-
—-—

jug
UNIVERSITY OF LEEDS

Real-Time State of Charge
Estimation Algorithm for
Electrical Batteries

Onur Kadem

Submitted in accordance with the requirements for the

degree of PhD. Mechanical Engineering

The University of Leeds

Faculty of Engineering

School of Mechanical Engineering

September 2022



Intellectual Property

The candidate con rms that the work submitted is his own and that appropriate credit

has been given where reference has been made to the work of others.

This copy has been supplied on the understanding that it is copyright material and

that no quotation from the thesis may be published without proper acknowledgment.

© 2022 The University of Leeds, Onur Kadem



Acknowledgements

I would like to express my gratitude to my supervisor, Dr. Jongrae Kim, for his
guidance during my Ph.D. study. Thanks to him, | had a great opportunity to learn

a lot about optimal estimation techniques.

None of these would be possible without the support, encouragement, and love of my
mom Miyesser, my father Celil, and my sister Sennur. | also want to thank my niece

Naz, and my nephew Omur for giving me lots of smiles.

Special thanks to the Republic of Turkiye Ministry of National Education for their

nancial support for my Ph.D. and MSc studies.

I also want to thank my friends from di erent disciplines who shared their experiences

regarding their Ph.D. studies and spent time with me at social events.



Abstract

While 21st-century society is shifting towards eco-friendly infrastructures, the main
interest of the automotive industry has been transferring to electric vehicles. This
transformation is dependent on the development of reliable battery management sys-
tems (BMSs). A BMS in electric cars provides vital information about the battery
states including the state of charge (SoC). Optimal and robust SoC estimation algo-

rithms to deploy with minimal e ort are vital for the future electric car industry.

The equivalent circuit model (ECM) based SoC estimation algorithms are widely used
in practice. These algorithms su er from two dominant error sources, i.e., inaccurate
SoC-OCV relationship and input current measurement noise. In the ECM-based SoC
estimation, these error sources have not been fully mitigated. Firstly, we present a
novel technique to construct the SoC-OCV relation, which is eventually converted to a
single parameter estimation problem. The Kalman Iter is implemented to estimate the
SoC and the related battery states using the proposed parameter estimation and the
SoC-OCV construction technique. Secondly, we develop a novel technique to mitigate
the error in the current input measurement. The error is calculated based on di erence
between the calculated output and the measured output. Correcting the current input

measurement signi cantly reduces the SoC estimation error.

We validate the proposed algorithms through computer simulations and battery ex-
periments. The numerical simulations and the battery experiment demonstrate that
the SoC-OCV relationship is accurately constructed in real-time. The SoC estimation
error remains below 2% in numerical simulations whereas the SoC estimation error
remains within 2.5% in the battery experiment. The current noise mitigation algo-
rithm reduces the SoC error from 11.3% to 0.56% in the numerical simulations. In the

battery experiment, the SoC error is reduced from 1.74% to 1.12%.
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Nomenclature

5()

Vhi

The exponential time constant

The bias noise in the current measurement

The gradient of ()

The time interval between two sampling points

The di erence between the higher and lower cut-o voltages
The small positive constant in the SoC-OCV model

The estimation error in the output

The random number from the normal distribution

The adaptive gain matrix

The measured input vector

A positive scalar

The standard deviation

The variance

The polarisation time constant

The n-by-n identity matrix

The unknown parameter vector

The third element of the unknown parameter vector
The state propagation matrix

The coe cient of the logarithmic term in the SoC-OCV model
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B The input matrix

b The coe cient of the exponential term in the SoC-OCV model
C The state measurement vector

c The constant in the SoC-OCV model

Cp The battery polarisation capacitance

D The input measurement vector

e The measurement di erence error
€ The zero-mean white noise error
f The nonlinear function

H The Hessian matrix

I The battery load current

la The current owing over Rp
Ip The current owing over C,
J The quadratic cost function
K The Kalman gain
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P The error covariance matrix
Q The process error covariance matrix
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R The measurement error covariance matrix
r The measurement variance

Ro The battery internal resistance
Rp The battery polarisation resistance

T The trace operator
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Vi The battery terminal voltage
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w The process white noise
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Chapter 1

Introduction

1.1 Introduction

In the last few years, there has been a signi cant technology conversion in the au-
tomotive industry towards electric vehicles (EVs) (Macioszek 2020). The number of
EV owners has increased rapidly during the last decade and the global EV stock has
surpassed 10 million in 2020 (Shi et al. 2022). There were 3.125 million EVs sold in
2020, which is equal to 4% of the total annual vehicle sales (Shijian Zhang et al. 2022).
Although there is a 14% monotonous decreasing trend in the annual number of vehicles
sold, the EV sales went up 41% against this trend in 2020 (Shijian Zhang et al. 2022).
This trend is expected to keep increasing in the upcoming decades depending on the

development of EVs' performance.

The EV's performance is very much dependent on the development of battery technolo-
gies and battery management systems (BMSs). In the last few decades, new battery
technologies have been introduced, which has contributed to the expansion of the EV
sector. Using batteries in EVs brings a challenge in making the driver comfortable
about the EV in terms of range anxiety, safety, maintenance cost, and reliability. This

challenge can be signi cantly overcome by developing e cient BMSs.

Considering batteries are a vital component of an EV powertrain, it requires accurate
control and monitoring in real-time. In EVs, this requirement is ful lled via a BMS.
This is an electronic system designed to manage a rechargeable battery. This could be

a single battery cell or a battery pack consisting of multiple battery cells depending
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upon the application (Pastor-Ferrandez et al. 2016). One of its functions is to monitor
the battery states using the observed data to ensure the battery or the battery pack
operates safely and e ciently. A BMS provides the estimation of important parameters

including the state of charge (SoC).

Existing EVs have a signi cantly lower driving range when compared to traditional
internal combustion engine-based vehicles. Another concern regarding EVs is to mis-
calculate the remaining power, leaving passengers stranded. These are due to the lack
of an e cient BMS that can accurately estimate the remaining power of a battery.
Recent developments in the automotive industry have increased the need for more e -
cient BMSs (Hu et al. 2021). Providing the driver with a piece of reliable information
regarding the available driving range is one of the several challenges in EVs. The SoC
is a key parameter to ensure the driving range and remaining power are reliable. Thus,
accurate information on the SoC is vital for EVs. The SoC cannot be directly mea-
sured by sensors, however, it could be estimated based on the observed data with a
suitable method. Thus, the development of an accurate battery SoC estimation is one
of the hot topics. The development of the real-time SoC estimation algorithm requires

several steps to be addressed. Figure 1.1 shows these steps.

Figure 1.1: Overview of the real-time SoC estimation algorithm

The SoC is de ned as the ratio of the remaining capacity to the maximum capacity

given by the battery manufacturer (Cui et al. 2022).

Qr
Qmax

Z =

(1.1)
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where z represents the SoCQ; is the remaining capacity and Qmax is the maximum
capacity. There are various methods to calculate the SoC. Each one of these methods
has its advantages and disadvantages subject to the application, required precision,
type of battery, and computational availability. In general, these methods can be
classi ed according to whether the battery model is used or not. If the SoC is estimated
based on a battery model, it is called the model-based estimation method. Otherwise,

it is called the model-free estimation method.

One of the most common model-free estimation methods is the Coulomb counting
(CC) method. It is a very simple method that relies on the measurement of the load

current and the initial estimation of the SoC (Ko et al. 2022).

Z rdt

to Qmax

z(t) = z(to) (1.2)

where z(tg) is the initial SoC, I"is the measured load current,Qmax is the maximum
battery capacity. In the CC method, even when z(tp) is known accurately and the
current measurement sensor has very high precision, the CC method continues inte-
grating the noises. Eventually, this method provides an inaccurate SoC estimation,

which generates a lack of reliability in the CC method.

Another model-free estimation method is the open circuit voltage (OCV) measurement
method. This method correlates the OCV of the battery with the SoC through a look-
up table that is prede ned by a battery drop-test experiment. It is not applicable

in practice because the OCV can only be measured when the battery reaches the
equilibrium state which may take up to a few hours depending on the battery type

(M. Hannan et al. 2017).

On the other hand, model-based methods adopt a battery model. The two most
common battery models are electrochemical models and empirical models which are
usually in the form of equivalent circuit models (ECMs). These methods rstly predict
the SoC based on the battery model and™ Then, the predicted SoC is corrected based
on the measured terminal voltageV; that is the measured voltage di erence between
the battery poles. This feedback loop makes model-based methods more reliable by

considering the modelling inaccuracies, the system noise, and the measurement noise.

Electrochemical battery modelling utilises electrochemical kinetics and transport phe-
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nomena. Therefore, these models include several coupled dierential equations to
describe the chemical reactions taking place in the battery (Doyle et al. 1993). The
pseudo-two-dimensional (P2D) and the single-particle model (SPM) are the most com-
mon electrochemical battery models (Hashemzadeh et al. 2022). The P2D model is
a physics-based model that represents the electrochemical reactions, mass transport,
and thermodynamics inside a lithium-ion battery (Newman et al. 2004). The SPM has
been introduced to reduce the modelling complexity of the P2D model (Baba et al.
2014). Although the SPM is the simpli ed version of the P2D model, the challenges of
the solution of the di erential equations and parametric uncertainties remain. These
models are not preferred in practice due to their modelling complexity but they are

commonly used for the optimisation of battery designs in laboratories.

ECMs are usually adopted to re ect the battery behaviour in the context of a larger
system. ECMs describe the response of the battery to di erent usage scenarios. These
models are extensively used in EV applications due to their easy implementation in
real-time applications (X. Liu et al. 2020). There are various kinds of ECM and they
all have at least a voltage source, an internal resistor (ohmic resistor), and a load or
a source. They are named according to other circuit elements utilised in the ECM.
For example, the ECM that has a serially connected internal resistor and parallel
resistor-capacitor (RC) branch is called the rst-order Thevenin model. If there are
two RC branches are connected serially to the ohmic resistor, these models are called
the second-order Thevenin model. To estimate the SoC, ECMs are used with optimal
state estimation algorithms (H. He et al. 2011), (R. Xiong et al. 2013), and (X. Wu
et al. 2018).

Using a battery model requires the identi cation of the battery model parameters to
prepare the state estimation algorithm to be executed. Compared to the electrochem-
ical models, ECMs have a smaller number of parameters to be tuned. The battery
parameters vary according to the operational conditions and battery aging in real-time
applications. Therefore, the calculation of the model parameters is challenging. There
are two main methods to calculate the model parameters: an o ine method and an
online method. The oine method is a battery experiment. Therefore, the model
parameters acquired through the battery experiment are constant during the battery

operation. Moreover, these identi ed parameters are only accurate under the condi-
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tions of the battery experiment (Tang et al. 2011). Thus, using the o ine method to
identify the model parameters leads to an erroneous SoC estimation in EV applica-
tions. On the other hand, the online parameter identi cation method tunes the battery
parameters according to the operational conditions and battery aging. Therefore, it is
more appropriate to use in practice (Partovibakhsh et al. 2015), (X. Liu et al. 2020),
and (Q. Ouyang et al. 2020).

ECM-based SoC estimation algorithms rstly estimate the OCV of the battery accord-
ing to the previously identi ed model parameters (C. Zhang et al. 2015). They then
convert the estimated OCV into the SoC by using a nonlinear OCV-SoC relationship.
Therefore, the nonlinear relationship between the OCV and the SoC must be previ-
ously identi ed. Similar to the parameter estimation, the SoC-OCYV relation could be
obtained through a battery experiment. However, this relation is unique for a speci c
battery used during the battery test and cannot apply to di erent batteries and con-
ditions. Moreover, Jokc et al. 2018, Aung et al. 2015, and Shehab EIl Din et al. 2018
showed that the relationship is vulnerable to a change in operational conditions and
battery ageing. The inaccurate SoC-OCV relationship reduces the accuracy of SoC
estimation. Therefore, an online method is required to calculate the SoC-OCV char-
acteristic during the battery operation. This leads to more reliable SoC estimations

as well as an increase in the trust in EVs.

The SoC is estimated using two measurable signals in batteries: the terminal voltage
and the load current. The measurement noises in these signals are inevitable. The
input signal in the SoC estimation problem is the measured current input. Zheng et
al. 2018 showed that the current measurement is corrupted by the current bias (also
known as current drift noise) and the white noise. The corrupted current measurement
reduces the accuracy of the SoC estimation, which causes overcharging/discharging
of the battery in real-time applications. The majority of available SoC estimation
algorithms do not consider the noisy current input measurement. The development of
a more realistic SoC estimation algorithm taking into account the impact of the noisy

input current remains challenging.

The standard Kalman lter (KF) has been widely used in SoC estimation due to its
simplicity and powerful estimation ability. The KF can only provide a good estimation

when the input signal is noiseless (Ma et al. 2019). However, the input measurement
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is also corrupted by a sensor noise in batteries. Therefore, the standard KF-based SoC
estimation algorithms provide unreliable estimation results. Di erent dynamic loading
pro les are used to assess the performance of the SoC estimation algorithms used in
EVs. The dynamic stress test (DST) pro le and hybrid pulse power characterisation
(HPPC) pro le are commonly used for this purpose Rui Xiong, J. Huang, et al. 2022a.
These pro les along with constant discharge and sinusoidal discharge pro les are used

to assess the performance of the algorithms proposed in this research.

In conclusion, the popularity of EVs is on an increasing trend. This increase brings
some challenges to be addressed in the development of more reliable EVs. The SoC es-
timation is one of the most important tasks to be ful lled by a BMS in EVs. Therefore,
developing an SoC estimation algorithm is a popular research topic in the development
of EVs. The SoC estimation methods have several steps including battery modelling,
model parameter identi cation, and the SoC-OCV relationship calculation. Further-
more, there are error sources that reduce the accuracy of the SoC estimation. These
error sources need to be mitigated to develop more realistic SoC estimation algorithms.
In this research, we clari ed the gaps in the available SoC estimation methods found

in the literature and provided our novel methods to contribute to the literature.

1.2 Research questions

Rechargeable batteries are being more common as a primary power source in practical
applications. This presents technical challenges to be addressed. One of the challenges
is the robust real-time estimation of the SoC. Thus, this research answers the following

points:

1. Real-time calculation of the battery model parameters and their impact on the
SoC estimation accuracy, as well as the implementation steps of an online pa-

rameter identi cation technique.

2. Real-time construction of the SoC-OCV nonlinear relationship for ECM-based
SoC estimation algorithms based on the battery boundary conditions (cut-o

voltages) and current sensor measurement.

3. Mitigation of the SoC estimation error due to the corrupted current measurement

by developing a more realistic current sensor measurement model and modi ca-
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tion of the standard KF based on the proposed current sensor model.

1.3 Aim and objectives

The objective of this research is to develop a real-time KF-based SoC estimation algo-
rithm for rechargeable batteries based on an adaptive SoC-OCV model to environmen-
tal changes. Further, a new current measurement sensor model is to be derived and an
engineering framework is proposed to mitigate the error source due to the corrupted
current measurement in the SoC estimation problem. Finally, the results are compared

to state-of-the-art SOC estimators in the literature.

1.4 Contributions and organisation of this thesis

This work is based on the optimal adaptive estimation theory and the objectives includ-
ing the development of the methodologies for the real-time SoC estimation algorithm.
Firstly, the adaptive law-based parameter estimation method is used to calculate the
model parameters. Secondly, a novel method to construct the nonlinear SoC-OCV
relationship in real-time is proposed and the SoC is estimated using the EKF. Finally,
the e ect of current measurement bias on the accuracy of the SoC estimation is inves-
tigated. A mitigation method is proposed to eliminate the error in the SoC estimation
due to the current input measurement bias. Research gaps in the SoC estimation prob-
lem are addressed to provide a more realistic SoC estimation algorithm for real-time

applications. The contributions are as follows:

1. Adaptive law based battery model parameter identi cation to guarantee the

convergence of the parameter estimation

2. A novel real-time OCV-SoC nonlinear curve construction based on the boundary

conditions and measurements

3. A novel method to correct the current input measurement by calculating the

current input bias noise in real-time

4. Modi cation of the standard KF considering the white noise and the current

measurement bias to increase the accuracy in the SoC estimation

The organisation of the thesis is as follows:
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Chapter 2 covers the work has been done in the literature.

Chapter 3 introduces the battery model and the online parameter identi cation method

based on the adaptive law.

Chapter 4 develops a new methodology for the SoC-OCV curve construction in real-

time.

Chapter 5 introduces a mitigation method for the noisy current input measurement

for batteries.

Chapter 6 shows the conclusion and the future work.



Chapter 2

Literature review

This chapter rstly introduces the review of the battery modelling techniques and the
battery model parameter identi cation techniques found in the literature. Secondly,
the state of the art of SoC estimation algorithms and the construction techniques for
the nonlinear SoC-OCV relationship and its behaviour depending on the operational
conditions and battery ageing are reviewed. Finally, the literature review on the impact

of the noisy current input on the SoC estimation error is undertaken.

2.1 Battery modelling

Battery modelling is signi cant in predicting battery behaviour to ensure the safe
and e cient operation of the battery. The model is used to estimate the battery
states including the SoC, which is vital to avoid abnormal operations. Modelling the
battery is the starting point to develop an e cient BMS. Numerous battery modelling
techniques have been introduced in the literature with di erent complexities. These
techniques can be useful in dierent application areas. According to the physical
interpretation, Seaman et al. 2014 fundamentally separated the battery models into

two groups: electrochemical models and ECMs.

2.1.1 Modelling strategies

A wide variety of battery models are adopted to interpret the battery dynamical be-
haviour in the BMS design of EVs. Complicated battery models are unsuitable to

implement in real-time applications; besides very simple battery models cannot pre-
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cisely replicate the battery's dynamic behaviour under di erent operational conditions.
Hence, modelling the battery is of great importance without compromising model ac-
curacy and ease of implementation. There are three sub-steps in battery modelling:
battery model selection, model parameter identi cation, and model performance vali-
dation. The primary stage of battery modelling is the selection of the battery model.
In this chapter, two fundamental battery models are introduced and discussed with

their advantages and disadvantages.

2.1.2 Electrochemical modelling of a battery

Yonghuang Ye et al. 2012 summarised the discharge process of Lithium-ion (Li-ion)
batteries as follows: electrons (e) move from the negative electrode (cathode) to
the positive electrode (anode) via the external circuit. This consequently causes an
electrical potential di erence between the anode and the cathode. On the other hand,
the Li-ions move from the anode to the cathode through the electrolyte. This is to
make the sum of the negative electric charges on Li-ions equal to the sum of the positive
electric charges on Li-ions. This process is reversed by applying an external source to
the battery, which is called the charging process. The battery models built based
on the theoretical aspect of this electrochemical process are called electrochemical
battery models. There are two common types of electrochemical battery models: the

P2D model and the SPM.

Pseudo two-dimensional model

Doyle et al. 1993 developed the original P2D electrochemical model. The evolution of
Li-ions concentration in the two electrodes is shown in Figure 2.1 where LiCg is the
lithiated carbon, Li1.xMO3 is the lithium metal oxide, Li © represents the Li-ions, ¢
and cg, are the concentration at particle surface in cathode and anode, respectivelyc,
and ¢ are Li concentration in the cathode solid and the anode solid, respectivelyce
is the Li concentration in the electrolyte. L and L* are the thickness of the cathode

and anode electrodes, respectively.

Electrochemical modelling describes the battery chemistry that relies on electrochem-
ical reactions occurring in the electrodes and the electrolyte. These chemical reactions

are depicted by using a set of coupled partial di erential equations (PDEs). Doyle

10
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et al. 1993 modelled the galvanostatic charge and discharge behaviour of a lithium
anode/solid polymer separator/insertion cathode cell based on a concentrated solution
theory. It is concluded that the model is generic enough to consider a large range of
polymeric separator materials, composite insertion materials, and lithium salts. The
solution of this model requires powerful computational tools and theoretical knowledge

of computational uid dynamics (Tamilselvi et al. 2021).

Figure 2.1: Electrochemical model by (Doyle et al. 1993)

Single particle model

Atlung et al. 1979 introduced the SPM as shown in Figure 2.2 where/ (t) is the voltage
and | (t) is the current. Ry and R represent the particle radius in the cathode and
anode, respectively. The SPM assumes that electrodes are formed by identical size
spherical particles. Guo et al. 2011 highlighted the main simpli cation compared to
the P2D model as follows: the SPM does not consider the electrolyte dynamics and
thus assumes a constant reaction rate for each electrode. The SPM is relatively simple
compared to the P2D battery model but it is also not common due to its availability

for only low current densities (Guo et al. 2011).

To sum up, electrochemical models are very complicated battery models including
several coupled PDEs. Therefore, their onsite applications are restricted. These two
models are generally used for the optimisation of the battery design in laboratories

(Corno et al. 2015).
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Figure 2.2: Single particle model by (Park et al. 2017)

2.1.3 Equivalent Circuit-based models

In contrast with electrochemical battery modelling, ECMs are widely employed in
practice (Rui Xiong, J. Huang, et al. 2022b). These models use electrical circuit
elements to re ect the charging and discharging behaviour of batteries. They remove
the di culty of understanding the details of the electrochemical reactions taking place
inside a battery. In addition to that, it only requires fewer model parameters to be
identi ed for the state estimation. Therefore, complicated mathematical and numerical

calculations are avoided, which leads to a fast calculation of results.

ECM describes the battery's voltage-current characteristic that appears very simple.
They also relate the battery's OCV to the SoC with a nonlinear relationship shown in
Figure 2.3. Designing an accurate ECM provides a practical way to estimate the SoC
with relatively less e ort compared to the electrochemical model-based techniques. A
generic ECM includes three major parts (Yann Liaw et al. 2004): a static part that
represents the battery's thermodynamic properties such as the battery capacity and the
OCV, a dynamic part that represents the battery's internal impedance behaviour, and
a source or a load is the third part to complete the circuit for charging/discharging

regimes. There is various kind of ECMs to be discussed with their advantages and
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Figure 2.3: Typical relationship between the SoC and the OCV

disadvantages.

The battery model which is de ned by the OCV is the simplest battery modelling

found in the literature and it is given as follows (Tamilselvi et al. 2021):

Vi(t) = Voc (2.1)

where V; is the terminal voltage and V, is the OCV, which is a function of the SoC.
The SoC is 100% when the battery is fully charged and the SoC is 0% when the battery
is fully discharged.

Rint battery model

Johnson 2002 described the Rint model as the internal resistance model shown in Figure
2.4. It has an ideal voltage source to describe the battery's OCV Vo). Additionally,

it has an internal resistor (Rg) which is serially connected toVye. Voc is assumed to
be equal to the terminal voltage (V;) in the equilibrium state when the battery is not

loaded. | is the charge/discharge current.

The measurement equation of the Rint model is expressed as follows:

Vi(t) = Voc(z)  1(H)Ro (2.2)
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Figure 2.4: Rint battery model

where z represents the SoC.

Z+ [ (t)dt

2.3
to Qmax 23)

z(t) = z(to)

where Qmax is the battery capacity. The Rint battery model is not an accurate battery
model because the load transfer polarisation and di usion polarisation are ignored.

Therefore, it is not a preferred battery model for the SoC estimation problem.

Resistor-capacitor battery model

X. Zhang et al. 2016 described the RC battery model consisting of two capacitors
(Cs; Ce) and three resistors R¢; Re; Rs) as shown in Figure 2.5. The capacitorCs has

a small capacitance compared tdC.. Cs represents the surface capacity of the battery,
therefore it is also called a surface capacitor. The capacitoCe is the bulk capacitor,
which represents the electric-charge-storage capability of the battery.Rg, R¢, and Re
are the surface resistance, the terminal resistance, and the end resistance, respectively.

The state-space representation of the RC battery model is as follows:

Figure 2.5: RC battery model (Hongwen et al. 2011)
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2 3 2 1 L 32 3 2 Re
Ve, V

9 g - g (Rs +1 Re)Ce (Rs+ Te)Ce 22\/66% + g(RS +Rlze)ceé | (2.4)
Yo RoFRIC  (ReFRICs " (Re* Ro)Ce

and V; is given by

2 3
B ReRs
Vi = Re+ Rs Re+ R 9 g Re+ Rs

+ Ry | (2.5)
whereV,, and V,, are the voltages across the capacito€. and Cs, respectively. | is the
terminal current owing between the battery terminals and V; is the terminal voltage.
In this model, V., and V., are the system states| is the measured input andV; is the
measured output. This battery model is used to describe the dynamics of the lead acid
battery by Loukil et al. 2017. Having ve model parameters to be identi ed restricts
its use in practice. Moreover, it does not have an ideal voltage source that remains its
voltage output without depending on the current drawn from the battery. This makes
building the relationship between the SoC and the OCV impossible. Therefore, it is

not commonly used in practice.

Thevenin battery model

Ding et al. 2019 describe the Thevenin model. It connects the RC pair to the Rint
model in series as shown in Figure 2.6. Compared to the Rint model, it takes into
account the load transfer polarisation and di usion polarisation. It consists of three
parts; the OCV as a static part, the internal resistance and the RC pair as a dynamic
part, and the load. Ry is the internal resistance similar to the Rint model. Ry is
commonly called the polarisation resistance which is the resistance between the plate
and electrolyte. C, is the equivalent capacitance of the electrode plate, which describes
the transient response of the battery for charging and discharging processesV; is
the terminal voltage. The Thevenin model dynamic characteristic is de ned by the
following equations:

_ Y% '
\p = RoCo + C—p (2.6b)

Thevenin ECMs could have more than one RC branch. If the number of the RC pair is
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Figure 2.6: Thevenin battery model

n, the model is called A" order Thevenin model. Hong et al. 2022 performed a battery
modelling validation test for the rst order Thevenin ECM. The results indicated that
the ECM achieved a 95% accuracy in representing the actual battery. In consequence
of its comparable simplicity and capability to ful | the basic requirements of batteries,

it has been extensively adopted in BMSs in practice (Gholizadeh et al. 2014).

PNGV battery model

Xiangyong Liu et al. 2018 explained the PNGV battery model shown in Figure 2.7. It
is achieved by adding a capacitorCy to the Thevenin model in series. The capacitor
describes the change in the OCV generated in time due to the accumulation of the

load current.

Figure 2.7: PNGV battery model

The integral change of theV, is described by using a large capacitance, which describes

the relationship between the V. and the battery capacity.

2 3 2 32 3 2 3
0 0 V, 1
GVl - § 1 £9 °"E+9CI°E| (2.72)
Ve, 0 r&o Vo S
2 3
Ve,
Vi 1 13 P65+ Rol + Vo (2.7b)
YA

p
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The battery capacity degradation happens in a long term. Therefore, its simultaneous
calculation with the battery states increases the computational cost. Thus, this battery

model is not commonly used in the SoC estimation.

Compared to electrochemical battery models having several partially di erential equa-
tions to mimic the battery dynamics, ECMs use relatively simple equations based on
the circuit theory. Moreover, ECMs have fewer parameters to be calculated. Therefore,
ECMs signi cantly reduce the computational cost in practical applications. Consid-
ering all the advantages and disadvantages of the aforementioned battery models, the
rst-order Thevenin model is a good candidate for battery modelling (J. Kim et al.

2012).

2.2 Battery estimation

The rst step in the battery SoC estimation is to calculate the model parameters.
The SoC is then estimated based on the calculated model parameters. Thus, this
section rst undertakes the literature review regarding the battery model parameter
calculation. After that, di erent SoC estimation techniques are introduced with SoC-

OCYV curve construction techniques.

2.2.1 Parameter identi cation

Adopting a battery model requires the identi cation of the battery model parame-
ters. These parameters must be identi ed before the execution of the SoC estimation
algorithm. There are two main methods found in the literature for parameter identi -
cation. The rst one is the o ine method (Barsali et al. 2002). This method includes

a battery experiment under a pulse input. The essential disadvantage of this method
is that the calculated model parameters remain constant during the battery operation.
However, these parameters vary with the operational conditions and battery ageing.
Furthermore, identical batteries may have di erent model parameter values. For ex-
ample, Barcellona et al. 2022 showed the di erent internal resistances for di erent
temperatures, SoC levels and battery ageing in Figure 2.8, wher® represents the
internal resistance. The internal resistance decreases exponentially as the temperature
increases. The battery's internal resistance is greater in higher SoC regions. It is also

observed that the internal resistance increases as the battery ages. This is due to the
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Figure 2.8: Ohmic resistance variations for di erent SoC levels, temperatures and
battery ageing (Barcellona et al. 2022)

increase in the residual products of the electrochemical reactions taking place inside
the battery. Thus, the battery model parameters need to be updated during the bat-
tery operation to capture these variations. The second method is the online method
(Tran et al. 2017). In online parameter identi cation, the parameters are updated at
each calculation step. Hence, variations in the model parameters are considered as the

operational conditions change and the battery ages.

Reliable parameter identi cation methods play an important role in the accuracy of
the SoC estimation. Dierent model identi cation algorithms are proposed in the
literature. Xia et al. 2017 estimated the battery model parameters based on a forget-
ting factor recursive least squares (FFRLS), Yu et al. 2017 utilised H-in nity lter,

Li et al. 2020 used the RLS algorithm, and Fang et al. 2021 proposed an adaptive
genetic algorithm (AGA). Zhao et al. 2020 and Gao et al. 2017 estimated the rst
order Thevenin ECM parameters using the FFRLS algorithm. The voltage di erence
betweenV; and V¢ is rstly written in the linear parametric model (LPM) form. Then

the FFRLS algorithm is used to solve the voltage di erence equation. Partovibakhsh
et al. 2015 used the FFRLS method to estimate the parameters of the RC battery
model. Adaikkappan et al. 2022 showed that the FFRLS method is used to estimate
the model parameters of various types of battery models. Hicham Chaoui et al. 2015

adopted the adaptive strategy for the model parameter estimation.

In real-time applications, the FFRLS and the RLS algorithms are commonly used
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in the parameter identi cation of the battery models. FFRLS method reduces the
e ect of the old data on the current estimate so that the bias due to the old data is
signi cantly removed from the current estimates. In comparison with the RLS, the
FFRLS improves the convergence speed. AGA is a popular method for the optimisation
of the model parameters, yet it is not applicable in real-time due to its iterative process.
The adaptive law guarantees the stability of the parameter convergence based on a
Lyapunov direct method (Hicham Chaoui et al. 2015). Furthermore, measurement
errors in the current input and voltage output cause identi cation biases. Zhu et al.
2020 showed that the RLS su ers from current and voltage measurement errors, which
leads to a bias in calculated parameters. To reduce the identi cation bias, the recursive
restricted total least squares method is introduced. In the model-based SoC estimation
methods, model parameter identi cation methods draw great attention because the

accuracy of the model parameters is the basis of the accurate SoC estimation.

O ine parameter identi cation

The oine method is based on laborious experimental work. These tests are usually
performed under HPPC cycles (H. Zhang et al. 2014). Figure 2.9 shows the dynamic
response of the rst order Thevenin battery model to the HPPC discharge cycle. (D.

Deng et al. 2021) presents the following procedure:

~ To identify the battery's model parameters, the HPPC input cycle is applied to
a battery. Once the pulse input is injected/removed to/from the system, the
voltage jump/drop takes place due to Rg. In Figure 2.10, the battery's terminal
voltage changes suddenly fromv; to V, and V3 to V4. The internal resistance
Ro mainly causes these sudden voltage changes. Therefore, it can be calculated
based on the average of the two voltage di erences divided by the load current.
The expression to calculateRy is given as follows:

1 (Vi o)+ (Vs Vi)
2 |

(2.8)

The relaxation periods of the battery can be seen in Figure 2.10, which take place
betweenV,-V3 and V4-Vs. These periods are a zero input stage of the voltage. In

Figure 2.10, the terminal voltage drops slowly fromV, to V3. This is due to the
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Figure 2.9: HPPC discharge test

polarisation dynamic of the RC branch. The expression to calculateR is given

as follows: 0 ¢ 1

V)= Vo IR,@ e A (2.9)

where V5 is the initial voltage when the relaxation period starts. The collected
data is curve- tted to the expression given in (2.9). OnceRp and the battery's

time constant are calculated,C,, can be calculated by diving by Rp.

Let the battery rest for some time until it reaches the equilibrium state. The

measured battery voltage does not vary after the battery reaches the equilibrium
state. In this state, the potential di erence between the positive and negative
poles of the battery can be considered to be the OCV. ThereforeV; in Fig-

ure 2.10 is assumed to be approximately equal to the battery OCV under the
corresponding SOC value. The pair OCV and SoC data can be similarly col-
lected for di erent SoC regions. The nonlinear relationship is then constructed

by curve- tting the appropriate model to the data.
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Figure 2.10: Magni ed plot of Figure 2.9 iii)

Online parameter identi cation

Model parameter identi cation is a challenging task in the development of the real-time
SoC estimation algorithm. The model parameters varying under di erent conditions
have a signi cant e ect on the SoC estimation. Thus, parameter estimation methods
are widely investigated in the literature. One of the most common parameter identi -
cation methods is the RLS-based method. The performance of the RLS-based method
is increased by employing the forgetting factor (Ciochina et al. 2009). Hence, the ef-
fect of the old data on the parameter estimation is reduced. An alternative to the
RLS-based methods is the adaptive law-based parameter identi cation method. The
adaptive law-based parameter estimator rstly expresses the unknown parameters in a
parametric model. Secondly, the estimation model is built using the same parametric
model. The estimation error is then calculated using the estimated output and the
measured output. This error is used to derive the adaptive parameter estimator. Com-
pared to the RLS methods, the adaptive law-based parameter estimation algorithm
guarantees the convergence of the model parameters (loannou et al. 2006). Therefore,
it is commonly used to in the model parameter estimation of the adaptive systems

(Aburakhis et al. 2022), (Tao et al. 1995).
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The rst-order Thevenin model is commonly used in real-time SoC estimation algo-
rithms. One of the reasons for its common use is that the online estimation of its model
parameters requires a small amount of a priori information (W. Zhang et al. 2022). Xia
et al. 2018, J. Wei et al. 2020, and Prashant et al. 2021 applied RLS to estimate the
model parameters of Thevenin based battery model. To apply the RLS, the battery

measurement equation must be converted into the LPM form given as follows:

Y= &k (2.10)

where yi is the terminal voltage of the battery,  is the parameter vector to be

calculated and | is the observation matrix. W.-Y. Kim et al. 2019 and Shu et al.

2020 converted the measurement equation into the LPM form and then employed the
RLS method to estimate the 2 order Thevenin ECM parameters. They used the one-
step voltage di erence equation to derive the LPM form. However, the performance
of the RLS method decreases with an increase in the number of similar or repetitive
data. Moreover, the e ect of the old data needs to be reduced by using the forgetting

factor.

The online parameter identi cation can be used as an indicator regarding battery
ageing. For example, Topan et al. 2016 estimated the rst order Thevenin ECM
parameters using the RLS method. It is explained that the change in the battery's
internal resistance can be used as an indicator of the battery's state of health. After
many charging/discharging cycles, an increase in the internal resistance is a sign of

battery ageing.

The performance of the parameter identi cation methods is not always satisfying.
Therefore, there are di erent approaches to improve the performance of the parameter
identi cation algorithms. For example, T. Ouyang et al. 2021 used the RLS method
to calculate the model parameters of the rst order Thevenin battery model. They
highlighted the data saturation phenomenon in the RLS method. This phenomenon
is brie y explained as follows: the capability of the RLS method to reduce the error
in the parameter estimation decreases with an increase in the number of similar or
irregular samples. This problem was mitigated by introducing a variable forgetting

factor (VFF). This improved the performance of the RLS method by eliminating the
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e ect of the old data. Ping et al. 2018 also used the forgetting factor RLS method to
improve the accuracy of the model parameter identi cation. The battery tests showed
that increasing the accuracy in the calculated model parameters decreases the error in

the SoC estimation. However, choosing the optimal forgetting factor is ambiguous.

The performance of the model parameter identi cation algorithms is attempted to in-
crease by separating the linearity of the battery model and the nonlinear characteristic
of the batteries. The model parameter estimation process is facilitated by combining

the linear ECM and the static nonlinear output block by Naseri et al. 2022. They intro-

Figure 2.11: Wiener con guration by Naseri et al. 2022

duced a new battery modelling to better capture the nonlinearities of Li-ion batteries.
The Wiener con guration shown in Figure 2.11 is utilised to enhance the nonlinear
mapping capacity of the linear ECM. This contributes to the decomposition of the
nonlinear input-output relationship into linear and nonlinear segments. The output

signal V; is expressed as follows:

Ve = f[x(K)] + Voc (2.11)

where x(k) is the intermediate signal andf [ ] is the nonlinear function in the Wiener
con guration. The second order polynomial model is chosen forf [], i.e., vf (k) =
1X(k)+ 2x2(K). After that, the regression model including both linear and nonlinear

segments is derived and the extended kernel iterative recursive least-squares (EKIRLS)
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algorithm is implemented to calculate the model parameters. The EKIRLS algorithm
removes the estimation di culty due to the unavailability of the intermediate signal
x(k). However, the ECM-based battery models are not highly nonlinear systems and
the nonlinearity originates from the nonlinear mapping relationship between the SoC
and OCV. In the literature, it is shown that the EKF-based SoC estimation algorithms
can successfully tackle the nonlinearity without making any di erence in the battery

model.

The majority of the online parameter estimation algorithms calculate the model pa-
rameters based on the terminal voltage. Therefore, the more accurate prediction of the
terminal voltage would increase the accuracy of the model parameter estimation. It is
found that the fractional order battery models simulate the variations in the terminal
voltage more precisely. The fractional-second-order Thevenin ECM for Li-ion batteries
is established by Ling et al. 2021. The battery parameters are modelled as a constant
that is disrupted by the state noise only because the model parameters vary slowly
compared to the battery states. Fractional order EKF is used to calculate the model
parameters. Hu et al. 2018 also used the fractional-second-order Thevenin ECM for
Li-ion batteries. In various driving cycle tests, the voltage response of the model is
predicted with a root-mean-squared error of less than 10 mV. The model parameters
are identi ed by an AGA-based parameter estimation method. The accuracy of the es-
timated terminal voltage also su ers from the corrupted current measurement. Thus,
considering the realistic current sensor model would signi cantly increase the accu-
racy of the estimated terminal voltage. This would lead to more accurate parameter

estimation.

There are di erent battery modelling approaches to improve the model parameter ac-
curacy. Pang et al. 2020 presented a new enhanced temperature-dependent equivalent
circuit model (eTECM). An integrated RC branch is structured by combining a series
RC branch and a parallel RC branch. The static hysteresis and temperature compen-
sation voltages are introduced to establish eTECM. The forgetting factor least square
(FFLS) method is used to calculate the model parameters to overcome a large accu-
mulated error due to a big amount of test data. Modelling the RC branch considering
the impact of ambient temperature on the dynamics of the LIBs increased the model

parameter estimation accuracy in the battery experiments conducted under di erent
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temperatures. Online parameter estimation algorithms adopt the model parameters
to operational conditions automatically and adding temperature modelling is not nec-
essary. Hence, adding the temperature modelling needs to be decided according to
the trade-o between the computational cost and the improvement in the parameter

estimation accuracy.

Meng et al. 2019 proposed a dynamic linear battery model which enables the use
of standard KF for SoC estimation and removes the need of using online parameter
estimation methods. The relationship between the voltage and current is assumed
piecewise linear for a su ciently short time period so that the battery model can

be linearised. This makes the model parameters automatically updated and reduces
the order of the state-space function to one. The linear piecewise battery model is
established based on a partial least squares (PLS) and the moving window method

whose window width is denoted as M. The PLS battery model is given as follows:

Vi= BPESXPS =g+ by z+ b | (2.12)

where BPLS =[b; b, by] is the coe cient matrix and X PS5 =[1 z I1]7. The rst PLS
model is calculated based on M samples collected in advance. The next PLS model is
calculated based on samples collected according to the estimation results during the
previous moving window. Once the collection of M samples is completed, the PLS
model is updated. Therefore, the moving window method allows the battery model to

be updated with a small number of samples.

Another approach to estimating the model parameters is to augment the state vector
by adding model parameters. Therefore, the model parameters and the battery's
actual states are estimated simultaneously. W. Zhang et al. 2022 added the ECM
parameters into the state vector along with the battery's actual states. However,
the adaptive battery state estimation (ABSE) method does not consider the e ect
of the load current in the parameter's control equations. Consequently, the ABSE
may provide erroneous parameter estimates when the load current is high. W. Zhang
et al. 2022 proposed an improved version of ABSE to estimate the model parameters

simultaneously with the battery states. They de ned Rgym as a sum of resistors in the
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ECM. The relation between Rgym and the measured signals are given as follows:

ViV,
Rsum = % (2.13)

Rsum is used as a feedback element to reduce the error in the parameter estimations
regarding the ECM modelling error. It is concluded that the improved ABSE identi es
the ECM parameters more precisely thanks to the control equation of the improved
ABSE. Increasing the number of elements in the state vector increases the computa-
tional cost. Thus, the model parameters and the battery states must be calculated

separately.

Finally, di erent parameter estimation algorithms are used to compare the parameter
estimation accuracy. For example, Jarrraya et al. 2022 compared the hybrid Nelder-
Mead particle swarm optimization (PSO-NM) and open circuit voltage-recursive least
square (OCV-RLS) for the battery parameters estimation. The PSO-NM technique re-
quires a long period, i.e., around 2 hours, to calculate the model parameter accurately
under dynamic working conditions. On the other hand, the OCV-RLS technique can
momentarily provide fast and robust parameter estimation. Both methods show excel-
lent performance in battery experiments by predicting the battery model parameters
with less 2% error. In conclusion, these two techniques can be used to identify the
model parameters on di erent current ranges and at di erent temperatures. C. Huang
et al. 2018 investigated the robustness analysis of the EKF and UKF for SoC estima-
tion under unknown initial SoC, current noise, and various temperature conditions.
A new model parameter estimation algorithm called multi-swarm particle swarm op-
timization (MPSO) is proposed to estimate the model parameters of the rst-order
Thevenin ECM. V; is de ned as the di erence between two consecutiveV;, which
is eventually expressed as the LPM. The model parameter®o, Rp, and C, are for-
mulated as an optimisation problem by minimizing the mean squared error between
the measured V; and calculated Y. W is calculated based onRg, Rp, and C,
previously calculated using the RLS method. The results show that the MPSO-based

method can accurately estimate the battery model parameters.
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2.2.2 State of charge estimation

The load current and the terminal voltage are the measurable signals in BMSs. How-
ever, the SoC is not a measurable signal. A reliable BMS must accurately estimate
the SoC using these measurements. The de nition of the SoC is the ratio of the re-
maining capacity to the maximum capacity (Plett 2004a). The SoC estimation is a
challenging task since di erent error sources may contribute to the error in the SoC
estimation. For example, the current input sensor measurement has a great in uence
on the SoC estimation accuracy and imprecise current sensor measurements cause
false SoC estimation. Another error source might be inaccurate model parameters
and the SoC-OCV characteristic if the SoC estimation algorithm is model based. The
operational conditions including ambient temperature have an impact on the model
parameters and the SoC-OCV characteristic. Therefore, SoC estimation algorithms

must be adaptive to the changes in the operational conditions.

In EV applications, a reliable SoC estimation prevents unwanted incidents including
running out of available energy due to the wrong estimation, and the explosion of
the batteries due to overcharging. An accurate SoC estimation provides the driver
with the optimal use of the battery pack in EVs. Thus, there is a wide variety of
SoC estimation algorithms grouped into two main groups: model-free methods and
model-based methods. Model-free methods include the OCV method (Piller et al.
2001) and the Coulomb counting (CC) method (Ng et al. 2009), (Z. Deng et al. 2016).
Model-based methods include the KF, the extended Kalman lIter (EKF), the uncented
Kalman lter (UKF), the fading Kalman lter (FKF), the cubature Kalman Iter
(CKF), the particle Iter (PF), the H-in nity observer algorithms (L. He et al. 2022),
(Ren et al. 2022), (Ali et al. 2022), (Adaikkappan et al. 2022), (Bian et al. 2020), (Zou
et al. 2014), and arti cial neural network (ANN) methods (M. A. Hannan et al. 2020).

Model-free methods:

Coulomb counting method

The CC method measures the battery's charging/discharging current and integrates
it over time to estimate the SoC (Ng et al. 2009). The main advantage of the CC
method is that it can be easily applied to any type of battery (J. Zhang et al. 2010).

However, it is not only sensitive to the unknown initial SoC value but also accumu-
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lates errors from the current measurement sensor over time because of the integration
process (Wadi et al. 2019). The CC technigue can be used to calculate an acceptable
SoC estimation when additional information is added, such as current sensor fault,
charge/discharge e ciency, and capacity degradation due to battery ageing. Never-
theless, regular calibration must be performed by conducting completely charged and
discharged scenarios, which limits its use in practice. Ng et al. 2009 proposed an
enhanced CC method. Their method eliminates the e ect of charge losses and takes
charging/discharging e ciency into account. In the proposed method, maximum avail-
able capacity is also calculated by a state of health estimation technique. In order to
remove the initial guess error, the initial SoC is calculated based orV; calculated

through a constant current constant voltage curve.

Open circuit voltage measurement method

In this method, the SoC is estimated based on the battery OCV since there is a one-to-
one nonlinear relationship between SOC and OCV. Thé/; is measured after the battery
reaches the equilibrium state where the battery's OCV is assumed to equal t&;. The
OCV measurement method provides accurate SoC estimations but it requires a look-up
table for the SoC-OCYV relationship (Farmann et al. 2015). Once the OCV is measured,
the corresponding SoC can be easily found from the look-up table. However, accurate
measurement of the OCV requires a long relaxation time in the range of hours and this
is not suitable for online applications (J.-N. Shen et al. 2019). Furthermore, the SoC-
OCYV relationship is assumed not to vary depending on the various temperatures and
di erent C-rates (the unit to measure the charging/discharging speed of the battery),

which is not realistic in practical applications.

Model-based methods:

The generic owchart of the model-based SoC estimation methods is shown in Figure
2.12. The standard KF has been developed for linear systems. When the dynamic
system is nonlinear, an additional linearisation of the system is required to implement
KF. This KF version is called the EKF and Zhi et al. 2017 developed an SoC esti-
mation algorithm based on the EKF. However, if the system's nonlinearity increases,
the linearisation approximation fails, which causes the failure of the EKF. In case of

high non-linearity, the UKF may be an alternative to the EKF by eliminating the lin-
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Figure 2.12: Flowchart of the model-based state of charge estimation method

earisation problem (Wan et al. 2001). However, the selection of the sigma points may
deteriorate the performance of the UKF (S. Liu et al. 2020). KF family algorithms
assume the measurement and system noises to be Gaussian noise. In case these noises
are non-Gaussian, the PF can be implemented for the SoC estimation (Tulsyan et al.
2016). If the goal is the reduce the modelling error, adopting an H-in nity lter could

be another solution (Z. Chen et al. 2021). The ANN methods are also used in SoC
estimation. Piao et al. 2010 developed a real-time SoC estimation method based on
ANN, which is validated by simulations and battery experiments. ANNs are math-
ematical models that can learn and recognise patterns similar to human brains. In
brief, these models manage to map the input to output based on interconnected neu-
rons with di erent weights. In SoC estimation based on the ANN method, the input
data include the load current, the terminal voltage, and the temperature. The output
signal is the SoC. ANN based SoC estimation algorithms are applicable to any battery

chemistry but it necessitates speci ¢ data set to train the battery model.

Considering all these advantages and disadvantages, Figure 2.13 shows that the KF
family algorithms are the most favored SoC estimation method based on the literature
results according to the Institute of Electrical and Electronics Engineers (IEEE) Data

given by Shrivastava et al. 2019.

The performance of the KF in SoC estimation is extensively investigated and di erent
approaches are proposed to upgrade it. To improve the performance of the SoC es-
timation accuracy, the combination of two di erent SoC estimation methods is used.
D. Liu et al. 2019 combined the deep belief network with the KF algorithm. T. Wu

et al. 2011 combined the CC method with the EKF algorithm. However, combining
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Figure 2.13: The percentage of commonly used SoC estimation algorithms by (Shri-
vastava et al. 2019)

two algorithms would increase the computational time and cost. Celikten et al. 2022
introduced a hybrid SoC estimation method combining the CC method and sigma
point Kalman Filter (SPKF) method. However, both methods do not run simultane-
ously. Therefore, the hybrid method reduces the execution time and complexity. The
SoC and the output voltage (V;) estimations start using the SPKF. The estimated V;
is compared to the measuredv;. Root mean squared error (RMSE) inV; is calculated
with a sliding window. In detail, the RMSE is calculated for each data for 60 s which
is called the window length. If the RMSE is less than 5 mV, the CC method is used
to calculate the SoC. For the next 60 s, the RMSE is calculated based on the esti-
mate from the CC method. If it is greater than 20 mV, the SoC estimation becomes
inaccurate and the SoC method is switched to the SPKF method. The inaccuracy in
the SoC estimation using the CC method is expected due to its open-loop structure.
The SPKF is more reliable and used to readjust the accuracy in the SoC estimation

because of its closed-loop structure.

Yuanmao Ye et al. 2022 proposed a new online model-based SoC estimation technique
for Lithium-ion batteries. The second order ECM based battery modelling is used due
to the high compatibility and low complexity. The SoC-OCYV relationship is obtained
oine by a battery test. The collected data is then curve-tted to the 6 ™ order
polynomial function. The extended stochastic gradient (ESG) method is adopted for
the parameter estimation based on a gradient search (Xiao et al. 2010). ESG method

propagates the parameter vector by the following equation:
ex
o=+ Tk (2.14)
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where | is the unknown parameter vector, i is the measured input vector,e is the
innovation and ry is the gradient coe cient expressed as follows:r, = r 1+ jj «kjj?
where the initial ro = 1 and jj jj is the norm of . The measurement equation is
written as follows: Vix = Vock I k- This measurement equation is then used in
the SoC estimation algorithm. The model parameters are rstly calculated using the
ESG method based on the initial values. Once the model parameters are calculated,
the parameter matrices are constructed to prepare the state estimation. The adaptive
EKF is then utilised to estimate battery states based on the online estimated model
parameters. The parameter estimation and state estimation algorithms are combined
into one closed-loop algorithm. The root mean squared error (RMSE) in the SoC
estimation under the dynamic stress test cycle is 1.96%. This work did not fully
consider the model parameters including the SoC-OCV nonlinear model parameters.
Therefore, it is not a fully online SoC estimation algorithm and it cannot be used in

practical cases.

Another approach to improving the performance of the KF algorithms is Ilter modi -
cation. The KF algorithms are modi ed to eliminate their disadvantages and improve
their performance in the SoC estimation. For example, L. He et al. 2022 introduced a
central di erence Kalman Filter (CDKF) for the SoC estimation. The rst and second
derivatives in Taylor expansion are replaced by the central di erence transformation

(CDT). The CDT is de ned as follows:

f(X)= f(X)+ D f + %szf (2.15)
where
_ f(x+h) f(x h)
D 4f = x 5 (2.16)
and
D2 f = 2l e+ f(x h) 2 (x) (2.17)

h2
where X is the state, x is the mean of the state,f is the nonlinear function, x =
x x and h is the half of the length from the central di erence that implies the
sigma points' distribution around the mean. The maximum SoC estimation error
is around 2%. The existing EKF-based SoC estimation error has similar estimation

performance so the proposed transformation technique does not increase the accuracy
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of the SoC estimation. However, the complicated derivations are avoided, which is one
of the disadvantages of the EKF. This modi cation allows the use of more complicated

nonlinear models for the SoC estimation based on the EKF.

Finally, the system uncertainties due to the battery model and sensor measurements
vary according to the operational conditions. Therefore, predetermined xed noise
parameters deteriorate the KF performance in SoC estimation. Z. He et al. 2020
proposed a new adaptive EKF for the SoC estimation that can track the system noise,
making it adapted to priori error covariance. The new method is based on the feature of
slowly changing Lithium-ion battery system parameters during the battery operation.
Therefore, it is proved that the priori state error covariance Py, 1 is convergent. Note

that Py 1 is de ned as follows:

Puk 1 =E[(Xk Rk )Xk Ry 1)'] (2.18)

where E is the expectation operator x (k) is the true state, Ry 1 is the priori estimated
state. AssumingPy; 1 as a constant is unrealistic in practice, which may deteriorate
the ltering e ect and lead to ltering divergence. However, the assumption is asymp-
totically e cient and used to estimate P;, ; based on a maximum likelihood method

and the innovation data set gathered from the initial time step to k 1.

In BMS, the estimated OCV can be transformed into the SoC through lookup tables.
An alternative approach is to shift between linear models, each linearly tted to the
corresponding region of the SoC-OCYV relationship. Haus et al. 2020 proposed a model-
adaptive EKF, which uses a single t with state-dependent coe cients but a higher-
order polynomial equation for the SoC-OCV relationship. This relaxes the Taylor-
based linearisation tool in EKF. The higher-order polynomial t has 3 coe cients to
be estimated. The coe cients of the polynomial equation are considered as states and
estimated by the KF. It is concluded that the SoC estimation is stable and proved
by the experimental results. Analysing the work of Haus et al. 2020 from a critical
perspective, the SoC-OCV relationship is modelled with a 11 degree polynomial
equation. This would increase the sensitivity of the model to small changes in the

states and would deteriorate the robustness of the algorithm.

In the majority of the SoC estimation problems, the model parameters are commonly
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assumed to slowly vary over time, i.e., k+1 k, Where is the model parameters
vector. The model parameter vector can be implemented into the state vector, and
it is jointly estimated with the battery states, i.e., X =[z V, ]". Beelen et al. 2021
collectively estimated the battery model parameters and SoC using EKF based on
a single-parameter tuning approach. It is found that the dynamic system becomes
unobservable or poorly observable when both the system input and the polarisation
voltage (Vp) become 0. Therefore, the robust-observer approaches cannot be used for
the joint estimation of the SoC and model parameters. This may prevent the SoC
estimate from converging. The joint EKF can be used as an alternative way on the
condition that EKF must consider cross-correlated noise and have a forgetting factor
to ensure that the state and model parameter is estimated based on recent data. The
forgetting factor is added to the KF steps. The tuning procedure of the forgetting factor
is as follows (Beelen et al. 2021): the algorithm execution starts with the forgetting
factor of 1, which implies "no forgetting”. Then, the forgetting factor is gradually
decreased until the algorithm reaches satisfactory performance in terms of the state
estimation error. The proposed method is validated using the battery experimental
drive cycles. When the system input and the polarisation voltage are zero, the battery
is in the steady-state resting. Therefore, the estimation of the battery SoC can be

directly calculated from the terminal voltage measurement.

Di erent ltering algorithms are utilised in SoC estimation. W. Xu et al. 2019 pro-
posed a multi-timescale SoC and state of energy estimator based on an H-in nity lter
that is a developed form of KF. It is very e ective to restrict the unknown input distur-
bances on the system output. The main goal of H-in nity ltering is to nd the linear

combinations of the states. The following standard linear discrete system is used:

Xk+1 =AkXk + Wk
Yk = CkXk + Vk (2.19)
k = LkXk
wherexy, Yk, Ak and Cy are the state vector, output vector, and nonlinear system func-
tions, respectively. wy and vy are the noises.  is a linear combination of states andL

is the matrix chosen by the user. The battery states are calculated at micro-timescale

whereas the slowly-varying model parameters are calculated at macro-timescale. This
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reduces the computational cost in BMS applications. The accuracy and stability are
dependent on the coe cient matrices which are dependent on the timescalel(s) of the
parameter identi cation. It is found that a small L reduces the parameter estimation
error by increasing the frequency of the parameter update. Although this is reported
in a positive context, the increases in computational cost are overlooked. More specif-
ically, the optimal value of L must be calculated according to the trade-o between
the computational cost and the estimation accuracy. Moreover, using the H-in nity
Itering, the predicted terminal voltage is found very close to the measured terminal
voltage by the battery experiment. Therefore, the model parameters and the states
are calculated with high accuracy. The SoC estimation error is within 1.5% under

dynamic loading pro les.

J.-N. Shen et al. 2019 introduced a joint moving horizon estimation (MHE) approach
to simultaneously estimate the model parameters and the battery states. The battery
is modelled as the rst order Thevenin ECM. The model parameters are modelled as
a polynomial function of SoC. According to the sensitivity analysis of the polynomial
coe cients, it is concluded that slight changes in the high-order polynomial coe cients
cause drastic variations in the model parameters, which may lead to an unstablé/
estimation. Additionally, the model parameters are of the same order of magnitude
as the constant terms in the polynomial functions. Thus, if these constant terms are
updated in real-time, it would be accurate enough to update the model parameters
in real-time. The state vector is augmented by adding the constant coe cients of
the model parameters. However, the battery model parameters are slowly changing
with time. They can be modelled as a constant parameter to reduce computational
complexity. Moreover, treating the parameters as a state increases the computational
cost. It is less costly to calculate model parameters before the execution of the SoC
estimation algorithm. This approach provides an update for the circuit parameters
that may vary due to the operational conditions and battery ageing. The optimal state
estimation is transformed into the maximisation of the conditional probability density
function through the Bayesian rule, which is an optimisation problem. The MHE is
used to solve the optimisation problem to prevent the increase in the computational

cost with the sampling time. The horizon length (L) is introduced and the time
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is the sampling time. The optimisation problem is solved according to this separation

of the sampling interval.

In practice, the system states may not be normally distributed due to the hysteresis
phenomenon. The complicated OCV characteristic may cause a nonlinear and non-
Gaussian error distribution of the states. This may restrict the use of the methods
derived based on the Gaussian distribution assumption of the states. Dong et al.
2019 proposed a novel method to estimate the SoC and the model parameters based
on a sequential Monte Carlo Iter (SMCF) and an auto-regressive exogenous model
(ARXM). The SMCF calculates the system states based on a set of random samples
with associated weights. In ARXM, the past input and output data are used to build

a linear model to be used in the current time (Jiang et al. 2020). However, each
battery has unigue model parameters and the SoC-OCV relationship. Calculating
these parameters and the relationship according to the previously collected data for
a speci ¢ battery restricts the use of this method for di erent batteries. The battery
model adopts a nonlinear voltage source to mimic the OCV characteristic. The ARXM
is utilised to mimic the battery's transient response. It is concluded that the proposed
algorithm can estimate the states under non-Gaussian noises. Ren et al. 2022 proposed
a forgetting factor dual particle Iter (FFDPF) algorithm for the SoC estimation. The
performance of the PF-based SoC estimation algorithm depends on the accuracy of the
parameter identi cation. In order to prevent the data saturation leading to large errors

in model parameters, a forgetting factor recursive least square method is introduced.
The performance of the FFDPF is compared to the EKF, UKF, and PF algorithms. In

all simulations, the FFDPF algorithm showed superiority in terms of SoC estimation

accuracy.

Rahimifard et al. 2021 modelled the Li-ion battery by utilising the third-order Thevenin
ECM. It is highlighted that the internal resistance Ry indicates the ageing and power
capability. Thus, R is the only model parameter taken into account as one of the state
elements to be estimated. The CC method is combined with a model-based technique
to eliminate the error sources in the CC method. The calculated SoC using the CC

method is treated as a measurement re ecting the current sensor measurement. The
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SoC bias is assumed to be a slowly-varying state and it is expressed as follows:
b — b
€1 = & T WeE (2.20)

where wg is a white noise. Therefore, the SoC measurement includes this bias as

follows:

S0Cnk = SoG + P (2.21)

The generic state space form is then de ned with the following state vector and mea-
surement signals:xx = [Vix Vak Vax SoCk Rox €2]™ and yx = [Vek S0Cmk]T. How-
ever, the other parameters includingRp and C, are equally important because the
measurement equation is the summation of terms calculated based on these parame-

ters. Therefore, only estimating Rg reduces the accuracy of the SoC estimation.

Eddahech et al. 2012 estimated the SoC of the Lithium-polymer cell using an ANN
based method. In their work, an ANN was used to consider the previous input signals
along with the current ones to calculate the SoC estimate, which is called a recurrent
ANN. The SoC-OCYV characteristic is dependent on the battery chemistry, operational
conditions, and battery ageing. Considering these factors in the model training, an
SoC estimation method based on an ANN is proposed by Grewal et al. 2001. A three
layered ANNSs is utilised to map the input data to the output signal. The ANNs are
trained using the back propagation algorithm by optimising the number of neurons
to estimate the SoC accurately. However, the back propagation algorithm may have
a local minima problem. To prevent this, Bo et al. 2008 trained the ANN based
on an evolutionary algorithm. Five di erent input data including the load current,
the battery terminal voltage, the battery terminal voltage rst derivative, the battery

terminal voltage second derivative, and the temperature are used.

There are several standard drive cycles to assess the performance of the SoC estima-
tion algorithms in EV applications. DST and HPPC cycles are widely used in the
performance assessment of the SoC algorithms (Hongwen et al. 2012). Hongwen et al.
2011 estimated the SoC using an ECM-based EKF. Additional RC brach is adopted
to increase modelling accuracy representing the concentration polarisation and the
electrochemical polarisation. The model parameters are calculated using a genetic al-

gorithm. DST and the federal urban driving schedules (FUDS) are used to evaluate the
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performance of the proposed technique. Xiaosong et al. 2012 presented a comparison
study of twelve ECMs for Li-ion batteries. The performance of each ECM is evaluated

using an HPPC test.

The SoC-OCV relationship

The majority of the model-based SoC estimation algorithms rstly calculate the OCV.
When the OCV estimate is available, the estimated OCV is converted to the SoC
estimate. The nonlinear relationship between the SoC and the OCYV is required for
this conversion. The nonlinear SoC-OCV relationship can be calculated by either bat-
tery experiments or real-time estimation methods. However, using an experimentally
calculated SoC-OCV relationship reduces the accuracy of the SoC estimation due to
its xed property. This relationship varies depending on the ambient temperature,
battery ageing, and the current rate. To capture these variations in the relationship,

the SoC-OCYV relationship must be either updated or constructed in real-time.

C. Chen et al. 2022 investigated the SoC-OCV characteristic of di erent batteries
considering di erent battery ageing, current rates, and temperatures. The results are
shown in Figure 2.14. It is observed that the shape of the curve does not signi cantly
change due to the battery ageing. The relationship is very similar between the SoC of
98% and the SoC of 8%. The maximum OCYV di erence at the same SoC value is less
than 2.3mV. The maximum OCV di erence in the same SoC range is 2.9 mV for the
di erent current rates whereas it increases to 7.6 mV due to the ambient temperature.
The greatest di erence in the OCV is observed among di erent batteries. When a
di erent battery is used, the maximum OCYV di erence in the same SoC range increases
to 10 mV. It is concluded that the SoC-OCV characteristic can be used as an indicator
of battery health. It is recommended that the e ect of the current rate, the ambient
temperature, and the inconsistency among di erent batteries should be considered in

the SoC estimation.

Yuan et al. 2022 investigated the e ect of the current rate on the SoC-OCYV relationship
conducting a battery experiment. In Figure 2.15, OCV1 indicates the OCV when the
battery is charged with 0.5A and 1A whereas OCV2 is the OCV under 2A of constant
charging current. Finally, OCV3 shows the OCV under 2A of constant discharging

current. It is observed that the battery OCV changes fast in low SoC regions whereas
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Figure 2.14: Variations in the SoC-OCV relationship depending on the battery ageing,
current rate, temperature and using di erent batteries by (C. Chen et al. 2022)

Figure 2.15: The e ect of current rate on the SoC-OCV characteristic by (Yuan et al.
2022)

it changes slowly in high SoC regions as the SoC changes. The OCV at the same SoC

is di erent at the charging and discharging cycles.

R. Zhang et al. 2018 investigated the e ect of the ambient temperature on the SoC-
OCV characteristic. The battery drop test is conducted at di erent temperatures and
the results are shown in Figure 2.16. When the ambient temperature is lower, the OCV
becomes higher or vice versa. However, this behaviour is not signi cant at high SoC
regions, i.e. SoC 90%. However, Z. Wang et al. 2022 expressed the opposite impact
of the ambient temperature on the SoC-OCV curve. As the ambient temperature
increases, the OCV at the same SoC increases as shown in Figure 2.17. The di erence
in the battery experiment results show that the real-time estimation of the SoC-OCV

relationship is required. The SoC-OCV data is curve- tted to the 5™ order SoC and
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Figure 2.16: Variations in the SoC-OCV characteristic with respect to the ambient
temperature by (R. Zhang et al. 2018)

15t order temperature polynomial function. J. Shen et al. 2021 modelled the battery

Figure 2.17: The SoC-OCYV variations at di erent ambient temperatures by (Z. Wang
et al. 2022)

OCV as a function of the SoC and the ambient temperature. They conducted a
battery experiment in a wide range of temperatures, i.e., from -20C to 60 °C. It is
found that the OCV decreases with an increase in the ambient temperature in low
SoC regions. However, this trend is the opposite in the SoC regions which is greater
than 60%. The maximum absolute error (MAAE) in SoC estimation is 1.75% under
laboratory conditions. However, this error would be greater in practice depending on
the variations in the SoC-OCYV relationship due to real-world conditions. As a result,

the battery can be overcharged or over-discharged. Choi et al. 2020 also investigated
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the temperature impact on the SoC-OCV characteristic. The experimental SoC-OCV
characteristics are determined in the laboratory using the HPPC cycle including 20
discharge pulses at the rate of C/10. The same procedure is repeated to completely
charge the battery as well. After completing these two cycles, the average of the charge
and discharge curves are calculated to consider the hysteresis characteristics. The
results indicate that the OCV increases as the ambient temperature decreases as shown
in Figure 2.18. The SoC-OCV relationship is dependent on many aforementioned
factors. Therefore, its online calculation is required to increase the SoC estimation

accuracy in practice.

Figure 2.18: The SoC-OCV characteristic depending on the ambient temperature by
(Choi et al. 2020)

Shuzhi Zhang et al. 2022 partially constructed the SoC-OCV relationship without
conducting a battery drop test. It is expressed that the di culty in the relationship's
construction is the calculation of the SoC. The SoC is calculated using the CC method
by neglecting the current drift. The battery's OCV is calculated along with the rst-
order Thevenin ECM parameter using the RLS method. When the SoC and OCV data
are available, the SoC-OCYV relationship is partially constructed around the sampling
point. The RMSE in the SoC estimation is calculated to be 0.63% when the fresh
battery is used. The RMSE increased to 1.02% when the aged battery is used in the

battery experiment. In practice, the error is likely to increase due to the CC method.
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Furthermore, this method is vulnerable to the current measurement noise and it always

requires the correct initial guess of the SoC estimate.

Long 2022 highlighted the di culties in the OCV drop test to acquire the SoC-OCV
relationship. It is expressed that the relaxation period of the battery to reach a steady
state is uncertain. Therefore, building the SoC-OCYV relation experimentally may be
erroneous. To prevent this, the OCV is estimated in real-time. The corresponding SoC
values are calculated using the CC method. The coupled SoC-OCV data are curve-
tted to the nonlinear model. The average SoC estimation error is 2.617%. However,
this error would be greater in practice due to the lack of initial SoC guess and noisy

current sensor measurement.

Siva Suriya Narayanan et al. 2022 utilised the machine learning (ML) technique to
construct the SoC-OCV relationship. The static SOC-OCYV relationship is built based
on experimental data at di erent temperatures using the proposed ML technique. 201
experimental data points are collected in total. 141 data points are used to train
the ML algorithm whereas 30 data points are used to test the algorithm. The other
30 data points are used to validate the algorithm. This work aims to eliminate the
error in the curve- tting techniques. The proposed method showed superiority over
existing techniques adopting di erent nonlinear functions. The SoC-OCV relationship
is unique for every battery. Therefore, constructing this relationship according to a
speci ¢ battery does not propose a general technigue that can be used for every battery.

Its application to practical cases is limited.

Jibhkate et al. 2022 used a rational polynomial function to model the SoC-OCV rela-

tionship. The function is expressed as follows:

Ni+ Noz + N3z2 + Nyz3
1+ Dqz+ Doz2+ D3z3

Voco(2) = (2.22)

the experimental data are curve- tted to the model to calculate the coe cients. In
order to assess the deviations in the coe cients, the battery's remaining useful life
(RUL) is used. As the RUL decreases, the OCV at the same SoC decreases at the low
SoC regions. The inverse function of (2.22) is calculated. It is plotted over the range

of RUL from 0%RUL to 100% RUL and changes in the coe cients are compared. The
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coe cients N4, D1, D2, and D3 remained almost constant whereadN 3 varied linearly
over the lifetime of the battery. N, and N, showed a reverse trend during the entire
range of the RUL. These coe cients are modelled by using a 2order polynomial
functions. The coe cient of these functions are calculated as a function of RUL. The
model is given in (2.22) now considers the changes in the SoC-OCYV relationship with
respect to the battery's RUL. The SoC-OCV curve estimation error is 3.4481% at 50%
of SoC, which is the maximum error observed in this work. It is concluded that the

error range is under the usable range.

B.-C. Chen et al. 2017 approximated the SoC-OCV relation with a local linearisa-
tion. The nonlinear SoC-OCYV relation around the operating point is constructed by
a straight line with 2 unknown modelling parameters. The linear relation is expressed

as follows:

@Y.

Voc = Voc(z ) + @z,

(z z) (2.23)

where z is the operating SoC point. The estimated OCV is converted into the SoC
value using this relationship. X. Chen et al. 2019 investigated the reconstruction
of the SoC-OCV relationship. The SoC is calculated using the CC method. The
OCV is chosen as one of the battery model parameters and estimated using an online
parameter identi cation algorithm. Once the OCV estimate is calculated, the SoC and
OCV couple data is curve- tted by the SoC-OCV nonlinear model that is chosen as

n" order polynomial function.

Figure 2.19: The SoC-OCYV variations for di erent batteries by (Han et al. 2014)

In Figure 2.19, Han et al. 2014 showed the di erence in the SoC-OCV curve for three
batteries manufactured from the same production line. Lee et al. 2008 explained

that each battery with the same capacity has a di erent SoC-OCV characteristic even
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though these characteristics are measured under the same conditions. In order to pre-
vent the variations in the SoC-OCV relationship, a new capacity concept is introduced
with respect to the OCV. The SoC is then recalculated based on the new capacity.
They choose the lower cut-o OCV value arbitrarily, i.e., 3.6 V. This voltage value

is used to calculate the new SoC-OCYV relationship for each battery. Each battery's

SoC-OCV characteristic shows similarities after the procedure is completed.

C.-S. Huang et al. 2021 investigated the observability problem when the slope of the
SoC-OCV curve is close to zero. The battery is modelled as the rst order Thevenin
model. The nonlinear SoC-OCYV relation is approximated by a piece-wise linear func-

tions: 2
aroz+ byoforzg z z;
Voc(2) = . (2.24)

aoz+ boforzi 1 z z

where a;., and ly., are the coe cients of the linear equation, i is the particular section
of the relation, o represents the charging or discharging regime of the battery. The dif-
ferent piece-wise linear functions for the same particular sections are used with respect
to the charging or discharging regime due to the hysteresis e ect. The coe cientsa;.o
and b., are continuously calculated. In the derivations, the subscripto is skipped for
the simplicity purpose. Firstly, the state space model of the rst order Thevenin model

is formulated as follows:

X = Ax + Bu
(2.25)
y=Cx+ Du
where
T
X= 'z V, ;s Y=V u=l
2 3 2 1 3
0 0 (2.26)
A=90 1 5 8=§%fic = 4 1:D=Ry
The estimation error is de ned as follows:
2 3
€;
e=97L=x «x (2.27)
&
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It is proved that the SoC estimation error is vulnerable to the slope of the SoC-OCV
curve. This dependence is prevented by replacing by V¢ in the state vector. The
estimated Vo is then used to calculate the coe cients. The results demonstrated that

the SoC estimation accuracy increased with the proposed method.

2.3 Current sensor noise & its estimation

In batteries, the input signal is the current measurement. Since it is a measured sig-
nal, it is corrupted by the sensor noises. The error in the current input is challenging
because the amount of noise may cause the divergence of the state estimations. There-
fore, the e ect of the current input noise must be investigated thoroughly and it must

be considered in the SoC estimations.

The error analysis of the SoC observer was carried out by P. Shen et al. 2018. The
second order Thevenin model is utilised to model a Lithium-ion battery. It is found
that the current measurement error is one of the error sources deteriorating the SoC
estimation. This error can be de ned as the summation of the bias error and noise
in the current measurement process. Thus, the true currentl can be expressed by
subtracting the bias noise and the white noise from the measured currertt, i.e.,| = I

vi where is the bias noisey; is the white noise. Using an appropriate feedback gain
is proposed to mitigate the SoC estimation error by claiming the voltage correction in
the update part can cancel out the error caused by the current measurement. However,

the voltage measurement equation is as follows:

where |4 is the current owing over Rp; for i = 1;2. According to the current

measurement equation, the error in the current measurement is directly added to
the voltage estimation therefore the di erence between the measured voltage and the
estimated voltage will be biased due to the error in the current measurement. This

leads to erroneous SoC estimation.

Y. Xu et al. 2020 proposed a dual Kalman Filter (DKF) algorithm to Iter the SoC
twice to reduce the current measurement error and battery modelling error. The DKF

based SoC estimation algorithm combines the Ampere-hour (Ah) counting method
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with the EKF. Another KF is used to suppress the estimation error by the EKF. The
SoC is initially estimated using the EKF depending on the di erence between the
measured output voltage and the model output voltage. This is to surpass the battery
modelling error. Secondly, the SoC is estimated and updated using the KF algorithm
depending on the di erence between the SoC estimated using the Ah counting method
and the SoC previously estimated by the EKF. The second estimation of the SoC is
to surpass the current measurement error accumulated in the Ah counting method. It
is found that the dual KF suppresses the current measurement error. However, the
standard KF is derived for the system with noiseless input. Since the current input is a
measured signal in the battery-powered systems, the standard Kalman Iter estimation
algorithm must be rearranged considering the noisy input current. Moreover, the error
in the current measurement is not explicitly de ned. Therefore, it cannot be claimed
that dual KF can reduce the error without de ning the type of the error since KF

derivation depends on the Gaussian noise assumptions.

The e ect of the current measurement accuracy on the state prediction error is high-
lighted by Tingting et al. 2011. They explained that the impact of the current mea-
surement error is re ected in the state propagation step. However, the current input
measurement is also used in the update equation. Therefore, it is expected to see the
impact in the update step as well. It is also found that the Gaussian white noise with
zero means does not a ect the results of the entire SoC estimation algorithm. However,
it is emphasised that the input current measurement has a current bias in practice. In
order to see the e ect of the current bias on the SoC estimation, computer simulations
are performed by adding the current bias to the current input measurement. The simu-
lation results show that the accuracy of the SoC estimation decreases with the increase
in the current bias. Similarly, Z. Wei et al. 2021 scrutinises the e ect of sensor noise
on the estimation of physical model parameters and SoC. The rst-order Thevenin
equivalent circuit is used to model the battery. The sensor noises are assumed to be
zero-mean, ergodic, and random. It is concluded that the solution of the LPM based
on the least squares technique is asymptotically biased due to the corrupted system
input and output measurements. The current bias is modelled as a constant in this
work, which is not a realistic bias modelling. There is no information about the bias

noise. Thus, modelling the bias noise as a random walk is a more suitable approach
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to tackle the current measurement problem.

Z. Liu et al. 2015 tested the e ect of the current measurement bias on the SoC es-
timation. The current sensor bias of 10 A was injected into the SoC estimation
algorithm in the middle of the simulation. Once the bias was added to the current
measurement, a signi cant deterioration in the SoC estimation was observed. Under
the faulty current sensor measurement, the SoC estimation error is out of the tolerable
range by 5%. It is concluded that this error may cause overcharging/over-discharging
of the battery in real-time applications. The EKF-based fault diagnosis algorithm was
proposed to prevent an error due to the current sensor measurement bias. The bias
noise is a random walk. Therefore, its magnitude cannot be limited to a certain value.

In practice, the error in SoC estimation can be greater than 5%.

J. Xu et al. 2016 estimated the current sensor fault by using the proportional integral
observer (PIO) based method. The current sensor fault is designed as the integral
of the di erence between the measured output and the estimated output, i.e., it is
expressed as follows:

o= Kiy 9 (2.29)

where f. is the estimated current sensor fault, y~is the output measurement, y* is
the estimated output, and K; is the integral gain. Once the current sensor fault
is calculated, it is subtracted from the current measurement to estimate the current
input. The estimated current input is then used to estimate the battery states. Firstly,
the proposed algorithm is tested for the scenario that the current sensor measurement
does not have the current sensor bias. The experimental result indicates that the SoC
estimation error is within 0.01%. Secondly, the current bias of 20 A is intentionally
added to the current measurement at 2500 s. However, the current fault estimator is
not used. The estimated SoC accurately traces the reference SoC before the current
bias is injected into the current measurement. After this point, the SoC estimation
diverges from the reference SoC and the error in the SoC estimation keeps increasing.
The latter scenario is then repeated by utilising the current bias estimator. The SoC
estimation error is less than 2%. However, bias modelling is not explicitly shown in
this work. Furthermore, the proposed algorithm is executed under a constant bias.

The performance of the algorithm is not tested with variable bias noise.
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Chun et al. 2016 developed a method to estimate the SoC without sensing the current
measurement. The method only uses the lteredV; measurements of each cells in the
battery pack. The current applied to the battery is estimated by using the Itered V;.
The simple RC battery model is adopted to model the battery. Its Vo is calculated

based on the speci cations given by the manufacturer as follows:

Voc = (2.30)

whereC,, is the nominal capacity given by the manufacturer and the SoC-OCYV relation
is also given by the manufacturer. Therefore, the estimated current and estimated SoC
are expressed by the followings:

Mi(k) W(k 1)
R

fky=@1 fs) Nk 1) (2.31a)

Mk
C

n

2k) =2(k 1) t (2.31b)

wherefg = t=( t+ RC) is the smoothing factor, R is the resistor, C is the equivalent
capacitor and t is the sampling time. The proposed algorithm is validated by a
battery experiment. In the battery experiment, the current estimation error is around
+5 mA and the error in the SoC estimation is within 3%. However, the current
estimation model is built based on the simple RC battery model. This battery model
is not good enough to capture the transient response of the battery under dynamic

loading. Therefore, it cannot be applicable to practical applications including EVs.

Lin 2018 analysed the SoC estimation error due to the sensor noises. The sensor is

modelled by taking into account the bias and the variance as follows:

Mk = Ik R (2.32)

where | is the current bias and | is the random noise identically distributed with
zero mean and constant variance. | is assumed to slowly vary over time. The least-
square estimation method is de ned to minimise the residual between the measured
V; and estimated X;. The partial derivative of the residual with respect to the SoC is
equalised to zero and solved for SoC. This yields the estimated SoC. However, a more

realistic approach is to model the bias noise as a random walk. In this case, the bias
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noise is expected to change fast.

Hong et al. 2022 highlighted that the accuracy of the BMS is dependent on the precision
of the sensors and the state estimation algorithms. It is also added that the biased
sensor data is possible due to the malfunction of the sensors and communication errors.
The current sensor bias reaches up to 2% according to the actual EV experiments.
Mohammadi 2022 expressed the current input measurement as the summation of the
actual current input and the current input uncertainty. It is noted that the actual
current ows from one battery's terminal to the other one and the current uncertainty

is a fault in the measurement process.

Yan et al. 2013 designed an improved fuzzy adaptive KF to estimate the SoC of EVs
working under poor sensor measurements. The Iter monitors the variations in the
residual, utilises its mean and variances as an input of the fuzzy controller and nally
adjusts the weight of noises using fuzzy logic. This reduces the estimation error in
SoC in real-time. However, the system noise and the measurement noise are assumed
to be zero mean white noise, and the proposed method only updates their statistical
properties. In practice, current measurement is corrupted by two stochastic noises,
i.e., white noise and bias noise. Therefore, considering the bias noise in the current
measurement would be a more realistic approach for SoC estimation for EVs. Y. Wang
et al. 2021 investigated the e ect of the current sensor accuracy on the SoC estimation.
The results show that the error of the current sensor must be controlled within 4% to

maintain the SoC error within 5%.

2.4 Discussion

This chapter undertakes the literature review regarding the battery modelling, the
model parameter identi cation methods, the SoC estimation methods, the SoC-OCV
curve construction and its variations, and the current sensor measurement noises.
The most common battery models are discussed and the most suitable one is chosen
comparing their reliability and applicability in practice. A reliable battery model
should have low complexity yet be able to describe the battery dynamics. Various
battery technologies including lithium-ion battery technologies use and adopt Thevenin

ECMs for real-time utilisation. To prevent large matrix operations, the rst-order
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Thevenin ECM is a good candidate to accurately represent the battery dynamics.

The ECM consists of basic circuit elements including resistors, capacitors, and voltage
sources. The majority of SoC estimation algorithms are based on a battery model
whose parameters are initially unknown. This implies that a parameter identi cation
procedure is necessary to prepare the model for SoC estimation. The battery model
parameters can be identi ed through either oine or online methods. The oine
parameter identi cation method is a heavily laborious experimental task. Although a
set of batteries can originate from the same production line, deviations in parameter
values between these batteries are natural. Thus, the experiment has to be conducted
for each battery. Moreover, the experimental conditions and battery ageing also a ect
the parameter values. These aforementioned reasons make the model parameters need
to be updated in real-time. Therefore, the online parameter estimation is the only
appropriate way to estimate model parameters. There are di erent approaches to
estimating the model parameters online. The RLS methods are commonly used in the
literature. However, the convergence and the stability of the proposed RLS techniques
have not been guaranteed. An alternative to the RLS-based parameter estimation is
the adaptive law-based method. This method guarantees the convergence and stability
of the parameter estimation based on the Lyapunov stability theory. Consequently,
the adaptive law-based parameter estimation method is found more appropriate in the

model parameter estimation.

The nonlinear SoC-OCV relation is used to map the OCV to its corresponding SoC
value. The SoC-OCYV relation could be obtained through an o ine method or an online
method. Similar to the parameter estimation, the SoC-OCV relationship is unique
for a specic battery used during the test and cannot apply to di erent batteries.
Furthermore, it is vulnerable to a change in the operational conditions and battery
ageing. For example, an increase in the ambient temperature either increase or decrease
the OCV at the same SoC for di erent batteries. Therefore, empirical modelling of
the SoC-OCV curve would provide an erroneous SoC-OCV relationship in practice.
This error is directly re ected as an error in SoC estimation. Therefore, real-time
construction of the SoC-OCV relationship is required. This increases the accuracy
in the SoC estimation considering the variations in the SoC-OCV characteristic and

di erent battery types.
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The current measurement is corrupted by the current bias and the white noise. The
impact of these noises is considerably dierent. The white noise does not have a
signi cant e ect on the SoC estimation error. The EKF can accurately estimate the
SoC based on the current sensor measurement with random white noise. However, it is
found that the current bias signi cantly increases the error in the SoC estimation. In
the literature, the majority of available SoC estimation algorithms do not realistically
consider the bias noise in the current input measurement. For example, most of them
consider a constant current bias noise, which does not re ect the actual bias noise
characteristic. Moreover, it is commonly concluded that the KF can estimate the SoC
under noisy current input measurement. However, the bias noise has a random walk
characteristic and it may reach large values. In the case of larger bias noise, the KF
is expected to fail. Therefore, the development of a more realistic SoC estimation
algorithm is required taking into account these two current measurement noises with

a correct current sensor modelling.

The standard KF has been widely used in many engineering applications due to its
simplicity and powerful estimation ability, especially for linear systems. The EKF and

UKF are developed for nonlinear systems based on the idea of the standard KF. The
KF provides an accurate estimation when the input signal is noiseless. In literature,
the majority of the SoC estimation algorithms are based on the standard KF without

considering the current input measurement noises. In battery systems, the current
input measurement is corrupted by two sensor noises. Therefore, the standard KF
is expected to provide unreliable SoC estimation. To increase the SoC estimation

accuracy, the standard KF needs to be modi ed based on the current sensor model.

There are still gaps in the real-time SoC estimation algorithms. Firstly, more realis-

tic SoC estimation algorithms have to be adaptive to the changes in the operational
conditions and battery ageing. Therefore, the model parameters and the SoC-OCV
relationship have to be calculated together in real-time using robust estimation algo-
rithms. Secondly, the current sensor bias has a signi cant e ect on the SoC estimation

error. Thus, the current input measurement needs to be corrected by estimating the
bias noise modelled as a random walk. Considering the noisy current input requires
the modi cation of the standard KF. Therefore, the standard KF algorithm must be

modi ed based on the current sensor model.
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Chapter 3

Battery modelling and

parameter identi cation

Battery models are used to re ect the battery's dynamic behaviour. An appropriate
battery model should be chosen according to the trade-o between the computational
cost and model accuracy. Adopting a battery model requires the identi cation of the
model parameters that change slowly with time. Therefore, these parameters need to

be calculated online.

This chapter introduces the rst-order Thevenin ECM. It summarises the battery
model parameters identi cation method based on the adaptive law and its stability
analysis. Additionally, the battery test rig is introduced, which is designed to validate
the battery model and the preferred parameter identi cation method. Finally, sim-
ulation and experimental results are presented along with a discussion regarding the

battery model and the proposed parameter estimation method.

3.1 Battery modelling

The essential strategy used for selecting a suitable battery model is as follows: the
potential candidate should accurately simulate the charge/discharge process and dy-
namic response of the battery with a minimum computational cost. The rst order
Thevenin model given in Figure 3.1 robustly mimics the dynamic behaviour of the

battery. It also associates the OCV with the SoC using a nonlinear SoC-OCV charac-
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Figure 3.1: ¥ order Thevenin battery model

teristic. Besides, it reduces the calculation e ort compared to the high order Thevenin
models. Consequently, the rst order Thevenin model is used to model the battery in

this work.

Firstly, the relationship between the load current | and the terminal voltage V; is
required. It can be calculated by distributing | to the RC branch components. Based
on the Kirchho 's current law:

I = la+ lp (3.1)

where | 5 is the current ows over Rp, and |y, is the current ows over C,. The polari-

sation voltage V, across the RC branch is obtained by the Ohm's law as follows:

The di erential equation of the voltage across C;, is given by

dVC _ Ib
@ o (3.3)

As Cp and R, are connected in parallel, the voltage acros®R, (V,) and the voltage
acrossCy (Vc) are equal to each other, i.e.,V; = V,. Rearranging (3.2) and (3.3)

substituting into (3.1) yield the continuous-time dynamic equation of V,

Vo= —+ (3.4)
where (9 = d()=dtand = R,C,. Divide both sides of (3.4) by Rp
I I

la= 2+

(3.5)
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Equation (3.5) is the governing di erential equation for |5 and it re ects the battery's
polarisation behaviour depending on variations inl . The terminal voltage V; is given
by

Vi=Voc IR0 Vp (3.6)

where Ve = f (z) and f (2) is the SoC-OCYV function, which is known to be a nonlinear
function. Equations (3.5) and (3.6) de ne the voltage-current characteristic of the

battery.

The OCV is assumed to vary slowly therefore the dynamic equation for the OCV is

approximated by

Ve O (3.7)

Discrete-time expressions of (3.5), (3.6), and (3.7) are of the form:

Ia;k+1 = | ak + (1 )| K (38&)

Vock+1 = Vocik (3.8b)

Vik = Vock  1kRo  Vpik (3.8¢)

where ()i is the k" sample of (), = e ¥ ,and tis the sampling time for the

discrete-time equations.

For the SoC estimation, the nonlinear SoC-OCYV relationship,Vyc = f (2), needs to be
identi ed to convert the estimated OCV to the SoC after the OCV estimate is available.
To prepare the battery model for the SoC estimation, the nonlinear relationship and
the model parametersRo, Rp, and C, must be calculated rst. The following section

introduces the identi cation method of the model parameters.

3.2 Model parameter identi cation

As it is highlighted in Chapter 2, the battery model parameters can be identi ed by

two fundamental methods; o ine method and online method. These parameters vary
depending on the operational conditions including temperature and battery aging.
Hence, parameters calculated using the oine method are constant values and they
do not adapt to changes in the operational conditions. This disadvantage leads to

erroneous identi cation of model parameters for di erent operational conditions. The
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error in the estimated parameter may cause large errors in the SoC estimation. On-
line methods are more suitable to identify and update these parameters in real-time.
Therefore, an online parameter identi cation method is adopted in this work. The

online parameter estimation of the battery model parameters includes the following

three steps:
1. Derivation of the linear parametric model
2. Setting up the estimation model

3. Presenting the convergence condition

3.2.1 Linear parametric model derivation

The above three steps are followed in order to derive the online parameter estimation
algorithm. First of all, the LPM form of the battery model needs to be derived. The

one sampling step di erence of (3.8c) can be used to derive the LPM.

Discretise (3.4)

Vp;k+1 =V pik + (l )Rp| K (3.9)

Rewrite (3.8c) for stepk +1

Vik+1 = Vock+1 Vp;k+1 Rol k+1 (3.10)

Substituting (3.9) into (3.10)

Vik+1 = Vociks1 V bk (1 )Rp| k Rolk+1 (3.11)

Rearrange (3.8c) forV,x and substitute into (3.11)

Vik+1 = Vik  Rolksr +[ R o+( 1Rp] 1k
(3.12)

+ Voc;k+1 \ ock

De ne

Vt;k+1 = Vt;k+1 Vt;k (3-13)
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Substitute (3.12) into (3.13) for k and k + 1 sampling time

Vik+1 = Vik Rol k+1 + % Ik

+ Voc;k+1 Voc;k (3-14)

where ( )k+1 =( )k+x (Jk @and %= R o +( 1)Rp. Voc is known to vary slowly
compared toV;, and the change inVy¢ is assumed to be negligible during the sampling

interval (H. Chaoui et al. 2017). Equation (3.14) is approximated as
Vik+1 =  Vek  Ro ks + % Ig (3.15)
and it is written in a linear parametric model as follows:
Yk+1 = 1k-+1 k+1 (3.16)

where
T

K+l = Ro % (3.17)

which is the unknown to be estimated, and the state vector is given by

Once the estimation, Ak+1, is available, the parameters in the model are obtained by

2
Ro= " (3.19a)
A@) A1)
+ R
Rp = '“1—/\(‘1;10 (3.19b)
1 k+1
t
ép =5 (319C)

0]
Rplog "k

where () for i = 1; 2; 3 is the i element of (). As the terminal voltage is mea-
sured, the terminal voltage di erence is obtained from two measurement samples. The

measurement equation for the parameter estimation is de ned by

Ye+1 = Vek+1 t €1 (3.20)
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where g¢+1 is the measurement noise.

3.2.2 Online parameter estimator design

In this section, we summarize one of the standard parameter estimation algorithms
(loannou et al. 2006). The majority of the dynamic systems are continuous-time sys-
tems, which are represented with continuous-time expressions. However, the measured
signals are in discrete time. Therefore, the implementation of the online parameter
identi cation algorithm needs to be in discrete time. Consequently, the online parame-
ter estimation algorithm can be derived based on the continuous-time system equations

rst, and then it can be transformed into the discrete-time version.

Consider a system de ned by the following algebraic equation

y= T (3.21)

where (1), y(t), and (t) are the input vector, the output scalar, and an unknown
parameter vector, respectively. Note that (t) and y(t) are measured signals and (t)

is to be calculated at each time step.

This section attempts to derive a recursive online method to calculate . It is therefore
necessary to estimate the output using an equation based on the input signals and the

estimated parameters. The estimate of the output is given by

90 = " () (1) (3.22)

where “(t) is the estimate of (t). Now the estimation error in the output can be

calculated as follows:

=y g=y ™ (3.23)

Substitute (3.21) into (3.23)
=7 Ao (3.24)
where ~ = * . Minimizing the cost criteria of  with respect to " yields the

di erential equation to generate ". The following quadratic cost function is a common
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choice:

a2 Y
M= 5= —5— (3.25)

Assume that " is the estimate of at instant k. Then the gradient of J(*), 5 J(")

at “r+1 is approximated by the Taylor's series expansion.

53("%1)'5 30+ 25 IMis, Ner (326)
Solving (3.26) for * = "\41 by setting the right hand side of (3.26) equal to zero

provides "1 of atk+1,ie.
k1 =k H Y5 I (3.27)

whereH (") = @5 J(") = 523(") refers to the invertible Hessian matrix. Note
that J is continuously di erentiable function, i.e., all rst and second order partial
derivatives of J exist for each and all are continuous function of . The Hessian of

J( ) is de ned to be 3-by-3 symmetric matrix as follows:

@i()

2.4 /A
>0 Fhen .,

(3.28)
where @J( )=(@ V@ 0)) is the i™ row and j column element of the Hessian. A
domain S is a convex setif forall ); )2 sand#2[0;1],# OV +@ #) )2s.

Furthermore, J is convex over the domainsS if the following is satis ed:
J#W+a O #w O +a #nH O (3.29)

If the above condition is satis ed, the Hessian ofJ is said to be invertible. Assuming
(t) as a di erentiable function in continuous time, the continuous version of (3.27)

can be developed by taking the time derivative of5 J ("(t)) as follows:

d A @ AN AN

— = — —=H — .

clt5 J( (1) ;SJ( ) ) (3.30)
If ~is chosenas~= H 1(")5 J(") where is a positive-de nite matrix, the time
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derivative of 5 J (A(t)) can be written as follows:

d N _ N
G2 ICm= 530" (3.31)
or
5J("@)=e W5 3" (3.32)

For > 0,itisclearthat e (t ') partof (3.32) implies that this solution will converge
totherootof 5J =0ast!1 |, if the solution exists for 8t to 0. Note that 5J

is equal to zero at any global minimum , i.e.,

5J( )=0 (3.33)

The recursive scheme fof" is now obtained, which can be written in a general form as

follows:

53JM=(y ") = (3.34)

where is a positive-de nite adaptive gain matrix. The discrete-time version of (3.34)

is in the form of :

“rr = Kt kel ke (3.35)
where
T
kel = Vel ko kel (3.36)

Equations (3.35) and (3.36) describe one of the standard online parameter estimation

algorithms (loannou et al. 2006).

3.2.3 Stability analysis using Lyapunov method

The stability analysis of the adaptive law based parameter estimation is summarised
in this section (loannou et al. 2006). The stability properties of (3.34) can be analysed

by de ning the continuous-time parameter error, i.e.,

==% _= - (3.37)
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where the true parameter is assumed to be constant, therefore,—= 0. Rewrite (3.37)

as follows:
== (3.38)
The error is de ned as follows:
=T Ao ST o T (3.39)
The following function is selected as the Lyapunov function:
T 1~
V()= (3.40)
2
Take the time derivative of V(™)
~ _ ~T _ 2
\L(7) = = <0 (3.41)
In conclusion, V (t) has a limit becauseV > 0 and\. < 0, i.e.,
tIlilm V[IT(t)]=WV1 <1 (3.42)

Stability means that the initial ¢ approaches the equilibrium point and always remain
close to the equilibrium point. However, this does not imply that ™ converges to .
The su cient and necessary condition for this convergence is that the input signal

must be persistently exciting (PE).

The input signal is PE if it satis es the following (loannou et al. 2006):

z

to+ To
() T(hdt  oTol (3.43)

to

for 8tg 0 and for some o & Tp > 0. Under the PE input signal, the model

parameters converges to their actual values.

This parameter estimation method is commonly called the adaptive law in literature
(loannou et al. 2006). It is important to highlight that the design of the adaptive
law ensures the stability of the adaptive estimator. The combination of an online

parameter estimation algorithm based on the adaptive law and the state estimation
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algorithm may be considered as an adaptive state estimator.

3.3 Simulations

This section describes the parameter estimation simulation based on the adaptive
law. Di erent types of dynamic loading conditions are simulated to assess the per-
formance of the proposed algorithm. For this purpose, four di erent current input
pro les including standard cycles DST and HPPC, constant-current discharge pro le,
and sinusoidal-current discharge pro le are used. The capacity of the simulated battery
is 0.85 Ah. The adaptive gain matrix is set to di erent values for each current input
pro le. It is adjusted according to the frequency of the input current and its values for
each simulation are given in Table 3.1 in whered 3 is the 3-by-3 identity matrix. For
example, the current input pro le with the higher frequency requires using a smaller

. This is because the input signal excites the system better with high frequency. As
a result, the estimated parameters converge to the actual parameters faster. However,
the adaptation speed (the rate of change inﬁ) decreases with time and eventually
approaches zero. The time interval between two sampling points is 0.01s. The mea-
surement noise variance is 0.1 for both the load current and the terminal voltage. The
battery's initial SoC is 100% in every simulation and it is completely discharged at
the end of each simulation. Note that the standard DST cycle initially charges the
battery for 7 seconds. Only in the DST cycle simulation, the initial SoC is 99.95% not
to overcharge the battery. The time duration to complete each simulation is di erent
due to the di erent charge/discharge rates and pro les. For simulation purposes, the

battery has the following true model parameters:
T T
= Ro % = 099 01 0:2960 (3.44)
The initial values for the parameters are chosen as follows:
T T

0= o Rgo % = 05 001 0:01 (3.45)

where initial parameters are intentionally chosen with large errors to assess if the

parameter estimation algorithm is dependent on the initial value.
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Table 3.1: The adaptive gain, , for each simulation scenario

Current input pro le in the simulation

CC discharge 5004% 3
Sinusoidal discharge 1004 3
HPPC 0.1513 3

DST 0113 3

3.4 Results

The following results show that the adaptive law-based parameter estimation algorithm

can accurately determine the battery's parameters for various charge/discharge rates

and pro les. One of the main ndings from the simulation results is that increasing
increases the rate of parameter convergence and reduces the impact of the current

input frequency on the parameter convergence speed.

Figure 3.2: ECM model parameter estimation results under 1C constant current dis-
charge

Figures 3.2, 3.3, 3.4, and 3.5 illustrate the convergence of the battery model parameters
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under di erent charge/discharge current proles. The convergence time is slightly
di erent for each current input pro le due to using di erent and di erent input signal
frequencies. For example, parameters converge almost instantly within 10 seconds
under a constant current discharge pro le as shown in Figure 3.2. This is because

is set to a large value. The estimation ofRg exhibits a persistent trend of around the

actual Ro. On the other hand, R, uctuates due to the noisy input current.

Figure 3.3: Physical parameter estimation results under sine discharge

Using a large increases these uctuations in Rp. The reverse trend is observed in
Cp compare to Rp. The reason for this is that the battery's time constant persists
to stay constant throughout the whole simulation. Thus, C,, decreases to compensate
for the increase inRp or vice versa. The optimum can be chosen considering the
trade-o0 between tiny uctuations and the time duration required for the parameter

convergence.

When the sinusoidal current input is applied to the algorithm, the convergence time
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Figure 3.4: Physical parameter estimation results under HPPC current pro le

does not change signi cantly as shown in Figure 3.3. Even though is reduced, the
convergence time is almost the same due to the higher frequency of the sinusoidal input

pro le. Moreover, uctuations due to the noisy current input almost disappeared.

The trend in the input current pro le is softly re ected in the estimated Rp. Decreasing
may prevent the estimated R, from having the same trend as the input current.

However, this would make the initial convergence time longer.

Figure 3.4 shows the parameter estimation results under HPPC current pro le. When
the input current pro le is switched to more complicated pro les similarly to HPPC
and DST cycles, is signicantly reduced. Therefore, sudden uctuations and sig-

ni cant re ection of the current pro le trend in estimated parameters are avoided.
Furthermore, the input current frequency is greater in these simulations, therefore
adopting a lower would not signi cantly a ect the convergence speed. Although

is 1.5 times greater in the HPPC cycle than that in the DST cycle, the convergence
speed is higher under the DST cycle as shown in Figure 3.5. This is also explained by

the input current frequency. Hence, it can be concluded that the input with a higher
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Figure 3.5: Physical parameter estimation results under dynamic stress test

frequency increases the parameter convergence speed.

3.5 Battery experiment

Figure 3.6 shows a battery test rig with three DC motors powered by a fresh LiPo
battery whose capacity is 1 Ah. During battery operation, | and V; are the measurable
signals and they are acquired via NI 9505 and NI 9215 devices. CompactRio is the
microprocessor used in the test rig. A graphical user interface is designed on LabVIEW
software to control the speed of DC motors. Using a constant-current constant-voltage
mode, the battery has been charged via the commercial battery charger. The charger
can also discharge the battery under a constant current. In order to prevent electrodes
from being overcharged, a 8.4V upper cut-o voltage is set. In the same manner, when
the terminal voltage reaches 6.4V, the battery is considered fully discharged. The

room temperature is at 25 C 3 C and remains constant during the experiment. The
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Figure 3.6: Battery test rig

motor speed is set to 50 rpm (revolutions per minute) and it remains constant during

the experiment. Data is saved every 0.01 seconds.

Figure 3.7 shows the experimental results of the parameter estimation algorithm. The
model parameters of the actual battery converge fast. The internal resistanceRg
almost remains constant during the experiment. However,R, slightly decreases until
the moderate SoC regions, and then it starts increasing. In low SoC regions, it increases
drastically as the SoC decreases. Similar to the simulation resultsC, has the reverse

trend to balance the battery's time constant.

To sum up, the model parameter identi cation algorithm based on the adaptive law
is a reliable candidate for SoC estimation since its stability is proved in the sense
of Lyapunov stability. Furthermore, the PE input guarantees the convergence of the
model parameter to their actual values. The results indicate that the adaptive law-
based parameter identi cation method can be implemented to accurately calculate

battery model parameters in practice.
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Figure 3.7: Battery model parameter estimation results by a battery experiment

3.6 Discussion

This chapter provides the details of the rst order Thevenin ECM and the designing
procedure of an online parameter estimation algorithm based on the adaptive law. It
also explains the design of the battery test rig. The rst-order Thevenin ECM is widely
used in practical applications including EVs. It successfully mimics the polarisation
characteristic of the battery by adopting a parallel RC branch. The battery model is
validated by the battery experiment. In order to design an online parameter estimation
algorithm, the battery model is rstly converted into the LPM form. This allows us

to build an online parameter estimation algorithm by correcting the estimated param-
eters based on the di erence between the measured output and the estimated output.
The adaptive law-based parameter identi cation method is designed to estimate the
battery model parameters in real-time. The designing procedure also includes the sta-
bility analysis of the parameter identi cation algorithm based on the Lyapunov direct

method.
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The stability analysis shows that the proposed method guarantees that the estimated
output converges to the measured output. However, the convergence of the model
parameters to their actual values can be guaranteed only if the system is persistently
excited by the input signal. In most of the practical situations, the input vector is
PE if the battery is charged or discharged. In detail, the measured usually carries
su cient information to the parameter estimation algorithm. Therefore, the model
parameters usually converged to the actual values in the simulations. However, the

convergence speed varies depending on the current input pro le and .

In conclusion, the proposed battery model and the parameter identi cation method
are validated by the simulations and the battery experiment. Simulation and exper-
imental results show that the rst-order Thevenin ECM can accurately re ect the
battery dynamics. The results also demonstrate the e ectiveness of the online param-
eter estimation algorithm under noisy sensor measurements. Especially, if stability
is the requirement to meet in any state estimation algorithm, the adaptive law gains
more importance to calculate the model parameters. The rst-order Thevenin model
with the adaptive law-based parameter estimation algorithm can be used for the SoC

estimation algorithms in real-time applications including EVs.
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Chapter 4

The SoC and OCV Relationship

A relationship between the SoC and the OCV is essential for all ECM-based SoC esti-
mation algorithms. This relationship must be prede ned to execute the SoC estimation
algorithm. It is challenging to de ne an accurate relationship because the relationship
changes due to operational conditions, battery ageing, and battery hysteresis. Battery
hysteresis is a complex phenomenon that causes OCV voltage di erences between the
charging and discharging cycles. Battery ageing and the ambient temperature signi -
cantly a ect the SoC-OCV characteristic. Despite the relationship is a ected by these
aforementioned factors, it is commonly obtained by an o ine SoC drop test. After SoC
and OCV data points are collected, the nonlinear model is determined by applying a
curve tting to the data. The most widely used nonlinear model is the polynomial
function, but there are other types of functions used to model the relationship. For
example, a combination of a linear function, a power function, and a logarithmic func-
tion is proposed to describe the OCV model by Plett 2004b. Rui Xiong, Sun, et al.
2013 modi ed Plett's SoC-OCV model by adding a polynomial function. Tong et al.
2015 proposed another SoC-OCV model by removing the power functions from the

model proposed by Plett 2004b.

The nonlinear SoC-OCYV relation is commonly assumed to be known and is used to
map a value of OCV to its corresponding SoC value. However, the true SoC-OCV
relation changes due to battery ageing and temperature change. This dierence is
directly re ected as an error in SoC estimation by Zheng et al. 2018. Similar to the

parameter estimation, the SoC-OCYV relation could be obtained through an experimen-
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tal procedure explained by Shehab EIl Din et al. 2018, which is vulnerable to a change
in operational conditions. The e ect of the SoC-OCV model and characterisation tests
on the accuracy of SoC estimation is investigated by Knap et al. 2021. Di erent types
of tests are performed to acquire the SoC-OCV characteristic depending on various
operational conditions. Nonetheless, this relationship can only be applied to a specic
battery and condition used during the test. The SoC-OCV curve at di erent tempera-
tures is identi ed o ine and mapped by using the polynomial electrochemical equation
by Shu et al. 2020. The equation does not consider the e ect of battery ageing on the
SoC-OCV curve, which deteriorates the accuracy of SoC estimation eventually. Song
et al. 2019 obtained the curve by sorting the estimated OCV according to SoC calcu-
lated using the CC technique. However, it is expected that the accuracy of the curve
decreases with time since the CC technique stores the error at each calculation step.
Dewangga et al. 2018 modelled the relation by using piece-wise linear functions and
it is assumed that the SoC-OCV relation is xed, which does not take into account
the changes in the true relation. We propose an adaptive estimation algorithm for the
SoC with a new nonlinear SoC-OCV curve. The algorithm estimates the parameters
describing the SoC-OCV curve based on the battery boundary conditions and current
measurement. Unlike other algorithms, the proposed method does not require hybrid
methods and high experimental labour. In our work, the average SoC estimation error
is calculated as less than 1.53% in computer simulations and 2.48% in battery exper-
iment. To the best of the authors' knowledge, these results show superiority over the

results in the literature.

The error in the curve tting or the error due to the change in the actual relationship
degrades the SoC estimation accuracy. These foreknown error sources can be mitigated
by estimating the nonlinear relationship in real time. This chapter introduces a novel
technique to obtain the relationship online. Thus, the estimated SoC-OCYV relationship

considers the changes in operational conditions, battery ageing, and battery hysteresis.

4.1 The SoC-OCYV relationship modelling

A novel online method is proposed to establish the SoC-OCYV relationship in real-time.
The proposed method obtains the SoC-OCV relationship by establishing a param-

eter estimation problem. Firstly, the OCV estimation is required for the real-time
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SoC-OCV curve construction. Therefore the KF based OCV estimation algorithm is

introduced in the following section.

4.1.1 OCV Estimation Using Kalman Filter

As OCV slowly varies in most of the practical cases, it is assumed to be a piece-wise
constant, hence

Vocik+1 = Vock + Wiy ik (4.1)

where Vyc is the OCV, wy, k is the zero-mean Gaussian random process noise. The

propagation of the current, 14, is given by

lak+1 = “klak + (1 M) T+ Wik (4.2)

1 : : _
where *\ = ’\ﬁ ), Wi,k iS the zero-mean Gaussian random process noisavy,,x and

w,k are independent to each other. Equations (4.1) and (4.2) are the governing

state-space equations. The measurement equation is given by
Vik = Vock Ia;lep IleO + Vyik (4.3)

where Vi« is the measured terminal voltage,l x is the charging or discharging terminal

current at k-th sample and vy is the measurement noise. In a compact form,

Xk+1 = AkXk + BiUk + Wy
(4.4)

Yk = CkXk + DyUk + vy

where T
Xk = lak Vock o Yk= Vek; Uk =l
2 3 2 3 2 3
M O 1 7 Wy ik

A = 9 g; Bk = 2 g; Cwyk = 2 g (4.5)

Ck= R, 1:Dk= Ry

the covariance ofwyy is Q and the variance ofvyy is r. Note that the measurement

noise is independent from the process noise.
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4.1.2 Model construction in real-time

In general, the slopes of the SoC-OCV curve change drastically from the low values
to the high values. The nonlinear function must be a one-to-one increasing nonlinear
function as SoC increases. Firstly, the potential candidate model of the SoC-OCV
relationship must meet these two requirements. Secondly, the number of model pa-
rameters to be identi ed must not be more than three. The latter requirement allows

us to estimate the model parameters in real-time based on the boundary conditions

and measurements.

Considering these two requirements, we establish the following novel nonlinear model

to capture these characteristics with three modelling parameters:
3
Voc = alog(z) + b&” + ¢ (4.6)

where a, b and c are the coe cients to be estimated, which are di erent for every
battery and vary for each condition, z is the SoC in [; 1] and is a small positive
number. The SoC below is considered to be zero. This nonlinear equation expresses
the typical shape of the SoC-OCV curve and their variations. The logarithmic term

is to capture relatively fast change in the OCV in low SoC regions. The exponential
term is to capture the OCV change in the rest of the SoC regions. The constant
term describes the nominal OCV value. By estimating the three parameters, the esti-
mated SoC-OCV curve in real-time adapts to the variations caused by the operational

condition and battery condition.

In electronics, the lower cut-o voltage is the voltage at which the battery is fully

discharged. At this voltage, the battery SoC is equal to 0 as follows:
Viow = Vodiz=g  Vodlz= alog +b+c (4.7)

where Vo is the lower cut-o voltage of the battery, which is given in the battery
speci cations. Similarly, Vo is equal to the higher cut-o voltage, Vhigh, when the

battery is fully charged, as follows:

Vhigh = Vocjz:]_ = be+ c (4.8)
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Subtract (4.7) from (4.8)

Vhigh  Viow = (e 1) alog (4.9)

Solve forb as follows:
Vi + alog

b= Ka) = — (4.10)

where Vi = Vhigh  Viow. Substitute (4.10) into (4.8), and solve for c as follows:
c= c(a) = Vhigh b(a)e (4.112)

The derivative of (4.6) with respect to z is

dVoc
dz

= ; +3be’ 22 (4.12)

Solve the equation fora

oo f(dVec=dz;2) _ (dVoc=d7)z(e 1) 3 Vi €223
9(z; ) (e 1)+3e’°z3log

(4.13)

The number of the parameter to be estimated for the SoC-OCV curve is reduced to 1,
i.e., estimating a given by (4.13). The denominator of (4.13),9(z; ), may approach

zero depending uponz and and it would cause the numerical problem.

Algorithm 1 is to prevent the numerical problem to calculate a. The current value of
b is assumed to be constant for the neighbourhood of the singular point and (4.12)
is used directly to calculate a. The calculated a in the algorithm denoted by &y, is

treated as the measurement in the estimation algorithm presented later.

Algorithm 1 Calculation of &

1. Set ;> 0, a small positive number

2: Calculate g(2; )=(e 1)+3e%23log
3:if jg(2«; )j< 1then

4 Let 6K = f)& 1

5: Calculate ax from (4.12)

6

7

8

: oy = 2 (dVoc=d2) et 23
. else
Calculate & using (4.13)

To calculate (4.12) or (4.13), the OCV derivative with respect to the SoC is required.
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Providing the estimates of the OCV, Vo, the following di erence is calculated:
‘Ooc;k+1 = \/}oc;k+1 Ooc;k (4.14)

where Ooc;kﬂ and Voc;k are provided by the KF designed in Algorithm 2. In addition,

as the SoC propagation equation is given by T. Ouyang et al. 2021

I t
Qmax

Zx+1 = Z (4.15)

where Qmax is the battery capacity constant and tg is the sampling time, the di er-

ential z at step k + 1 is calculated as follows:

I t
Qmax

Zk+1 = (4 16)

where zw1 = zk+1  Zx. Therefore, the derivative can be approximated by the

rst-order di erence as follows:

dVoc Ooc;k+1 — Ooc;k+1 Qmax
dz Kl Zk+1 I t

(4.17)

and the approximation with the current z are substituted into (4.13). Equation (4.6)
is now written as a function of z only. Therefore, the estimation of z leads to the

estimation of SoC-OCYV curve.

The SoC estimation problem has the linear state propagation equation, (4.15), and
the nonlinear measurement equation, (4.6). The EKF for estimationz, i.e., 2, is given

in Algorithm 2, where the observation matrix is de ned by the following Jacobian

H = @¥% = %y gpmy)e a2 (4.18)

@ z z="2 ;a="ay 2k

where &y is to be estimated.

The direct substitution of -ay in Algorithm 1 into (4.18), however, would amplify unde-
sirable noises in the measurements and the estimated values. Additional KF is designed
for estimating a, where it is assumed thata varies slowly in each sampling interval,
i.e.,

A+1 = At Wak (4.19)
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where wy is the process noise with the zero-mean and the variance equal . To
apply the KF design procedure,ax from Algorithm 1 is treated as the measurement

and assumed to have the following measurement noise characteristic:
& = a+t Vak (4.20)

whereay is the measurement of the truea. v, is the zero mean Gaussian measurement
noise, which is independent to the process noisey,. To calculate the variance of

Vaks Z|(<I) samples are generated as follows:

7 = 2+ V0 (4.21)

with the variance equal to r, .. The a(ki) particles are calculated by substituting zl((i)
samples into Algorithm 1. The variance ofvak+1 is then calculated by the samples as
follows:

lak = = No T (4.22)
where ay = P a(ki)zNS. Finally, the algorithm to estimate SoC is summarized in
Algorithm 2, where ( )+1jk is the priori prediction of () and ( )i+1jk+1 is the posteriori
estimation of (). Using separate KF algorithms to estimate OCV, coe cient a and

SoC is recommended in order to reduce computational cost.

Algorithm 2 includes three separate KF algorithms. The standard KF algorithm is
used to estimate the OCV anda separately and the EKF is utilised to estimate the

SocC.

4.2 Simulations

A battery with 100% SoC is discharged under di erent current pro les including con-
stant current pro le, sinusoidal current pro le, HPPC current pro le and DST cycle
current pro le. Note that the battery's SoC is 99.95% in the DST cycle simulation
not to overcharge the battery at the start. These testing pro les are adopted to assess

the performance of the SoC-OCV curve construction algorithm under various dynamic
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Algorithm 2 Adaptive SoC estimation algorithm

1: Initialise: "o, Ro, Po, 20, Pz:0, & and pao
2: while true do

3 Obtain the measurement and input: Vik, 1«

4: Run the parameter estimation using (3.35), (3.36) & (3.19)
5: Run Algorithm 1  to obtain &y

6: Calculate the variance ofax using (4.21) & (4.22)
7: Propagate

8: Ri+1jk = AkRijk + BiUk

o: Pre1jk = AkPiikAT + Q

10: Z using (4.15)

11 Pzk+1jk = Pzkik T &

12: Q+1jk = Bk

13: Pak+1jk = Pakjk T Ga

14: Update

15: Lis1 = Pre1jkCy = CkPys1jkCy + 1

16: Re+1jk+r = Kiwzjk + Lrer Vi \/7t;k+1jk
17: Pestjker = (@ Lkrr Ci)Praaji

18: Kzk+1 = pz;k+1ij|I:(sz;k+1ij|I +ryz)
19: Kak+1 = Pak+1jk=(Pak+1jk + lak+1)

20: Ae1jk+l = Artjk T Kak+l &  Ba1jk

21 Pak+1jk+1 = (1 Kak+1)Pak+1jk

22: Dertjk+1 = Zkrrjk T Kzker Vo Ooc;k+1jk
23: Pzk+1jk+1 = (1 Kz;k+l H )pz;k+1jk

24: Repeat

loading conditions. The battery's maximum capacity is 0.85 Ah. The battery model
parameters are estimated online based on the adaptive law and fed into the algorithm.
For the simulation purpose, the actual SoC-OCV curve is modelled by a rational func-
tion given by

Voe(2) = PA—— (4.23)

where kg = 16:65, k; = 516:2, ko = 519:9, k3 = 5:696, kg = 4:523, v = 2:591,
th = 70:68, @ = 61:26, s = 14:07, g = 24:92. The initial values of Vg, |4, a,
and z are 7V, 0A, 0.1, and 0, respectively. The covariance and the variance of OCV
estimation are Q = 0:01l, », and r = 0:1, where b , is the 2-by-2 identity matrix.
Vhigh is 8.4756V andVo, is 6.4735V. is set to 0.001 and ; is set to 0.1. The initial

Pz, Pa, Iz @nd r, are set to Q001. Ng is set to 100.
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Figure 4.1: V¢ and | 5 estimation under constant current discharge

4.3 Battery experiment

The battery test rig introduced in the previous chapter is used to validate the SoC-OCV
curve construction algorithm. The LiPo battery's actual capacity is rstly calculated.

The SoC-OCV data points are then collected to acquire the relationship experimentally.
The experimental SoC-OCV relationship is compared to the SoC-OCV relationship

estimated using the proposed algorithm.

4.3.1 Battery capacity calculation

Battery speci cations include the capacity of the battery along with the lower and
upper cut-o voltages. The real capacity may, however, dier slightly from the one
stated by the manufacturer. Consequently, the accuracy of the SoC estimation may be
a ected. Therefore, the battery capacity needs to be experimentally calculated before
the estimation algorithm is executed. The experimental battery capacity is calculated
by drawing a constant current, i.e. 1C, from the fully charged battery. A battery
is considered fully discharged when it reaches the lower cut-o voltage value. This
process involves measuring how much current is drained from the battery and how

long it takes. In other words, the experimental capacity can be calculated from the
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Figure 4.2: SoC and SoC-OCV curve coe cients estimation under constant current
discharge

area under the time versus the current graph. This procedure is repeated 5 times and

the average capacity is calculated as 0.96 Ah.

4.3.2 The SoC-OCV relationship calculation

The fully charged battery is discharged by 5% intervals until SoC reaches 80% to
establish the experimental SoC-OCV relation. After that, the SoC drop interval is
increased to 10% until the SoC reaches 20%. The SoC drop rate is again reduced to
5% until the battery is completely discharged. The SoC drop rate was changed to

better capture non-linearity at low and high SoC regions.

After each discharging step, the battery is left for resting for an hour. This is because
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the battery needs to reach the steady-state so that the measured terminal voltage can
be treated asV,c measurement. In the meanwhile, the corresponding SoC is calculated
using Coulomb counting method. The same process is repeated by charging the battery
with the same SoC drop rates to consider theVyc variations between charging and
discharging due to hysteresis. Finally, meanV,: and SoC values are calculated and

given in Table 4.1.

Table 4.1: SoC-OCV relation obtained from SoC drop test

y4 0 0:05 01 0:15 02
Voc [V] 6:5688 72294 7365 74088 74625
y4 0:3 04 0.5 0.6 o7
Voc [V] 7:5363 75813 76401 77304 78663
yA 0:8 0:85 09 0:95 1

Voc [V] 8:0011 81325 82151 83038 83801

4.4 Results

Figure 4.3: Voc and |5 estimation under sinusoidal current discharge

Figure 4.1 shows the estimation result ofV,c and | ; under constant current discharge
prole. In the parameter estimation results, it is observed that the estimate of the

model parameter R, has tiny uctuations due to the noise in the input current es-
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Figure 4.4: SoC and SoC-OCV curve coe cients estimation under sinusoidal current
discharge

pecially when the large is used. Therefore, these uctuations have been observed
in the Voc and |5 estimation. However, this does not have a serious impact on the
convergence of the state vector. As it is seen in Figure 4.1, estimated states converge
to their actual values around 15s, and the convergence is maintained to the end of the

simulation.

Figure 4.2 shows estimation results of the SoC and the coe cientsa, b, and ¢ under
constant current discharge. The SoC converges to its true value within 15s as shown
at the top of Figure 4.2. The coe cient a converges to the constant value which is
around 0.27 whereasb and ¢ converge to constant values that are around 0.47 and

7.25, respectively.
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The slight uctuations in the estimated coe cients are observed in the middle SoC

region, i.e. around 52% of SoC. In this neighborhood, the denominator of (4.13)
approaches zero. Algorithm 1 mitigates the singular issues. However, these uctuations
do not a ect the convergence of the SoC. Once the singular point is passed, these

uctuations disappeared.

Figure 4.3 demonstrates theV,c and | ; estimation results under the sinusoidal current
input pro le. These two states converge to their true values very fast within 10s. The
sinusoidal current excites the system better compared to the constant current discharge
pro le. Thus, the model parameters converge faster compared to the constant current
discharge scenario. This improves the convergence performance of tMg. estimation
algorithm. Compared to the V,c convergence under the constant current discharge
pro le, the estimated V. converges to trueVy. faster under sinusoidal input current

pro le as it is in Figure 4.3.

Figure 4.4 illustrates the estimation results of the SoC and the coe cients a, b and

¢ under sinusoidal input current discharge. The coe cients converged to the same
constant values as the coe cients calculated in the constant current discharge case.
Relatively faster convergence ofV, increased the SoC-OCV curve algorithm perfor-
mance as well. As shown in Figure 4.4, the SoC converges less than 15s and the
coe cients converge relatively faster compared to the result under constant current
discharge. Moreover, when the denominator of (4.13) approaches zero, the estimated
coe cients show smaller uctuations compared to the uctuations in the coe cients

in the constant current discharge case.

The proposed algorithm is performed under more complicated dynamic loading pro les.
Firstly, the battery is discharged under the DST current pro le. Figure 4.5 shows the
Voc €estimation result along with the current input prole. Figure 4.6 demonstrates
the estimated | 5. These two states converge to their true values within 10s. The high
frequency in the DST current pro le causes tiny uctuations in the estimated V,c and
|2 values. However, the proposed algorithm robustly estimated the states until the

end of the simulation.
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Figure 4.5: Dynamic stress test Voc estimation

Figure 4.6: Dynamic stress testl ; estimation

Figure 4.7 demonstrates the SoC and the coe cienta, b, and c estimation result

under the DST current pro le. The coe cients converged to the same constant values
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