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Abstract

Lithium-ion batteries are playing a key role in shifting our society to a

low-carbon future, they are being increasingly used in automotive and

power industries to enable the intake of more renewable energy and

to reduce greenhouse gas emissions. To ensure the safe, reliable, and

efficient operation of batteries, a battery management system (BMS)

is indispensable. Among all functionalities of the BMS, real-time bat-

tery state estimation provides important information for achieving

high-fidelity and high-performance operations. This thesis focus on

the development of novel techniques and frameworks to provide a co-

herent body of work on the estimation of battery states of interest,

that is, state of charge (SOC) and state of health (SOH).

The nonlinear variants of the Kalman filter (KF) framework have

proven to be powerful and elegant solutions for the real-time state

estimation of battery systems. As a state-space model is fundamen-

tal for using filtering algorithms and their estimation results highly

depend on the model accuracy, thus an accurate battery model that

can well capture the battery dynamics is established with suitable

model structure and parameters. Then the nonlinear version of the

KF, namely Extended Kalman Filter (EKF) and Unscented Kalman

Filter (UKF), as well as the Particle Filter (PF) are used to estimate

the battery SOC.

As it is not a trivial task to obtain a precise model that can well de-

scribe the battery degradation trend, an intelligent estimation tech-



nique is proposed based on the convolutional neural network (CNN) to

achieve fast and accurate online battery capacity estimation, which

integrates health feature extraction, parameters identification, and

capacity estimation into one framework. Taking into account the lim-

itation of CNN on small degradation datasets, the transfer learning

technique is incorporated into the CNN-based framework to improve

the estimation performance on small datasets by taking advantage of

the knowledge learned from large datasets. Further, in view of the

limited computational capability of the current BMSs, a new network

pruning technique is proposed to reduce the size and computation

cost of the final model.

Considering the intrinsic coupling relationship between SOC and SOH,

a co-estimation framework is proposed to estimate the SOC and ca-

pacity simultaneously. Due to the estimators can be mutually opti-

mized in the co-estimation framework, the estimation results of SOC

and capacity are both more accurate than the separated estimation

methods. Further, to acquire more informative measurements, the

fiber optic sensors are attached to the cell surface and their measure-

ments are utilized for battery SOC estimation to further improve the

accuracy.

Experimental data are collected from the lithium iron phosphate bat-

teries to analyze and evaluate the efficacy of the methods and frame-

works proposed in this thesis.
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Chapter 1

Introduction

The low-carbon transition is now the priority of many countries that aim at

achieving carbon neutrality by the mid of this century. One of the bridges to

a carbon neutral future is the battery energy storage systems, which capture

the energy and store it using electrochemical solutions. It plays a vital role in

the mass roll-out of electric vehicles and acceptance of signi�cant penetration

of renewable power worldwide, and requires a battery management system to

monitor its internal states and maintain its functional performance, cycling life,

and safe and reliable operation. This chapter starts with an introduction to the

research background, it provides an overview of battery energy storage systems,

battery management systems, and state estimation techniques. Then according

to the current challenges facing battery management systems, the motivations

and objectives of the research conducted in this thesis are presented. Finally, the

outline of the thesis is provided together with a summary for each chapter.

1



1.1 Background

1.1 Background

Carbon neutrality, or net-zero carbon dioxide emissions, refers to balancing the

emissions and removal of carbon dioxide in the atmosphere. To slow down the

global climate change and to cope with energy supply shortage, the European

Union, China, and the United Kingdom, together with more than 110 other

countries, have committed to achieving net-zero emissions within the next few

decades [1]. Among actions in delivering a low-carbon future, the application of

energy storage systems, particularly battery energy storage, is the key to enabling

the integration of more renewable energy and reducing greenhouse gas emissions,

mainly because it has been widely used in electric vehicles (EVs) and the elec-

tricity grid. Based on the commitment of those countries with net-zero emission

target, by 2040, the total number of EVs that are projected to be on the road is

expected to reach 150 to 900 millions, which is two or three orders of magnitude

larger than today. In the mean time, the global installation of stationary energy

storage will increase exponentially and is projected to reach up to 1300 GWh by

2040 [2].

The transportation sector and power sector are the two main sources of green-

house gas emissions. Previous research has demonstrated that EVs are one of the

most promising solutions for the transition of energy chain to a low-carbon, safe

and competitive economy, they o�er the potential to signi�cantly reduce carbon

emissions from the transport sector and reduce the dependence on fossil fuels.

And for the power sector, battery energy storage systems (BESSs) could play

vital roles in deep decarbonization as they can provide a new, carbon-free source

of operating reserves and 
exibility in the power system, as well as facilitate the

integration of variable renewable energy sources such as solar and wind energy [3].

The growing installed capacity of renewable energy and the increasing number of

EVs connected to the power grid has initiated high requirements on power bal-

2



1.1 Background

ance control and power quality, and gradually changing the structure of the power

network. A typical scenario of a grid system integrated with renewable energy

sources, energy storage systems (ESSs) and EVs is illustrated in Figure 1.1. The

renewable energy power station with solar photovoltaic panels and wind turbines

produce energy to the power grid. The ESSs have potential bidirectional power


ow capabilities, they can receive electrical energy from the grid during the excess

of production and deliver it back when consumption is higher than generation.

And similar to ESSs, the EVs with Grid-to-Vehicle (G2V) and Vehicle-to-Grid

(V2G) [4] capabilities can also receive or provide electrical energy.

Figure 1.1: A typical grid system con�guration that integrates renewable energy
sources, energy storage systems and electric vehicles.

Battery energy storage systems are the key components of the future transporta-

tion sector and power grid, they are not only the power sources of EVs that de-
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termine the cruising range and carrying capacity, but also electric energy bu�ers

that can balance the energy production and consumption and improve the renew-

able energy integration into the power grid. In brief, BESSs can support a wide

range of services needed for the low-carbon transition, from powering electric

vehicles, to providing grid services including frequency regulation, reserve capac-

ity and black-start capability [5], and upgrading mini-grids. Therefore, battery

energy storage is regarded as an essential factor for countries with carbon neu-

trality objectives, and its deployment and commercialisation have become more

widespread. More information on BESSs will be elaborated on in the following

subsection.

1.1.1 Battery Energy Storage

Battery energy storage systems (BESSs), which are a sub-set of energy storage

systems, are mature and popular technologies developed for storing electrical en-

ergy in electrochemical form [6]. Due to their merits of modularization, 
exible

installation, rapid response and decreasing prices [7], they exhibit considerable

potentials for fueling the next green revolution in transportation and power sec-

tors. By electrifying the transportation systems and balancing the intermittency

issues caused by the penetration of renewable energy [8], batteries can radically

reduce the carbon emissions in these two sectors. To promote the development

and commercial applications of batteries, enormous amount of researches have

been conducted to improve the performance of existing batteries and develop

new batteries. There are many commercially available battery types, such as

lead acid, nickel-based, sodium sulfur (NaS), Lithium-ion (Li-ion), and 
ow bat-

teries, among which the Li-ion batteries are the current predominant BESSs for

EVs. A brief introduction of these batteries and their applications is given in the

following:
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ˆ The lead acid battery is the �rst commercially successful rechargeable bat-

tery invented by Gastom Plant�e in 1859 [9], it has been widely used in many

applications such as EVs and grid energy storage. In this battery, the lead

dioxide and metallic lead are treated as positive and negative electrodes,

separately, and the sulphuric acid solution is used as the electrolyte [7].

There are two typical types of lead acid batteries, including the 
ooded

lead acid batteries and sealed valved-regulated lead acid (VRLA) batteries,

the main di�erence between them is that the electrolyte in VRLA batter-

ies is immobilized [10]. The 
ooded lead acid battery is cheaper than the

VRLA battery, but it requires regular maintenance and re�lling distilled wa-

ter due to the water loss, and needs to be performed in a more ventilation

space due to the production of 
ammable gasses. Furthermore, the 
ooded

battery must be operated in an upright posit and acid spillage is possible.

As an improved type of lead acid battery, the VRLA battery can minimize

water loss by employing an oxygen recombination technology, and it has

a safety pressure relief valve to release the excess internal pressure. The

construction of the VRLA battery means that it requires less maintenance,

can be installed in any orientation and there are virtually no leakages [11].

The lead acid batteries are large and heavy, and have low energy density and

short life cycles. Nonetheless, they are low-cost, have high reliability, and

have a high tolerance for abuse [12]. Therefore, they are ideal candidates

for those small-scale energy storage applications such as starting, lighting,

and ignition for automotive and uninterrupted power supply (UPS) [13], as

well as large-scale grid applications such as renewable energy balancing.

ˆ The nickel-based battery employs a nickel hydroxide positive electrode, with

either a metallic anode (e.g. nickel-cadmium (NiCd)) or a hydrogen storing

negative electrode (e.g. nickel metal-hydride (NiMH)), as well as an alkaline
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electrolyte. The NiCd battery has longer life cycle and can provide excellent

performance under rigorous working conditions [14]. Since its invention in

1899, it has been widely applied for portable electronic devices until the mid-

1990s. However, due to its low energy density and the toxicity of cadmium,

the market share of NiCd battery declined rapidly. Compared to NiCd,

the NiMH battery that commercially uptook in 1990 has higher energy and

power density and is environmentally friendly. At the beginning of 2000, it

represented the most popular technology adopted by major companies (e.g.

Honda, Ford, General Motor, Toyota, etc.) for EVs and hybrid EVs [15].

However, it still su�ers from several drawbacks such as high self-discharge

rate, sensitive to storing and charging conditions, limited service life, and

low speci�c energy [16]. Therefore, NiMH batteries will no longer serve

in next-generation EVs and hybrid EVs and will be substituted by new

technologies.

ˆ The sodium sulfur (NaS) battery was originally developed by Ford Motor

Company in the 1960s for automotive applications [16] and was commercial-

ized in grid energy storage applications by Tokyo Electric Power Company

in collaboration with NGK insulators [17]. By using molten sodium as the

negative electrode and molten sulphur as the positive electrode, and sepa-

rating them by a solid ceramic sodium alumina electrolyte membrane, the

resultant NaS battery is characterized by high energy density, low cost of

raw materials, long cycle life, and high round-trip e�ciency [10; 18]. These

attributes make it suitable for large-scale grid-level energy storage appli-

cations including load leveling, peak-shaving and integration of renewable

energy sources. However, the major drawback of this type of battery is that

it requires a high operating temperature (over 300� C) to ensure that the

active materials of the two electrodes are in a molten state and thus allow
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the reactions to process. This restriction increases the application di�culty

and operational cost of NaS batteries.

ˆ Modern Redox 
ow battery (RFB) was invented by the National Aeronau-

tics and Space Administration (NASA) in the 1970s [19]. Unlike traditional

solid-state batteries that store energy in electrode materials, RFBs store en-

ergy in liquid electrolytes, which are generally stored in two external tanks.

The electrolytes 
owing through the cathode and anode often are di�erent

and are referred to as the anolyte and the catholyte, respectively. As the

energy is stored in the incoming electrolytes (fuels) in the form of two dis-

solved redox pairs, and energy conversion between chemical and electrical

energy occurs at the electrodes when the electrolytes are pumped from the

tanks to cells, RFBs are sometimes referred to as regenerative fuel cells

[16; 20].

Energy capacity of the RFB is mostly scaled with the volume of the elec-

trolytes, whilst the power is related to the electrode area or the reactor area

[21]. That is, the energy and power capacity of RFB can scale over a broad

range by 
exible modular design, thus making RFB suitable for a variety of

applications. Furthermore, the RFB has the advantages of excellent safety,

fast response time and long cycle life, which makes it well suited for bal-

ancing highly variable renewable energy sources. However, one of the main

drawbacks of commercial RFB is that it provides lower energy densities

than other types of batteries, such as Lithium-ion batteries.

ˆ Lithium-ion batteries, which were commercially launched by Sony in the

early 1990s, are popular energy storage systems that have achieved signif-

icant penetration in various applications. For these batteries, the interca-

lated lithium compounds are used as the active materials of the positive

electrode, and the negative electrode is usually made of carbonaceous ma-
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terials such as graphite [10]. During the operation of Li-ion batteries, the

Li-ions migrate across the electrolyte located between the two electrodes.

In particular, the Li-ions are deintercalated from the positive electrode and

then inserted into the negative electrode when the battery is charged, while

the process is reversed during discharge [16]. The Li-ion batteries out-

perform other types of batteries (e.g. lead acid, NiCd and NiMh), the

properties of low molecular weight, high energy density, long cycle life, low

self-discharge rate and environmental friendliness make them overwhelm-

ingly attractive and thus ubiquitous in portable electronics. Furthermore,

Li-ion batteries are regarded as the systemic enabler of a major shift for

the next generation of EVs and grid energy storage applications [7; 22].

The huge application prospects of Li-ion batteries have attracted great re-

search attention, and signi�cant research e�orts have been devoted to the

development of advanced Li-ion battery technologies in recent years. Based

on the development of basic solid-state chemistry of materials, the positive

and negative electrodes and electrolytes have been improved and optimized

[23]. Several types of commercialized Li-ion batteries have been developed,

such as lithium cobalt oxide (LCO), lithium nickel manganese cobalt oxide

(NMC), lithium iron phosphate (LFP) and lithium-titanate oxide (LTO).

As their electrodes and electrolytes materials are di�erent, they have di�er-

ent chemistry and characteristics. For example, LCO battery has high spe-

ci�c energy and dominate the portable electronics market, NMC and LFP

batteries are becoming increasingly popular in EVs applications, while LTO

battery tends to have a growing market share in large-scale grid applications

due to its long cycle life, high power density, and well low/high-temperature

tolerance. It is noteworthy that LFP battery has the characteristics of long

cycle life, high current rating, good thermal stability, high safety level and

environmental resilience, which make it one of the most promising Li-ion
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batteries for EVs and grid energy storage applications [16; 24]. Therefore,

LFP batteries are chosen as the subjects of this work, and the later devel-

oped online state estimation frameworks are all based on the experimental

test of these batteries.

A comparison of di�erent types of batteries is summarized in Table 1.1 [10; 16;

25; 26; 27; 28; 29; 30], the main characteristics in terms of cycle life, nominal

voltage, speci�c energy, speci�c power, round trip e�ciency, daily self-discharge

rate, charging and discharging temperature of the aforementioned batteries are

listed.

As it is shown, the lithium-ion batteries are superior to other types of batteries

in many terms. Notwithstanding their desirable performance, the operation re-

liability and safety necessitate an e�ective and dependable battery management

system for state estimation, charge/discharge control, and planned maintenance,

etc.

1.1.2 Battery Management System

The battery management system (BMS) is a key element to ensure the safe, reli-

able, and e�cient operation of the battery as well as to maximize its energy/power

delivery capabilities and prolong its lifetime. As illustrated in Figure 1.2, the core

functions of BMS generally include the following:

ˆ Data acquisition:

This module measures and collects the battery data at proper sampling

frequency and precision, which includes current, voltage, and surface tem-

perature.

ˆ State estimation:

Battery internal states, such as state of charge (SOC), state of power (SOP),

state of health (SOH) and internal temperature, are critical indicators of the
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battery performance and reveal the operating status of the battery. These

variables can not be measured directly, the only information available to

infer these states is generated by the measurements. However, erroneous

internal state values can greatly a�ect the operation of the battery, result in

abuse or waste of battery available capability, which may cause premature

failure [31]. Therefore, real-time high-accuracy state estimation is essential

for the safe, e�cient and reliable operation of the battery systems.

ˆ Charge/discharge control:

This module regulates the charge/discharge current and voltage to avoid

inappropriate operations, thereby preventing damage to the battery and

prolonging its service life.

ˆ Cell balancing:

A battery pack usually consists of a number of cells con�gured in se-

ries/parallel formations to provide su�cient power and voltage for speci�c

applications. Small di�erences between cells due to production tolerances

or operating conditions tend to be magni�ed with battery usage, which can

signi�cantly a�ect the overall pack performance [16]. Meanwhile, weaker

cells could become overstressed resulting in premature failure of the bat-

tery. To avoid this problem, cell balancing is proposed to compensate for

weaker cells by equalising the charge on all the cells in the pack and thus

extending battery life.

ˆ Thermal management:

As the temperature can signi�cantly a�ect battery characteristics, an e�-

cient thermal management module is essential to control the temperature

and con�ne the battery pack to operate within a proper temperature range.

ˆ Safety protection:
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The protection module is responsible for ensuring the safety of the battery

under almost all circumstances and protecting the user from the conse-

quences of battery failures. Special circuits are designed to prevent the bat-

tery from operating beyond the tolerance conditions, i.e., to operate the bat-

tery within its prede�ned limits thereby avoiding overcharge/overdischarge,

overheating, overpressure, etc. Moreover, this module also o�ers proactive

fault detection and alarming functions.

Figure 1.2: The core functions of a typical BMS

The BMS is indispensable for integrating the battery energy storage into the

EVs and electric grid. Without e�cient BMSs, the battery may be operated and

maintained inappropriately, leading to catastrophic hazards and failures.

1.1.2.1 Battery State Estimation

Although the BMS o�ers various sophisticated functions, the internal state esti-

mation is still one of the most critical tasks in BMS due to it is usually the basis
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for battery charge/discharge control, protection, optimization, and maintenance.

The battery states of interest are:

ˆ State of charge (SOC) which is an indicator that re
ects the real-time re-

maining capacity of the battery. The SOC is in
uenced by current, tem-

perature and battery aging level, and has fast time-varying dynamics.

ˆ State of health (SOH) which is an indicator that re
ects the aging or degra-

dation level of the battery. The battery aging is mostly in
uenced by oper-

ating conditions (i.e. load, temperature, humidity) and SOC, and has slow

time-varying dynamics.

ˆ State of energy (SOE) which is an indicator that re
ects the residual energy

of the battery.

ˆ State of power (SOP) which re
ects the amount of electrical power that

a battery can deliver for a given time interval under speci�ed operating

conditions. The SOP is in
uenced by operating temperature, SOC, SOH

and time.

ˆ Internal temperature which is di�erent from the battery surface tempera-

ture, can directly a�ect the battery performance leading to degradation and

failure.

As the safety standards and regulations of batteries in automotive and grid ap-

plications become more stringent, battery state estimation is de�nitely a fast-

growing area of research. The two major states, SOC and SOH, have been ex-

tensively studied over the years to achieve fast and accurate online estimation.

A large number of approaches have been proposed, which can be roughly divided

into two categories: model-based approaches combined with �ltering algorithms,

and model-free approaches such as machine learning-based techniques. The SOC
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and SOH estimation techniques reported in the literature will be systematically

elaborated in Chapter 2.

1.1.2.2 Fiber Optic Sensors in BMS

Most of the existing research works estimate the battery states using the ex-

ternal measured parameters such as current, voltage, and surface temperature.

These external parameters are weakly informative to represent the holistic map-

ping of the battery states thus limit the estimation accuracy, and lead to over-

conservative usage of the battery [32]. Therefore, an intuitive way to improve the

estimation performance is to gain additional information of the battery dynamic

behavior, such as internal temperature and electrode volume change. Fiber optic

sensors, which are immune to electromagnetic interference, robust to corrosive

environments, have multiplexing and small dimensions, are attractive candidates

for battery sensing applications [33]. They are capable of sensitively measuring

multiple parameters simultaneously, including strain, temperature and pressure.

During the charge and discharge processes, the cell electrode volume changes

due to Li-ions intercalation/ deintercalation processes in the electrode materials,

which manifest as changes in the strain on the cell surface. Besides, the cell

temperature also changes during the charge and discharge processes due to the

electrochemical reactions, resistive heating, and enthalpy changes. Both param-

eters can help gain deeper insight into the internal dynamics of the battery, and

are regarded as a complementary to the current and voltage measurements. Fiber

Bragg grating (FBG) sensors are sensitive to strain and temperature and thus

their applications in BMS have been increasingly investigated in recent years. To

demonstrate the potential of FBG sensors to aid state estimation in BMS, Som-

mer et al. attached a pair of FBG sensors externally to lithium-ion pouch cells

to monitor intercalation state transition points across various charge/discharge

rates [34]. Sharp and repeatable features correlated with intercalation state tran-
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sitions can be observed in the strain curves across di�erent charge/discharge rates,

and these novel features can enable better state estimation. Nascimento et al.

presented a comparative study of surface temperature monitoring performance

between the thermocouples and �ber sensors, and demonstrated that the FBG

sensors were better choices for surface temperature monitoring under normal and

abuse operating conditions and failure detection [35]. Fortier et al. embedded

the FBG sensors inside the coin cell and monitored strain, internal and external

temperatures simultaneously, the challenges and obstacles encountered during

the integration of FBG sensors inside coin cells were discussed [36]. Similarly,

after exploring the relationship between the external FBG sensing signals and

di�usion processes [32], the team of Raghavan et al. embedded the FBG sen-

sors inside pouch cells to directly monitor the internal temperature and electrode

strain [33], the results have revealed that batteries with embedded FBG sensors

are highly comparable to those without FBG sensors in terms of seal integrity,

capacity retention and projected cycle life. Besides, this work demonstrated that

the FBG sensors were possible for embedding into large-format cells as a low-cost,

�eld-deployable option for direct internal state monitoring for BMSs. Peng et al.

[37; 38] designed sensitivity-enhanced FBG sensors and mounted them onto the

cell surface, the relationship between the strain and SOC/depth of discharge was

investigated.

Since increasingly encouraging results indicate that the FBG signals can be used

for battery state estimation, there is a growing interest in developing new state

estimation algorithms to incorporate the conventional measurements (i.e. cur-

rent, voltage and surface temperature) and the FBG sensor signals (i.e. strain

and internal temperature) to improve the performance. [39] is the second part of

the twofold paper [33; 39], it estimated the SOC and SOH using dynamic time

warping and Kalman �ltering algorithms based on the internal strain signals ob-

tained from these FBG sensors at di�erent temperature conditions. Similarly,
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Rente et al. [40] achieved accurate SOC estimation results using dynamic time

warping algorithm by correlating the cell surface strain data obtained from FBG

sensors with the SOC, the results indicated that installing FBG sensors on the

cell surface is a feasible, cost-e�ective and non-invasive approach for assisting

SOC estimation.

1.1.3 State estimation

The hidden variables, which can characterise the internal condition or status of

a system, are often extracted from indirect, inaccurate and uncertain measure-

ments. This process is called state estimation, and the hidden variables are often

named as system states. The main objective of state estimation is to minimize the

estimation error between the actual and estimated values. Due to the importance

of state estimation in monitoring, control, and fault diagnosis of engineering pro-

cesses and systems, it has been extensively researched and widely applied across

many engineering and scienti�c disciplines since the concept was developed in the

1960s [41].

The earliest interest in the state estimation problems can even be traced back

to 1795 in the astronomical �eld, where the motion of planets and comets was

studied using telescopic observations. Karl Friedrich Gauss investigated the prob-

lem of how to infer the parameters from the measurements in an optimal way to

characterise the orbits of the revolution of celestial bodies, and developed a math-

ematical approach in 1809 based on the famous least square estimation method

that he invented in 1795. The maximum likelihood estimation, which lays the

foundation of the modern state estimation theory, was introduced by Fisher in

1912. And then in the 1940s, Kolmogorov and Wiener developed estimation meth-

ods for discrete-time and continuous-time stochastic systems respectively. The

developed methods minimize the least mean-square errors, and form the basis for

the recursive estimation and stochastic �ltering theory. Wiener �lter designed by
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Wiener is mainly used for signal processing and communication theory, but not

for state estimation, as it only deals with stationary processes. Kalman extended

this theory for more generic non-stationary processes and developed a new theory

which was later named as the Kalman �lter (KF) [42]. Then, this algorithm was

successfully employed in the Apollo's guidance and navigation system by NASA

and was soon applied to state estimation problems as one of the most pragmatic

approaches. Sequential measurements and a linear state space model are used in

KF to provide an optimal state estimation for the system with white Gaussian

noise. Kalman and Bucy further developed a continuous version of the KF called

the Kalman-Bucy �lter [43; 44; 45].

State estimation problems can be classi�ed based on whether the system is linear

or nonlinear. The aforementioned Wiener �lter and Kalman �lter are optimal

linear �lters. Linear state estimation deals with the estimation problems for lin-

ear systems or linear models. But in reality, almost all the practical systems are

nonlinear, and linear estimators may fail to produce satisfactory results for non-

linear systems. Though a number of methods have been proposed to solve the

problems of state estimation in nonlinear systems and processes, no single solu-

tion clearly outperforms other strategies. Two main streams of nonlinear system

state estimation methods include model-based and data-driven methods. If the

system model can be well developed based on the �rst principle laws, the model-

based method would be a cost e�ective approach for real time state estimation.

A number of model-based approaches have emerged over the past several decades

for state estimation of nonlinear systems, such as the variants of KF and sliding

mode observers. The extensions of KF formulation, such as the extended Kalman

�lter (EKF) and the unscented Kalman �lter (UKF), enable the framework of

KF to be applied to state estimation in nonlinear systems with Gaussian noise

hypotheses. To deal with state estimation problems for nonlinear system without

Gaussian noise hypotheses, the particle �lter (PF) was proposed based on Monte
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Carlo simulation technology to estimate the states by calculating the conditional

probability of the state. Based on these basic �lters, many other algorithms

are proposed according to the demand in real applications. Adaptive EKF and

Adaptive UKF can achieve higher accuracy by adaptively updating the process

and measurement noise covariance. Unscented PF was proposed to generate a

proposed distribution to obtain the posterior probability using the information of

the latest observations. And the Adaptive PF is capable of adjusting the number

of particles at each iteration. This adaptive adjustment is expected to produce

better estimation performance and reduce the computational cost when the ini-

tial number of particles is over-estimated. The Regularized PF was proposed to

overcome the sample impoverishment problem by changing the discrete approx-

imation of the posterior probability density function (PDF) to a continuous one

at the resampling stage with a re-scaled kernel procedure [46].

With the development of sensor technology and storage technology, data-driven

methods have been increasingly investigated for state estimation, which could cir-

cumvent the need to model large or complicated systems. In particular, machine

learning (ML) techniques such as support vector machine, Gaussian process re-

gression, and deep neural network, are popular data-based state estimation tech-

niques, and have become a common tool for modelling complex or even unknown

systems due to their simplicity in handling data and powerful approximation ca-

pability. These methods do not require prior knowledge of the systems, and are

not restricted by the system assumptions. The applications of both model-based

and data-based techniques in the �elds of SOC and SOH estimation have been

widely studied, and a review will be given in Chapter 2.
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1.2 Research motivations and objectives

Lithium-ion battery energy storage systems are complex dynamic systems with

high nonlinearity and environmental sensitivity. As aforementioned, accurate

state estimation plays a vital role in BMS for ensuring safe, e�cient and reliable

battery operation. Estimation methods are consistently developed to achieve fur-

ther improvement in terms of accuracy, reliability, and practicability. And the

newly developed methods are expected to be more intelligent since a large volume

of historical experimental data is available now and various operating conditions

are taking into account. This thesis aims to expand upon the current state-of-

the-art advanced battery state estimation algorithms, by developing accurate and

reliable frameworks for SOC and SOH estimation.

For model-based SOC estimation methods, an accurate model that can well de-

scribe the system dynamics is essential. Considering the complex operating con-

ditions and the complicated electrochemical reactions inside the battery, it is a

challenging task to obtain a perfect battery model. For battery capacity estima-

tion, using data-driven methods has several advantages over other conventional

methods. Particularly, the convolutional neural network (CNN) is powerful to

automatically capture hidden information from a huge amount of historical data,


exible to express any complex systems by adjusting the weights and layers, and

capable of retaining the same expressibility as the deep neural networks (DNN)

with fewer parameters. Thus a CNN-based framework is proposed for capacity

estimation in this work. However, the primary use of the CNN mainly lies in

high-dimensional data, like images, videos and speech recognition. To apply it

in such a temporal dimension, the structure of the CNN should be carefully de-

�ned, and the input signal should be reconstructed. Besides, the performance of

CNN-based capacity estimation framework on small dataset is unsatisfactory as

a proper CNN model requires a large amount of training data. Advanced tech-
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niques should be investigated to improve its performance on small target dataset.

Moreover, in view of the limited computational capability of the current BMSs,

the CNN model size need to be further compressed. And last but not least, the

SOC estimation is a�ected by battery aging, while the SOH estimation can also

be a�ected by inaccurate SOC estimates. Therefore, the intrinsic coupling rela-

tionship between SOC and SOH should be considered during their estimation.

To tackle these challenges, the main objectives of this research work can be sum-

marized as follows:

ˆ To comprehensively review the state-of-the-art techniques on battery state

estimation, the main emphasis is given to SOC and SOH.

ˆ To develop an e�ective battery model for SOC estimation, as an accurate

model is fundamental to ensure reliable state estimation.

ˆ To develop a CNN-based SOH estimation framework, where the SOH is

represented by the capacity. This method can perform the modelling and

estimation in a single uni�ed step as the neural network can directly map

the measurements (e.g., current, voltage and surface temperature) to the

battery capacity.

ˆ To investigate advanced techniques that can improve the CNN performance

on small degradation dataset of batteries, e.g.,via the transfer learning tech-

nique.

ˆ To investigate network pruning techniques to reduce the size and computa-

tional complexity of the CNN model while maintaining its performance.

ˆ To develop a SOC and SOH joint estimation method that can synergisti-

cally optimize their respective estimation results, in order to achieve higher

estimation accuracy for both states.
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ˆ To investigate the application of FBG measured signals in assisting battery

state estimation.

1.3 Thesis Structure

Chapter 1 introduces the research background including battery energy storage,

battery management system and state estimation techniques, and presents the

research motivations and objectives.

Chapter 2 reviews the battery modelling and state estimation techniques. Var-

ious battery modelling and identi�cation methods are discussed, the advantages

and drawbacks of several di�erent estimation techniques of battery SOC and SOH

are analyzed, with a view to later develop quali�ed state estimation frameworks.

Chapter 3 describes the model-based battery SOC estimation method proposed

in this study. The detailed algorithm used in the model construction is �rstly

introduced, then the proposed model construction processes are presented. Next,

a preliminary introduction to the �ltering algorithms is presented, the concepts

and formulas of the KF, EKF, UKF, and PF are introduced in detail. Finally,

di�erent �ltering algorithms are applied to estimate the SOC based on the resul-

tant model, and the results are analysed comparatively.

Chapter 4 details the CNN-based framework developed in this study to simulate

battery degradation trend. CNNs, transfer learning, and network pruning tech-

niques, which are then integrated into one framework to produce the �nal model,

are introduced at the beginning of this chapter. Then the detailed process for

model construction are elaborated. Finally, estimation results of the resultant

model are analyzed to verify the e�cacy of the proposed framework.

Chapter 5 extends the research work presented in Chapter 3 and Chapter 4 and

a battery SOC and SOH coestimation framework based on Gaussian process re-

gression and CNN is proposed and evaluated. New signals obtained by �ber optic
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sensors are introduced and applied for SOC estimation. Experimental results are

analyzed to verify the performance of the proposed framework and the utility of

the newly involved �ber sensor data.

Finally, Chapter 6 summarizes the work that has been conducted so far, and

the scope for the future research which can be expanded on this thesis is set out.
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Chapter 2

Literature Review

As introduced in Chapter 1, lithium-ion batteries have shown superior perfor-

mance in energy density, power density, cycle life, and round-trip e�ciency in

comparison with other types of batteries. Thus they are versatile and attrac-

tive battery energy storage systems, and represent the most convincing choice for

both electric vehicles and power grids in the upcoming years. In order to ensure

the operation safety, reliability and longevity of the battery, an e�cient bat-

tery management system (BMS) with advanced techniques is necessary. Among

all functionalities of the BMS, battery internal state estimation is essential for

controlling, optimizing, and managing the operation of the battery. Generally

speaking, battery state estimation methods can be classi�ed into two categories,

i.e., model-based and model-free methods. Since an accurate battery model is

an important reference for model-based estimation methods, a comprehensive re-

view of battery modelling approaches is provided at the beginning of this chapter.

Then a systematic literature review over state estimation techniques is performed,

the main emphasis is given to state of charge and state of health.
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2.1 Battery models

2.1 Battery models

The battery model is a prerequisite for model-based battery internal state esti-

mation. The battery models presented in literature mainly fall into the following

three categories: physics-based electrochemical models (EM), electrical equiva-

lent circuit models (ECMs), and black-box models [47], as shown in Figure 2.1.

Figure 2.1: The classi�cation of battery modelling methods.

Batteries are electrochemical systems, the electrochemical models can provide full

information on the battery internal electrochemical dynamics. Electrochemical

models can explain how the potential is produced and a�ected by the internal

electrochemical reactions of the cell using a set of coupled partial di�erential

equations. The electrochemical models are regarded as the most accurate among

all battery models, as they interpret key behaviours of battery cells at the mi-

croscopic scale based on the chemical reaction taking place inside the battery.

However, the electrochemical models are di�cult to model because they require

detailed �rst principle knowledge and the computational complexity restricts their

real-time applications. For real-time calculation, it is important to strike a bal-

ance between the model accuracy and the model complexity. ECMs are one of the

most commonly used battery models because they are accurate and not as com-
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plicated as electrochemical models. The ECMs are expressed by a combination

of voltage and current sources, capacitance, and resistance, where the parame-

ters like capacitance and resistance are prescribed o�ine and unchanged without

adaption during operation. However, these parameters vary with the battery

working conditions and battery aging, the non-adaption of these varying param-

eters will degrade the model accuracy and may introduce errors in battery state

estimation [48]. Black-box models are empirically established from experimen-

tal data �ttings to infer relationships between various battery parameters such

as the terminal voltage, throughput current, temperature and SOC. Their equa-

tions rarely describe battery properties. Compared to ECMs and electrochemical

models, though they are not physically interpretable, they are simple and easy

to implement. In this study, a black-box mathematical model is established to

describe the relationship between the terminal voltage and SOC, which is used

in combination with the coulomb counting method to form a state space model

for �lter-based SOC estimation.

2.1.1 Electrochemical Model

Newman's group has pioneered the work of the electrochemical model. In 1993,

the Pseudo Two-dimensional (P2D) model was developed for lithium-ion batter-

ies based on the porous electrode theory and the concentrated solution theory

[49; 50]. The P2D model uses a set of nonlinear and coupled partial di�erential

equations and algebraic equations, which including the mass and charge conserva-

tion in electrodes and electrolyte, the corresponding boundary conditions, and the

electrochemical kinetics equations, to describe the solid and electrolyte dynamics

of lithium-ion batteries. To this day, this model still remains the most popular

Li-ion battery model and has been thoroughly tested and validated. However, the

number of parameters and equations involved in the P2D model makes the model

highly computationally complex, limiting the model real-time application. To fa-
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cilitate computation simplicity, scholars have made continuous e�ort to develop

simpli�ed P2D models by using various mathematical (e.g., �nding the analyti-

cal or approximate solution of each partial di�erential equation by mathematical

method) and physical (e.g., proposing new hypotheses to eliminate part of the

electrochemical process) simpli�cation methods.

The PP model is a porous electrode model that incorporates the parabolic ap-

proximation into the P2D model, the resultant PP model retains the complexity

of the previous P2D model, but is mathematically simpler [51; 52]. To further

reduce the computational time without compromising accuracy, the single par-

ticle (SP) model was proposed, which treats each electrode as a single spherical

particle whose surface area is equivalent to the active area of the solid porous

electrode and neglects the presence of the liquid electrolyte [53; 54; 55]. That

is, the SP model treats the transport phenomena in a simple manner and re-

move the partial di�erential equation of the liquid electrolyte phase [52]. It has

been con�rmed that the calculation speed of this simpli�ed model is thousands

of times faster than that of the conventional P2D model [56]. Though the SP

model adequately describes the general charge-discharge behavior of the battery,

they are not suitable for batteries with high charge/discharge current rates, thick

electrodes, and lowly conductive electrodes, which is mainly because of the ab-

sence of the electrolyte physics [57; 58].

There is little doubt that good electrochemical models are the most accurate

among all battery models, as they are capable of comprehensively describing the

battery spatiotemporal dynamics. However, the complexity and high computa-

tional requirements for solving the electrochemical model equations in comparison

to other battery models limit their real-time application. Thereby, the equivalent

circuit models, which have 
exible structures, fast computational speed, and sim-

ple control design, appear to be promising for the model-based real-time battery

state estimation and have gained a lot of interest in automotive applications.
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2.1.2 Equivalent Circuit Model

To build models that are accurate enough but not as complicated as the elec-

trochemical models, the equivalent circuit modelling approaches are investigated.

The electrical equivalent circuit models provide a great trade-o� between the

model accuracy and the computational complexity, which utilize the electrical

circuit elements to mimic battery dynamics without considering the physical ba-

sis of the batteries. Compared with the electrochemical models, the ECMs are

easy to understand, o�er fast simulation of the system, require few computational

resources, and can be embedded in very basic (and cheap) microcontrollers [59].

As presented in Figure 2.1, the ECMs mainly include the Rint model, Thevenin

model, dual polarization (DP) model and their revisions. The circuit diagrams

of di�erent ECMs are illustrated in Figure 2.2 [60].

(a) (b) (c)

Figure 2.2: Schematic diagram of ECMs:(a) The Rint model; (b) The Thevenin
model; and (c) The DP model [60].

Where I L is the load current,Vt is the terminal voltage,R0 refers to the battery

internal resistance,Uoc is the open circuit voltage which is a function of SOC,

R1, R2 are the equivalent polarization resistances andC1, C2 are the equivalent

polarization capacitances to model the polarization characteristic,UR , U1, U2 are

the over-potential voltages acrossR0, R1 and R2 respectively. The discretised

voltage equations and the parameters� for these three models are listed below

[60]:
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Rint Model

Vt;k = Uoc(SOCk) � I L;k R0 (2.1)

� = R0 (2.2)

Thevenin Model

U1;k+1 = U1;ke
� � t

� 1 + I L;k R1

�
1 � e

� � t
� 1

�
(2.3)

Vt;k = Uoc(SOCk) � I L;k R0 � U1;k (2.4)

� = [ R0; R1; � 1]T (2.5)

DP Model

U1;k+1 = U1;ke
� � t

� 1 + I L;k R1

�
1 � e

� � t
� 1

�
(2.6)

U2;k+1 = U2;ke
� � t

� 2 + I L;k R2

�
1 � e

� � t
� 2

�
(2.7)

Vt;k = Uoc(SOCk) � I L;k R0 � U1;k � U2;k (2.8)

� = [ R0; R1; R2; � 1; � 2]T (2.9)

Where k refers to thekth sample time, � t is the sampling period, the time con-

stants of the two RC networks are� 1 = C1R1 and � 2 = C2R2.

As shown in Figure 2.2(a), The Rint model is the simplest ECM, which consists

of an ideal voltage source in series with a resistor. To simulate the di�usion

process and polarization e�ects, the parallel-connected resistor-capacitor (RC)

networks are utilized to form more complicated ECMs [61], and the number of

RC networks varies from 1 ton according to the dynamics of the load pro�le and

the required modelling accuracy. The model order refers to the number of RC

networks, and the �rst and second-order models are commonly used RC mod-

els for SOC estimation and power predictions [60]. The �rst-order model, also
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called the Thevenin model, connects a parallel RC network in series with the Rint

model (Figure 2.2(b)). The single RC network describes the transient response

during battery charging and discharging process [62]. The second-order model,

also known as the DP model, connects two parallel RC circuits in series with

the Rint model (Figure 2.2(c)), which can re�ne the description of the transient

response of the battery caused by transfer, di�usion and other factors [63]. The

polarization resistanceR1 and the polarization capacitanceC1 characterize the

electrochemical polarization, whileR2 and C2 are used to simulate the concen-

tration polarization [64; 65]. Higher-order models have also been investigated, as

adding more RC networks may improve the model accuracy. However, more RC

networks involve more parameters, and thus increase the model complexity and

require more computational e�ort. Therefore, it is important to get a compromise

in the balance of computational e�ort and model accuracy [66]. The e�ect of the

number of RC networks on the model accuracy was systematically evaluated in

[63], which concluded that the DP model has optimal simulation performance

among the investigated battery models.

Accurate model parameters identi�cation methods are necessary for the e�-

cient utilization of ECMs. They can be classi�ed into two categories, tradi-

tional o�ine identi�cation methods and online methods. The traditional o�ine

methods, such as curve �tting and recursive least squares (RLS) method, have

been extensively utilized in online SOC estimation. However, the parameters of

ECMs would change according to the operating conditions, such as temperature,

charge/discharge rate, SOC and aging level, it is injudicious to utilize the invari-

ant parameters [60; 67]. In this regard, ECM parameters need to be recalibrated

regularly to ensure their extensibility for di�erent operating conditions. Thus,

online recursive identi�cation algorithms are more appropriate. Plett introduced

dual estimation methods to concurrently estimate the battery state and time-

varying model parameters using extended Kalman �ltering algorithm [68] and

29



2.1 Battery models

unscented Kalman �ltering algorithm [69]. In [48], the model parameters were

adapted online using the RLS method, and the battery SOC and capacity were

estimated simultaneously with the joint EKF, which fully decoupled the model

identi�cation and state estimation processes to eliminate the cross interference.

Considering that the battery behaviors consist of both fast dynamics (FD) and

slow dynamics (SD) and estimating all the parameters together will su�er from

numerical problems and poor accuracy, Zhang et al. [70] proposed a novel online

parameter identi�cation method based on weighted RLS to decouple these two

dynamics, and estimate the FD and SD parameters separately. The DP model

was used in this paper and it is assumed that the time constant� 1 is less than� 2.

Herein, the parametersR0, R1, C1 are regarded as the FD part, which describe the

battery internal resistance, charge transfer, and double layer e�ect respectively.

While R2 and C2 are considered as the SD parameters. In [71], nine di�erent

parameters identi�cation methods were used and compared for nine ECMs, the

results suggested that PSO is an ideal choice for online parameters identi�cation

of second-order RC models. And higher-order RC models are not suitable for

online parameter identi�cation.

2.1.3 Black-box Model

It is not trivial to establish the precise battery model using the electrochemical

model and ECM approaches due to the complicated electrochemical reactions

inside the cells and the uncertain external operating conditions. The data-driven

methods appear to be powerful tools for accurate battery model establishment

and have been extensively researched in recent years. They are easy to use and

are free of a priori knowledge of battery dynamics, and are suitable for di�er-

ent battery systems and operating conditions as long as su�cient, diverse, and

comprehensive training data are available. The machine learning techniques have

merits of 
exibility, reliability, strong adaptability and generalizability, and can
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approximate highly nonlinear dynamics with desired accuracy.

Diverse ML techniques have been exploited in battery modelling and state es-

timation. In [72], the practicable capacity was used as the input to a radial

basis function neural networks (RBFNN) along with terminal voltage and cur-

rent, which considering the e�ect of battery aging on SOC estimation. The model

can o�er good robustness under varying temperatures, di�erent loading pro�les,

and di�erent degradation levels. Hannan et al. [73] used the terminal voltage,

current and temperature as inputs to a back-propagation neural network to esti-

mate SOC. The number of neurons in the hidden layer and the learning rate of

this model were optimized by backtracking search algorithm to improve the model

accuracy and robustness. Chemali et al. [74] used a 4-layer deep neural network

to directly map the battery measurements to SOC. By using the temperature

as one of the inputs, the intrinsic behavior of the battery under di�erent ambi-

ent temperatures can be encoded into the weights of the network such that the

trained model is capable of providing accurate and robust estimation results at

di�erent operating temperatures. Furthermore, by forming a state space model

using the coulomb counting method and ML techniques, the closed-loop SOC

estimation can be realised using �ltering algorithms or observers. Similar work

has been reported in several papers, which use machine learning techniques such

as feedforward neural network [75], RBFNN [76], least squares support vector

machine [77], and long short-term memory (LSTM) [78] to capture the nonlinear

relationship between the terminal voltage and battery SOC and estimate the SOC

using �lters or observers. Since the �ltering algorithms are implemented for the

state-space model, which is a discrete-time, stochastic model that consists of a

state function that describes how a state transitions in time, and a measurement

function relating the measured data to a state, the battery model is represented

in the form of state space model. Therefore, the resulting ML model was nor-

mally treated as the measurement function of a state space model for battery
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SOC estimation, while the formula of the coulomb counting method was treated

as the state function.

Though ML-based methods have bene�ts such as high modeling accuracy, strong

adaptability, and generalizability, the model performance can be severely a�ected

by the optimization methods and the quality of the data adopted. Generally, an

immense number of data are required to train a model suitable for various oper-

ating conditions.

2.2 Review of battery SOC estimation approaches

SOC is the ratio of remaining capacity (Qremaining;k ) to maximum available ca-

pacity (Qmax ) of the battery, as expressed in Equation (2.10).

SOCk =
Qremaining;k

Qmax
� 100% (2.10)

Where SOCk is the SOC at timek, Qremaining;k is the releasable capacity at time

k. Qmax is the maximum possible charge that can be extracted from a fully

charged battery in the current cycle, which decreases as the battery degrades.

For ease of implementation, battery nominal capacity is usually used as reference

Qmax value, however, it is not applicable for aged cells and needs to be updated

using e�cient SOH estimation methods. Figure 2.3 illustrates the stored energy

status at di�erent SOCs, where 100% and 0% represent the fully charged and

fully discharged conditions of the battery, respectively. The empty portion can

be recharged and the inactive portion re
ects the permanent loss due to aging.

The approaches for battery SOC estimation can be classi�ed into two main cate-

gories, namely direct and indirect methods. As shown in Figure 2.4, for the direct

estimation approaches, SOC is mainly calculated by open circuit voltage (OCV)

based method, which is a look-up table based method, and coulomb counting
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Figure 2.3: Battery stored energy status at di�erent SOCs (100%, 70%, and 0%).

method. Whereas the OCV method requires a very long resting time with no

load attached to measure the OCV, the coulomb counting method su�ers from

cumulative errors caused by sensor noise and o�sets induced by initialization [79].

Therefore, the model-based method has been developed for online battery SOC

estimation. In the model-based estimation method, an e�ective battery model

is crucial for estimation accuracy. Battery models, such as equivalent circuit

model (ECM) and electrochemical model, in the form of standard state space,

are usually selected to estimate battery states. However, as introduced in Section

2.1, the complexity of batteries internal physicochemical reactions and the uncer-

tainty of external operation makes it di�cult to build accurate battery models.

The machine learning-based estimation methods can be employed to model the

nonlinear relationship between the measurements and SOC without requiring any

prior knowledge of the system.

2.2.1 Coulomb counting method

The coulomb counting method, also known as Ampere-hour (Ah) integral method,

is to calculate the SOC by integrating the measured current with respect to time
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Figure 2.4: Categories of online SOC estimation methods.

while the battery is charging or discharging [80], it can be expressed as:

SOCk = SOC0 �

Rtk

t0
�I k� 1dt

Qmax
(2.11)

where SOCk and SOC0 denote the SOC at timetk and t0 respectively. t0 is

the initial time, tk = t0 + k � � t, � t denotes the sampling interval.I k� 1 is the

current at time k � 1, � is coulombic e�ciency. The maximum available capacity

Qmax usually uses the value of the nominal capacity. Conventionally, the current

direction is negative (sign(I ) < 0) during charge and positive during discharge

(sign(I ) > 0).

Although it is a simple and straightforward SOC estimation method, the short-

comings are apparent due to its open-loop nature [81]. The error in current

measurements will be inevitably accumulated over time due to the time integra-

tion of current, which can signi�cantly a�ect the estimation accuracy. Besides,

the initial SOC is di�cult to be accurately determined in real-time applications

especially when the battery is only charged/discharged within a limited range.
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Moreover, operating conditions such as aging and temperature can make the ac-

tual maximum available capacity deviate from the nominal capacity and a�ects

the coulombic e�ciency � , leading to inaccurate SOC estimation. Therefore, the

coulomb counting method is more suitable to work in combination with other sup-

porting techniques, such as the model-based methods, to enhance the robustness

[82].

2.2.2 Open-circuit voltage method

OCV is the thermodynamic equilibrium potential of battery under no load condi-

tion [83] and its relationship with SOC can be established by step-wise measuring

OCV for di�erent values of SOC [60]. That is, the OCV method infers the SOC

using an o�ine prede�ned OCV-SOC relationship.

This method has inherent di�culties in practical applications. The relationship

di�ers among batteries, even though they are fabricated from the same materials

and structures [84]. However, it is a very time-consuming process to measure the

OCV of each battery at each SOC, as reaching a satisfactory equilibrium condi-

tion to measure an OCV requires a long resting time. Besides, the OCV method

is an open-loop estimator sensitive to measurement errors and uncertain distur-

bances. Some kinds of batteries, in particular lithium iron phosphate batteries,

have a relatively 
at OCV-SOC curve, which means that a small OCV measure-

ment error may lead to a large SOC deviation [85]. Therefore, a voltage sensor

with extremely high accuracy is needed. Furthermore, taking into account the

in
uence of operating conditions, such as temperature and aging, on the OCV-

SOC relationship, various modi�ed OCV-SOC tables have been proposed. For

example, by adding the temperatures to the OCV-SOC table, an o�ine OCV-

SOC-temperature table was established in [86]. All these di�culties hinder the

practical application of the OCV method, make it more suitable for laboratory

application [82].
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2.2.3 Model-based Methods

In the model-based method, di�erent types of battery models, which are intro-

duced in Section 2.1, are usually combined with the coulomb counting method

to form a state space model, where the SOC is a state variable that acts as a

bridge between the state equation and the measurement equation. Then based on

the state space model, various �ltering algorithms or observers are employed to

estimate or infer the battery SOC. For example, in [87; 88], sliding mode observer

is used to estimate the SOC. In [68; 89; 90; 91; 92], the battery SOC is estimated

by the extended Kalman Filter (EKF) algorithm based on di�erent battery mod-

els. And the Unscented Kalman Filter (UKF) algorithm has been investigated

to estimate the SOC in [69; 93; 94; 95]. The results show that the UKF method

is superior to the EKF method in SOC estimation. The adaptive EKF method

improves the accuracy of the EKF-based SOC estimation by adaptively updating

the noise covariance, for example, the covariance matrix of the process noise is

estimated using Maybeck's estimator in [76], Sage-Husa adaptive �lter algorithm

is used to estimate the noise covariance in [96], and in [97], the terminal voltage

and model parameters are estimated online by an adaptive EKF algorithm, where

the �lter's innovation sequence is utilized. An adaptive UKF method is presented

for lithium-ion battery SOC estimation in [98], the adaptive adjustment of the

noise covariances in the SOC estimation process is implemented by the idea of

covariance matching in the unscented Kalman �lter context. Compared with

EKF, UKF and AEKF, the AUKF can estimate the SOC more accurately. Gao

et al. [99] employed particle �lter (PF) for SOC estimation and the computation

time of their algorithm is six times faster than EKF. An unscented PF (UPF)

algorithm is introduced by He et al. [100] for the estimation of SOC of high-

power lithium-ion batteries. The numerical calculations show an improvement in

UPF over UKF in minimizing Root Mean Squared Error and Maximum absolute

error. H1 �lter is used to estimate the SOC of lithium-ion batteries in [101; 102].
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Adaptive H1 �lter is presented to estimate the SOC of a lithium-ion battery

in [103], and in comparison with AEKF and square-root UKF, it o�ers better

overall performance regarding the estimation accuracy, computational cost and

time e�ciency.

Figure 2.5 is a schematic diagram of model-based SOC estimation methods. The

input for both real battery system and battery model can be the loading current

and ambient temperature. In most cases, the terminal voltage is used as the

actual measurement. The principle of the model-based SOC estimation method

is to calculate the di�erence between the actual measurement and the value es-

timated by the measurement equation of the state space model for generating

a measurement residual, and then feed it back to the model through a �lter or

observer for updating the model parameters and states.

Figure 2.5: The schematic of model-based SOC estimation methods.

As a closed-loop estimation method, the model-based SOC estimation method

exhibits desirable advantages and is widely used. It is insensitive to the initial

SOC value, and can achieve accurate online estimation results as long as the

model is precise enough. However, to build an accurate battery model is always

time-consuming and laborious, and requires a priori knowledge of the battery sys-

tem. Therefore, the model-based method is not applicable to all types of battery

[104].
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2.2.4 Machine Learning-based Methods

With the advancement of computer technologies, machine learning techniques

have been increasingly employed to estimate the battery SOC. Techniques such

as arti�cial neural networks (ANN) [73; 105; 106], deep neural networks [74; 107],

recurrent neural networks [108; 109], fuzzy logic [110], and Gaussian process

regression (GPR) [111; 112] can directly map the measured signals (e.g. current,

terminal voltage, and surface temperature) to the SOC. Conventionally, the direct

measurements are usually considered as model inputs to calculate the SOC, which

is the model output. The main bene�t of the ML-based methods is that a priori

knowledge of the battery dynamics is no longer required. Besides, various real-

world operating conditions can be considered during the model training process

by adding additional input to the model, and this method is suitable for all

types of batteries [60]. The main problem of the ML-based SOC estimation

methods is the high demand for the huge amount of training data. Besides, due

to the implementation of low-cost microcontrollers in BMSs, the model size and

computational complexity need to be taken into account.

2.3 Review of battery SOH estimation approaches

The SOH can be used to recognize the dynamic health status and evaluate the

aging or degradation level of the battery. It is a parameter that re
ects the

present condition of the battery described in percentage, with 100% being a fresh

cell. Due to the battery degradation caused by irreversible internal chemical

reactions and physical processes, the SOH decrease with time and usage of the

battery. Battery capacity and internal resistance are the two most used SOH

indicators, which re
ect the energy capability and power capability respectively

[113; 114]. According to the study of internal aging mechanisms, the capacity

fading is mainly caused by the loss of lithium inventory and loss of active material
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of the electrodes [115]. And the increase of resistance is mainly caused by solid

electrolyte interface (SEI) layer formation and growth [114]. Most studies use the

actual capacity to evaluate the SOH, and the SOH is de�ned as:

SOH =
Qmax

QN
� 100% (2.12)

where Qmax denotes the actual maximum available capacity that a battery can

supply from a fully charged state, andQN is the battery nominal capacity. Gen-

erally, a battery cell is regarded as being at the end of life and need to be replaced

when the actual capacity decreases to 80% of the nominal capacity [114].

Numerous SOH estimation approaches have been reported in the literature, which

can be roughly categorized into three groups: model-based, Incremental Capacity

Analysis (ICA)-based, and machine learning-based approaches. A schematic of

the available battery SOH estimation methods is illustrated in Figure 2.6.

Figure 2.6: Categories of online SOH estimation methods.
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2.3.1 Model-based Methods

In model-based battery SOH estimation approaches, physical-based electrochem-

ical models [116], empirical models [117], thermal models [118] and fusion models

[119] are often used in conjunction with observers or adaptive �ltering algorithms

to achieve online capacity estimation. For example, Yu et al. [120] used the

adaptive H1 �lter to estimate the battery capacity based on the Thevenin model

with online identi�ed parameters. Zheng et al. [121] estimated the capacity us-

ing proportional-integral observers based on an electrochemical model. Xiong et

al. [122] extracted �ve parameters that are strongly correlated with battery ag-

ing from the electrochemical model to estimate the capacity. Zheng et al. [123]

applied sequential extended Kalman �lters to estimate capacity based on the em-

pirical model. Di�erent types of battery models were compared and analysed in

[124]. And three widely used �ltering algorithms for estimating the capacity, i.e.

extended Kalman �lter, particle �lter and recursive least squares, were investi-

gated in [125], and their performances are compared and analysed in terms of

accuracy and convergence speed. Furthermore, considering that the battery SOH

is a slow time-varying state, while SOC and other model parameters have fast

time-varying dynamics, multi-scale estimation frameworks have been investigated

to estimate the SOH and fast-varying parameters/states separately, such as multi-

scale EKF [126], multi-scale dualH1 �lter [127], and multi-scale dual adaptive

PF [128]. These frameworks usually use a micro-scale �lter/observer/least square

method to estimate the SOC or identify the parameters, and use a macro-scale �l-

ter/observer to estimate the battery SOH. The model-based approaches have the

merits of achieving fairly accurate SOH estimation and sometimes o�ering clear

physical insights into the battery dynamics. Notwithstanding, their performance

highly depends on the model quality, whereas building an accurate battery model

is not an easy task as the requirement of a large amount of prior knowledge is

not always available.
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2.3.2 Incremental Capacity Analysis-based Methods

The di�erential analysis-based methods correlate the features extracted from the

di�erentiated curves of some electrical, thermal, or mechanical parameters with

battery capacity fade. For example, incremental capacity (IC) analysis and di�er-

ential voltage (DV) analysis have been frequently used in recent years as e�ective

tools to analyze the battery behavior and fading mechanism [114; 129]. IC is

calculated as the derivative of the capacity with respect to its terminal voltage

(dQ/dV) while the battery is charged/discharged under a small and constant cur-

rent rate. The DV curves (dV/dQ) is de�ned as the inverse of IC. A schematic

diagram of ICA-based battery SOH estimation methods is shown in Figure 2.7.

The voltage plateaus shown in the V-Q curve can be easily identi�ed from the

IC curves after the di�erential operation. The features extracted from the curves

such as IC peak position, peak magnitude, peak shape, corresponding peak volt-

age/SOC, and peak area, are analyzed to estimate the battery capacity. For

example, [130] have extracted �ve di�erent features from the IC curves, the �rst

two are peaks and the last two are valleys, the rest is the shoulder of the IC

curves. The capacity is estimated by analyzing the position, value and associated

area changes of these features. As described in [131], the IC peak values are

tracked to estimate the capacity for single cells as well as battery packs. In [132],

three corresponding SOC positions are extracted from the SOC based IC and

DV curves for battery capacity estimation. While [133] use a regional voltage,

which is calculated by the terminal voltage corresponding to the IC peak, for fast

capacity estimation. However, the IC/DV analysis is sensitive to measurement

noise and subject to operation temperature, further, it requires very low current

rate, therefore their applications are severely constrained [134].
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2.3 Review of battery SOH estimation approaches

Figure 2.7: The schematic diagram of ICA-based SOH estimation methods.

2.3.3 Machine Learning-based Methods

Taking into account the limitations of model-based and ICA-based methods

caused by complex internal principles and uncertain working conditions, ma-

chine learning-based battery capacity estimation methods have been extensively

studied in recent years. These methods can handle data with nonlinear rela-

tionship without requiring prior knowledge on the complex physical principles

of the battery and are easy to implement. Methods such as GPR [135], kernel

ridge regression [136], support vector machine (SVM) [137], and support vector

regression [138], just to name a few, have been successfully applied in battery

capacity estimation. Among these methods, Liu et al. [139] employed a GPR-

based framework to simultaneously predict capacity and quantify the uncertainty

of predicted values. Li et al. [140] proposed a GPR-based method to estimate
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the battery SOH using the health features extracted from partial incremental

capacity curves. The accuracy, robustness and e�ectiveness of this approach are

veri�ed on four batteries from the NASA battery degradation dataset. Feng et al.

[141] developed a SVM-based online SOH estimation method. The SVM model is

�rst established o�ine using features extracted from the battery charging curves

of cells at di�erent SOHs. Then the model is employed for online SOH estima-

tion by comparing the features of the measured charging voltage segment and the

stored models. Guo et al. [142] extracted health features from charging measure-

ments, and eight features which are most relevant to the capacity degradation are

selected as the inputs to a relevance vector machine (RVM) model. It is worth

noting that the performance of these methods heavily relies on the manually

extracted features, which requires signi�cant manual and computational e�orts,

and the resultant model is often application speci�c and may not be generalized.

To address this bottleneck, some other machine learning-based techniques such

as Elman neural network [143], LSTM [144], random forest [145] and Convolu-

tional Neural Network (CNN) [146] have been applied to automatically extract

features from the measurements. The Elman neural network was applied in [143]

to estimate the battery capacities of the following cycles until its end-of-life in

real-time, only using the charged capacities in the past cycles as inputs of the

network. A LSTM network was designed in [144] for capacity estimation using

direct measurable data, i.e. current and voltage, and the model's robustness and


exibility in dynamic environments has been extensively veri�ed with data col-

lected from more than seventy Lithium-ion batteries cycled with more than ten

driving pro�les. In [145], the charge capacity recorded in a speci�c voltage region

was used as the input to a random forest regression model, the trained model

can directly use online recorded data for capacity estimation. And [146] directly

used the voltage, current and charge capacity of each cycle as inputs to train a

CNN model for capacity estimation. The performance of three di�erent neural
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network models for capacity estimation, i.e. feed-forward neural network, LSTM

and CNN, were compared in [147], and the test results revealed the di�culty

of the resultant models in dealing well with limited available battery data. It

is clear that these machine learning-based methods have shown great potentials

in battery capacity estimation, yet their performance is heavily dependent on

the size of the training dataset. Only models trained with su�cient data are

capable of achieving satisfactory accuracy. However, to collect a large battery

degradation dataset requires a substantial number of cycling tests, which is ex-

tremely time-consuming and costly. To this end, transfer learning techniques can

be incorporated into these methods to improve the estimation performance on

small dataset. In [148], the battery health was estimated by combining the ker-

nel ridge regression and transfer learning to improve the prediction accuracy. In

[149], transfer learning was applied to achieve accurate, quick and steady predic-

tion based on a LSTM model. A CNN model combining the concepts of transfer

learning and ensemble learning was used for capacity estimation in [150] with

voltage, current and charge capacity as the inputs of the network. Similar work

has been reported in [151].

The disadvantages of the ML-based methods lie in the big computation cost in-

curred during the training process [152], the requirement of large training datasets

which is time-consuming and laborious, and relatively high model complexity.

2.4 Chapter Summary

This chapter provides a systematic literature review on battery modelling and

state estimations. The states of interest in this thesis are SOC and SOH. As

model-based methods are one of the most popular state estimation methods and

accurate battery models are indispensable for these methods, this chapter starts

with an introduction to three commonly used battery models, namely electro-

44



2.4 Chapter Summary

chemical models, equivalent circuit models and black-box models. Then a techni-

cal review on SOC and SOH estimation methods is presented. The model-based

methods are featured by closed-loop nature and are insensitive to initialization

error and uncertain disturbances. The machine learning-based methods have

shown great potential for battery state estimation since a huge amount of batter

test data will be available with the advent of the big data platform of batteries.

However, to implement the estimation method on BMSs with limited computa-

tional capability, the issues existing in di�erent estimation methods still need to

be further addressed.
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Chapter 3

Battery State of Charge

Estimation

Battery state of charge (SOC) is an important parameter that provides informa-

tion about the battery real-time remaining capacity. As an unobservable quan-

tity, SOC estimation is vital for the battery management system to guarantee

the operation safety and reliability of batteries. However, the battery is often

exposed to highly dynamic load demands, it is not easy to estimate the SOC

accurately. To infer SOC from the measured signals, such as current, terminal

voltage and temperature, is still a challenging task due to the highly nonlinear and

non-stationary battery dynamics and the sophisticated battery internal chemical

reactions. During the last decades, a large number of state estimation methods

have been developed for battery SOC estimation [153], as summarized in Chap-

ter 2, these methods can be roughly classi�ed into three groups: conventional

methods including Coulomb counting and open-circuit voltage based techniques,

model-based methods, and machine learning methods. In this chapter, an in-

tegrated approach is proposed for battery SOC estimation, which construct a

state-space model using fast recursive algorithm to correlate the SOC with ter-

minal voltages and estimate the SOC using �ltering algorithms.
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3.1 Model Construction

To estimate the SOC using model-based �ltering method, a state space model is

�rst established, while the SOC is de�ned as an independent state variable in the

state space model. As summarized in Chapter 2, electrochemical models (EMs),

equivalent circuit models (ECMs), and black-box models are the commonly used

battery models. The EM is capable of re
ecting the electrochemical reactions

inside the battery, however, it requires in-depth knowledge of the battery and to

identify all parameters is a very complicated process. The ECMs are proposed

to strike a balance between model complexity and accuracy, and they describe

the charging and discharging processes using a combination of voltage source,

capacitances, and resistances. The parameters of the ECM change under di�er-

ent operating conditions and need to be updated either by look-up tables or by

polynomial functions. Compared to the ECMs and EMs, black-box models do

not require detailed �rst principle knowledge of the battery and and can describe

the nonlinear relationship between the battery SOC and terminal voltage with

desired accuracy. In this chapter, the fast recursive algorithm is used to determine

the model structure and identify the model parameters.

3.1.1 Fast recursive algorithm

In the �eld of system identi�cation, the linear-in-the-parameter model is a popular

model structure for approximating a large class of nonlinear systems. These

models linearly combine a set of model terms that are nonlinear functions of

the system variables. Such models have an excessive number of candidate terms

which may cause over�tting and high computational complexity, therefore, model

selection algorithms have been proposed to generate parsimonious models with a

much smaller number of terms. In particular, a fast recursive algorithm (FRA)

[154] was proposed to simultaneously select most signi�cant model terms and
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estimate model parameters.

Consider a nonlinear discrete-time dynamic system represented by a linear-in-

the-parameters model, which is identi�ed by N data samplesf x(i ); y(i )gN
i =1

y = 	� + � (3.1)

Wherey = [ y(1); :::; y(N )]T 2 < N denotes the system output,	 = [ ' 1; :::; ' j ; :::; ' S] 2

< N � S is the regression matrix that contains all candidate model terms, each term

' j 2 < N � 1; ' j = [ ' j (x(1)); :::; ' j (x(N ))]T (j = 1; :::; S) represents a nonlinear

function of N input samples,� = [ � 1; :::; � S]T are the unknown parameters to be

identi�ed, and � = [ "1; :::; "N ]T is the model residual vector.

Two recursive matrices, namely information matrixM k and residual matrix Rk ,

are prede�ned in FRA to ful�ll the forward model selection procedure as:

M k = 	 T
k 	 k (3.2)

R k = I � 	 kM � 1
k 	 T

k (3.3)

where 	 k 2 < N � k contains the �rst k columns of the full regression matrix	 ,

additionally, k = 1; :::; S, and R 0 = I .

Thus, when the �rst k columns in 	 are selected, the estimation of parameters

that minimizes the cost function and the associated minimal cost function can be

formulated as

�̂ k = M � 1
k 	 T

k y (3.4)

Ek = yT y � �̂ T
k 	 T

k y (3.5)
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When f ' j ; j = 1; :::; Sg in 	 are mutually linearly independent, the residual

matrix R k will have the following distinguished properties:

R k+1 = R k �
R k ' k+1 ' T

k+1 R T
k

' T
k+1 R k ' k+1

; k = 0; 1; :::; (S � 1) (3.6)

R T
k = R k ; R kR k = R k ; k = 0; 1; :::; S (3.7)

R kR j = R j R k = R k ; k � j ; k; j = 0; 1; :::; S (3.8)

R k ' j = 0; 8j 2 f 1; :::; kg (3.9)

Now, Equation (3.5) can be expressed as

Ek = yT R ky (3.10)

To simplify the formulas and decrease the computational complexity, three quan-

tities are consequently de�ned as

8
>>>>>>>>>>>><

>>>>>>>>>>>>:

' (k)
j , R k ' j ; ' (0)

j , R 0' j = ' j

ak;j ,
�

' (k� 1)
k

� T
' (k� 1)

j ; a1;j , ' T
1 ' j

bk ,
�

' (k� 1)
k

� T
y; b1 ,

�
' (0)

1

� T
y = ' T

1 y

(3.11)

wherej = 1; :::; S, and k = 0; 1; :::; S. According to the properties ofR k and the

new quantities de�nition, the net contribution of a new model term' k+1 to the
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cost function can be explicitly calculated as

� Ek+1 =

�
yT ' (k)

k+1

� 2

� �
' (k)

k+1

� T
' (k)

k+1

� =

�
bT

k+1

� 2

ak+1 ;k+1
; k = 0; 1; :::; S � 1 (3.12)

By calculating the net contribution of each term, the model terms with maximum

contributions will be selected one by one. Finally, after all important model terms

have been selected, the parameter for each selected term is calculated as

�̂ j =
bj �

P k
i = j +1 �̂ i aj;i

aj;j
; j = k; k � 1; :::; 1 (3.13)

Note: the summation term in Equation (3.13) is zero forj = k, i.e.
P k

i = k+1 �̂ i ak;i =

0. Equations (3.12) and (3.13) constitute the main steps of the FRA, which se-

lects model terms one by one based on (3.12) and calculates the model parameters

for the resultant model based on (3.13).

3.1.2 The proposed model

In this chapter, the FRA is used to capture the nonlinear relationship among ter-

minal voltage, battery SOC and current. Figure 3.1 shows the process of building

the measurement function. SymbolsI and SOC refer to discharge current and

state of charge, respectively. And the subscriptk means for thek � th time step.

The procedure is summarized below:

Step 1 - Initialization. Identify model term pool, such as 1=SOC,
p

SOC,

ln(SOC), eSOC , sin(SOC) and cos(SOC), collect data and build the data matrix

(information matrix).

Step 2 - Fot the (k + 1)-th time step, the terminal voltage Vk+1 is regarded as

the model output, and the current I k+1 and SOCk+1 are used to generate the

candidate model terms based on the identi�ed model term pool.
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Start

Initialization: identify
model term pool and

build information matrix

Input variables:
I k+1 ; SOCk+1 , n = 1

GenerateS candidate
model terms for selection

Calculate � E of each
candidate model
term with FRA

Selectn model terms with
highest � E and identify
the model parameters

Reach the desired tolerance? n = n + 1

Output selected model
terms and identi�ed
model parameters

Measurement function

yes

no

Figure 3.1: Flowchart of building measurement function based on FRA

Step 3 - Then the contribution of each term in the candidate pool is calculated

using Equation (3.12).

Step 4 - Select the model term with highest contribution, and calculated its pa-
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rameter using Equation (3.13). With the selected model terms and the identi�ed

parameters, the model output is obtained, denoted bŷVk+1 . The root mean

square error between the measured terminal voltageVk+1 and model output V̂k+1

over all the training samples is calculated by:

RMSE =

vu
u
t 1

N

N � 1X

k=0

�
Vk+1 � V̂k+1

� 2
(3.14)

Step 5 - Repeat Step 3 until the model accuracy is satisfactory. As a result, the

model structure has been determined and the parameters of the selected model

terms have been identi�ed.

3.1.3 Battery state space model

As introduced in Chapter 2, according to Equation 2.11, the SOC at time instant

k + 1 can be calculated by:

SOCk+1 = SOCk +
� � t
Q

I k (3.15)

The coulombic e�ciency � is set to 1. The SOC is considered as a hidden state

variable in the state-space model. This is the state function of the state space

model.

The measurement function is established according to the process described in

section 3.1.2 using the fast recursive algorithm, which is expressed as follows:

Vk+1 = 	 n (I k+1 ; SOCk+1 )� n (3.16)

where 	 n (I k+1 ; SOCk+1 ) refers to n model terms and consists of current, SOC,

and their nonlinear forms that are selected by FRA from the candidate feature

pool, and � n = [ � 1; :::; � n ]T is the coe�cient vector for the selected nonlinear
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terms.

3.2 Filtering Algorithms

3.2.1 Kalman Filter

Kalman �lter (KF) [42] is a computationally e�cient framework that provides

optimal state estimation for linear systems or systems with linear state space

model by minimizing the mean square error between the actual and estimated

data. It has been extensively studied and applied in virtually every technical or

quantitative �eld. Consider a dynamic discrete process represented by a linear

stochastic equation using state vectorxk :

xk = Ax k� 1 + Buk� 1 + ! k� 1 (3.17)

whereA is the transition matrix that associates the state of the previous moment

with the current state. And matrix B correlates the control input uk� 1 with

the current state of the system. The process noise! k� 1 is assumed to be white

Gaussian noise, with zero mean and and covarianceQk� 1.

The measurementszk are linearly related to the statexk :

zk = Cxk + vk (3.18)

whereC is the measurement matrix, and measurement noisevk is assumed to be

white Gaussian noise with zero mean and covarianceRk . The process noise! k is

uncorrelated with the measurement noisevk , and both of them are assumed to
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be independent of the state of the system.

E[! kvT
j ] = 0

E[! kxT
j ] = 0; E[! k ! T

j ] = Qk � k� j ; 8k; j

E [vkxT
j ] = 0; E[vkvT

j ] = Rk � k� j ; 8k; j

(3.19)

whereE[�] is the expectation operator, and� k� j is the Kronecker delta function,

that is � k� j = 0 if k 6= j , and � k� j = 1 if k = j .

The KF estimates the statexk based on the system dynamic model and the noisy

measurements. The measurements sequenceZ j = [ z1; z2; z3; :::; zj ], contains all

of the measurements that up to and includingj th instant. The a priori x̂ �
k and

a posteriori x̂k estimates of system state at time instantk are de�ned based on

the available measurements. If the available measurements are prior to timek,

zk is unavailable for state estimation atkth instant, it is a priori estimate, we

denote as ^x �
k . If the measurementszk at time-step k are available for use in the

estimation of statexk , the estimate isa posteriori , which we denote as ^xk . x̂ �
k

and x̂k are results at the prediction (also called time update) stage and update

(also called measurement update) stage, respectively.

The a priori state x̂ �
k can be predicted by taking the expectation of statexk

conditioned on all measurements beforekth instant. The predicted state is given

by:

x̂ �
k = E[xk jZk� 1]

= E[(Ax k� 1 + Buk� 1 + ! k� 1)jZk� 1]

= AE [xk� 1jZk� 1] + Buk� 1 + E[! k� 1jZk� 1]

= Ax̂k� 1 + Buk� 1

(3.20)
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Similarly, the predicted measurement can be obtained as:

ẑ�
k = E[zk jZk� 1]

= E[(Cxk + vk)jZk� 1]

= CE[xk jZk� 1] + E[vk jZk� 1]

= Cx̂ �
k

(3.21)

The a priori error and a posteriori error between the actual state and the esti-

mated state are

e�
k = xk � x̂ �

k (3.22)

ek = xk � x̂k (3.23)

Then the a priori covarianceP �
k of the state estimation error can be calculated

as

P �
k = E[e�

k e� T
k ] = APk� 1AT + Qk� 1 (3.24)

After predicting the state and error covariance, the next step is to update the

a priori state x̂ �
k and covarianceP �

k . The state vector is updated using the

predicted state and the new measurementzk , and the discrepancy between the

actual measurement and the predicted measurement is weighted by Kalman Gain

to minimize the a posteriori error covariance [155].

K k = P �
k CT (CP �

k CT + R)� 1 (3.25)

x̂k = x̂ �
k + K k(zk � Cx̂ �

k ) (3.26)

Pk = E[ekeT
k ] = ( I � K kC)P �

k (3.27)

The Kalman gain K k is calculated in equation (3.25) to evaluate the updated

state and covariance. The factor (zk � Cx̂ �
k ) in equation (3.26) is called the
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residual, which denotes the discrepancy between measurements and predicted

measurements.

The simpli�ed diagram of Kalman �lter is illustrated in Figure 3.2. The estima-

tion process of KF consists of two steps, i.e. the prediction (time update) step

and the update (measurement update) step. The prediction step in Kalman �lter

obtains the priori estimates of the current states and error covariance based on

the past states of the system. The update step correct thepriori estimates of the

states and obtain the updatedposteriori estimates by using the new measure-

ment value, and then provides a feedback to the prediction step to implement

iterative estimation.

Figure 3.2: Simpli�ed diagram of the KF

3.2.2 Extended Kalman Filter

The KF is an optimal linear �lter, but in reality, most real-world systems are

nonlinear. Applying KF in nonlinear systems will introduce large errors and

sometimes may cause �lter divergence. Considering the signi�cance of nonlin-

ear �ltering for the diverse �elds in science and engineering, researchers started
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working on nonlinear �ltering problems in the early 1960's [156], and a number

of methods have been developed.

The state of a nonlinear dynamic system is governed by a nonlinear stochastic

di�erence equation which is denoted by a di�erentiable functionf k(:), and the

measurements are nonlinear related to the state vector by a nonlinear function

hk(:).

xk+1 = f k(xk ; uk ; wk) (3.28)

zk = hk(xk ; vk) (3.29)

where k is the time index, xk refers to the state,uk is the input, wk is the pro-

cess noise,zk represents the measurement, andvk is the measurement noise. The

functions f k(:) and hk(:) are time-varying nonlinear process and measurement

equations.

In KF and its variants, vector wk and vk in equations (3.28) and (3.29) are

assumed to be uncorrelated zero-mean white Gaussian noise with covariance ma-

trixes Qk and Rk respectively.

The EKF was developed to extend the application of the KF to nonlinear systems

by replacing the nonlinear function with its linear approximation. It linearizes

the estimation by calculating the Jacobian matrices of the nonlinear functions

f k(:) and hk(:). The EKF is also called the First-Order �lter, because it expands

nonlinear functions using the Taylor Series and only uses the �rst order term.

The linearized transformation of the nonlinear functions in the EKF is the ap-

proximation of the actual functions, therefore, the estimation results calculated

by EKF is not guaranteed to be optimal estimates of the actual states of a non-

linear system.

The function f (:) and h(:) are linearized using Taylor-series expansion at each

time step, supposing thatf (:) and h(:) are di�erentiable at all time, the elements
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of the state transition matrix are de�ned as:

A k =
@f(xk)

@xk
jxk = x̂ �

k
(3.30)

Ck =
@h(xk)

@xk
jxk = x̂ �

k
(3.31)

Similar to the Kalman �lter, the EKF algorithm also has two parts: prediction

and measurement update stages. As shown in equation (3.32) and (3.33), at time

instant k, the predicted state x̂ �
k and error covarianceP �

k are �rst calculated

without the measurementyk . Then based on the predictedP �
k and the measure-

ment yk , the state x̂k and error covarianceP k are updated using the Kalman gain

K k computed by (3.34).

x̂ �
k = f (x̂k� 1; uk� 1) (3.32)

P �
k = A kP k� 1A T

k + Qk � 1 (3.33)

K k = P �
k CT

k

�
CkP �

k CT
k + R k

� � 1
(3.34)

x̂k = x̂ �
k + K k

�
yk � h(x̂ �

k )
�

(3.35)

P k = ( I � K kCk) P �
k (3.36)

3.2.3 Unscented Kalman Filter

The Unscented Kalman Filter (UKF) was introduced by Julier and Uhlmann

[157; 158], which is a recursive Minimum Mean Square Error (MMSE) estimator

that addresses the limitations of the EKF caused by linear approximation and

provides more accurate, robust and e�cient prediction performance and easier

implementation, while the computational cost of the algorithm is the same or-

der of magnitude as the EKF. The UKF is also called sigma-point Kalman �lter

(SPKF) due to the use of sigma-point approach, which is a deterministic sam-

pling framework [159].
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The UKF is still restricted to Gaussian distributions. The core and foundation of

the UKF algorithm is unscented transformation (UT), a method for calculating

the statistics of a random variable which undergoes a nonlinear transformation

and builds on the principle that it is easier to approximate a probability distribu-

tion than an arbitrary nonlinear function or transformation[160]. The schematic

representation of the unscented transformation is shown in Figure 3.3. Firstly, a

set of sigma pointsf � i g2n
i =0 are deterministically sampled from the the mean�x and

the covarianceP x of the state variables at the previous moment,n is the number

of state variables, and the weights for the mean and covariance arew[i ]
x and w[i ]

p ,

respectively. Then each sigma point is propagated through the nonlinear function

y = g(� i ). Finally, the approximated mean �y and covariancePy are computed to

capture the prior distribution of the state variables at current moment.

Figure 3.3: Schematic diagram of the UT

The UKF is a straightforward application of the UT in the recursive Kalman �lter

framework [159]. Through unscented transformation, the mean and covariance of
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y, who has a nonlinear relationship withx given asy = g(x), can be obtained.

The UT algorithm is summarized as follows:

ˆ Choosing the sigma points

� [0] = �x

� [i ] = �x +
h



p
P x

i

i
; i = 1; :::; n

� [i ] = �x �
h



p
P x

i

i
; i = n + 1; :::; 2n

(3.37)

where
�



p
P x

�
i

denotes thei th column of
�



p
P x

�
, 
 =

p
n + � is a com-

posite scaling parameter calculated by the dimensionn of the state and the

scaling parameter� .

� = � 2(n + ") � n (3.38)

where � (0 � � � 1) represents the scaling parameter that determines the

distribution of the sigma points, in general,� should be a small number."

is the other parameter that can adjust the spread of the points. The bigger

the � and " are, the further the sigma points are away from the mean.

ˆ Set the corresponding sigma point weights

w[0]
x =

�
n + �

w[0]
p = w[0]

x + (1 � � 2 + � )

w[i ]
p = w[i ]

x =
1

2(n + � )
; i = 1; :::; 2n

(3.39)

The suggested values for�; � and " are 0.01 or 0.001, 2 and 3� n, respec-

tively [159].

ˆ Calculate the mean an covariance ofy from the weighted and transformed
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points

�y =
2LX

i =0

w[i ]
x g(� [i ]) (3.40)

P �
y =

2LX

i =0

w[i ]
p

�
g(� i ]) � �y

� �
g(� [i ]) � �y

� T
(3.41)

Considering the nonlinear system model given in equation (3.28) and (3.29), the

UKF algorithm is briefed as:

ˆ Initialization

x̂0 = E[x0]; Px0 = E[(x0 � x̂0)(x0 � x̂0)T ] (3.42)

ˆ Prediction

Calculate sigma-points at time stepk � 1 (k = 1; :::; 1 )

� k� 1 =
h
x̂k� 1 x̂k� 1 + 


p
Pk� 1 x̂k� 1 � 


p
Pk� 1

i
(3.43)

Propagate the sigma points through the process model from timek � 1 to

k, and predict the state and error covariance using these weight points

� [i ]
kjk� 1 = f (� [i ]

k� 1; uk� 1) (3.44)

x̂ �
k =

2nX

i =0

w[i ]
x � [i ]

kjk� 1 (3.45)

P �
xk

=
2nX

i =0

w[i ]
p

�
� [i ]

kjk� 1 � x̂ �
k

� �
� [i ]

kjk� 1 � x̂ �
k

� T
(3.46)

ˆ Measurement-update

Propagate the sigma points through the measurement model and predict

the measurement, measurement error covariance and cross-covariance at
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time instant k

Z [i ]
kjk� 1 = h(� [i ]

kjk� 1; uk) (3.47)

ẑ�
k =

2nX

i =0

w[i ]
x Z [i ]

kjk� 1 (3.48)

Pzk =
2nX

i =0

w[i ]
p

�
Z [i ]

kjk� 1 � ẑ�
k

� �
Z [i ]

kjk� 1 � ẑ�
k

� T
(3.49)

Pxk zk =
2nX

i =0

w[i ]
p

�
� [i ]

kjk� 1 � x̂ �
k

� �
Z [i ]

kjk� 1 � ẑ�
k

� T
(3.50)

Calculate the Kalman gain and update the mean and covariance of the state

K k = Pxk zk P � 1
zk

(3.51)

x̂k = x̂ �
k + K k(zk � ẑ�

k ) (3.52)

Pxk = P �
xk

� K kPzk K T
k (3.53)

3.2.4 Particle Filter

The above-mentioned Kalman �lter and its variants have a fundamental limita-

tion that the noise in the process and measurements should be Gaussian, and

the processes with non-Gaussian noise cannot be estimated using the variants

of Kalman �lters. Whereas the Particle �lter(PF) does not require the Gaus-

sian hypotheses [161]. The particle �lter, also including variants known as the

bootstrap �lter, Sequential Importance Sampling (SIS), condensation algorithm,

interacting particle approximations, Monte Carlo �lter, Sequential Monte Carlo

(SMC) �lter [41; 162], has become a very popular class of numerical methods for

the optimal estimation problems in non-linear non-Gaussian scenarios since their

introduction in 1993 [163]. In comparison with standard approximation methods,

such as the popular EKF, the main advantage of PFs is that they do not rely on
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any local linearisation technique or any crude functional approximation.

Particle �ltering is based on Monte Carlo simulation with sequential importance

sampling (SIS), it approximates the complete posterior state density recursively

[162; 164]. The key idea of PF is to represent the required posterior density func-

tion by a set of independent random samples (particles) with associated weights,

and to update the posterior by involving the new measurements.

The particle set is recursively located, weighted and propagated according to the

Bayesian theory, the PF is a probability-based estimator that is derived from the

Bayesian approach. For the record, the particle �lter needs a Bayesian formula-

tion of the problem.

xk = f (xk� 1; wk) $ p(xk jxk� 1) (3.54)

yk = h(xk ; vk) $ p(yk jxk) (3.55)

where k is the time index, wk and vk are white noises, and are not necessarily

Gaussian.

The SIS algorithm is the basis for all particle �lter algorithms. The importance

function q(x0:k jy0:k) and importance weights of SIS algorithm can be evaluated

recursively:

q(x0:k jy0:k) = q(x0)
kY

i =1

q(x i jx0:i � 1; y0:i ) (3.56)

~w(i )
k / ~w(i )

k� 1

p(yk jx(i )
k )p(x(i )

k jx(i )
k� 1)

q(x(i )
k jx(i )

0:k� 1; y1:k)
(3.57)

Also the weights should be normalized

~w(i )
k =

~w(i )
kP N

i =1 ~w(i )
k

(3.58)
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But the SIS method su�ers from a serious drawback: the weight will tilt after

several updating iterations which causes substantial computational e�orts being

wasted on the particles which have scarcely any contribution to the �nal result.

Resampling method is proposed to remove the particle that has low weight and

retains the rest. Currently, wide attentions are paid to multinomial resampling,

strati�ed resampling, systematic resampling and residual resampling [46].

Sampling Importance Resampling (SIR) Filter is the most classical form of par-

ticle �lter and is easy to implement [165]. It can be easily derived from the SIS

algorithm by choosing appropriate importance density and the resampling step.

The advantage of SIR method is that it is easy to evaluate the importance weights

and sample the importance density.

The choice on importance function determines the performance of the method.

A simple, though not optimal, choice for the importance function is to use the

prior distribution, that is

q(xk jxk� 1; yk) = p(xk jxk� 1) (3.59)

The weight update equation can be simpli�ed

w(i )
k =

p(yk jx(i )
k )p(x(i )

k jx(i )
k� 1)

q(x(i )
k jx(i )

k� 1; y0:k)
w(i )

k� 1 = p(yk jx(i )
k )w(i )

k� 1 (3.60)

3.3 Experimental Data

A cylindrical lithium iron phosphate battery cell was tested under the room tem-

perature (25� C) using a BTS 4000 battery test system made by NEWARE, and

its parameters are summarized in Table.3.1. Thermocouples with measurement

error less than 0.1� C are attached to measure the cell surface temperature. The

sampling frequency for all the equipment used in the test was set as 1 Hz.
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Table 3.1: Speci�cations of the battery.

Battery type LiFePO4

Nominal capacity 1.6 Ah

Nominal voltage 3.2 V

Min /Max Voltage 2.0V/3.6V

Initial State-of-Charge 100%

The battery was charged with a constant current (CC) of 1.6 A (1C) until the

voltage reaches the upper cuto� voltage 3.6 V, and then followed by a constant

voltage (CV) charge at 3.6 V which was terminated when current fell below the

cuto� value of 75 mA. The cell was then discharged with a 1.6 A constant current

to the lower cuto� voltage of 2.0 V. The current and voltage of this CC discharge

process measured at an ambient temperature of 25� C are shown in Figure 3.4.

(a) (b)

Figure 3.4: The current and voltage measured during the CC discharge cycle.
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3.4 Results and Discussion

To produce an accurate estimation of the SOC based on the real-time measure-

ments of terminal voltages and currents, a battery model in the form of state

space should be established �rst. The overall process of the proposed model-

based SOC estimation is illustrated in Figure 3.5, which can be divided into two

steps: battery modelling and SOC estimation. The modelling step consists of

testing data collection, candidate model terms generation, optimal model terms

selection and model performance validation, which has been given in detail in

Section. 3.1.2. Then based on the built model, the SOC is estimated using suit-

able algorithm. The algorithm, such as Kalman �lter family and sliding mode

observer, is selected according to the application and required accuracy. With the

battery testing experiment introduced in Section. 3.3, the data collected from the

�rst 5 discharging cycles are used to build the measurement function to correlate

the terminal voltage with SOC and current, and the data of the 7-th discharging

cycle are used to validate the performance of the model as well as to compare the

performance of di�erent �ltering algorithms for SOC estimation.

3.4.1 Evaluation of the model

As described in Section.3.1.2, the model terms include current, SOC, and their

nonlinear forms, which are selected by fast recursive algorithm from the candidate

model terms. The statistical validation results of the trained model are shown in

Figure 3.6, as can be observed, the RMSE of the model decreases as the number

of selected model terms increases. When 9 model terms are selected (red cycle

in Figure 3.6), the RMSE is 0.0055 V, after which the RMSE does not decrease

signi�cantly even if more terms are selected. Considering the balance between

accuracy and model complexity, the number of selected model terms are deter-

mined to be 9.
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Figure 3.5: Procedures of the proposed model-based SOC estimation

Figure 3.6: The RMSE of model with di�erent number of model terms

The modelling results on the validation data are shown in Figure 3.7. As can be

observed, the model outputs are close to the measured data, that is, the model

built by FRA can well describe the nonlinear relationship between the SOC and

voltage. The RMSE is 5.9 mV, which is 0.18% of the battery nominal voltage.
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Figure 3.7: Modelling results

Table 3.2 summarizes the RMSE of the model on subsequent cycles, which in-

creases as the cycle increases. It can be observed that the RMSE is larger than 10

mV after 10 cycles, and the model performance further degrades after 80 cycles.

Therefore, to obtain acceptable SOC estimation results, the model parameters

should be updated regularly using newly collected cycling data. The update fre-

quency depends on the requirements for SOC estimation accuracy, for the best

results, the model should be updated every 10 cycles.

Table 3.2: Modelling results on validation cycles

cycle number 8 9 10 11 20 40 60 80 100

RMSE (mV) 7.1 7.3 7.4 10.3 11.8 12.2 12.1 15.7 16.5
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3.4.2 SOC Estimation based on the proposed model

The battery state space model is expressed as follows:

8
>>>>>><

>>>>>>:

SOCk = SOCk� 1 + � t
Q I k� 1

Vk = h(I k ; SOCk) = 	 9(I k ; SOCk)� 9

(3.61)

The selected models terms	 9 = [ ' 1; ' 2; :::; ' 9] and the corresponding parameters

� 9 = [ � 1; � 2; :::; � 9]T of the measurement function are listed in Table. 3.3. Then

the SOC is estimated based on this model using di�erent �ltering algorithms. In

this section, EKF, UKF and PF are used to estimate the SOC, and their results

are compared. The initial value of SOC is set to 0.8 in all tests, while the correct

initial value is 1, thus 20% initial error is introduced to validate the performance

of the �ltering algorithms with erroneous initial state value.

Table 3.3: Model terms and parameters of the measurement function.

i=1 i=2 i=3 i=4 i=5 i=6 i=7 i=8 i=9

� i 0.1176 7.7379 273.9758 4.91722 21.3713 10.3254 -294.8140 -41.5292 17.3574

' i I
p

SOC sic(SOC) eSOC cos(SOC3) SOC2 SOC cos(SOC2) eSOC2

According to the detailed algorithm described in Section. 3.2.2, the 
owchart of

the EKF-based battery SOC estimation is illustrated in Figure 3.8.

Based on Equation.(3.61), the matrixAk and Ck in Equation. (3.30) and (3.31)
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Figure 3.8: Flowchart of EKF-based SOC estimation

can be deduced as:

8
>>>>>><

>>>>>>:

Ak = 1

Ck = @h(I k ;SOCk )
@SOCk

= @	 9 (I k ;SOCk )
@SOCk

� 9

(3.62)

The EKF-based battery SOC estimation results are shown in Figure 3.9, where

the blue line represent the reference SOC and the red line is the SOC estimation

results using EKF. As shown in this �gure, the SOC estimation results can quickly

converge to the reference value and the estimation error is close to zero after

convergence.

The 
owchart of UKF-based battery SOC estimation is illustrated in Figure 3.10.

As the number of state is 1 in this test, the sigma point� k� 1 generated at (k � 1)-

th time step is a 1� 5 vector. Figure 3.11 shows the SOC estimation results using

UKF, similar to that of the EKF-based method, a faster convergence speed can

be observed and the estimates can track the reference SOC value well.

Figure 3.12 shows the 
owchart of PF-based SOC estimation. In the PF-
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