0.426 0.280 1.94 0.513 28.7 1.889 148
70 0.433 0.284 2.09 0.546 30.0 1.892 142.3
105 0.446 0.289 2.23 0.581 30.6 1.97 147.3
140 0.450 0.290 2.18 0.599 30.2 0.798 18.15
175 0.462 0.282 2.19 0.605 304 0.834 19.00
210 0.500 0.286 2.34 0.692 35.7 0.907 19.80
245 0.520 0.289 2.77 0.818 229 1.05 20.23
280 0.533 0.298 298 0.897 46.3 1.12 19.24
315 0.600 0.289 3.07 0.969 49.3 1.27 22.34
350 0.598 0.296 3.27 1.06 524 1.24 18.53

Fig.21 plots the C; and R.; values, which show
that the resistance in the charge transfer region is
heavily influenced by temperature. As the ambient
temperature during cycling increases, the resistivity
increases at a faster rate. In contrast, the capacitance
in the charge transfer region appears to be relatively
insensitive to temperature differences and experi-
ences similar depreciation across the different cy-
cling conditions. The data present in the dataset had
heavily differences from their starting impedance
value. To eliminate the differences among the cells
and focus on the ageing introduced by the cycling,
the data has been normalized to the initial value
calculated, showing the relative increase in their
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resistivity or capacitance.
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Fig. 21. Charge transfer impedance drift, divided into capaci-
tance (a) and resistance (b). It can be seen that the resistance
component of the Z.; correlates with the temperature, whereas
the capacitance increase is similar between the different tem-
peratures.

5.2 Twente Dataset
521

The Twente dataset currently has 8 cells with EIS
measurements at 0% SoC every ten cycles. As ex-
plained in Section 3.2.2 and, in more detail, in the
Appendix A each cell is cycled at ambient tem-
perature and at different ADoD and C-rates. In
Fig. 22, the capacity fade chart of the dataset has
been illustrated.

Observing Fig. 23(a), one can see that the
impedance behaviour in the diffusion region, low
frequency, has an unexpected shape. This unex-
pected behaviour is suspected to be caused by
the electrochemical instability of low charge in the
cell. At small frequencies, the measurement can be
distorted by the AC signal that is induced in the
cell to perform the EIS analysis. This introduced a
problem as there is no ECM element that can mimic
this frequency shape. With the inability to repeat
the experiment in time, it was decided to continue
the analysis with a filter in the data to exclude the

Dataset selection and cleanup
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Fig. 22. University of Twente dataset SoH expressed as remain-
ing capacity compared to the initial measurement.

diffusion layer. The cut-out frequency where the
diffusion processes start to appear in the data is
close to 10 mHz. In Fig. 23(b) one can see the ageing
EIS measurements after the filtering process.

5.2.2 DRT: Peak selection and ECM

First, the EIS measurements were converted to DRT
values using the Simple Run algorithm developed
by [43], which requires impedance values and fre-
quency information. It should be noted that the
algorithm’s performance is influenced by the sam-
pling rate, with lower sampling rates leading to
more erratic ¢g(7) values. In our dataset, we em-
ployed a sampling rate of 10 measurements per fre-
quency decade (i.e., decade-by-decade sampling).

After processing the data, we obtained a dis-
tribution function of the RC pairs present in the
dataset. For the ECM model, we selected the three
most significant peaks from this distribution. The
remaining two peaks had a relatively minor impact
on the model, as their magnitudes were lower than
the selected peaks, and their variance over the age-
ing was negligible.

To track the peaks, we employed a peak identifi-
cation algorithm to extract the local peaks from the
data. In the first sample, we manually selected the
desired peaks. After that, a function was used to
score the peaks in similarity to the selected peaks
based on their distance and the expected ageing
trend. From those scores, a new peak was selected
for each initial peak.

The process applied to the Twente dataset can
be seen in Fig. 24. With the frequency cut, only two
peaks are visible and the third major impact that
would be linked to the diffusion is omitted.
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5.2.3 Least Squares Fit

From the peaks selected above, and following the
formula 15, 16 and 17, it is possible to calculate
the ECM parameters from 7 and G values. For the
(), parameters, we are assuming an initial « value
of 1, which represents an ideal capacitor. Later the
different R, C, Q, o and W components of the
ECM are adjusted to the initial EIS measurement
using the LQF algorithm. The LQF is sensitive to
the initial parameters given to the system. In Fig. 25
it can be seen the difference between the measured
impedance data of one EIS with the approximation
extracted from the DRT and the final adjustment of
the LQF.
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Fig. 25. Nyquist plot of cell 1C4D80 at the 2nd cycle. Compar-
ison between the measured impedance data (blue dots) with
the parameters after the DRT analysis and the LQF adjustment
(yellow line).

5.2.4 Data Correlations and Trends

Analysing the results obtained in the Twente data
set, we do not observe a meaningful correlation
between the ageing process in the battery. As it can
be seen in Fig. 26, only the fields that link the ageing
with the cycling/State of Health (SoH) have any
numerical significance.

This could be caused by two reasons. One possi-
bility is that changes in the ADoD or the C-rate only
have an effect on the capacity fade of the cell. As can
be seen in Fig. 22 the cells cycled at 80% ADoD are
fading faster than the cells cycled at 60% ADoD and
those of the ones cycling at 40%. Another possibility
could be that the distortion introduced by the mea-
surement point, that has previously been discussed
in the section 5.2.1, has an effect in other parts of the
cells that affect the linearity of the measurements.

As shown in Fig. 27, the measurements exhibit
some variability or jitter between consecutive mea-
surement points. This behaviour was also observed
in the Cambridge data set in the data measured at
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0 SoC and the reason to decide to focus only on the

measures taken at full charge.
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Fig. 26. Correlation Matrix of the different fitted values of the
ECM with the characteristics of the cycling.
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6 CONCLUSIONS

In this master thesis, we have investigated the
ageing mechanisms of lithium-ion batteries. To do
so, first, a search was made to gather and analyse
all public datasets available and check for their
relevance for the objectives and intend analysis of
this project; the study and modelling of how the
impedance change through the ageing of a cell
and how is it related with the conditions of the
environment where the cells are operating.

After identifying the knowledge gaps and com-
mon practices, an experiment was defined to com-
plement the data available and enlarge the param-
eters where the cells are cycled on. To combine the
different data sources, a common data structure was
defined to accommodate the different repositories



and ease the analysis and possible comparability of
the results.

Finally, an analysis methodology for large
datasets has been proposed, combining long-
standing analysis processes like ECM, whose ef-
ficacy has been widely acknowledged and docu-
mented, with new techniques as the DRT, that give
an insight into the distribution of impedance pro-
cesses present in the cells and allow the possibility
to automate part of the analysis without losing
accuracy in the process.

Following the proposed analysis methodology
two different datasets had been analysed, the Cam-
bridge dataset, the external open dataset that bet-
ter fitted the data requirements of the proposed
methodology, and the Twente dataset, the dataset
that has been generated for this master thesis
project. Between both datasets, there are repre-
sented different lithium-ion cell shapes, coin cells
and 18650, chemistries NMC and LCO, and cy-
cling conditions, different temperatures, C-rates and
ADoD.

From the Cambridge dataset, the sub dataset V
was processed. In it 12 cells are cycled at different
temperatures, 25°,35° and 45°, maintaining all the
other cycling conditions constant. With EIS mea-
surements and capacity estimation being taken at
each cycle. The data has been analysed with the pro-
posed methodology. It has been found that the most
prominent effect in the ageing is located in the mid
to low frequencies, affecting the regions attributed
to the charge transfer and the diffusion processes.
From those, the real part of the impedance of the
charge transfer region, modelled as a resistorR.,
is heavily influenced by the cycling temperature,
having a good correlation to the rate at which the
resistivity increases with the cycling ambient tem-
peratures of the cell with resistivity increasing at
a faster rate as the ambient temperature increases.
The other elements values remain mostly constant
or don’t show correlation with the different temper-
atures of the test.

In the Twente dataset we cycled 8 cells at room
temperature, varying the ADoD at 80%, 60%, and
40% and the discharging C-rate at 1C, 2C, 3C,
and 4C, while keeping all other cycling conditions
constant throughout the ageing process of the cells.
No correlation was observed between the EIS model
parameters and the ageing process. This lack of
correlation could be attributed to two primary rea-
sons. First, it is possible that changes in the ADoD
or C-rate predominantly affect the capacity fade of
the cell, which was indeed observed in the capac-
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ity fade chart. These alterations might not have a
significant impact on the ECM parameters, caus-
ing a weak or non-existent relationship between
these factors and the ageing process. Second, the
distortion introduced by the measurement point in
the low-frequency region might affect the linearity
of the measurements, thus impacting the observed
correlations. Specifically, the problems encountered
while measuring the cells at 0% SoC could have fur-
ther complicated the analysis. At 0% SoC, the cells
may exhibit non-linearities and higher noise levels,
making it challenging to obtain accurate impedance
measurements. Additionally, the low-frequency re-
gion is particularly susceptible to noise, drift, and
other artefacts that could mask the true behaviour
of the system, which in turn might influence the
correlations observed.

The study has demonstrated the potential of
using ECM parameters to understand the ageing
mechanisms in lithium-ion batteries under differ-
ent cycling conditions. However, certain limitations,
such as the distortion in the measurements and the
sensitivity of the LQF algorithm to initial parame-
ters, should be addressed in future work. Further
research can focus on developing more advanced
ECMs and refining the methodology to provide
better insights into the ageing process and battery
performance.

7 LIMITATIONS AND RECOMMENDATIONS

Data availability: One of the significant limitations
of this study is the availability of high-quality bat-
tery datasets in the public domain. The scarcity
of high-quality data can be attributed to various
factors, including the proprietary nature of some
datasets, insufficient documentation of experimen-
tal details that hinders the usability of the data, or
the absence of key measurements relevant for this
project such as EIS.

Data collection time requirements: Another sig-
nificant limitation of this study is the time required
to create a dataset that meets the necessary crite-
ria. Cycling the cells and measuring their perfor-
mance is time-consuming and resource-intensive.
With only eight channels to cycle them in our lab
there was a trade of between repeatability and dif-
ference in conditions that we could achieve; as the
ageing process takes several months until the EOL
point.

Experiment characteristics decisions: Due to the
limited number of channels available to cycle the
cells, only eight cycling conditions could be tested,



providing a limited sample size for each condition.
This lack of replicates makes it challenging to assess
the variability of the measured parameters. Addi-
tionally, we chose to perform the EIS measurements
only at 0% SoC, which may not provide a complete
understanding of the electrochemical processes oc-
curring in the cell.

Addressing data availability issues:

Enlarge dataset experimentally Currently, the
Twente Dataset has 8 cells. Firstly, it will be inter-
esting to repeat the same experimental conditions
while measuring the EIS at a different SoC to di-
minish the observed defects. This approach can help
improve the accuracy and reliability of the data
collected, and provide a better understanding of
the impact of different SoC has on the impedance
measurement and stability of the readings.

Next, expanding the dataset to include tempera-
ture variations would be valuable, as temperature is
one of the factors with the most significant effects on
ageing differences. Previous research has observed
correlations between temperature and cell perfor-
mance, and incorporating this variable into the
dataset can provide more comprehensive insights
into cell ageing processes.

Lastly, a potential avenue for future research is
exploring the effect of emitted radiation on cell age-
ing, which is particularly relevant for the aerospace
industry. Satellites and long-mission electronics are
susceptible to space radiation, and understanding
the impact of these conditions on cell ageing can
contribute to the development of more resilient
energy storage systems.

Enlarge dataset by collaborating with other in-
stitutions Collaborating with other universities and
research institutions conducting similar research
will be highly beneficial for future work. It may
allow accessing a larger repository of information
and open the possibility to define common ex-
periment definition to increase the comparability
among different studies. This will not only enhance
the reliability and validity of the findings but also
facilitate the identification of trends, patterns, and
potential anomalies in the data.

Enlarge dataset by aligning experiments with
published datasets Another possibility to enlarge
the comparability of the collected data is to align
the data produced with a public dataset, virtually
enlarging the concluded experimented benefiting
from previous work. This could be easily done
to compare one chemistry with another one that
was already tested by another university or, if it is
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possible to acquire the same cell, to test new cycling
conditions in the same cell type.

Improving experiment design: Future research
should focus on determining the optimal charge
for measuring the cells, conducting a series of ex-
periments at different SoC, and/or automating the
data collection at different SoC points in the cycle.
Incorporating temperature variations and radiation
effects: Expanding the dataset to include tempera-
ture variations and exploring the effect of emitted
radiation on cell ageing can provide more compre-
hensive insights into cell ageing processes.
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APPENDIX A
EXPERIMENTAL SET-UP

A.1 Tested battery

The commercial 18650 cell studied was selected
following the criteria of being manufactured by a
reputable manufacturer, to guarantee a consistency
between different cells. Having a chemistry popu-
lar in the automotive industry and allowing high
current capabilities. After reviewing different can-
didates and consulting their availability, the NMC
cell from Murata was selected.

In the table 3 there are listed additional specifi-
cations of the selected cell.

TABLE 3
Technical specifications US18650TC5A cell

Manufacturer Sony / Murata
Model US18650TC5A
Positive electrode LiNiMnCoO;
Negative electrode Carbon
Diameter 18.20 mm
Length 64.95 mm
Weight 47.8¢g
Nominal capacity 2600mAh
Nominal voltage 3.6V

Charge cut-off voltage 42V
Discharge cut-off voltage 2.0V
Continuous discharge current 25A

Constant charge current, max. 6.0A

Constant charge current, recom- 2.5A

mended

A.2 Cycling equipment

The lab arrangement can be seen in the figure
28. The cycling protocol was carried out using
the Arbin battery cycler model LBT21084HC. The
individual cells tested were placed in the 30A
kelvin clamps also from Arbin. The EIS measure-
ments were taken using the Interface 5000E poten-
tiostat/galvanostat from Gamry. Each cell was ther-
mally monitored using the TC-08 Thermocouple
data logger from PicoLog. The climatic chamber
was not used for this data collection.

A.3 Cycling protocol

At the beginning of the test, a formation cycle was
performed on all the cells. This consisted in a CC-
CV charging followed by a CC & discharge. This
is done to stabilize the SEI formation and assure

Fig. 28. Test Equipment. 1)Climatic chamber... 2)Arbin LBT
5V-30A-8CH 3)Gamry Interface 5000E 4)TC-08 Thermocouple
data logger 5)Battery Holders and cells 6) Computer running
MITS Pro 8 software (controlling the experiment)

that all the cells start the cycling under the same
condition.

Each round of cycling starts with an internal
resistance measurement, followed by a capacity es-
timation cycle, an EIS measurement and, in this
case, 10 ageing cycles at the designated conditions.
After that, if the cell falls under the determined
EOL of 80% of its SoH the experiment is considered
over. In the contrary, the cell starts another cycling
round. As can be seen in the figure 22 in the partial
data extraction presented in this project, none of the
cells reached the end of the experiment and are still
cycling.
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Fig. 29. capacity fade UT

The capacity estimation was performed doing
a 100% SoC in 1C CC-CV followed by a 0.5C CC
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Fig. 30. Cycling ageing protocol

discharge till the established 0% SoC defined by the
manufacturer as a voltage limit. The accumulated
discharge of the battery in this cycle is considered
the current maximum charge of the cell. This value
compared with the first recorded maximum charge
is used as the SoH indicator and is used for the EOL
condition.

The table 4 resumes the different cycling con-
ditions examined. All cells were cycled in ambient
temperature and thermally monitored to assure the
cells don’t operate over the manufacturer limits.

The nominal capacity of the cells were used for
calculating C-rates, that in this experiment can be
1C, 2C, 3C and 4C. All cells were charged at a rate
of 1C, as stated by the manufacturer. The second
cycling condition investigated in this experiment
was the effect in the ADoD. Three different were
considered, 40% cycling from 40% to 80% SoC; 60%,
cycling form 20% to 80% SoC and 80% ADoD,
cycling from 20% to 100% SoC.

The cells cycling till 100% SoC were cycled us-
ing the CC-CV protocol. For partial charges, only
constant-current was used, as it is estimated that the
transition from constant current to constant voltage
occurs around 95% of SoC.

TABLE 4
Cycling
M 20%-100%  20%-80%  40%-80%
4C CH1 CH2 CH3
3C CH4 - -
2C CH5 - -

1C CHeé CH7 CHS8
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