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Resumo

Devido a excelente densidade energética e de poténcia das baterias de ides de litio em comparagao
com outras alternativas, o estudo das suas caracteristicas tornou-se cada vez mais relevante. O estado-
de-carga e o estado-de-salde das baterias estao intimamente relacionados com a sua impedancia, o
que pode fornecer informacgdes valiosas sobre o seu desempenho e longevidade.

Neste trabalho, é apresentado o design, teste e validagdo de um sistema embebido capaz de efetuar
medicoes de impedancia utilizando o método de Espectroscopia Eletroquimica em baterias de ides de
litio. O sistema gera um estimulo multiharménico que contém frequéncias numa gama de 50 mHz a 1
kHz, nas quais a impedancia da bateria € medida. O algoritmo de Goertzel é utilizado para o céalculo
das componentes em frequéncia dos sinais de tensao e corrente, dado que é garantida coeréncia na
amostragem. Esta arquitetura reduz os requisitos de memoria, dado que as amostras sao descartadas
apos 0 seu processamento.

Uma bateria de ides de litio & submetida a miltiplas medigoes de impedancia em diferentes estados
de carga e de saude, sem a necessidade de interacao de um utilizador, permitindo uma caracterizagao
completa do seu funcionamento. Com base nos dados obtidos, € usado um modelo de circuito equiva-
lente que descreve a célula testada. Os parametros deste modelo sao correlacionados com variagdes
no estado-de-carga e estado-de-saude da bateria, proporcionando uma plataforma para a implementacao

futura de algoritmos de estimagao dos mesmos, com base em medigdes de impedancia.

Palavras Chave

Espectroscopia de Impedancia Eletroquimica, Bateria de ides de litio, Baterias recarregaveis, Estado-

de-carga, Estado-de-salde, Modelo de circuito equivalente






Abstract

Due to the excellent energy and power density of lithium-ion batteries compared to other alternatives,
the study of their characteristics has become increasingly relevant. The state-of-charge and state-of-
health of batteries are closely related to their impedance, which can provide valuable information about
their performance and longevity.

This work presents the design, testing, and validation of an embedded system capable of performing
impedance measurements using the Electrochemical Impedance Spectroscopy method on lithium-ion
batteries. The system generates a multiharmonic stimulus that contains frequencies covering a range
between 50 mHz and 1 kHz, at which the battery impedance is measured. The Goertzel algorithm is
used to calculate the frequency components of the voltage and current signals, given that Coherent
sampling is assured. This architecture reduces memory requirements as the samples are discarded
after processing.

A lithium-ion battery is subjected to multiple impedance measurements at different states of charge
and health, allowing for a complete characterization of it's operation. Based on the obtained data,
an equivalent electrical model is used to accurately describe the tested cell. The parameters of this
model are correlated with variations in state-of-charge and state-of-health, providing a platform for future

implementation of algorithms to estimate such states, based on impedance measurements.

Keywords

Electrochemical Impedance Spectroscopy, Lithium-lon Battery, Rechargeable Batteries, State-of-Charge,

State-of-Health, Equivalent Circuit Model
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1.1 Motivation

Since rst commercialized by Sony Corporation in 1991 [1], Lithium-lon Batteries (LIBs) have gain noto-
rious popularity across various technological elds. Factors such as low self-discharge rate, no memory
effect, high energy density and excellent cycling performance, helped propel LIBs as the cornerstone of
energy storage solutions [2], [3].

In practical applications, LIBs are not deployed as a standalone device and are always paired with
a Battery Management System (BMS). A BMS consists of hardware and software capable of on-line:
voltage, temperature and current monitoring of battery cell/s to ensure safe operation within battery
limits. In addition, since batteries are complex electrochemical devices with a distinct nonlinear behavior
depending on various internal and external conditions, special algorithms for battery monitoring are
required [4], [5].

Online algorithms for State-of-Charge (SoC), representing the current battery capacity, and State-
of-Health (SoH), de ned as the ratio between the original cell capacity and the current maximum cell
capacity, play a pivotal role due to their direct re ection of overall battery performance [6]. The accurate
and robust determination of these states is crucial, as it enables the implementation of smart control
strategies for energy management. These strategies bring valuable bene ts, including the potential to
signi cantly extend the overall lifespan of the battery, reducing maintenance cost, which is extremely
valuable in the case of large battery packs as is the case in electric vehicles.

Since it is not possible to directly measure the chemical energy stored in a battery [3], estimating SoC
and SoH becomes a complex task, often requiring signi cant computational power and extensive test
data. Indirect estimation relies on measured battery variables, such as voltage, current, and tempera-
ture, processed through mathematical models [6], [7]. This task is additionally hindered by considerable
changes in battery characteristics over its lifetime due to aging [8].

Despite the widespread use of LIBs and the emergence of cutting-edge solutions for BMSs, instances
of poor accuracy and reliability in estimating SoC and SoH can be found in practice. It's not uncommon
for portable devices to suddenly stop working, despite indicating suf cient battery capacity. By contrast,
an unreliable under estimation of the SoC indication may result in users tapping into only a fraction
of the available battery capacity. This may prompt users to recharge more then necessary under the
misconception of low battery capacity. This leads to more frequent recharging than strictly necessary,
which in turn leads to an earlier wear-out of the battery.

Electrochemical Impedance Spectroscopy (EIS) [9] is a powerful measurement technique, particu-
larly useful for characterizing the behavior of interfaces, such as electrodes and electrolytes in batteries.
The technique provides insights into processes such as charge transfer reactions, diffusion, and other
electrochemical phenomena, making it a versatile and non-invasive tool for characterisation of LIBs. EIS

data, may be used to analyze and estimate several crucial parameters that describe the condition of a



battery, including the SoC and the SoH, potentially solving the problems that conventional estimation
methods face. The promising insights that EIS could provide and the examples of challenges mentioned
above, motivate the need for an accurate and reliable method to estimate SoC and SoH, that could be

deployed in a compact, affordable system.

1.2 Obijectives

Motivated by the challenges presented in Section 1.1 a set of objectives is de ned encompassing the

scope of this work:
 Design of a system, hardware and software, capable of EIS testing of a single LIB;

« Manufacture and test the designed system;

« Perform EIS characterization of a LIB under different conditions. These conditions include different
temperature set-points, states of charge (SoC), and states of health (SoH) as the cell ages due to

cycling;

 Elaborate and Equivalent Circuit Model (ECM) that best describes the internal behaviour of the
cell's impedance and extract the related parameters from measured data and correlate with varia-

tions in SoC and SoH;

« Acquire data that could be valuable for an accurate estimation method for SoC and SoH for LIBs.

1.3 Document Outline

Chapter 2 covers a brief examination of the operational principles governing LIBs and comprehensive
overview of EIS fundamentals. The chapter also provides a comparison of various methods for estimat-
ing SoC and SoH. It explores the drawbacks of each method and discusses how data from EIS can help
overcome these challenges.

Chapter 3 focuses on the preliminary design of the proposed system, which involves critical decisions
in uencing it's core framework. The chapter provides an overview of the system's architecture and
explains the nal selection of Micro Controller Unit (MCU). This chapter lays the groundwork for the
subsequent development phases.

Chapter 4 delves into the detailed hardware design of various circuits integral to the system.

Chapter 5 provides an in-depth look at the software design, rst outlining the overall software archi-
tecture implemented in the MCU and then detailing important algorithms for the overall functioning of

the system.



In Chapter 6, the laboratory setup for performing the characterization of a LIB is thoroughly ex-
plained. This chapter covers the calibration process of the instrumentation devices. It also provides an
overview of the cell model used for the experiments, detailing its speci cations. Additionally, the chapter
presents the methodology for conducting the measurements, followed by a comprehensive analysis and
presentation of the obtained data.

Lastly, Chapter 7 presents the conclusions of the study, summarizing the key ndings and their
implications. This is followed by an examination of the system's limitations and problems, offering a
critical evaluation of the current design and its constraints. The chapter concludes with a discussion on
future improvements, suggesting potential enhancements and optimizations to guide further research

and development.
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2.1 Battery Cells

A battery cell* is a device that converts chemical energy contained in its active materials directly into
electric energy by means of an electrochemical reduction-oxidation, redox, reaction. This reaction in-
volves the transfer of electrons from one material to another through an electric circuit, until the reactants

are depleted.

2.1.1 Basic concepts

There are three major components that constitute a cell:

1. Anode, Electrode that gives electrons to the external circuit and is oxidized during the electro-

chemical reaction;

2. Cathode, Electrode that accepts electrons from the external circuit and is reduced during the

electrochemical reaction;

3. Electrolyte , Typically, a liquid or gel substance that provides a medium for the transfer of charge,
as ions, inside the cell between the anode and cathode. Some cells use solid electrolytes, which

are ionic conductors at the cell operating temperature [10].

Another important component of a cell is the separator, a permeable membrane, that guarantees
electrical insulation between the anode and cathode, while still allowing the transport of ionic charge
carriers between electrodes.

In order to discharge a cell, a load is connected across it's terminals, as depicted in Figure 2.1(a).
In this mode, the atoms from the anode material lose electrons due to oxidation, which ow through
the load toward the cathode, which is the electrode at which reduction, gain of electrons, occur. Inside
the cell, ions carry the charge. Negative ions (anions) enter the electrolyte solution and ow toward
the anode. In contrast, positive ions (cations) ow to the cathode through the electrolyte. Charging the
cell means reversing this process by applying a power source across the cell terminals, as shown in
Figure 2.1(b).

1Cells can be arranged in a combination of series and parallel connections to form a battery, though the term is commonly used
when referring to a single cell, this is the case with most portable electronic devices, such as cell phones. The two terms will be
used interchangeably when the precise de nition is not critical.



(a) Discharge (b) Charge

Figure 2.1: Discharge (a) and charge (b) mode for a battery cell.

2.1.2 Rechargeable batteries

Batteries are identi ed as primary or secondary, depending on their capability of being charged. Primary
or non-rechargeable batteries, cannot be charged effectively, hence only being discharged once and
discarded. By contrast, secondary cells or rechargeable cells, can be recharged electrically, to their

initial capacity.

In the latest years, it was possible to witness unprecedented advancements in quality and perfor-
mance of rechargeable batteries [11], parallel to the increasing demand of applications relying on this
technology coming onto the market (electric vehicles, drones, portable electronic devices, etc). This
thesis sets out to study the intricacies of rechargeable cells, with a careful focus on detailed analysis of

these pivotal energy storage units.

In the context of rechargeable batteries, a diverse array of technologies is available, each offering
unique features, the principal differentiation being types and quantities of active materials used in their
electrodes, [10]. Common rechargeable cell technologies in today's market include Nickel-Cadmium
(NiCd), Nickel-Metal Hydride (NiMH), Lead-Acid and Lithium lon (Li-ion). Table 2.1 provides an overview

of the speci cations associated with each cell type.



Table 2.1: Comparison between speci cations of rechargeable cell technologies.

Li-lon
Speci cations NiCd Lead-Acid NiMH Cobalt ~ Manganese Phosphate
(LiCoOy)  (LiMn;O4)  (LiFePOy)
Energy density 54 75 30-50 60-80 150-200 100150  90-120
(Whikg)
Pov‘g\r,/dkzg‘s'ty 150200  200-300  250-1000  150-200  100-150 90-120
Maximum
voltage (V) 15 23 1.8 4.2 4.2 3.6
Nominal
voltage (V) 12 2.05 1.2 3.6 3.7 3.3
Minimum
voltage (V) 1.0 18 1.0 2.5 2.5 2.5
Temperatre 541545 201050  -20t060  -10t060 201060  -20t0 60
range (°C)

2.1.3 Lithium-lon batteries

The superior energy density of LIBs compared to their counterparts, as evidenced in Table 2.1, as well
as major technological advancements in recent years together with constantly reducing prices helped
propel LIBs as the cornerstone of energy storage solutions as introduced in Section 1.1.

Regarding the construction of LIBs, the anode is made of carbonaceous materials, that is, graphite.
Metal oxides are used as the main component for the cathode, such as lithium cobalt oxides (LiCoO,),
lithium manganese (LiMn,04) and lithium iron phosphates (LiFePQ,). Lithium salts dissolved in or-
ganic solvents are the liquid electrolytes for conventional LIBs. When liquid electrolytes are replaced by

polymer electrolytes the resulting batteries are refereed as Lithium-Polymer (LiPo) batteries [10].

2.2 Electrochemical Impedance Spectroscopy (EIS)

EIS is a powerful measurement technique, renowned for its effectiveness in the investigation of pro-
cesses within electrochemical systems. Noteworthy applications, including cancer detection [12], corro-
sion studies [13], battery and fuel cell development [14], [15] and DNA Analysis [16], draw substantial
bene ts from the insights provided by EIS.

The main strength of EIS lies in its capability to effectively deconvolute intricate electrochemical
processes into a series of fundamental components, differentiated by characteristic relaxation times.
However, the system must remain in a stationary state throughout the EIS measurement. This is

achieved by applying a small amplitude periodic perturbation either current, Galvanostatic Electro-



chemical Impedance Spectroscopy (GEIS) or voltage, Potentiostatic Electrochemical Impedance Spec-
troscopy (PEIS), to the system being studied. The system's reaction to the applied perturbation, whether
in current, GEIS, or voltage, PEIS, is measured and recorded as a transfer function. This response is
then processed to derive the system impedance. Typically, the galvanostatic method is used for low-
impedance measurements. In commercial LIB cells, the internal impedance has dropped to very low
values, and today the cell impedance variations that are of interest in EIS can be as low as a few micro-
Ohm (pn ) [17].

2.2.1 EIS Basics

The perturbation signal, also refereed as excitation signal, in the most basic EIS setup, is a single-tone

sinusoidal signal. In GEIS, current is used for the excitation signal, and it is stated in function of time as

i(t)=1p cos (! t+ ) [Al; (2.1)

where (I o) is the signal's amplitude, (! ) angular frequency and ( |) current phase. The system's reaction,

voltage signal, is

u(t)=Uop cos (! t+ v) [V]; (2.2)

where (Up) is the signal's amplitude and ( v ) the voltage phase. Impedance (Z) is a measurement of
opposition to an alternating ow of current withing an electric circuit, expressed in (). With Euler's

relationship, it is possible to express both voltage and current signal as phasors

T=1p el v [A] (2.3)

U=Up el v) |v]: (2.4)
Impedance is de ned as the ratio between the voltage and current phasors

Z =

Ig: Yo gicv oz, o ) [ (2.5)

lo
Impedance can be presented in Cartesian form, Z = R + jX , where the real part of the impedance

is the resistance (R) and the magnitude of the imaginary part is the reactance (X),



Py
I

=Zy coy z) []; (2.6)
Zo sin( z) []: (2.7)

x
1

This process is measured across a range of frequencies, typically in the mili-Hertz (mHz) to kilo-Hertz
(kHz) range, thereby generating a characteristic impedance spectrum. Common graphical methods for
visualizing the impedance spectrum are the Bode diagram and the Nyquist plot [18]. Figure 2.2, as
presented in [19], provides an illustrative example of an impedance spectrum for a LIB using EIS with

different SoC and maximum discharge capacities.

Figure 2.2: Nyquist plot: EIS curves of lithium-ion batteries with different SOC and maximum discharge capacities
- adapted from [19].

2.2.2 Excitation signal

Reducing the time to perform a single EIS measurement is critical so that the technique can be a viable
option for real-time SoC and SoH estimation [20]. When targeting frequencies in the mHz range, mea-
surement duration can extend to several minutes per frequency tone, making time ef ciency particularly
critical.

The most straightforward method for sweeping across various frequencies during EIS measurements
is to inject a sinusoidal signal with a singular frequency of interest at a time, single-tone method. Broad-
band excitation signals as proposed in the literature, see [20], allow for a reduction of measuring time
compared to the conventional narrowband excitation.

By de nition, a broadband multi-sine signal can be expressed as the sum of elementary sine signals
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[21]. Given (Ny) sine waves, each with a speci ¢ frequency (! ) and amplitude (Ak), a multi-sine signal
is expressed as
Wk

x(t) = Ak coq! xt+ ): (2.8)
k=1

The phase of each sine wave plays a pivotal role in the design of the signal. Typically, phases are
randomly assigned, but generally this approach produces high peak values of the waveform [22], which
is usually characterized by the Crest Factor (CF), de ned as the ratio between the modulus of signal's

peak value (jxpkj) and Root Mean Square (RMS) (Xrms ), (2.9).

jkaj .
XRMS

CF = (2.9)

A sinusoidal signal has by de nition a CF of 1.414. For broadband multi-sine signals a CF between
1.8 and 2.5 is acceptable. This is of extreme importance given that, the lower the CF the higher the
Signal-to-Noise Ratio (SNR) of the excitation signal, which ultimately provides higher accuracy for EIS
measurements [22].

The correct combination of phases that minimize the CF for a multi-sine signal has been an open
mathematical problem for the last 5 decades [22]. Several methods have been proposed including ana-
lytical methods such as Schroeder phases [22], Van Der Oudera (VDO) and Yang [21] which are based
on iterative signal clipping, least-squares optimization and even genetic algorithms such as Arti cial Bee
Colony (ABC) [21].

Alternative broadband excitation signals have also been proposed for EIS systems, such as pseudo-
random sequences like ternary sequences and binary sequences [20], but these will not be explored in
detail given the predominance of EIS applications using multi-sine broadband, accompanied by exten-

sive research.

2.2.3 Equivalent circuit design for EIS on Lithium-lon Batteries

Raw EIS measurements alone do not provide proper understanding of the underlying electrochemical
phenomena happening at the cell level that latter can be related to SoC and SoH. For this reason, in
order to understand the impedance response of LIBs, it is necessary to establish an Equivalent Circuit
(EC) to represent the dynamic characteristics of the overall battery reaction [10], [23].

The EC design for EIS consists of electrical circuit elements such as resistors (R), capacitors (C),
and inductors (L) [24], that are assigned to the physical and chemical processes inside the cell [25]. The
limitation of this method is that it can lead to over-parametrization if a high number of circuit elements is
considered, making it dif cult to obtain meaningful information by numerical tting. Thus, the aim is to

build a circuit model that is physically meaningful while keeping the number of elements to a minimum
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[23], [24], [25].

In the case of a LIB, additional nonphysical circuit elements such as the Constant Phase Ele-
ment (CPE) and Warburg impedance (W) are considered to account for non-ideal capacitor and lithium
diffusion characteristics, respectively, according to [24]. A complete EC for a LIB is presented in Fig-

ure 2.3, as proposed by [26].

Figure 2.3: Entire equivalent circuit model of a lithium-ion battery - adapted from [26].

Between the electrode and the electrolyte, there is an electrical double layer presenting capacitive
characteristics. However, this characteristics are far from an ideal capacitor [24]. Factors such as surface
roughness, leakage capacitance, and nonuniform distribution have been reported to account for such
non ideal behavior [24], [27]. The CPE was introduced to model this behaviour. The electrical impedance
of the CPE is

1

Zcpe = %G1 [1; 0< 1 (2.10)

where () denotes an angle that rotates in the complex plane relative to a pure capacitive behavior. For
( =1)the CPE becomes an ideal capacitor.

Warburg element (W) is used to describe the impedance created by the process of lithium ions
diffusion [27]. The impedance of the Warburg element is visible in the Nyquist plot as a straight line
with a 45° angle to the abscissa, typically observed in LIBs in the low-frequency region [24]. At high
frequencies, Warburg impedance is not observed as migration occurs over much longer time periods
than the operational frequency and thus the relatively slow movement of molecules in solution renders
impedance contributions to be obsolete according to [27]. The impedance of the Warburg element is

given by

Zw= ' @ §)II; (2.11)
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Figure 2.4: Schematic impedance spectrum in a Nyquist plot for a typical LIB, as depicted in [28].

and the parameter ( ) is denoted as the Warburg coef cient. Table 2.2 provides an overview of the

different impedance elements used as building blocks for LIB ECs.

Table 2.2: Circuit elements used in the equivalent circuit model for LIBs.

Equivalent Element Formula
Resistance (R) R
Capacitance (C) J e
Inductance (L) j 'L
Warburg Impedance (W) Lz @)
Constant Phase Element (CPE) 0T

Typical EIS spectrum for LIBs is presented in Figure 2.4. Five different regions, each modeled by

distinct combinations of EC elements, can be observed as evidenced by [28].

1. Section 1 (High frequency > 1 kHz): Inductive effects due to wire connections, instrumentation
equipment and any internal metal circuits, dominate this region. It is usually modelled with an
inductor, [28], [25].

2. Section 2 (Real axis intersection 1 kHz): At the intersection of the real axis, the impedance is
purely Ohmic. It represents the sum of the the electrolyte, electrode and separator resistance [25].

It is modelled using a series resistor.

3. Section 3 (Mid frequency 1): Modeled with a parallel network of resistors and capacitors, orCPEs,

in series, that represent Solid Electrolyte Interfaces (SEIs) [28], [25].

4. Section 4 (Mid frequency 2): Represents the transfer reactions and double layer capacitance
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effects at the anode and cathode. A network of R and C, or CPE, are typically used, similar to
section 3 [25].

5. Section 5 (Low frequency < 10 H2): As frequency approaches Direct Current (DC), diffusion pro-

cesses modelled by Warburg elements or CPEs dominate the circuit behavior [28].

A practical EC model can be obtained from simpli cation of the model presented in Figure 2.3 and
the understanding of the different regions of the EIS spectrum. Figure 2.5 shows commonly used ECMs
for LIBs.

High-frequency Ohmic section Mid-frequency section Low-frequency

I I I
| I I
I I I
section ! ‘ . ! ) ‘ section
| | Section 3 ! Section 4 |
| | | |
| | c1 1 c2 |
|
1 1 [ | ! | | 1
L1 | Rohmic | | | : | | | Zwarburg
| | | |
0 ——— AN | ——fw
| v wa
| : RsEl | Ret |
| | ! |
I I | I
| 1 c1 ! c2 |
I I | I
L1 i Rohmlc i I I : I I 3
o B AAA ‘ | b
I
| | | ‘
} : Rsel : Ret : Zwarburg
I I | I
| | ; 1
I I
| ; CPE1 l CPE2 ;
|
L1 } R ohmic : ﬁ : : Zwarburg
I I | I
L A VAVAY : ‘ o
| | | |
1 l Rsei Ret l

Figure 2.5: Common EC models for batteries with Lithium-ion chemistry.

2.3 State-of-Charge Estimation Methods

In general, SoC(t) is de ned as the ratio between the current cell capacity, Q(t), and the maximum cell

capacity at a given state of aging, Qmax , [6], typically displayed as a percentage

m

SoC(t) = gﬂ 100% [%] (2.12)

The maximum capacity of a cell decreases over time with it's usage. As discussed in Section 1.1,
it is not possible to directly measure the chemical energy stored in a battery. For this reason various

mathematical methods of estimation are used [6]. There is no consensus in regards to how to categorize
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the various methods for estimating SoC, but motivated by some publications, [6], [29], [30], [31], 4

categories are presented:

« Direct methods : Uses physical battery properties, such as voltage, current, impedance, of the

battery in order to establish a SoC estimation at a given moment;

« Indirect methods : Relies on battery output current which is then integrated over time to compute

the remaining battery capacity;

« Adaptive methods : Adaptive methods automatically adjust, according to the operating conditions
of a battery, to accurately estimate SoC. Such methods are generally high demanding regarding

computational power and complexity;

« Hybrid methods : Consist of combining two or more methods to produce a more reliable estima-

tion. They bene t from the advantages of each SoC estimation method used.

Table 2.3 provides an overview of the most popular estimation methods found in literature for the

different categories.

Table 2.3: Classi cation of SOC Estimation Mathematical Methods

Categories Mathematical Methods

Direct Methods Open circuit voltage method [32]
Impedance method [30]

Indirect Methods Coulomb counting method [32]

Adaptive Methods Neural Networks [33]
Fuzzy logic Systems [6]
Kalman lter [34]

Hybrid Methods Coulomb counting and OCV combina-
tion [29]
Coulomb counting and Kalman lIter
combination [29]

The subsequent sub-sections will provide an overview for each estimation method, their advantages

and disadvantages.

2.3.1 Direct Methods

Direct measurement methods refers to the measurement of battery variables such as the battery voltage
(V), battery impedance (Z) and voltage relaxation time ( ) for SoC estimation [30], [6], [35]. The relation
between SoC and the battery measured values is heavily in uence by temperature (T), and therefore,

the battery temperature should also be measured for an accurate estimation. The main advantage of
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a system based on direct measurement is that it does not have to be continuously connected to the
battery [30]. The basic principle of an SoC indication system based on direct measurement is shown in

Figure 2.6, adapted from [30].

Figure 2.6: Basic principle of an SoC indication system based on direct measurement - adapted from [30].

A— Open Circuit Voltage Method The Open Circuit Voltage (OCV) method explores the relationship
between the measured voltage at the battery terminals when it is not connected to any load/source for a
long period of time and the battery remaining capacity [6]. For LIBs the relationship is non-linear [6], [32].

A typical SoC-OCYV relationship for a LIB is provided in Figure 2.7, adapted from [36].

Figure 2.7: Typical state-of-charge open circuit voltage relationship for a LIB - adapted from [36].

This relationship is not exactly the same for all batteries and experimental tests are required. Usually,
acurrent pulse load is applied to the LIB with each pulse injecting a xed capacity of Qpuise = Tpuise | [6].
A rest period follows each pulse to ensure that the battery reaches equilibrium. This rest period is often

refereed as relaxation and is obtained by experimental testing [6], [32].

This method is less expensive and may use less computing power of the host Central Processing Unit
(CPU) compared to other methods [35]. Disadvantages include the fact that the SoC-OCYV relationship
varies greatly over cell temperature and different discharge/charge rates [35]. Furthermore the SoC-
OCV relationship is only correct if the battery remains in a relaxed state as mentioned previously which
is hardly the case in most applications. This is the scenario with mobile phones that are either turned

on, battery is discharging, or when not used are put to charge, never allowing a relaxation period.
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B — Impedance Method Impedance measurements provide knowledge of several battery parame-
ters, some dependent on the SoC of the battery [6]. Many techniques can be used to measure battery
impedance and correlate to SoC, but the most relevant is EIS, as described in Section 2.2. First in-
troduced by Muramatsu in 1985 for battery SoC estimation [30], a system was designed to study the
relationships between the battery impedance at different frequencies and remaining capacity. To relate
the impedance of the electrode-electrolyte interface to electrochemical parameters, it is necessary to
establish an equivalent circuit to represent the dynamic characteristics of the interface [10]. An electric
model of the battery is used and the model parameters are found by tting the measured impedance
values using tting algorithms such as least-squares tting [6]. By monitoring speci c circuit parameters

extracted from the equivalent circuit, it is possible to correlate changes in impedance with variations in

SoC and develop an empirical model re ecting the relationship.

2.3.2 Indirect Method

The indirect Method, commonly refered as Book-keeping method, uses battery current data as input for
SoC estimation and integrates it to compute charge. The most popular technique is denoted as Coulomb

counting, which means "counting charge transfer” owing in and out of the battery [6], [35].

A— Coulomb Counting Method In this method the measured battery current, | (1), is integrated over
time in order to estimate SoC [6], [35], [32]. The SoC is determined from a previous capacity history and

variation of charge within the battery in relation to the nominal charge Qp,

I(t
SoC(t) = SoC(t )+ ) g t 100% [%]; (2.13)
n
where (;) is the current loss coef cient representing the ef ciency of the charge/discharge process

(typically 0.98-1) according to [32].

Coulomb Counting is a convenient and easily implemented method, but there are several factors that
affect it's accuracy such as temperature, cycle life, history, charge and discharge ef ciency [6], [35], [32].
Other problems include accuracy of the current integration, dependent on time factor between measure-
ments which can cause drift in the time response [32], errors in the current acquisition instrumentation
and inaccuracies of the integration method it self. A poorly established initial SoC value, SoC(0), which

is a boundary condition, leads to subsequent inaccurate results.

2.3.3 Adaptive Methods

With promising developments in Arti cial Intelligence (Al) in recent years, many SoC estimation meth-

ods based on such technologies have been proposed [6]. Methods include neural networks, fuzzy logic
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methods, support vector machine, and Kalman Iter. These methods are usually based on direct meth-
ods, indirect methods or a combination of the two [35], [37]. The adaptive systems can automatically
adjust to battery operating conditions given the unpredictability of battery and user behaviour [30]. Such
systems come with the cost of extra computation power required from the host CPU and added com-

plexity.

A — Arti cial Neural Network Method Arti cial Neural Networks (ANNs) are computational models
inspired by the structure and functioning of the human brain. They consist of interconnected nodes, also
known as neurons, organized into layers. The three types of layers in a typical neural network are the
input layer, hidden layer, and output layer, as shown in Figure 2.8.

An ANN designed for SoC estimation typically takes input features such as voltage, current, temper-
ature and impedance. The output layer features only one neuron with the SoC. The hidden layer nodes
connect inputs to outputs via weighted connections, de ning the strength of in uence for each node in
the process. Training is required for the neural network to learn how to estimate SoC. A data-set contain-
ing one or more relevant input variables such as voltage, current, temperature and impedance and the
corresponding true value of SoC for each case is feed to the network until the estimation error is satisfac-
tory. Different methods for training are used and they vary depending on the different ANN architecture.
The Feed-forward Neural Network (FNN) using backpropagation method is a popular network model in
which the input signal is transmitted in the positive direction with no feedback structure [6], [33]. At the
same time, the error is propagated backward. Popular for SoC estimation due to its simple structure,
easy training, better generalization ability, nonlinear mapping and self-organization [33].

While numerous, often more elaborate, methods exist for estimating SoC through ANN, this work will

not delve into their details, given the limited scope.

Figure 2.8: General structure of an Arti cial Neural Network used for SoC estimation.
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B — Fuzy Logic Fuzzy logic method provides a powerful mean of modeling nonlinear and complex
systems [6], through a set of rules that make up a "linguistic” model. Data may be characterized in two
ways: crisp or fuzzy [38]. Crisp data describes data which is certain, e.g., a temperature of 40° C. Fuzzy
data on the other hand, describes data in an uncertain manner, e.g., the temperature is "warm” [38]. A
set of crisp data for temperature with value between 0° C to 60° C can be categorized with a fuzzy set,
such as (‘cold’, '‘warm’, ‘hot"). The degree to which an element on the crisp set of temperatures belongs
to a subset in the fuzzy set is referred to as the degree of membership. Elements can belong to a set to
varying degrees between 0 and 1 and are mapped by membership functions. Fuzzy rules form the core
of fuzzy logic systems. These rules encode human knowledge in the form of "if-then” statements using
linguistic variables and terms. For example, "If temperature is hot, then SoC is 30%.” In the inference
step, these rules are applied to input data, and the results are aggregated and then defuzzi ed to yield

a crisp output. Figure 2.9 provides an overview of Fuzzy logic applied to the context of SoC estimation.

Figure 2.9: Fuzzy logic for SoC estimation using battery temperature, illustrative example.

Many system use inputs such as impedance measurements and voltage recovery measurements
in fuzy logic systems for SoC estimation [6]. One of the main advantages of fuzzy systems is that the
linguistic representation presents an intuitive, natural description of a system allowing for relatively easy

algorithm development compared to humerical systems [38].

C — Kalman Filter Method A Kalman Filter (KF) is a recursive algorithm that estimates the state of

a system from a series of noisy measurements, assuming system linearity and Gaussian noise in both
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the system dynamics and measurement processes. It provides an accurate estimate of the true state
of a system by combining measured data obtained from sensors and predictions from a mathematical

model. The battery model is often characterized by an ECM, as presented in Section 2.2.3.

Figure 2.10: Method for SoC estimation using a Kalman lter.

In [34], the voltage of the battery is estimated on the basis of the current and temperature mea-
surement with the use of an ECM and then the result is compared with the measured value of the
battery voltage. Both inputs are mathematically processed by a KF to produce a new SoC estimate, see
Figure 2.10.

The lter updates its estimate as new measurements become available, effectively reducing the
impact of measurement noise and improving the overall accuracy of the state estimation [30].

Due to non-linear behaviour, characteristic of LIBs, alternatives to the Kalman lIter are proposed
such as the Extended Kalman Filter (EKF) [39] and Unscented Kalman Filter (UKF) [40], which offer

advantages in handling non-linearities.

2.3.4 Hybrid Methods

The goal of hybrid models is to benet from the advantages of each method used in combination to
obtain a globally optimal estimating performance [6]. In literature it is evident that the hybrid methods
generally produce good SoC estimating results compared to individual methods [6], [41], [42], [43].
There are endless proposed hybrid methods, popular combinations are: Coulomb counting and Kalman

Iter and Coulomb counting and OCV [6].
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2.4 State-of-Health Estimation Methods

The SoH has been de ned in the literature [44] as

SoH =

Qmax
Q

n

100% [%] (2.14)

where Q, is the nominal capacity of the battery, stated in the manufacturer datasheet. It is considered
that the battery has reached its end of life when SoH reaches around 80 % [45], [46]. To compute a SoH
estimation, means, nding Qmax , given that Q,, is a xed value.

There is no consensus among researchers regarding a well-accepted parameter that can re ect
battery SoH [47]. Studies set out to understand aging mechanism in LIBs have shown loss of active ma-
terials and Li-ion inventory, lithium dendrite and SEI layer growth and electrolyte reduction with constant
cycle of battery charging and discharging, that leads to a decrease in available battery capacity [46].
This phenomena is re ected in an increase of impedance [8] and polarization voltage [8], [46]. Conven-
tional BMSs are limited to monitoring extrinsic parameters such as voltage, current and temperature,
that prove to be inef cient for SoH due to their indirect nature, not capable of providing insight into the
changes inside the battery, according to [46] and [48]. Ultrasonic Non-Destructive Testing (NDT) tech-
nology shows to be effective in measuring changes in chemical states within a LIB. Ultrasonic waves
are propagated through the cell, Figure 2.11, detecting gas voids, electrolyte non-uniformity, and cracks
within the electrode layer of LIBs, according to [48], [49]. The main challenge with ultrasonic NDT is to
relate the SoH with the measured internal state of the battery. Many state-of-the-art sensors have been
developed for battery SoH including ber optic sensors, strain detection and micro-sensors but they are
all too costly to be implemented and the effect of these built-in sensors on battery reliability and safety

has not been assessed [48].

Figure 2.11: Concept of ultrasonic testing on a Li-ion battery [45].

In the frequency domain, EIS has been widely used to characterize impedance and estimate SoH
[45, 46], [50-53]. It has been proved that the prediction accuracy is higher than that of the traditional
voltage, current and temperature data [46]. Similar to ultrasonic testing, EIS is also a NDT technique
with advantages such as fast detection speed and rich information, compared to conventional methods.
SoH estimation using EIS is mainly divided into two categories: based on ECM method and data-drive

method.
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2.4.1 Equivalent Circuit Method

The ECM method consists in tting EIS data measured at different temperatures and SoC states with
the chosen ECM, to obtain values for the model parameters [46]. As some parameters vary with the
ageing of LIBs and can be used to determine the SoH it is necessary to perform such assessments over
an extended period of time, subjecting the test battery to multiple discharge and charge cycles to induce
battery wear-out.

The ECMs depicted in Figure 2.5 could be used to model a LIB across the different operating sec-
tions. Common elements are found in most models such as the ohmic resistance, Ronm , SEI resistance,
Rsel , charge transfer resistance, Rct and warburg impedance to model diffusion processes, Zwarburg -
Xiong et al. [54] established a relationship between SoH and SEI resistors with the ECM. Galeotti et
al. [53] and Stroe et al. [50] used the ohmic resistance to estimate SoH. Presented in [50], Figure 2.13(a)
shows the evolution of the EIS spectrum of a LIB that was subject to multiple cycles and Figure 2.13(b)
the corresponding evolution of Rohm . In both previous cases the in uence of temperature during testing
is not considered. Wang et al. [55] proposes a model that has in consideration both temperature and

SoC as they relate to the charge transfer resistance,

(T

B : 2.15
"'SoC?+ ,S0C+ y (2.15)

Rer =

Parameters 1, », 1 and ; need to be determined, T represents the temperature of the LIB [46].
The model can effectively predict Rct at any temperature and SoC. In light of the work presented
by Wang et al., Qunming Zhang et al. proposed an improved SoH estimation model considering SoC,
temperature and Rct . According to [45], the prediction error can reach 1.29% undert certain conditions.

The main disadvantage with the ECM method is that the accuracy of the ECM in uences the estima-
tion accuracy of SoH directly. To bridge this gap, a new method of predicting ECMs by EIS is proposed
in [46], to nd the ECM with the highest tting accuracy, which can fundamentally improve the accuracy
and robustness of the prediction model.

Figure 2.12 provides an overview schematic of how SoH is estimated based on the ECM method. As

an example the model proposed by Qunming Zhang et al. [52] is used .

2.4.2 Data Driven Methods

Similar to the adaptive methods for SoC estimation, data driven methods for SoH rely on Machine
Learning (ML) algorithms such as ANNs.

The main advantage compared to the ECM method is that data driven methods do not need to know
the aging mechanism of LIBs, and based on measured data, they can predict the SoH of a battery, at

different operating conditions.
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