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Abstract

With increasing innovation and environmental awareness, electric vehicles (EVs) are becoming

more popular than the conventional fuel based vehicles for emission-free future transportation. Lithium-

ion battery (LIB) is the most suitable choice of energy storage system that works as the core of an EV.

Along with the battery, a micro-controller known as battery management system (BMS) is required

for reliable and secure operation of the battery. In BMS, real-time access to the information of one of

the most critical battery states, known as state of charge (SOC), is vital as it indicates the remaining

capacity of the battery, helps to prevent overcharging and undercharging, increases capacity utilization

and lifespan, improves reliability, reduces cost, and ensures safety of the battery and its surroundings.

Being an internal state, SOC is not available for direct measurement by any sensor and estimating

it accurately for an LIB is non-trivial due to the highly nonlinear nature of the battery and various

uncertain operating conditions. The literature reports several different approaches to estimate SOC

of an LIB with each having its own advantages and drawbacks. It is important to note that each

method of SOC estimation in literature possess some drawbacks either in accuracy or in real-time

implementation. Hence, there is a scope for further improvement of these methods to enhance the

performance of SOC estimation.

This thesis primarily offers improved solution for estimating SOC under diverse real-time con-

straints and operating conditions. It carefully focuses on improving various performance parameters

of SOC estimation algorithm such as accuracy, robustness, computational time, and convergence speed.

It strives to minimize the information requirement to achieve the cost-effective performance of SOC es-

timation. The algorithms are designed such that they can be implemented on a low cost BMS. For this

purpose, four different model based approaches for SOC estimation have been progressively proposed

and developed, including modelling of the LIB and its identification techniques. The proposed SOC

estimation approaches are based on conventional super twisting algorithm (STA), strict Lyapunov su-

i
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per twisting STA, adaptive Lyapunov STA, and adaptive generalized integral STA. For designing the

state estimators, the required battery model parameters are identified using relay feedback, recursive

least square with forgetting, and adaptive forgetting factor based recursive least square approaches.

The effectiveness of conventional STA along with relay feedback approach for SOC estimation is val-

idated with numerical simulations. The other SOC estimation algorithms are executed on an actual

battery using a real-time driving cycle current profile under diverse conditions. The obtained results

demonstrate the efficacy of these proposed methods in terms of crucial performance parameters such

as accuracy, chattering, robustness, computational complexity, and convergence speed compared to

the well-established SOC estimation methods in the current state-of-the art.
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1.1 Introduction to energy storage system and electric vehicle

1.1 Introduction to energy storage system and electric vehicle

The rising level of global warming is one of the most alarming issues in the present time. Global

warming accounts for the gradual increase of temperature of earth’s surface primarily due to human-

activities such as burning of fossil fuel. The emission of carbon dioxide, methane, nitrous oxide, and

other green-house gases into the atmosphere is considered the primary reason for global warming. The

green-house gases are known to be heat-trapping and thus increase the average global temperature

by absorbing the heat from the sun. The other adverse effects of global warming are rising sea levels,

floods, wildfires, droughts, hurricanes, melting of ice at glaciers and the poles of the earth, etc [1].

According to United States Environmental Protection Agency, the electricity sector is a major

source of global warming, contributing 25% of the total green-house gases to the environment, as

evident from Figure 1.1 [2]. Due to the environmental awareness and low operating cost, there is a

29%

25%
23%

13%

10%
Transportation

Electricity

Industry

Commercial & 
Residential

Agriculture

Figure 1.1: Sectors contributing to the emission of green-house gases.

swift increase in the use of renewable energy sources (RES) in smart grids and micro grids in recent

years. The RES, such as solar and wind energy, are considered to be clean energy sources and do

not contribute to the global warming. However, the availability of both wind and solar energy is

intermittent in nature. Hence, an energy storage system such as battery is required to store the

energy when available and use it later when needed. The battery can also assist in some emergency

situations to increase the reliability of the smart grids and micro grids [3, 4]. In smart grids, battery

can also be used for the purpose of peak shaving, voltage regulation, and frequency regulation by

storing or feeding energy. Hence, the energy storage system such as battery has become an integral

part of present smart grids and micro grids.
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The high consumption of conventional fossil fuel in the transportation sector has made it the largest

source of green-house gases, as shown in Figure 1.1 [2]. In 2014, the electricity sector was the highest

contributor of green-house gases [2]. But in 2019, the transportation sector has surpassed the electricity

sector to become its highest contributor (29%). Besides, the increasing price of fossil fuel also causes

severe setback for the automobile sector and advocates the need to develop unconventional fuel-driven

vehicles. In order to address these issues, the implementation of electric vehicles (EVs) has received

significant attention and become an attractive alternative for vehicle industries and researchers. The

EVs provide high torque, strong acceleration, and quiet operation. They also require less maintenance

than the internal combustion engines. The battery storage system is a vital part of an EV and acts as

its primary source of energy which powers the electric motors of the vehicle. It accounts for a significant

part of the cost of an EV. Since the cost of the EV battery (especially lithium-ion battery) has been

falling sharply since 2010, as shown in Figure 1.2, the market share of EVs has been continuously

increasing and is expected to continue its growth [5]. Moreover, the operating cost of electricity to
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Figure 1.2: Volume-weighted average of lithium-ion battery price in USD since 2010.

run an EV is much smaller than the cost of fuel needed to propel an equivalent internal combustion

engine. In recent years, various infrastructures for charging of EV batteries have also been developed.

The charging of the EV batteries can be done either using stand-alone charging stations or power

grids. Hence, the range of EVs is not a significant issue anymore as it was before. Since the battery

is a vital and costly part of an EV, its proper management is essential. This thesis focuses on the

management of various aspects of the battery used in EVs.
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1.2 Batteries for EVs

The commercial batteries are broadly classified into two categories: (i) primary batteries and (ii)

secondary batteries. The primary batteries are also known as single use batteries and can not be used

again once they are completely discharged. In this case, the electrochemical reaction that occurred at

the electrodes during the discharge of the battery is not reversible. The secondary batteries have the

ability to get recharged and can be used several times. Hence, they are also known as rechargeable

batteries. In this case, the electrochemical reactions at the electrodes are at least partially reversible.

It is important to note that these reactions are not entirely reversible, which further degrades the

battery capacity and reduces the lifetime. However, they can be safely recharged over many cycles

before becoming inappropriate for further uses. In order to have an increased battery lifetime, it is

important that the battery should be capable of recharging over a large number of cycles.

1.2.1 Types of batteries for EVs

Due to the recharging capability over several cycles, secondary batteries are utilized in electric

vehicles. Smaller and lighter batteries are preferred so that they can reduce the overall weight of

the vehicle and eventually improve its performance. There are several kinds of rechargeable batteries

available in the market that use different combinations of chemicals, such as lead-acid battery, nickel-

metal hydride (Ni-MH) battery, nickel-cadmium (Ni-Cd) battery, lithium-ion battery (LIB), etc [6].

Compared to other battery chemistries, lithium is one of the most electro-positive and lightest metals.

Hence, LIBs generally deliver a high electrode potential and low weight. In recent years, LIBs have

become the most suitable energy storage device for EV applications due to their various advantages,

such as high energy density, high power density, long life cycle, and low self-discharge [7]. For the

same capacity, the weight and volume of LIBs are significantly lower compared to other rechargeable

batteries. In addition, they demand less maintenance and have no memory effect. The memory

effect is most prominent in the Ni-Cd and Ni-MH batteries. If we repeatedly recharge them after

discharging partially, they tend to lose their maximum usable capacity gradually [8]. The battery

seems to remember the depth of discharge of the recent cycles. Therefore, memory effect causes

rechargeable batteries to store less power and reduces operating time of the batteries. Considering the

above mentioned advantages, LIBs are excellent choice for EV applications. Owing to its attractive

features, a huge amount of investment has already been made to improve reliability and stability of
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LIBs. The performance comparison of LIB with some other rechargeable batteries is shown in Table

1.1 [9].

Table 1.1: Performance comparison of four key types of rechargeable batteries

Parameters Lead-acid Ni-Cd Ni-MH Lithium-ion

Cell voltage (V) 2 1.2 1.2 3.7

Weight energy density (Wh/kg) 30-50 40-60 60-120 170-250

Volume energy density (Wh/L) 60-110 150-190 140-300 350-700

Cycle Life (times) 300 1500 1000 500-2000

Self discharge per month (%) 5 20 30 < 10

Toxicity High High Low Low

Overcharge tolerance High Moderate Low Low

1.2.2 Structure and working principle of LIBs

The LIB is a family of rechargeable batteries that is composed of positive and negative electrodes,

electrolyte, separator, and current collectors, as shown in Figure 1.3 [10]. The negative electrode of

LITHIUM-ION BATTERIES 35.5

Li1-xMO2 + xLi+ + xe-LiMO2

charge

discharge
Positive:

Negative:

Overall:

C + xLi+ + xe-
charge

discharge
LixC

charge

discharge
LiMO2 + C LixC + Li1-xMO2

FIGURE 35.2 Electrode and cell reactions in a Li-ion cell.
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Li+ Intercalation
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FIGURE 35.3 Schematic of the electrochemical process in a Li-ion cell.

Figure 1.3: Schematic diagram of LIB.

a standard LIB is made from carbon compounds. The positive electrode is a lithium metal oxide or

lithium compound. The LIB is generally named by the material used in the positive electrode. The

electrolyte is an organic solvent with dissolved lithium salt that provides media for the movement of
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lithium ions from one electrode to the other during charging or discharging. A separator is a thin

porous membrane that separates the alternating layers of cathode and anode present in the LIB. It

prevents any physical contact between anode and cathode while facilitating the movement of lithium

ions. There are two current collectors which work as the bridging components that collect electrical

current generated at the electrodes and connect with external circuits.

In LIBs, lithium ions move from one electrode material to the other and are intercalated into the

host electrode. Intercalation means the insertion of lithium ions into voids present in the crystallo-

graphic structure of electrode. The movement of the lithium ions is from negative electrode (anode) to

positive electrode (cathode) during discharging and vice-versa during charging. Due to intercalation,

there is no free lithium metal present within a lithium-ion cell. During the discharging process, the

battery supplies a current and delivers electrical energy to the external circuit. The electrical energy

is generated by converting the internal chemical energy stored in the battery. The supplied current

is governed by the transfer of electrons from anode to cathode that corresponds to the transport of

lithium ions. Lithium atoms are oxidised at the anode. At the cathode, the reduction occurs which

combines the lithium ions and electrons that are transported from the anode through the electrolyte

and the external circuit, respectively. The electrode reactions during charging and discharging are

given as [10]:

Positive: LiMO2
Charging−−−−−−−⇀↽−−−−−−−
Discharging

Li1-xMO2 + xLi+ + xe–

Negative: C + xLi+ + xe–
Charging−−−−−−−⇀↽−−−−−−−
Discharging

Lix C

Overall: LiMO2 + C
Charging−−−−−−−⇀↽−−−−−−−
Discharging

Lix C + Li1-xMO2

When a current is injected to the battery, the concentration of lithium ions inside the electrode

and at the surface differ, which creates concentration gradient and causes lithium ion diffusion [11].

The lithium ion diffusion is a slow process and takes time, which causes diffusion polarization. The

diffusion process determines the performance of electrodes by using the reaction velocity of electrode

materials [12].
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1.2.3 Important battery terminologies

In literature, various terminologies associated with LIB have been reported to express its distinct

characteristics. In this subsection, some important terms relevant to this thesis are discussed which

will be used repeatedly throughout the thesis.

(i) Open circuit voltage (OCV): It is the terminal voltage of the battery when the battery system

is subjected to no load and in equilibrium state [13]. Equilibrium state means that the battery is

entirely relaxed which is achieved by a long resting time after the battery is disconnected from the

load.

(ii) Nominal capacity: It is the maximum amount of charge that can be extracted from a battery

when it is fully charged [14]. The unit to represent capacity is known as Ampere-hour (Ah). The

nominal capacity can also be defined as the total Ah released when a battery is completely discharged

at a certain discharge current from its fully charged state.

(iii) C-rate: It is defined as the magnitude of constant discharge current required to completely

discharge a battery from its fully charged state in exactly one hour time. It is another representation

of charging or discharging current. To illustrate this, consider a battery with nominal capacity 5Ah.

In this case, 5A and 2.5 A currents are considered as 1C and 0.5C, respectively.

(iv) Safe operating area: There is a range of voltage, current and temperature in which the battery

can operate safely. This is known as the safe operating area of the battery. This range is generally

given by the manufacturer and should not be violated during operation.

(v) Peak voltage, cut-off voltage, and nominal voltage: Peak voltage is the open circuit voltage

of the battery when the battery is in fully charged state. Whereas, the cut-off voltage is defined as

the open circuit voltage when the battery is in fully discharged state. Nominal voltage is the reference

voltage of the battery and is generally lies in between peak voltage and cut-off voltage with satisfactory

safety margins.

(vi) State of charge (SOC): The SOC is defined as “the ratio of remaining capacity to the nominal

capacity” of the battery [14]. It works like the fuel gauge of the battery which indicates how much

energy is left inside a battery to power a vehicle before it gets fully discharged. It is measured

in %, where 100% SOC means the battery is fully charged and 0% means it is fully discharged.

8
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Mathematically, SOC can be represented as:

SOC(%) =
Crem

Cnom
× 100 (1.1)

where Crem is the remaining capacity of the battery and Cnom is the nominal capacity of the battery.

(vii) State of health (SOH): There is no consensus definition of SOH present in literature. However,

it can be related to irreversible degradation of the battery and the loss of capacity of the battery [15].

It provides remaining useful life and allows the users to compare the current condition of the battery

with the new one (beginning of life). The ageing and cycling are main reasons for the permanent

degradation of the capacity of the battery. The battery is called to reach its end of life when the

capacity reduces to 80% of that of the new battery.

(viii) State of power (SOP): The amount of electrical power that can be delivered by the battery

under certain condition is estimated by a parameter known as SOP [16]. The main factors directly

affecting the peak power capability of the battery are SOC, SOH, and temperature.

1.2.4 Challenges in using LIBs

Despite the various advantages of LIBs, there are some challenges associated with their implemen-

tation which need to be addressed for safe and efficient utilization of them. The major challenges

associated with using LIBs are:

(i) Overcharging and overdischarging: The overcharging of a battery occurs when the battery

is charged beyond a specified voltage limit. In such a situation, the battery operates at a high stress

level beyond its safe limit [17, 18]. Overcharging causes a small decrease in the battery capacity and

frequent overcharging may lead to the large decrease in its capacity [19]. It also increases the resistance

sharply due to injection of the overcharge energy while intercalation hardly takes place anymore. The

electrical energy is dissipated in the form of heat and increases the temperature of the battery [20].

Hence, the severe effects of high temperatures are also associated with overcharge. Another problem

created by overcharging is the decomposition of electrolyte, which may generate insoluble products

and release certain gases. The generation of gases further increases the stress on the battery and may

cause safety hazards to the battery and its surroundings. It also causes lithium plating on the anode

which degrades the life of the battery. Overdischarging or deep discharging occurs when a battery is

discharged beyond a specified voltage limit known as cut-off voltage. It causes capacity fade of the

9
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battery [21]. It also induces the corrosion of the current collectors, resulting in loss of contacts with

electrodes and causes power fade.

(ii) Effect of temperature and thermal runaway: Temperature plays a very important role in

the battery operation and highly influences the battery capacity. In general, a battery works in a

certain range of operating temperature. Beyond this limit, the capacity of the battery is severely

affected [21, 22]. The capacity loss may be temporary or permanent. At low temperatures, the

battery requires a higher amount of activation energy while there is less movement of lithium ions.

This induces lithium plating and temporary capacity loss which restores when the temperature rises

and comes within the range [23]. In case of operating the battery at higher temperature than the

normal range, the effect is more severe and it may permanently fade the capacity or also damage the

battery. Thermal runway is a phenomenon that takes place when the internal temperature of the

battery becomes excessively high because of the increased consumption of power or any internal short

circuit [22]. The exothermic chemical reactions also take place which causes severe reactions when the

temperature approaches the melting point of lithium.

(iii) Ageing/degradation of battery: The movement of lithium ions from one electrode to another

is not completely reversible in LIB [24]. During the movement, there may be energy losses due

to the inter-facial and bulk resistances of both electrolyte and electrodes, chemical side reactions,

and deformations of electrodes occurred by the intercalation and release of lithium. It changes the

performance of the battery, such as reduced capacity and increased internal impedance over time

[25, 26]. The long term storage of the battery at high SOC and temperature also causes fading of its

capacity and power [27].

(iv) Cell imbalance: In general, a single battery cell has limited voltage and capacity. Hence,

number of battery cells are connected in series or parallel to make a battery pack that acts as the

desired energy storage system. However, there are inconsistencies among these cells which may be due

to manufacturing issues such as different coulombic efficiency [28]. The SOC and capacity of each cell

vary at different rates leading to the unequal SOC of each cell over the time [29,30]. The capability of

charging/discharging of the pack decreases since each cell may have higher or lower SOC with respect

to others. This influences the performance of the battery pack and reduces its capacity utilization.

10
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1.2.5 Battery management system

There are several challenges associated with implementation of LIBs, as discussed in the previous

section. They need careful monitoring which can improve these issues and boost the battery perfor-

mance. The battery management system (BMS) serves this purpose which can monitor the various

performance parameters and regulate them to enhance the efficacy of the battery [31]. The followings

are the main tasks of an efficient BMS: (i) protecting the battery to prolong its life, (ii) operating the

battery within a safe limit of voltage, current, and temperature, (iii) estimating and measuring the

battery states accurately for better energy management, and (iv) handling thermal degradation and

cell imbalance. For portable electronic devices such as cellular phones and laptops, the existing BMS

are well-developed. However, the implementation of BMS in critical applications such as satellites and

EVs still needs further development and is a popular area of research.

The BMS is a device consisting of a few hardware and software components. The basic framework

of BMS is given in Figure 1.4. In general, the hardware part comprises of microcontrollers, sensors,

Battery Management System

Hardware

Sensors/Actuators/

Microcontrollers

Safety Circuits

Charging/Discharging

Current

Thermal Management

Communication

Software

State Estimation

Cell Balance

Fault Detection

User Interface

Alarming

Figure 1.4: Basic framework of BMS.
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conditioners (e.g. low pass filter), and actuators to control the operation of the battery and sense

and condition various measuring quantities such as voltage, current, and temperature [31]. These

measured data are then sent for the decision making process of BMS. The BMS is equipped with

safety circuits that can prevent battery hazards such as overcharging and overdischarging by limiting

the battery operation within the safe operating area. It provides thermal management which helps to

prevent degradation of the battery as well as the thermal runaway. The BMS also helps to regulate

the necessary charging and discharging current to the battery. It consists of communication circuits

that enable the data transfer between hardware and software.

There are several tasks that need to be performed by the software part present in BMS, which

generally comprises of well-developed algorithms [32]. Among them, estimation of battery states such

as SOC, SOH, and SOP using various algorithms is vital. These algorithms utilize the measured data

by the available sensors. The information of various predicted battery states is transmitted to the

vehicle controller to take further decisions to improve the performance of the battery. The algorithms

are also designed for the purpose of cell balancing and various fault detections. The software part

also consists of an interface between user and BMS. The user interface provides all the necessary

information to the user by showing it on the display present in BMS. For instance, the available

driving range is displayed on the dashboard based on the value of the SOC. The BMS also regulates

the alarms when battery replacement is required or in case of any abnormal condition to protect the

battery from getting damaged.

1.3 Motivation

The importance of LIBs in electric vehicles has been discussed extensively in the earlier sections

of this chapter. The SOC plays a vital role in enhancing the performance of LIBs through BMS. It

provides an indication of the remaining capacity of the battery. SOC helps to prevent overcharging

and overdischarging of the battery and thus increases its lifespan. It also assists in estimating the

drive distance of EVs to optimize the size and cost of the battery. The accurate SOC is essential

for maximizing the capacity utilization and guaranteeing the reliable functioning of LIBs. It aids in

ensuring the safety of the battery and its surroundings. In addition, the SOC value also influences some

other functions of the BMS and acts as an input for many algorithms developed for SOH estimation,

cell balancing and power calculations. Unfortunately, such an important parameter is not available
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for direct measurement by any sensor. It can be only inferred by using the available measurable

quantities such as battery terminal voltage, current, and temperature which are strongly correlated to

SOC. Despite the straightforward definition of SOC, estimating it accurately for the LIB is nontrivial

due to the highly nonlinear nature of the battery. Moreover, various operating conditions such as

temperature and pressure that may change the internal electrochemical characteristics of the battery

make the estimation even more challenging.

Considering the above mentioned issues, a well-developed estimation algorithm is crucial, which can

ensure precise, reliable, and computationally efficient SOC estimation such that it can be implemented

on a low cost BMS. The importance of SOC estimation can also be established by the fact that the

majority of the research on BMS is on estimating SOC of a battery [33]. The literature reports several

different approaches to estimate SOC of the LIB with each having its own advantages and drawbacks.

The detailed literature review of various existing SOC estimation approaches with their merits and

demerits can be found in Chapter 2 of this thesis. It is important to note that none of them are

able to fulfil all the performance parameters together required by the application. Hence, there is a

scope for further improvement of these methods to enhance the performance of SOC estimation, which

motivates this research work.

1.4 Research objectives

The aim of this thesis is to progressively develop efficient model-based SOC estimation algorithms

in real-time that enhance the performance of BMS and boost the usage of LIBs in future EVs by

making them a more appealing and safer choice. The research objectives of this thesis are as follows:

(i) A comprehensive review on the current state-of-the-art SOC estimation techniques.

(ii) To study different LIB equivalent models and selecting the suitable one for the application of

interest considering the trade-off between simplicity and accuracy.

(iii) To develop systematic simplification framework for the selected LIB equivalent model and im-

prove the real-time identification of battery model parameters which in turn plays an important

role in achieving good accuracy in SOC estimation.

(iv) To develop SOC estimators which provide improvements upon the various current state-of-

the-art SOC estimation algorithms by enhancing the performance indices such as robustness
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against wider class of uncertainties, computation time, convergence speed, amount of information

requirement, and adaptiveness to different operating conditions.

(v) To investigate the effects of sensor noise and modelling inaccuracy on estimation performance.

1.5 Contributions of the thesis

This thesis strives to develop improved SOC estimation algorithms under diverse real-time con-

straints and operating conditions. It carefully focuses on improving various performance parameters of

SOC estimation algorithm such as accuracy, robustness, computational time, and convergence speed.

This thesis contributes four research chapters on different progressively developed SOC estimation

algorithms, including modelling of the LIB and its identification techniques. A brief summary of the

contributions offered by this thesis is as follows:

1. Development of an SOC estimation algorithm based on relay feedback approach

and conventional super twisting observer

A new SOC estimation approach is proposed and developed for LIBs that employs the conventional

super twisting algorithm (STA) based observer. It resolves the various issues related to existing sliding

mode based SOC observers such as chattering, discontinuous control injection, more number of sensor

requirement, and the need for low pass filters. It also ensures finite-time convergence of the observer

states to the actual states. A novel offline approach for parameter identification of type 1, second

order, and minimum phase system using the state-space based relay feedback approach is proposed to

identify the battery model parameters required for the observer design. This is a closed loop approach

and provides good identification accuracy. The efficacy of the proposed method is established using

numerical simulations. It is found that the proposed approach provides better estimation accuracy

and lower chattering compared to the other sliding mode based SOC estimation approaches.

2. Development of strict Lyapunov super twisting SOC observer based on real-time

identification of battery model parameters

A new method is proposed based on strict Lyapunov super twisting algorithm (SLSTA) for im-

proved estimation of SOC of the LIB. This algorithm can provide robust finite-time stability for a

much wider class of uncertainties than conventional STA based observer. Since the battery model pa-

rameters vary with different operating conditions, a standard online approach known as recursive least

square with forgetting (RLSF) is employed for real-time identification of battery model parameters. A
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strict Lyapunov function is used to prove the robust finite-time convergence of the proposed battery

SOC observer. The proposed method is implemented on an actual battery setup by using a real-time

driving cycle current profile. The results demonstrate that the proposed approach performs better

than the various well-known approaches in terms of accuracy, robustness, computational complexity,

and convergence time.

3. Development of SOC estimation algorithm based on adaptive Lyanuov super twist-

ing observer

We propose a new approach for SOC estimation based on adaptive Lyapunov super twisting

observer (ALSTO). The main advantage of the proposed approach is that unlike the conventional

STA and SLSTA, it does not demand any information on the boundaries of various uncertainties

except for their existence. The ALSTO adaptively minimizes the associated gains in such a way

that the sliding is maintained and no overestimation of the observer gains take place. This further

helps to reduce the chattering significantly. ALSTO can also deal with a more comprehensive class of

uncertainties compared to conventional STA based observer. The finite-time convergence of estimation

error and robustness of the battery SOC observer are demonstrated using Lyapunov stability theory.

By implementing the proposed approach on an actual battery setup and utilizing a real-time driving

cycle current profile, it is shown that the SOC estimation performance of the proposed approach

outperforms that of SLSTA based algorithm and various other well-known approaches.

4. Development of a fast convergent SOC observer with improved real-time parameter

identification

The advantages of generalized super twisting algorithm, adaptive algorithms, and integral sliding

mode algorithms are combined together to develop a new and improved SOC estimation method. The

proposed observer makes the convergence faster even when the trajectories are far from origin and

works efficiently without the knowledge of the upper bounds of various uncertainties for both known

and unknown initial conditions. The class of uncertainties for which the finite-time convergence of the

system is guaranteed is also wider than the ALSTO. The convergence of the proposed observer is proven

using a strong Lyapunov function. The required battery model parameters to design the observer

are identified by developing an improved recursive least square approach with adaptive forgetting

factor. This identification approach enhances the stability, convergence, and tracking ability of RLSF

approach by varying the forgetting factor with the root-mean-square of the prediction error for a
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window period. Using the experimental results, it is shown that the proposed approach provides high

SOC estimation accuracy, low computational time, high convergence speed, and improved robustness

against measurement noise and modelling uncertainties compared to other well-established methods.

1.6 Organization of the thesis

This thesis consists of seven chapters including this chapter of introduction. The remaining thesis

is organized as follows:

Chapter 2: This chapter presents literature survey of various battery modelling techniques and SOC

estimation methods.

Chapter 3: This chapter proposes a new SOC estimation technique based on conventional super

twisting observer. A novel approach for parameter identification of type 1, second order, and minimum

phase system using the state-space based relay feedback approach is proposed for battery model

parameter identification. The numerical simulation results for validation of the proposed method are

shown.

Chapter 4: This chapter proposes a new SLSTA based approach for precise estimation of SOC under

a comprehensive range of uncertainties. A strict Lyapunov function is used to prove the robust finite-

time convergence of the proposed battery SOC observer. A standard online method is employed for

real-time identification of battery model parameters. The presented method is executed on an actual

battery with the help of a real-time driving cycle current profile.

Chapter 5: This chapter proposes a new ALSTO based approach for precise estimation of SOC

without overestimating the observer gains in the absence of knowledge of disturbance bounds. The

finite-time convergence of estimation error and robustness of the battery SOC observer are demon-

strated using Lyapunov stability theory. The experiments are conducted on an actual battery with

a real-time current profile to verify the efficacy of the proposed method under different operating

conditions.

Chapter 6: This chapter proposes a new SOC estimation approach based on adaptive generalized

integral super twisting observer. A strong Lyapunov function is utilized to prove the convergence

of the proposed observer. The recursive least square with adaptive forgetting factor approach for

identification of required battery model parameters is developed. To establish the effectiveness of the

proposed method, the experimental results are obtained under different operating conditions using an
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actual physical battery and real-time driving cycle.

Chapter 7: This chapter concludes the thesis with a few works as future scope in this research area.
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2.1 Introduction

2.1 Introduction

In recent years, efforts have been made by many researchers to develop several SOC estimation

methods for LIBs. This chapter presents a comprehensive literature review of them. Among them, a

majority of methods also require the knowledge of battery model for the purpose of SOC estimation.

Hence, this chapter also covers the various battery modelling process for EV application.

2.2 Modelling of LIBs

In this section, a brief overview of some basic battery models is presented. Modelling of LIB is

a vital part of many battery SOC estimation algorithms. In these algorithms, SOC estimation of a

battery highly depends on the accuracy of the modelling. The model helps in anticipating performance

of the battery under different working conditions. The battery model should be simple, easy to

implement and accurate to ensure precise and computationally efficient estimation of battery states.

As the battery is an electrochemical device and very highly nonlinear in nature, it is difficult to obtain

its exact model. Recently, many attempts have been made to develop battery models describing the

dynamic behaviour of the LIB. The battery models used for EV applications can be mainly classified

into three categories: (i) empirical models, (ii) electrochemical models, and (iii) equivalent circuit

models. The further classification of these models can be seen in Figure 2.1 and are detailed in the

following subsections.

2.2.1 Empirical models

In empirical models, the electrochemical dynamics of the battery is represented as mathematical

expressions. A mathematical function is employed to illustrate the relationship of terminal voltage with

battery current and SOC [34]. In literature, various empirical battery models can be found. Among

them, the Shepherd model [35], Nernst model [36], and Unnewehr universal model [37,38] are the most

prominent. In [34], the accuracy of these models are compared in estimating the terminal voltage. It

is found that the Nernst model shows the overall best accuracy. The Shepherd model performs better

in the case of continuously discharging current. In [39], the combined model of all three of them is

represented, which improves the accuracy as well as the computational burden associated with each

individual model.
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Impedance Based

Randles Circuit

Figure 2.1: Types of battery models.

There are several other ways also to enhance the accuracy of the above mentioned three standard

empirical models. The Shepherd model suffers from the problem of instability and algebraic loop in a

real-time application. To address this issue, a modified version of Shepherd model is suggested in [40].

The effectiveness of this model is established using a constant current profile. To further improve

the dynamic performance of this modified version of Shepherd model, the SOC-OCV relationship is

considered in [41] and an additional term is added related to the polarization voltage. The singularity

problem associated with the Shepherd model and its different variants is improved in [42]. In [36], the

improved Nernst model is proposed which has stronger ability to represent the dynamics of terminal

voltage. For that purpose, two additional constants are added in the standard Nernst model. Another

problem with the standard models during the relaxation time is the hysteresis effect [43]. To consider

the hysteresis effect, zero-state hysteresis model is proposed in [39] where a correction term is added

to the standatd Nernst equation. Moreover, an enhanced self-correcting model is suggested in [44]
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which considers the hysteresis voltage as a function of SOC.

2.2.2 Electrochemical models

The electrochemical models are obtained based on electrochemical dynamics inside the battery

and its transport equations. These models are also known as physics based battery models. The

electrochemical dynamics of the battery is represented by partial differential equations, which represent

the physical phenomenon inside the battery during both charging and discharging. The order and

number of partial differential equations describe the complexity of any electrochemical model. Higher

number and order require higher memory and computational power. Among several choices of the

electrochemical models, the pseudo two dimensional (P2D) model [45] is one of the most widely used

battery models for LIBs, as shown in Figure 2.2 [45]. In this figure, L, Lp, Ln, and Ls are the thickness

of the porous region, positive electrode, negative electrode, and separator, respectively; ce denotes

lithium ion concentration of electrolyte, while cs,y denotes ionic concentration of active material in y

electrode, where y = p (positive) or n (negative); csurfs,y is the ionic concentration of active material

in the surface of y electrode; x is position in porous region which varies from 0 to L, and r is the

radial position of spherical solid particle which varies from 0 to Ry, where Ry is the radius of the

spherical solid particle of y electrode. This model is mainly based on theories of porous electrodes and

rests on two main assumptions: First, each electrode is modeled as
two spherical particles in which intercalation and de-intercalation
phenomena occur. Second, the variations in the electrolyte con-
centration and in the potential are ignored [40]. Fig. 4 illustrates a

schematic of the SPM. Equations (1) and (5) from Table 1 are the
governing equations of the SPM. These equations comprise the
solid-state concentration and the Butler-Volmer kinetics equations
at both negative and positive electrodes.

Fig. 2. The general classification of Li-ion battery forward models.

Fig. 3. The Li-ion battery P2D model.

A. Jokar et al. / Journal of Power Sources 327 (2016) 44e55 47

Figure 2.2: Schematic of P2D electrochemical model.

concentrated solutions [46]. This model includes a group of governing equations expressed in the form
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of partial differential equations and algebraic equations. The detail of these equations can be found

in [47]. The P2D is able to accurately describe not only the battery voltage but also the reaction

kinetics and transport within the battery. However, this model is highly sophisticated and requires

significant computational resources. Therefore, it is not applicable for real-time applications such as

BMS present in EVs [48].

Several reduced order variants of P2D model have also been reported in literature [49, 50]. The

single particle model (SPM) [51], as shown in Figure 2.3, is considered the simplest one among them.

This model is achieved by assuming that the electrolyte does not vary with time and space. It

Themain features of the SPM are: (1) it is simple; (2) its solution
requires minimum computational effort; and (3) it can serve many
purposes such as online estimation [23] and life modeling [41] of Li-
ion batteries. Its main drawback is that it must be fine-tuned ac-
cording to the electrolyte properties for thick electrodes and at high
discharge rates [12]. Improved versions of the SPM that alleviate
these problems are however available [28,36,83]. Multiple Particle
(MP) models have also been proposed for dealing with particles of

varying radii, different properties and a range of contact resistance
(Rc) for Li-ion batteries equipped with LiFePO4 electrodes (Fig. 5)
[42e44].

4. Thermal models

The effect of the operating temperature on the performance of
Li-ion batteries has also been investigated [46e53]. It was found

Table 1
The governing equations of P2D Model [30].

Region Eq. no. Governing equations

Electrodes (k ¼ n,p) (1) vcs;kðx;r;tÞ
vt ¼ Ds;k

r2
v
vr

�
r2vcs;kðx;r;tÞvr

�
(2)

εk
vce;kðx;tÞ

vt ¼ v
vx

�
Deff ;k

vce;kðx;tÞ
vx

�
þ akð1� tþÞJkðx; tÞ

(3) seff ;k
v2Fs;kðx;tÞ

vx2 ¼ akFJkðx; tÞ
(4) �seff ;k

vFs;kðx;tÞ
vx � keff ;k

vFe;kðx;tÞ
vx þ 2keff ;kRT

F ð1� tþÞ vln ce;k
vx ¼ I

(5)
Jkðx; tÞ ¼ Kkðcmax

s;k � csurfs;k Þ0:5ðcsurfs;k Þ0:5c0:5e;k

�
exp

�
0:5Fms;kðx; tÞ

RT

�
� xp

�
� 0:5Fms;kðx; tÞ

RT

��

ms;kðx; tÞ ¼ Fs;kðx; tÞ � Fe;kðx; tÞ � Uk; VcellðtÞ ¼ Fs;kð0; tÞ � Fs;kðL; tÞ
Separator (k ¼ s) (6)

εk
vce;kðx;tÞ

vt ¼ v
vx

�
Deff ;k

vce;kðx;tÞ
vx

�
(7) �keff ;k

vFe;kðx;tÞ
vx þ 2keff ;kRT

F ð1� tþÞ vln ce;k
vx ¼ I

Fig. 4. Schematic of single particle model (SPM).

Fig. 5. Schematic of Multiple Particle (MP) model.

A. Jokar et al. / Journal of Power Sources 327 (2016) 44e5548

Figure 2.3: Schematic of SPM electrochemical model.

requires low computational effort compared to P2D model and can be applied in real-time applications.

However, it comes at the expense of low SOC accuracy. This model also has a significant drawback if

the battery has a thick electrode or operates under a high discharge current rate. The validation of the

model for some applications operating at low current rate has been reported in a number of research

papers [52]. In order to improve the accuracy of the SPM under high current rate, the extended

SPM model has been proposed in [53]. In comparison with the SPM, the extended SPM involves

variation of the electrolyte. In this model, the electrolyte potential and electrolyte concentration are

approximated by polynomial functions.

2.2.3 Equivalent circuit models

Battery equivalent circuit models (BECMs) aim to accurately describe the battery operating char-

acteristics using a network of electrical components such as resistors, capacitors, voltage sources, etc.

The principle of the BECM is simple to work upon. For estimation and control, the BECMs are

preferred as they can be analysed mathematically without having knowledge of the electrochemistry

of the battery [54,55]. Compared to the electrochemical models, the equivalent circuit models require
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less computational effort, yet yields high accuracy in the SOC estimation. The BECMs are widely

used in the application of SOC estimation of EV battery [56]. There are several BECMs presented in

literature. The most common BECMs are Rint model [56, 57], Thevenin model [58, 59], second order

Thevenin model [60,61], second order RC model [62,63], partnership for a new generation of vehicles

(PNGV) model [64], improved PNGV model [65], and impedance based models [66].

Rint model makes a battery equivalent to a voltage source in series with an internal ohmic resis-

tance, as shown in Figure 2.4(a) [56]. The voltage source is represented by the OCV of the battery. In2.2 Modelling of LIBs

+

−Voc(t)

Rb i(t)

+

−

V (t)

Figure 2.4: Rint model.

Figure 2.4, V (t) represents the terminal voltage, i(t) denotes terminal current (positive for charging),

and Voc(t) represents OCV of the battery. When the current passes through the battery during dis-

charging/charging, there is a drop/rise in terminal voltage due to electrolyte resistance and connectors

which is represented as the parameter Rb. In practice, apart from the instantaneous response, the

dynamic (non-instantaneous) response to the current step is also observed. However, Rint model can

not explain the above phenomenon and also fails to reflect the various complex dynamic characteristics

of LIB. Hence, this model is not sufficiently accurate for a real-time battery monitoring system under

dynamic working conditions and is rarely used in BMS.

To improve the drawbacks of Rint model, an RC parallel network is added in series to it, as shown

in Figure 2.5. It is known as Thevenin equivalent circuit model and has been most widely employed

for long time in BMS.

+
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Rb
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Cs

+ −
Vs(t)
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+

−

V (t)

Figure 2.5: Thevenin model.

The dynamic characteristics shown by the RC parallel network, consisting of capacitor Cs and

resistor Rs, during charging and discharging reflect the diffusion phenomenon inside a battery [?].

It describes the slow internal diffusion of lithium from one part of the battery to the other part. It
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induces a slowly changing voltage which is generally known as diffusion voltage (Vs(t)). In Thevenin

equivalent circuit, apart from the instantaneous change in terminal voltage due to current step, the

battery voltage continues to evolve slowly [?]. At the preliminary stage of the current step, the terminal

voltage of LIB changes rapidly, which primarily occurs due to the ohmic resistance Rb. As the LIB

discharges/charges continuously, its terminal voltage drops down/increases slowly in a continuous

manner, which is characterized by the diffusion phenomenon. At the end of discharge/charge, the

effect of internal ohmic resistance vanishes, and it will result in the rapid rise/drop of the terminal

voltage followed by the slow relaxation process to reach equilibrium.

It is found that the accuracy of the Thevenin model increases by adding more number of parallel

RC networks [?]. However, it also increases the complexity of the model. Hence, considering the

second order Thevenin model which uses two RC parallel networks, as shown in Figure 2.6, is a

good trade-off between the accuracy and complexity of the model for EV application. In this model,

+

−Voc(t)

Rb

Rs

Cs

+ −
Vs(t)

Rd

Cd

+ −
Vd(t)

i(t)

+

−

V (t)

Figure 2.6: Second order Thevenin model.

the first RC circuit (Rs, Cs) describes the long time-constant reactions associated with the diffusion

phenomenon. Whereas, the additional RC circuit (Rd, Cd) describes the short time-constant reactions

associated with the double-layer effect and charge-transfer phenomenon [?]. In Figure 2.6, Rd is the

charge transfer resistance that models voltage drop over the electrode-electrolyte interface due to the

load and Cd is double-layer capacitance that models the effect of charges building up in the electrolyte

at electrode surface. Some higher order models with more number of RC parallel networks are also

proposed in literature in order to achieve higher accuracy at the cost of heavier computation.

For the application of EV battery, a second order RC model, as shown in Figure 2.7, is proposed

in [?, ?]. This model was designed by SAFT, a famous battery company, and has good application

accuracy [?]. This simplified second order model has good balance between simplicity and accuracy.
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In Figure 2.7, Cn is the bulk capacitance representing the ability of a battery to store the charge;

Cn
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Ri ii(t)
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Cc

+

−
Vc(t)

Rt i(t)

+

−
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Figure 2.7: Second order RC model.

Cc and Rc reflect the occurrence of diffusion and surface effects inside the battery. The resistance Rt

and Ri represent the terminal resistance and end resistance of the battery, respectively. Voc(t) is the

voltage across Cn, also known as OCV, and Vc(t) is the voltage across Cc.

cooperative research program between the U.S. government and the three major domestic auto

corporations

The PNGV equivalent circuit model, as shown in Figure 2.8, is a modified version of Thevenin

model with addition of one extra capacitor [?]. The change in OCV with SOC is taken into account
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Figure 2.8: PNGV model.

in the model itself with the help of capacitance Co. The voltage across it is represented by Vo(t). The

improved PNGV model or second order PNGV model is also reported in [?] which includes one more

RC circuit to PNGV model as the second order Thevenin model.

Impedance based equivalent circuit models have also been used for modelling of LIBs for EV

applications. These types of models are constructed based on electrochemical impedance spectroscopy

(EIS) of the battery. Randles circuit model is an example of the impedance based models and is shown
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in Figure 2.9 [?,?]. In this model, Zw is Warburg impedance representing the diffusion phenomenon.

+

−Voc(t)

Rb

Rd Zw

Cd

+ −
Vd(t)

i(t)

+

−

V (t)

Figure 2.9: Impedance based Randles circuit model.

The Warburg impedance is a constant phase element (CPE) having a phase of 45o (independent of

frequency). The magnitude of this CPE depends on the frequency and is inversely proportional to the

square root of it. There are no simple differential equation that represent a Warburg impedance. The

impedance based models, in general, are more complicated and require higher computational resources

compared to the Thevenin based models. Because of their complexity, the impedance based models

have not been widely used in EV applications.

2.3 SOC Estimation Techniques

In a BMS, we can directly measure only three quantities: current, voltage, and temperature. Since

SOC is not a directly measurable quantity, the BMS has to utilize the above mentioned measurable

quantities to obtain a robust estimate of the battery SOC. In recent years, efforts have been made by

many researchers to develop some indirect methods for predicting SOC of an LIB accurately. This

section reports various such estimation approaches present in the literature. Most of the reported

approaches for SOC estimation can be broadly categorized into three groups: conventional methods,

data driven methods, and model based methods. The further classification of these methods can be

seen in Figure 2.10 and are detailed in the following subsections.

2.3.1 Conventional Methods

In this subsection, some important conventional methods to estimate the SOC, such as Ampere-

hour method, open circuit voltage (OCV) method, and electrochemical method, are discussed. These
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Figure 2.4: (a) Rint model (b) Thevenin model (c) second order Thevenin model (d) second order RC model
(e) PNGV model, and (f) Randles model.

Figure 2.4(a), V (t) represents the terminal voltage, i(t) denotes terminal current (positive for charg-
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ing), and Voc(t) represents OCV of the battery. When the current passes through the battery during

discharging/charging, there is a drop/rise in terminal voltage due to electrolyte resistance and connec-

tors which is represented as the parameter Rb. In practice, apart from the instantaneous response, the

dynamic (non-instantaneous) response to the current step is also observed. However, Rint model can

not explain the above phenomenon and also fails to reflect the various complex dynamic characteristics

of LIB. Hence, this model is not sufficiently accurate for a real-time battery monitoring system under

dynamic working conditions and is rarely used in BMS.

To improve the drawbacks of Rint model, an RC parallel network is added in series to it, as shown

in Figure 2.4(b). It is known as Thevenin equivalent circuit model and has been most widely employed

for long time in BMS. The dynamic characteristics shown by the RC parallel network, consisting of

capacitor Cs and resistor Rs, during charging and discharging reflect the slow internal diffusion of

lithium from one part of the LIB to the other which builds concentration gradient [58]. It induces a

slowly changing voltage which is generally known as diffusion voltage (Vs(t)). Hence, the cell terminal

voltage does not change instantly to its final value. In Thevenin equivalent circuit, apart from the

instantaneous change in terminal voltage due to current step, the battery voltage continues to evolve

slowly [59]. At the preliminary stage of the current step, the terminal voltage of LIB changes rapidly,

which primarily occurs due to the ohmic resistance Rb. As the LIB discharges/charges continuously,

its terminal voltage drops down/increases slowly in a continuous manner, which is characterized by the

diffusion phenomenon. At the end of discharge/charge, the effect of internal ohmic resistance vanishes,

and it will result in the rapid rise/drop of the terminal voltage followed by the slow relaxation process

to reach equilibrium.

It is found that the accuracy of the Thevenin model increases by adding more number of parallel

RC networks [60]. However, it also increases the complexity of the model. Hence, considering the

second order Thevenin model which uses two RC parallel networks, as shown in Figure 2.4(c), is a

good trade-off between the accuracy and complexity of the model for EV application. In this model,

the first RC circuit (Rs, Cs) describes the long time-constant reactions associated with the diffusion

phenomenon. Whereas, the additional RC circuit (Rd, Cd) describes the short time-constant reactions

associated with the double-layer effect and charge-transfer phenomenon [61]. In Figure 2.4(c), Rd is

the charge transfer resistance that models voltage drop over the electrode-electrolyte interface due

to the load and Cd is double-layer capacitance that models the effect of charges building up in the
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electrolyte at electrode surface. Some higher order models with more number of RC parallel networks

are also proposed in literature in order to achieve higher accuracy at the cost of heavier computation.

For the application of EV battery, a second order RC model, as shown in Figure 2.4(d), is proposed

in [62, 63]. This model was designed by SAFT, a famous battery company, and has good application

accuracy [67]. This simplified second order model has good balance between simplicity and accuracy.

In Figure 2.4(d), Cn is the bulk capacitance representing the ability of a battery to store the charge;

Cc and Rc reflect the occurrence of diffusion and surface effects inside the battery. The resistance Rt

and Ri represent the terminal resistance and end resistance of the battery, respectively. Voc(t) is the

voltage across Cn, also known as OCV, and Vc(t) is the voltage across Cc.

The PNGV equivalent circuit model, as shown in Figure 2.4(e), is a modified version of Thevenin

model with addition of one extra capacitor [64]. The change in OCV with SOC is taken into account

in the model itself with the help of capacitance Co. The voltage across it is represented by Vo(t). The

improved PNGV model or second order PNGV model is also reported in [65] which includes one more

RC circuit to PNGV model as the second order Thevenin model.

Impedance based equivalent circuit models have also been used for modelling of LIBs for EV

applications. These types of models are constructed based on electrochemical impedance spectroscopy

of the battery. Randles circuit model is an example of the impedance based models and is shown in

Figure 2.4(f) [66]. In this model, Zw is Warburg impedance representing the diffusion phenomenon.

The Warburg impedance is a constant phase element having a phase of 45◦ (independent of frequency).

The magnitude of this constant phase element depends on the frequency and is inversely proportional to

the square root of it. There are no simple differential equation that represents a Warburg impedance.

The impedance based models, in general, are more complicated and require higher computational

resources compared to the Thevenin based models. Because of their complexity, the impedance based

models have not been widely used in EV applications.

2.3 SOC estimation techniques

In a BMS, we can directly measure only three quantities: current, voltage, and temperature. Since

SOC is not a directly measurable quantity, the BMS has to utilize the above mentioned measurable

quantities to obtain a robust estimate of the battery SOC. In recent years, efforts have been made by

many researchers to develop some indirect methods for predicting SOC of the LIB accurately. This
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section reports various such estimation approaches present in the literature. Most of the reported

approaches for SOC estimation can be broadly categorized into three groups: conventional methods,

data driven methods, and model based methods. The further classification of these methods can be

seen in Figure 2.5 and are detailed in the following subsections.

SOC Estimation Methods

Conventional

Methods

Ampere-hour

Electrochemical

Open Circuit Voltage

Model based

Methods

Data Driven

Methods

NN

ANN

RNN

CNN

Fuzzy SVM

KF

PF

Observer Based

Luenberger

PI 

SMO

Filter Based

H-infinity

Figure 2.5: Types of SOC estimation methods.

2.3.1 Conventional methods

In this subsection, some important conventional methods to estimate the SOC, such as Ampere-

hour method, open circuit voltage (OCV) method, and electrochemical method, are discussed. These

methods are considered fundamental methods of estimating SOC and suitable for low cost applications.

Ampere-hour method is the most apparent technique by the definition of SOC [68, 69]. It is also

known as charge balance method or coulomb counting method. In this method, SOC is calculated

utilizing only the measured current signal. It simply uses current integration to obtain the SOC. In
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this method, SOC is calculated as follows:

SOC(t) = SOC(t0) +

∫ t

t0

ηI(τ)

Cnom
dτ (2.1)

where SOC(t) = estimated SOC at time t, SOC(t0) = initial SOC at t0, η = coulombic efficiency

generally having a value unity for discharging and slightly less than unity for charging process de-

pending on the electrochemistry of the battery, I(τ) = input current at time τ , and Cnom = nominal

capacity of the battery. The current I(τ) is considered positive for charging and negative for discharg-

ing process of the battery. This method is very straightforward, concise, and easy to implement in

practice. Hence, it is widely used in industrial applications, portable electronic devices, etc. However,

this method is sensitive to the initial SOC and choice of coulombic efficiency. Also, due to the reliance

on integration, the measurement errors due to current sensor noise and resolution are cumulative and

eventually cause significant error in SOC estimation [70]. The estimation process may start when the

battery is fully charged because initial SOC is known precisely at that time. However, it may not be

suitable in case of various applications such as EVs or satellites, where the full charge is not always

possible. Moreover, since this an open loop method, it can not reject inherent disturbances and noises

present in the system.

In OCV method, SOC of the battery is estimated by measuring its terminal voltage only when

the battery is disconnected from the circuit and is completely relaxed for a long period [71, 72]. The

measured battery terminal voltage under such condition is known as OCV of the battery. It is well-

known that there is an explicit relationship between SOC and OCV for each battery. Using the

measured OCV and the OCV-SOC relationship, the SOC of a battery is estimated in this method. It

is generally done using the lookup tables. However, measuring the OCV is not an easy task. Since

OCV can only be measured while the battery is not in use or disconnected from the circuit for a

long period, this method is not suitable for online applications such as EV, where SOC needs to be

measured in real-time, i.e., while the vehicle is in running condition.

Electrochemical method utilizes the electrochemical characteristics of the battery and predicts the

SOC from an electrochemical aspect. In this method, the impedance spectra of the battery is ob-

tained at different states of the battery [73–75]. The battery impedances are correlated with known

impedances at different SOC levels. The commonalities of the impedance spectra are utilized for esti-

mating the battery SOC. Although this method provides good accuracy in estimating SOC, obtaining
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impedance spectra of the battery is tedious and very time-consuming in real-time implementation [70].

Moreover, the battery impedances are generally obtained offline by injecting desired signals into it.

Hence, it is difficult to apply this method to an online application. The need for costly and bulky

equipment to implement this method is another disadvantage of this method.

2.3.2 Data driven methods

In literature, there have been several data driven methods utilized for estimating SOC of LIBs.

Among them, the intelligent algorithms such as artificial neural network (ANN) and their variants,

support vector machine (SVM), and fuzzy logic based algorithms are the most prominent. The main

advantage of such methods is that a good understanding of battery model and the knowledge of initial

value of SOC are not required [76].

ANN is a type of machine learning technique whose functioning and structure is similar to human

brain [77]. It consists of artificial neurons called nodes. These nodes are generally placed in three

layers, named as input layer, hidden layer(s), and output layer. The nodes in the hidden layers have

activation functions that transform the input signal to the output signal. The algorithms train the

network structure by learning from the large training dataset. During learning, the weights which

connect the layers are determined based on the function minimization. In SOC estimation problem,

data for the training are collected from the battery charging and discharging under different working

conditions [76,78].

For battery SOC estimation, a three layer feedforward neural network (NN) is proposed in [79],

where the signal travels only in forward direction. In this approach, the input layer consists of the

battery’s voltage, its first and second derivatives, current, and temperature. The output layer consists

of the SOC. To improve the dynamic adaptation of the conventional feedforward NN, the time delayed

NN is proposed in [80]. In [81,82], the radial basis function NN (RBFNN) has also been employed to

improve the performance of the NN model. It is a type of feedforward NN with radial basis functions as

activation functions. A deep neural network (DNN) is used for SOC estimation in [83]. Another type

of DNN technique known as recurrent neural network (RNN) is utilized for estimation of battery SOC

in [84]. In contrast to the conventional feedforward NN, hidden nodes are used to store information

of past inputs in RNN. Another deep neural network known as convolution neural network (CNN) is

employed for SOC estimation of a battery [85]. CNN has some additional layers such as convolution
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layer, rectified linear unit layer, and pooling layer that are used to process and extract features from the

data. Then the flattened data is fed as the input to the fully connected layer. Though the ANN and its

variant based methods show good accuracy for SOC estimation, their performance strongly depends

on the quantity and quality of the training data. Large datasets and time are required to train the NN

for its good performance. Some joint estimation methods are also utilized to improve the robustness

and accuracy further. For instance, the RBFNN is used in a joint close-loop SOC estimation with

the adaptive sliding mode observer [61], extended Kalman filter (EKF) [86] and adaptive unscented

Kalman filter (AUKF) [87] to overcome the uncertainties of the battery model. However, it brings

some additional problems with it such as more computational power requirements and over-fitting.

The SVM is a kernel function-based machine learning algorithm that has been employed in various

domains of pattern recognition, including SOC estimation. The benefit of the SVM is its capability

to deal with nonlinear and high-dimensional models. In SVM based SOC estimation, the battery’s

voltage, current, and temperature are the inputs to the model [88–90]. The training data are obtained

from experiments with different profiles of these inputs. However, the SOC can be rapidly and accu-

rately predicted only if the training dataset is suitably chosen. Moreover, the SVM based approaches

are open-loop estimations and require large amount of training data. Fuzzy logic has been used as the

estimation algorithm for the SOC of different battery types [91–93]. Since the fuzzy system often deals

with inaccurate inputs and data, the accuracy of these methods is generally lower than the NN based

methods [94]. The selection of different fuzzy rules, membership functions, and inference algorithms

also have a significant impact on the accuracy and depends on human expertise [95]. Fuzzy logic has

also been utilized with ANN and SVM based methods to enhance the flexibility of the ANN-based

and the SVM-based methods. The combined methods include a stochastic fuzzy NN in [96], a merged

fuzzy NN in [97], and the fuzzy SVM in [98].

2.3.3 Model based methods

In recent years, the model based approaches have attracted significant interest from many re-

searchers for the battery monitoring system. The model based SOC estimation approaches generally

consist of two steps: (i) modelling of LIB and its identification and (ii) design of state estimator.

The model based methods take advantage of some additional information of the battery provided by

the battery models. Different battery models, such as empirical models, electrochemical models, and
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the electrical equivalent models, have been discussed above in Section 2.2. Unlike the Ampere-hour

and OCV based methods, both measured voltage and current signals are used in these methods. The

measured voltage is provided as feedback to form a closed loop leading to a more precise estimation

of battery SOC than Ampere-hour and OCV based methods. These methods are easier to implement

in real-time applications compared to electrochemical method and data driven methods. The model

based methods can be further broadly classified as filter based methods and observer based methods.

2.3.3.1 Filter based methods

In literature, there are several filter based methods that are used for SOC estimation of battery,

such as Kalman filter based methods, particle filter based methods, and H-infinity filter based methods.

Among them, Kalman filter (KF) based methods are the most popular. The notion behind KF based

methods is to minimize the mean-square error in state estimation. In KF based SOC estimation

methods, the SOC is one of the state variables to be estimated. The error between measured terminal

voltage and the estimated terminal voltage acts as the closed-loop feedback to correct the estimation.

The KF based methods do not require the knowledge of initial SOC.

In general, KF algorithm is primarily employed for estimation of states of linear systems. For

the application of nonlinear systems such as battery, the other variants of KF algorithm such as

EKF [99, 100] and iterated EKF (IEKF) [52] are used. The EKF algorithm first approximates the

nonlinear model to the linear one by using Taylor series expansion, then uses the KF algorithm on the

linearized model. This approximate linearization induces significant error in battery SOC prediction.

The IEKF improves the linearization error of the EKF by recursively modifying the Taylor series

expansion’s centre point. The improvement of linearization error comes at the cost of increased

computational requirements. Unscented Kalman filter (UKF) or sigma point Kalman filter (SPKF)

also strives to reduce the linearization error and shows much better accuracy [101–104]. It utilizes

the unscented transformation to linearize the nonlinear model, where a set of weighted properly

chosen samples known as sigma points are used to represent the mean and the variance of the state

distribution. Another variant of KF is central difference Kalman filter (CDKF) [105]. Instead of Taylor

series expansion, it uses Sterlings polynomial interpolation formula to approximate the nonlinearity.

Though UKF and CDKF are free from calculating Jacobian as in EKF, these algorithms have almost

same computational time with EKF due to other computational complexities. The square root version
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of CDKF eliminates calculation of square root of the state covariance matrix by directly updating

the matrix square root rather than decomposing it. Due to the recursive computation of various

matrices, KF based methods are computationally complex. In addition, both EKF and UKF require

precise knowledge of statistical properties of measurement and process noise. The performance of these

algorithms degrades in the absence of such knowledge. To improve this issue, adaptive versions of EKF

(AEKF) [106–108] and UKF (AUKF) [63,109,110] are used to estimate SOC. The adaptive algorithms

estimate the source of noise along with the estimation of the system states. These algorithms provide

better accuracy of SOC estimation compared to the nonadaptive KF based approaches. However,

the computational complexity further increases in the case of AEKF and AUKF. It is worth noting

that KF based methods assume the noise as Gaussian for its effective implementation. Moreover,

majority of the KF based methods need precise information about the battery model for accurate

SOC estimation.

In [111–113], particle filter (PF) is utilized for estimation of battery SOC. In PF, a Monte Carlo

approximation approach is utilized and a set of random particles have been selected for approximating

the probability density function. Unlike KF based methods, this algorithm considers non-Gaussian

distribution of noise for estimating the system states. This method has higher efficiency compared to

KF based methods but at the cost of more complexity and memory consumption. Different variants

of the PF have also been reported in literature. In [114], an unscented particle filter (UPF) algorithm

is proposed for estimating SOC of LIBs. Recently, an online adaptive double scale particle filter is

proposed in [115]. It slightly improves the computational cost of the PF algorithm by assuming that

BECM parameters vary much slower than the SOC.

In [116–118], H-infinity filter based algorithm is utilized for estimation of SOC of the LIB. The

design of the algorithm is simple and guarantees the boundedness of error in state estimation to a

given attenuation level even in the worst case of system and measurement noises. Unlike KF based

methods, H-infinity based method does not require the knowledge of statistical properties of system and

measurement noises. In [119], an adaptive H-infinity filter is proposed for estimating SOC of the LIB.

However, the performance of H-infinity based algorithm highly depends on the design parameters.

Also, the nonlinear constraints are not well-handled in this method. Hence, effect of temperature,

ageing, and hysteresis may deviate the SOC estimation accuracy of the method. The H-infinity has

also been combined with some other approaches, such as EKF [120] and UKF [121], to improve the
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accuracy of SOC estimation. The joint estimations improve the accuracy, but at the cost of increase

in the complexity of the algorithms.

2.3.3.2 Observer based methods

The observer based methods are simple and generally have better computational efficiency than

the KF based methods such as EKF and UKF [122]. In literature, there have been several observer

based methods utilized for SOC estimation of LIBs. Among them, Luenberger observer, proportional-

integral (PI) observer, and sliding mode observers are the most prominent and discussed below.

In 1966, the Luenberger observer was proposed [123] which later became very popular for its utility

in different types of systems. Luenberger observer uses a proportional feedback gain to estimate the

system states. In this method, the model output converges to system output by careful selection of

the gain. For estimating SOC of the LIB by reducing the error between the estimated and the actual

terminal voltages, an adaptive Luenberger observer is proposed in [124], which uses stochastic gradient

approach to adaptively adjust the gain. It does not need any assumption for noise characteristics and

covariance specifications of measurement noise and process noise. As Luenberger observer is a linear

observer, its performance reduces when implemented on nonlinear systems. Similar to the KF based

methods, an accurate battery model is required for the Luenberger observer approach without which

this method cannot perform well.

In [125], SOC estimation is performed using the PI observer which is basically an extension of

Luenberger observer. This observer has two feedback loops to be designed. It not only uses the term

proportional to estimation error but also its integral that provides better estimation performance

than Luenberger observer. However, the optimal tuning of the gains of PI observer is often tedious.

In [126], the PI observer is also implemented in conjunction with a drift corrector where the problem

of sensor error is resolved by splitting the measured current into actual value, current sensor drift, and

zero-mean noise of the sensor.

Sliding mode theory has become a great tool for designing controllers, observers, and robust exact

differentiators [127, 128]. The sliding mode observer (SMO) is one of the most simple and powerful

nonlinear observer based methods known for its robustness property against modelling uncertainties,

measurement noise, and external disturbances [129]. Hence, they have been the most widely used

observer based methods for the purpose of SOC estimation. In order to control sliding regime, a
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feedback switching gain is designed in this method to ensure the robustness characteristics. For SOC

estimation application, the superiority of SMO in terms of computational time, code complexity,

and memory usage over KF based methods is shown in [130]. In [129], the first order sliding mode

observer (FOSMO) with constant gain is proposed to estimate the states of a battery by compensating

the uncertainties due to the nonlinear dynamic characteristics of the battery. It has been shown in

the work that the modelling uncertainties and the measurement noises are also compensated well and

stability is guaranteed. In spite of several features of FOSMO, it suffers from the disadvantage of high

switching frequency of finite amplitude known as chattering which occurs due to the discontinuous

control injection and finite sampling frequency [131]. To reduce chattering, various methods have been

proposed in literature [132]. Designing observers using higher order sliding mode algorithms is one of

them that has received a lot of attention in recent times. These methods significantly reduce chattering

due to the fact that they not only drive the sliding variable but also its higher derivatives to zero [133].

In [62], second order sliding mode observer (SOSMO) is used to estimate SOC, which drives both the

sliding variable and its first derivative to zero. However, unlike the FOSMO, it necessitates additional

information of the derivative of sliding variable along with the information of sliding mode itself. It

gives rise to the need for additional sensors and hence increases the cost of the estimation process.

Moreover, the above discussed sliding mode based methods require knowledge of the uncertainty

boundaries for suitable selection of SMO parameters, such as switching gains, resulting in trade-off

between the convergence time of SOC estimation and magnitude of chattering. In [134,135], SOC of a

lithium polymer battery is estimated by utilizing adaptive gain SMO (AGSMO) algorithm. By using

adjustable switching gains, this algorithm shows improvement in attenuating the chattering level to

some extent without demanding the knowledge of disturbance bounds.

2.4 Summary

In this chapter, the state-of-the-art of various types of battery models and SOC estimation methods

have been presented. The battery models introduced in this chapter are primarily categorized as:

(i) empirical models, (ii) electrochemical models, and (iii) electrical equivalent circuit models. For

estimation and control, the BECMs are preferred as they can be analysed mathematically without

having knowledge of the electrochemistry of the battery. Depending upon the application, a few

popular electrical equivalent circuit models of LIB have been presented in this chapter. However,
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there exists a trade-off between complexity and accuracy in choosing the battery model. A good

battery model is characterized by reasonably high accuracy and low complexity.

Among the SOC estimation methods, the Ampere-hour method is most widely used in portable

electronics due to its simplicity and ease of implementation. However, this open-loop method fails

to provide an accurate prediction of SOC in case of unknown initial SOC and presence of current

sensor noise. The OCV method requires disconnection of the load followed by a long rest period to

determine the OCV of a battery. Hence, this approach is not preferred for real-time applications

such as EVs. The data driven methods are known for their high accuracy in SOC estimation without

detailed knowledge of the battery. However, substantial sample training data is needed for precise

execution of these algorithms. In filter based methods such as Kalman filter, SOC can be optimally

estimated in the presence of a broadband noise contained within the system bandwidth. However,

they are computationally complex, need a highly accurate battery model, require the knowledge of

statistical properties of noise, and only valid for Gaussian distribution of the noise. Unlike KF based

methods, PF algorithm considers non-Gaussian distribution of noise for estimating the system states.

This method has higher efficiency compared to KF based methods but at the cost of more complexity

and memory consumption.

In general, the observer based algorithms, such as Luenberger observer, PI observer, and SMO,

provide improved computation complexity than KF based methods. Among the observer based meth-

ods, the sliding mode algorithm based methods are most widely used for SOC estimation due to their

simplicity, low computational cost and strong robustness property against modelling uncertainties and

external disturbances. For SOC estimation application, the superiority of SMO in terms of computa-

tional time, code complexity, and memory usage over KF based methods is also shown in [130]. Unlike

KF based methods, the SMO based methods need a moderately accurate model and valid for both

Gaussian and non Gaussian noise. However, these methods suffer from some serious disadvantages

such as chattering, discontinuous control injection, and need for low pass filters. Some of the methods

such as higher order SMOs also need information of the derivatives of sliding variable and require

more number of sensors. To resolve the shortcomings of these methods and provide improved results,

new SOC estimation algorithms are required. Therefore, in the next chapter, we present a new SOC

estimation approach using conventional super twisting algorithm which strives to resolve the above

mentioned issues.
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3.1 Introduction

In literature, several SOC estimation techniques have been presented with each having its own

advantages and drawbacks. The sliding mode algorithm based observers have been proven to be one

of the most useful techniques for battery SOC estimation due to their strong robustness property,

simplicity, and low computational cost. The limitations associated with various sliding mode based

observers recently used for battery SOC estimation such as first order sliding mode observer, adaptive

gain sliding mode observer, and second order sliding mode observer have been discussed in Chapter 2.

The main disadvantage with sliding mode methods is chattering phenomenon due to the discontinuous

control injection and finite switching frequency, which reduces its accuracy. Moreover, there is a need

for low pass filters to extract the estimated signals from these methods, which incurs phase lag and

further affects the estimation accuracy [136]. In general, the second order sliding mode methods also

require the knowledge of derivative of the sliding variable and necessitate additional sensors resulting

in higher cost of the estimation process. Further, the derivative of sliding variable is difficult to obtain

accurately due to the significant amplification of the system noise by the derivative term [137, 138].

There are very limited related works that have investigated the problem of battery SOC estimation

discussing the above issues. So, the challenge to the research community is to improve these issues

while keeping the other advantages of conventional SMO, which motivates the research work of this

chapter.

To deal with the above problems, this chapter focuses on development of a new model based SOC

estimation approach for the LIB which employs conventional STA based observer. The conventional

STA is a special kind of second order sliding mode algorithm that significantly reduces chattering,

provides continuous control injection, and ensures convergence of the observer states to the actual

states in finite time. It also eliminates the need for low pass filters to extract the estimated signals.

Unlike other second order sliding mode algorithms, the STA does not require the information of

derivative of the sliding variable, which eventually reduces the need for additional sensors and thus

cost of the observer. Since the proposed approach is model based, a second order RC equivalent

circuit model of the LIB is simplified to obtain the state equations of the model. In order to identify

the battery model parameters required in designing the observer, a state-space based relay feedback

approach is employed. This simple closed loop approach provides a good accuracy in identifying

the battery model parameters. The efficacy of the proposed method is validated using numerical
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simulations.

3.2 LIB modelling

The proposed SOC estimation approach is primarily a model based approach which requires LIB

model for developing the SOC estimation algorithm. For estimation and control, the equivalent

circuit models are preferred as they can be analysed mathematically without having knowledge of

the electrochemistry of the battery. Different equivalent circuit models proposed in literature are

presented in Chapter 2.

In this work, the second order RC model [62, 63, 129, 139], as presented in Section 2.2, is utilized

to model the LIB due to its excellent balance between simplicity and accuracy. For consistency of the

nomenclature and better understanding of the readers, it is displayed here again in Figure 3.1. In this

Cn

+

−
Voc(t)

Ri ii(t)

ic(t)

Rc

Cc

+

−
Vc(t)

Rt i(t)

+

−

V (t)

Figure 3.1: Second order RC equivalent circuit model of the LIB.

figure, Cn = bulk capacitance representing the ability of a battery to store the charge, Cc = diffusion

capacitance used to model diffusion and surface effects in the battery, Rc = diffusion resistance, Rt =

battery terminal resistance, Ri = end resistance, Voc(t) = voltages across Cn, also known as OCV,

Vc(t) =voltages across Cc, V (t) = battery terminal voltage, and i(t) = battery terminal current. The

terminal current of the battery is considered to be positive while charging the battery and negative

while it is discharging. The following equations illustrate the dynamics of the battery equivalent circuit

model:

V (t) = i(t)Rt + ic(t)Rc + Vc(t) (3.1)

V (t) = i(t)Rt + ii(t)Ri + Voc(t) (3.2)
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V̇oc(t) = ii(t)/Cn (3.3)

V̇c(t) = ic(t)/Cc (3.4)

i(t) = ic(t) + ii(t) (3.5)

Equating (3.1) and (3.2) yields

ii(t) =
ic(t)Rc + Vc(t)− Voc(t)

Ri
(3.6)

ic(t) =
ii(t)Ri + Voc(t)− Vc(t)

Rc
(3.7)

For simplicity, based on [62,63,129,139], it is assumed that Ri and Rc are equivalent. Using Kirchhoff’s

law (3.5), we get from (3.6) and (3.7) as:

ii(t) =
i(t)Ri + Vc(t)− Voc(t)

2Ri
(3.8)

ic(t) =
i(t)Ri − Vc(t) + Voc(t)

2Ri
(3.9)

Using (3.8) and (3.9), (3.3) and (3.4) can be rewritten as:

V̇oc(t) =
i(t)Ri + Vc(t)− Voc(t)

2RiCn
(3.10)

V̇c(t) =
i(t)Ri − Vc(t) + Voc(t)

2RiCc
(3.11)

The output terminal voltage V (t) can be written in different form by substituting (3.8) into (3.2) as:

V (t) = 0.5Voc(t) + 0.5Vc(t) + (Rt +Ri/2)i(t) (3.12)

Substituting Vc(t) from (3.12) in (3.10) and (3.11), we get

V̇oc(t) =
V (t)− Voc(t)− i(t)Rt

RiCn
(3.13)
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V̇c(t) =
Voc(t)− V (t) + i(t)(Rt +Ri)

RiCc
(3.14)

The time derivative of terminal voltage V (t) is derived by differentiating both sides in (3.12) and then

substituting (3.13) and (3.14) as:

V̇ (t) =

(
Cc − Cn

2RiCnCc

)
V (t) +

(
Cn − Cc

2RiCnCc

)
Voc(t) +

(
CnRi + CnRt − CcRt

2RiCnCc

)
i(t) +

(
Rt +Ri/2

)
i̇(t)

(3.15)

The dynamics of open-circuit voltage Voc(t) is rewritten from (3.13) as:

V̇oc(t) =

(
1

RiCn

)
V (t)−

(
1

RiCn

)
Voc(t)−

(
Rt

RiCn

)
i(t) (3.16)

It is assumed that the rate of change of terminal current is negligible, and hence i̇(t) in (3.15) can

be ignored. This assumption is valid since the current is almost constant between two sampling

instants [62,63,139]. Considering x1(t) = −V (t)/a1, x2(t) = Voc(t), y(t) = −V (t)/a1, and u1(t) = i(t),

the expression for the state-space representation of the above system is derived from (3.15) and (3.16)

as:

ẋ1(t)
ẋ2(t)


︸ ︷︷ ︸

Ẋ(t)

=

a1 1

c1 c2


︸ ︷︷ ︸

A

x1(t)
x2(t)


︸ ︷︷ ︸

X(t)

+

q1
q2


︸ ︷︷ ︸

B

u1(t) +

0
ζ

 (3.17)

y(t) =

[
1 0

]
︸ ︷︷ ︸

C

x1(t)
x2(t)

 (3.18)

where

a1 =
1

2Ri
(
1

Cn
− 1

Cc
), c1 = − 1

2Ri
2Cn

(
1

Cn
− 1

Cc
)

c2 = − 1

RiCn
, q1 =

CnRi + CnRt − CcRt

Cn − Cc
, q2 = − Rt

RiCn
(3.19)

ζ(x, t, u) is the uncertainties due to modelling errors, sensor inaccuracy, and other external distur-
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bances. The transfer function of the system in (3.17)-(3.18) can be found using the following equation:

Y (s)

U1(s)
= C(sI −A)−1B (3.20)

as

Y (s)

U1(s)
=

bs+ c

s2 + as
(3.21)

where

a = −(a1 + c2) =
Cn + Cc

2RiCnCc

b = q1 =
CnRi + CnRt − CcRt

Cn − Cc

c = q2 − c2q1 =
1

Cn − Cc
(3.22)

and Y (s) and U1(s) are the Laplace transformation of y(t) and u1(t), respectively.

.

3.2.1 Observability test

Before designing a state observer for battery model, it is necessary to check whether it is possible

to design the state observer or not for this particular system. For that, we need to perform the

observability test of the battery system. The general form of observability matrix is given as [140]:

O =

[
C CA CA2 ..... CAn−1

]T
(3.23)

where n is the dimension of matrix A. If the observability matrix O has full rank, then the system

is said to be observable. For battery system in (3.17)-(3.18), the dimension n = 2. Hence, the

observability matrix is obtained as:

O =

 1 0

a1 1

 (3.24)

Clearly, the matrix O has the full rank and hence, the system in (3.17)-(3.18) is observable.
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3.3 Identification technique for battery model system

System identification corresponds to finding the parameters of the model of an unknown process

using the measurements of system’s input and output signals [141]. It plays a significant role in

analysing a system’s operation and the design of controllers and observers. In order to design the

state observer for estimating SOC, it is important to first identify the battery model parameters, i.e.,

the resistances and the capacitances present in the battery model. Alternatively, it is equivalent to

identify the coefficients present in the transfer function or the state equations obtained after simplifying

the battery model. In case of battery model system, a good identification method is characterized by

its simplicity, high accuracy, low memory requirement, and low computational burden on the online

state estimation algorithm where the identified parameters are used. In literature, there are several

methods used for identification of the battery model. They can be broadly categorized as offline and

online methods [142]. In offline identification methods, usually all the input/output data are collected

first, and then the model parameters are identified using them. Since the parameters are identified

offline, they add very less computational burden on the SOC estimation algorithm compared to the

online identification methods. Hence, in this chapter, an offline method is proposed to identify the

battery model parameters.

In literature, a few offline methods have been proposed for identification of battery model parame-

ters such as pulse charging-discharging approach [129,139,143,144] and hybrid pulse power character-

ization approach [145]. They are open loop approaches and require the knowledge of the relationships

between the battery model parameters and various electrochemical phenomena such as polarization

and diffusion taking place inside the battery. These relationships are different for different battery

models and hence need human expertise. In recent years, relay based system identification approach

got popular in several applications due to its simplicity and ease of implementation [146–148]. Be-

ing a closed-loop scheme, the accuracy is high and the system does not drift away from the nominal

operating point [149]. It does not require knowledge of any electrochemical phenomena of the bat-

tery and can be applied to any battery model. It requires only the system input, output, and the

transfer function obtained after simplifying the battery model for its implementation. Compared to

describing function based relay feedback approaches [150, 151], the state-space based relay feedback

approaches [152, 153] are more accurate. Therefore, in this chapter, state-space based relay feedback

approach is used for development of identification technique for battery model parameters. For sim-
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plification, the impact of operating conditions on the battery model parameters is ignored. The slow

variation in the model parameters due to changes in operating conditions are assumed as modelling

uncertainties to be compensated by the robust observer during state estimation.

3.3.1 Introduction to relay feedback approach

A relay is an on-off nonlinearity which works as a switch. In context to the amplitude of the relay

output, relays can be categorized as symmetrical relays and asymmetrical relays. In symmetrical

relays, the magnitudes of positive and the negative amplitudes of the relay output are equal and

generally used where less number of transfer function parameters need to be identified. Whereas, in

asymmetrical relays, the magnitudes of the positive and the negative amplitudes of the relay output are

not equal and generally used where more number of transfer function parameters need to be identified.

The characteristics of symmetrical and asymmetrical relays are shown in Figure 3.2(a) and 3.2(b),

          h

   -h

Input e(t)
Input e(t)

Output u(t) Output u(t)

h1

-h2

(a) (b)

Figure 3.2: (a) Symmetrical relay characteristics and (b) asymmetrical relay characteristics.

respectively, where e(t) = input to the relay, u(t) = output of the relay, and h = magnitude of both

positive and negative amplitude of the symmetrical relay output, h1 =magnitude of positive amplitude

of the asymmetrical relay output, and h2 = magnitude of negative amplitude of the asymmetrical relay

output.

For system identification, the basic block diagram of relay feedback approach is shown in Figure

3.3, where r(t) = reference signal, e(t) = input to the relay (error signal), u(t) = output of relay,

u1(t) = input to the process (battery), and y(t) = output of the process. The main property which

makes a relay suitable for system identification is that it ensures limit cycle (sustained oscillation)

in output. After a certain time, the process reaches its ultimate frequency (the frequency where the
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Relay Delay Process
u(t)r(t) e(t) u1(t) y(t)

−

y(t)

Figure 3.3: Block diagram of relay feedback approach.

phase angle corresponds to -180◦) and starts providing sustained oscillatory output. At that time,

the closed loop gain in Figure 3.3 becomes -1, which can be regarded as the condition to achieve the

sustained oscillatory output. Mathematically, it can be given as:

G(s)Gr(s) = −1 (3.25)

where G(s) is the transfer function of the process (battery) and Gr(s) is the transfer function obtained

after multiplying the transfer functions of relay and delay blocks in Figure 3.3. Being a closed-loop

scheme, the accuracy is high and the system does not drift away from the nominal operating point.

The time for which the experiment is required to be performed for input/output data is also generally

very less.

3.3.2 Parameter identification using relay feedback approach

In this subsection, a parameter identification scheme using state-space based relay feedback ap-

proach is developed for type 1 second order minimum phase system and utilized for BECM transfer

function given in (3.21). In order to utilize the relay for system identification, a time delay having

magnitude θ s is introduced, as shown in Figure 3.3. Hence, the transfer function of the process with

delay becomes:

Y (s)

U(s)
=

bs+ c

s2 + as
e−θs (3.26)

where U(s) is the Laplace transformation of u(t) (input to the delay block in Figure 3.3).

Diagonalizing (3.26), we get

Y (s)

U(s)
=

(
k1
s

+
k2
s+ a

)
e−θs (3.27)
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where

k1 =
c

a
, k2 =

b− c

a

Equation (3.27) can be rewritten as:

Y (s) = k1Y1(s) + k2Y2(s) (3.28)

where

Y1(s) =
1

s
U(s)e−θs

Y2(s) =
1

s+ a
U(s)e−θs

(3.29a)

(3.29b)

Taking inverse Laplace transform of (3.29), we get

ẏ1(t) = u(t− θ)

ẏ2(t) = −ay2(t) + u(t− θ)

(3.30a)

(3.30b)

Assuming p1(t) = y1(t), p2(t) = y2(t), and P (t) = [p1(t) p2(t)]
T , (3.30) can be converted into:

Ṗ (t) =MP (t) +Nu(t− θ)

y(t) = RP (t)

(3.31a)

(3.31b)

where

M =

0 0

0 −a

 , N =

1
1

 , R =

[
c

a

b− c

a

]

In this work, we use asymmetrical relay which is helpful in identification of more number of transfer

function parameters. A typical limit cycle output of type 1, second order, and minimum phase system

is shown in Figure 3.4.

For t0 ≤ t ≤ t1, where u(t− θ) = h1, t0 = 0, and t1 = θ

P (t) = eMtP (t0) + h1

∫ t

0
eM(t−τ)Ndτ (3.32)
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Figure 3.4: Typical process input and output signals.

At t = t1 = θ,

P (t1) =

1 0

0 e−aθ

P (t0) +
 θ

1−e−aθ

a

h1 (3.33)

For t1 ≤ t ≤ t2, where u(t− θ) = −h2 and t2 = Th

P (t) = eM(t−θ)P (t1)− h2

∫ t

θ
eM(t−τ)Ndτ (3.34)

At t = t2 = Th,

P (Th) =

1 0

0 e−a(Th−θ)

P (t1)−
 Th − θ

1−e−a(Th−θ)

a

h2 (3.35)

For t2 ≤ t ≤ t3, where u(t− θ) = −h2 and t3 − t2 = θ

P (t) = eM(t−t2)P (t2)− h2

∫ t

t2

eM(t−τ)Ndτ (3.36)

At t = t3,

P (t3) =

1 0

0 e−aθ

P (Th)−
 θ

1−e−aθ

a

h2 (3.37)
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For t3 ≤ t ≤ t4, where u(t− θ) = h1

P (t) = eM(t−t3)P (t3) + h1

∫ t

t3

eM(t−τ)Ndτ (3.38)

At t = t4 = Tp,

P (Tp) =

1 0

0 e−a(Tp−Th−θ)

P (t3) +
 Tp − Th − θ

1−e−a(Tp−Th−θ)

a

h1 (3.39)

Putting the values of P (t3), P (Th) and P (t1) from (3.33), (3.35), (3.37) in (3.39), we get

P (Tp) =

1 0

0 e−aTp

P (t0) + γ1 (3.40)

where

γ1 =

 Tph1 − Th(h1 + h2)

(h1+h2)(1−eaTh )e−a(Tp−θ)+h1(1−eaTp )
a


For sustained oscillations,

P (t0) = P (Tp) (3.41)

From (3.40) and (3.41), we get

Tph1 − Thh1 − Thh2 = 0

P (t0) =

( c−ab
ac )[h1 + (h1 + h2)(

1−eaTh

1−eaTp
)e−a(Tp−θ)]

1
a [h1 + (h1 + h2)(

1−eaTh

1−eaTp
)e−a(Tp−θ)]


(3.42a)

(3.42b)

From (3.33) and (3.42), we get

P (t1) =

( c−ab
ac )[h1 + (h1 + h2)(

1−eaTh

1−eaTp
)e−a(Tp−θ)] + θh1

1
a [h1 + (h1 + h2)(

1−eaTh

1−eaTp
)e−aTp ]

 (3.43)
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From (3.35) and (3.43), we get

P (Th) =

( c−ab
ac )[h1 + (h1 + h2)(

1−eaTh

1−eaTp
)e−a(Tp−θ)] + θh1 + (θ − Th)h2

1
a [(h1 + h2)(

1−ea(Tp+Th)

1−eaTp
)e−(aTh−θ) − h2]

 (3.44)

From (3.37) and (3.44), we get

P (t3) =

( c−ab
ac )[h1 + (h1 + h2)(

1−eaTh

1−eaTp
)e−a(Tp−θ)] + θh1 − Thh2

1
a [(h1 + h2)(

1−ea(Tp+Th)

1−eaTp
)e−aTh − h2]

 (3.45)

Subsequently from (3.31)

y(θ) = RP (θ)

y(Th) = RP (Th)

y(t3) = RP (t3)

(3.46a)

(3.46b)

(3.46c)

Now putting the value of y(θ), y(Th), and y(t3) from the limit cycle output shown in Figure 3.4 and

R from (3.31), we get

Ap = f1(a, b, c, θ, Th, Tp)

0 = f2(a, b, c, θ, Th, Tp)

−Av = f3(a, b, c, θ, Th, Tp)

(3.47a)

(3.47b)

(3.47c)

where Ap = magnitude of positive peak amplitude of the limit cycle output occurring at time t1 and

Av = magnitude of negative peak amplitude of the limit cycle output occurring at time t3. Solving

the equations in (3.47), the value of a, b, and c can be obtained. These values can be further utilized

along with (3.22) to find the BECM resistances and capacitances.

3.4 Robust observer design for estimation of battery states

To predict the unknown states of the battery system, there is need for a robust observer which

can accurately estimate the battery states under various uncertain conditions with low computational

effort. These uncertainties should be carefully handled since they can deteriorate the performance or

even lead to instability of the observer. Recently, sliding mode observers have been proven to be one
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of the most useful methods for SOC estimation because of their high robustness against modelling

uncertainties and external disturbances [129]. However, the sliding mode methods utilized for SOC

estimation suffer from various issues such as chattering, discontinuous control injection, and need for

low pass filters. In this chapter, the theory of conventional super twisting algorithm (CSTA) has

been utilized to design the required observer, which estimates the unknown states of the second order

battery equivalent system given in (3.17)-(3.18). CSTA is a special type of second order sliding mode

algorithm with various added advantages. In order to design the CSTA based observer and establish

its advantages, it is essential to have knowledge of the sliding mode theory.

3.4.1 Basic introduction of sliding mode theory

The sliding mode theory is originated from the concept of variable structure control system (VSCS)

[154]. Similar to VSCS, it utilizes discontinuous control laws for driving the state trajectories for

performing specific tasks. It was first proposed in Russian language by Emelyanov in 1960s [155],

but became popular worldwide in late 1970s after a few works by Itkis [156] and Utkin [157] were

published in English. The main highlight of sliding mode approach which makes it very popular

among researchers and industries is its inherent robustness property against matched disturbances

and parametric uncertainties [158]. Another advantage is that it makes the system act as a reduced

order system compared to the original system. In literature, sliding mode techniques have been widely

used in designing robust controllers, observers, and exact differentiators for several different types of

systems [128].

The objective of the sliding mode control (SMC) is to force the system states to reach a specified

surface and then slide along this surface towards the equilibrium [158]. Hence, this specified surface

is known as sliding surface. The designing of sliding mode controller consists of two key steps [158].

First, we need to choose an appropriate sliding surface. The choice of sliding surface should be such

that the closed loop system can perform the desired task and satisfies all the required specifications

when the state trajectory is at the sliding surface. The second step is to design a suitable control

action that can force the state trajectory to reach the sliding surface and then stay there afterwards

even in the presence of various uncertainties and disturbances present in the system. This phase is

known as the sliding phase. When confined to sliding surface, the system dynamics is represented as

an ideal sliding motion and shows the controlled system behaviour. The initial phase of control before
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Figure 3.5: Sliding mode control.

reaching the sliding surface is known as reaching phase. At this phase, the state trajectory is directed

towards the sliding surface. The various advantages of sliding mode approach are only applicable after

establishing the sliding motion. The overall process of SMC is shown in Figure 3.5 [159].

In spite of the robustness and order reduction, the sliding mode methods suffer from a serious

problem known as chattering, as shown in Figure 3.6 [131, 160]. It is high frequency vibration of

the control action which arises due to the finite switching frequency of the discounting control. The

x1 

 

 

x2 

 

Sliding 

surface 

Chattering 

 

Figure 3.6: Chattering phenomenon.

switching frequency in an ideal sliding mode is considered infinite. However, in physical systems, it is

impossible to achieve infinite switching frequency due to various factors such as inertia, nonlinearity,
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delay, etc. The switching of control can occur at very high but finite frequency. Consequently, the

sliding does not occur precisely at the sliding surface, but within a small vicinity of the sliding surface.

It means that the states of the system switch around the sliding surface rather than staying there.

The size of the small neighbourhood is inversely proportional to switching frequency. The chattering

phenomenon deteriorates the performance of the system and sometimes may even induce instability.

In mechanical systems, it can cause stress and even breakdown of the mechanical parts.

In recent years, several efforts have been made to suggest different techniques for alleviating the

effect of chattering. The simplest way to get rid of chattering is to replace the discontinuous control

action with continuous one without compromising the robustness, accuracy, and other advantages of

ideal SMC. For this purpose, in literature, researchers have replaced the discontinuous sign function

with the saturation function or sigmoid function [132]. The saturation and sigmoid functions are

good continuous approximations of sign function. Hence, they make the control action continuous and

eliminate chattering. However, it is found that the invariance property of sliding surface is lost and

the sliding of state trajectory is not constrained to the sliding surface anymore, but within its small

neighbourhood [132]. Eventually, it degrades the accuracy and robustness of the closed loop system

against disturbances.

Another interesting strategy developed in recent years to reduce chattering is the higher order

sliding mode (HOSM) approach. The key idea behind the HOSM approach is to generalize the

concept of sliding mode on the higher order time derivatives of sliding variable, rather than only the

first time derivative as in standard sliding mode [133]. It not only keeps the main advantages of the

standard sliding mode approach, but also reduces the chattering significantly and provides even better

accuracy than the standard sliding mode approach. There are several HOSM techniques presented

in literature. The order of sliding mode is defined as the number of continuous time derivatives of

the sliding variable, including the zeroth one, whose vanishing describes the dynamics of the sliding

manifold [133]. In other words, we can say that the mth order sliding mode approach not only

drives the sliding variable but also its all higher order derivatives upto (m-1)th order to zero. The

discontinuous control terms generally appear in the mth order time derivative of sliding variable.

The main criticism in implementing the HOSM techniques is the additional information demand of

higher order time derivatives of sliding variable. An mth order sliding mode approach demands the

information of all time derivatives of sling variable upto (m-1)th order. In practice, the second order
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sliding mode technique is the most widely used HOSM technique due to its good trade-off between

the various advantages, simplicity, and amount of information demand [161]. In second order sliding

mode technique, the control action directly affects the second time derivative of the sliding variable.

The design of control action uses the information of sliding variable and its first time derivative. An

appropriate control action can ensure the finite-time convergence of the state trajectory of the system

to the sliding manifold.

3.4.2 Design of state observer using conventional STA

The conventional STA is a special kind of second order sliding mode algorithm first proposed

in [162]. It provides continuous control input and reduces chattering significantly [163]. Unlike other

second order sliding mode algorithms, the STA does not require the information of the derivative

of the sliding variable, which eventually reduces the need for additional sensors and thus cost of

the operation. In STA, the trajectory on the phase plane is repeated rotations around the origin.

The absolute values of the intersection of the state trajectory with the axes as well as the time of

each rotation reduce in geometric progression [164]. The STA was originally developed for designing

a controller. In recent years, due to its various advantages, it is also implemented for developing

observers [164–166] and robust exact differentiators [128, 167]. The key idea behind the development

of any sliding mode observer is to generate a sliding motion on the error between the actual plant

output and the estimated output of the observer to ensure that the estimated states precisely resemble

with the actual states of the system. Hence, conventional sliding mode observer (CSTO) posses all

the advantages associated with the CSTA. Unlike other sliding mode based observers, CSTO does

not require low pass filters to extract the estimated signals which generally cause delay and affect

the estimation accuracy. In order to design any control strategy using the estimated states from the

observer, it is desired to have finite-time convergence of the observer states to the actual states [164].

The CSTO provides finite-time convergence of the states and satisfy the separation principle. In case

of battery state estimation, this observer will also compensate the modelling uncertainties which may

arise due to ageing of battery, noise while performing relay feedback test, and nonlinear behaviour of

the battery. The observer designed for the LIB system to estimate the states is as follows:
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˙̂x1 = a1x1 + x̂2 + q1u1 + γ|x̃1|1/2sign(x̃1)

˙̂x2 = c1x1 + c2x̂2 + q2u1 + βsign(x̃1)

(3.48a)

(3.48b)

where x̃1 = x1 − x̂1 and

sign(x̃) =


1, if x̃ > 0

−1, if x̃ < 0

∈ [−1, 1], if x̃ = 0

The estimated parameters of the battery model using relay feedback approach are used here. Using

(3.17) and (3.48), the battery state error dynamics is obtained as:

˙̃x1 = x̃2 − γ|x̃1|1/2sign(x̃1)

˙̃x2 = F (x1, x2, x̂2, t)− βsign(x̃1)

(3.49a)

(3.49b)

where x̃2 = x2 − x̂2 and

F (x1, x2, x̂2, t) = c2x̃2 + ζ(x1, x2, t, u1)

For a physical system such as a battery, the terminal voltage, OCV, and their derivatives are always

bounded for the bounded input current. The control input injection of the observer is also continuous.

Assuming ζ(x1, x2, t, u1) to be bounded, it can be ensured that there exists a f+ for which the following

inequality is satisfied [168]:

|F (x1, x2, x̂2, t)|≤ f+ (3.50)

Then, the finite-time convergence of battery state observer can be ensured by the following choice of

γ and β:

β ≥ f+

γ ≥
√

2

β − f+
(β + f+)(1 + r)

1− r

(3.51a)

(3.51b)

where r is a constant, 0 < r < 1.

Proof: A geometric approach similar to that given in [164] is used to prove the finite-time convergence

of the proposed battery state observer given in (3.48). It can be easily seen from (3.49) that the

convergence of the observer states to the actual states is equivalent to the convergence of x̃1 and ˙̃x1
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to zero.

From (3.49) and (3.50), the differential inclusion satisfied by x̃2 can be obtained as:

˙̃x2 ∈ [−f+, f+]− βsign(x̃1) (3.52)

The differential inclusion in this thesis is understood in the Filippov sense [169]. Taking derivative of

the first equation of (3.49) in both sides with x̃1 ̸= 0 and using (3.52), we get

¨̃x1 ∈ [−f+, f+]−
(

0.5γ

|x̃1|
1
2

˙̃x1 + βsign(x̃1)

)
(3.53)

Now, the differential inclusion in (3.53) will be utilized to explain the majorant curve shown in Figure

3.7. Consider the initial values as x̃1 = 0 and x̃2 = x2. It is to be noted that if the initial value of x2

is positive, then the trajectory will enter the half-plane where x̃1 > 0. Similarly, if initial value of x2

is negative, then the trajectory will enter the half plane where x̃1 < 0. Suppose x̃1 > 0 with ˙̃x1 > 0,

then the trajectory is confined between the axes x̃1 = 0, ˙̃x1 = 0 and the trajectory of the following

equation:

¨̃x1 = −(β − f+) (3.54)

The trajectory of (3.54) is shown by line (a) in Figure 3.7. Consider the point where the curve

intersects the axis ˙̃x1 = 0 be x̃1M . Integrating both sides of (3.54), we can obtain

2(β − f+)x̃1M = ˙̃x210 (3.55)

where ˙̃x10 > 0 is the value of ˙̃x1 with x̃1 = 0. For x̃1 > 0, ˙̃x1 > 0, the following inequality is satisfied:

¨̃x1 ≤ f+ − βsign(x̃1)−
0.5γ

|x̃1|
1
2

˙̃x1 < 0. (3.56)

Hence, the trajectory is directed towards the axis ˙̃x1 = 0. In Figure 3.7, the majorant curve for x̃1 > 0,

˙̃x1 ≥ 0 is described by the following equation:

˙̃x21 = 2(β − f+)(x̃1M − x̃1) (3.57)
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Figure 3.7: Majorant curve.

For x̃1 > 0, ˙̃x1 ≤ 0, there are two parts in the majorant curve. In the first part, the point (x̃1M , 0)

goes down instantly to (x̃1M , ˙̃x1M ) in the worst case when the right hand side of (3.53) is zero. The

term ˙̃x1M is given as:

˙̃x1M = −2

γ
(β + f+)x̃

1
2
1M (3.58)

The first part is presented by line (b) in Figure 3.7. The second part is represented by line (c) in

Figure 3.7 which is a straight line obtained by connecting (x̃1M , ˙̃x1M ) and (0, ˙̃x1M ). From (3.51),

(3.55) and (3.58), we get

| ˙̃x1M |
| ˙̃x10|

<
1− r

1 + r
< 1. (3.59)

Suppose ˙̃x10, ˙̃x1M = ˙̃x11, ˙̃x12, ...., ˙̃x1j , ... are denoted as the consequent crossing points of the trajectory

of the system given in (3.49) with the axis x̃1 = 0, starting from the point (0, ˙̃x10). The last quantity

guarantees the convergence of (0, ˙̃x1j) to x̃1 = ˙̃x1 = 0 as well as the convergence of
∞∑
j=0

| ˙̃x1j |.

Now, in order to prove finite-time convergence, we will consider the dynamics of x̃2 given in (3.49).

The following inequality can be obtained using (3.49):

0 < β − f+ ≤ | ˙̃x2|≤ β + f+ (3.60)

From the dynamics of x̃1 in (3.49), it is clear that when x̃1 = 0, x̃2 = ˙̃x1 and holds for small
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neighbourhood of the origin. Taking this into account and using (3.60), we obtain

| ˙̃x1j |≥ (β − f+)tj (3.61)

where tj are the time intervals between the successive intersection of the trajectory with the axis

x̃1 = 0. From (3.61), we get

tj ≤
| ˙̃x1j |
β − f+

(3.62)

The total convergence time is obtained by summing all tj given as:

Tf ≤
∑ | ˙̃x1j |

β − f+
(3.63)

Hence, the finite-time convergence of the battery observers states to the actual states is ensured.

3.5 Numerical simulation results

The battery considered for performing numerical simulations in this chapter comprises of a LiMn2O4

cathode, an artificial graphite anode, and has a nominal capacity (Ncap) of 5 Ah [129]. The nominal,

full charge (Vfc), and cut-off (Vco) voltages are 3.8V, 4.2V, and 3.04 V, respectively. The dimension

of the battery is 250 mm × 125 mm× 5 mm and it weighs 120 g. The bulk capacitance of the battery

can be obtained by investigating the amount of energy stored using the following expression [129]:

Cn =
3600NcapVfc

0.5(Vfc
2 − Vco

2)
(3.64)

In (3.64), multiplying the nominal capcity (Ncap) with 3600 converts its unit from Ah to Ampere-

second. Using the values of Ncap, Vfc, and Vco, the value of Cn is calculated as 18000 F. The actual

value of the unknown parameters of the battery model are given as follows: Rt = 1 mΩ, Ri = 3 mΩ,

Rc = 3 mΩ, and Cc = 200 F. The specifications of the battery are taken from [129].

Relay feedback test with asymmetrical relay settings is carried out to identify the battery model

parameters. Relay settings are taken as h1 = 5 and h2 = 3. A time delay of 0.5 s is introduced.

The relay output and obtained limit cycle output of the process are shown in Figure 3.8 and 3.9,

respectively. The information contained in the limit cycle output such as positive and negative
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Figure 3.8: Output signal of the relay.
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Figure 3.9: Limit cycle output of the process and its derivative.

peak amplitudes, t0, t1, Th, t3, and Tp are used to estimate the parameters of the transfer function

(a, b, c) using (3.47). The values of identified transfer function parameters are as follows: a = 0.843,

b = 3.99× 10−3, and c = 5.62× 10−5. Using the values of a, b, c, Cn, and (3.22), Ri = 2.91 mΩ, Cc =

206.4 F, Rc = 2.91 mΩ, and Rt = 1.05 mΩ are calculated. The value of a1 = -0.824, c1 = 1.53×10−2,

c2 = −1.85× 10−2, q1 = 4.03× 10−3, and q2 = -1.85 ×10−5 are found subsequently using (3.19). It is

found that the maximum error in parameter identification using this technique is within 5%.

Next, with the help of estimated battery model parameters, the CSTA based observer is designed.

59

TH-2829_146102041



3. Development of SOC Estimation Algorithm Based on Relay Feedback Approach and
Conventional Super Twisting Observer

Using (3.51), for finite-time convergence of the states β = 7.7× 10−2 and γ = 4.6 are considered. To

verify the effectiveness of the proposed observer, discharging test is carried out on LIB by injecting

a discharge pulse, as shown in Figure 3.10, to the battery. The magnitude of discharge pulse is 5 A
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Figure 3.10: Discharge pulse.

and its discharge duration is 0.4 s in a cycle. It is provided at a regular interval of 1.6 s. The actual

voltage and estimated terminal voltage from the proposed approach are shown in Figure 3.11. The
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Figure 3.11: Terminal voltage comparison.

error between them is shown in Figure 3.12. It is found that the maximum absolute error (MAE)

in estimating the terminal voltage of the battery is 0.0125 V (after convergence) and the root-mean-
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square error (RMSE) is 0.004 V. To establish the superiority of the proposed approach, the estimated
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Figure 3.12: Error in terminal voltage.

OCV from the proposed approach is compared with that of SOSMO. The actual and the estimated

OCV for each method are shown in Figure 3.13. Figure 3.14 demonstrates the corresponding errors
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Figure 3.13: Open circuit voltage comparison.

between the estimated and the actual OCV for each method. The MAEs in OCV estimation for CSTO

and SOSMO are found to be 0.03% and 0.05%, respectively. The RMSEs for CSTO and SOSMO are

also caclulated as 0.01% and 0.03%, respectively. From Figure 3.14, it is found that the chattering
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Figure 3.14: Error in estimated OCV.

is significantly reduced for CSTO compared to SOSMO. Between 500-600 s, the chattering width for

CSTO and SOSMO are 0.03 and 0.09, respectively. From the estimated OCV, SOC of the battery can

be predicted using the relationship given in [129]. Higher accuracy in OCV estimation ensures higher

accuracy of the SOC. Therefore, it can be said that the proposed approach provides better accuracy

and reduced chattering than SOSMO in estimating the SOC of the battery.

3.6 Summary

In this chapter, a new SOC estimation approach based on conventional STA is proposed. The STA

reduces chattering significantly and sorts out various issues associated with the different sliding mode

based SOC observers such as discontinuous control, need for more number of sensors, and need for low

pass filters. The battery state equations have been derived and observability of the system has been

established. In order to design the observer, the required battery model parameters are estimated

by the relay feedback approach. This is a closed loop approach and provides good identification

accuracy. A geometrical approach using majorant curve is presented for establishing the finite-time

convergence of the battery SOC observer. Numerical simulations are performed to verify the efficacy

of the proposed method. The OCV obtained from CSTO is compared with that of SOSMO and it is

found that the proposed approach provides better estimation accuracy and lower chattering compared

to SOSMO.
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3.6 Summary

The work presented in this chapter acts as the foundation of this thesis and has scope for further

improvement in several aspects. Although this chapter uses numerical simulation to establish the

efficacy of the proposed method, experimental results with an actual physical battery and a real-time

driving cycle will establish the efficacy of the method better in actual EVs. The strict Lyapunov super

twisting algorithm based SOC estimation approach is presented in the next chapter to further improve

the estimation of SOC of a battery under various dynamical conditions.

Note: A part of work presented in this chapter has been published with title “Estimation of state of

charge of Li-ion battery in EVs using relay feedback approach and super twisting sliding mode observer”

in 56th IEEE Conference on Decision and Control (CDC), 2017.
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4.1 Introduction

4.1 Introduction

In Chapter 3, CSTO, along with relay feedback approach, is employed for developing the SOC

estimation algorithm. Compared to the existing sliding mode based SOC observers, the various ad-

vantages of CSTO are detailed in that chapter. However, it is also associated with a few shortcomings.

In CSTO, the robustness of the observer can be ensured for a very limited range of uncertainties. It

can be seen that the uncertainties in the state equation (3.17) of the battery model in Chapter 3 are

considered only for its second equation. The disturbance in the first state equation of (3.17) is as-

sumed to be zero. However, in a physical system, the modelling uncertainties, sensor inaccuracy, and

other external disturbances also cause the uncertainties in the first state equation of (3.17). Hence,

this assumption needs to be reconsidered for the application of real-time battery system. Recently, in

another paper by Huangfu et al. [170], CSTO has been utilized for SOC estimation, but that considers

uncertainties only in its first state equation of battery model. It also fails to ensure convergence of

the unknown states in finite time. Moreover, in both Chapter 3 and [170], the BECM parameters are

assumed to be fixed, which is not the case in real-time battery system due to the variation of these

parameters with C-rate, SOC, temperature, and ageing. The offline identification technique used in

Chapter 3 also needs an additional setup to perform the identification test and additional memory in

BMS to store the battery model parameters data for their further use. Hence, there is need for an

SOC estimation method that not only can provide the various advantages associated with CSTO, but

also can ensure finite-time convergence and robustness for a more comprehensive class of uncertainties

with real-time identification of the battery model parameters.

In this chapter, we propose a new approach for SOC estimation using SLSTA based observer

which tries to resolve the above mentioned issues. In addition to various advantages associated with

CSTO, the SLSTA based observer can also ensure the robust stability for a class of uncertainties much

wider than that used in the conventional STA based observer. It also provides finite-time stability

for all the states. The robust finite-time convergence of the proposed SOC observer is proven using

a strict Lyapunov function. In this chapter, the derivation of state equations from battery model

also incorporates the relationship between SOC and OCV in it. The nonlinearity present in this

relationship is considered as uncertainty and will be taken care of by the robust observer. Instead

of OCV, directly SOC is considered as a state of the system. In order to design the observer, the

required battery model parameters are identified using recursive least square with forgetting (RLSF)
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approach. It is a standard online identification scheme and can track the changes in the battery

model parameters with various factors such as C-rate, SOC, temperature, and ageing. Hence, their

effect can be avoided in battery modelling which provides an opportunity to use a simple battery

model. The SLSTA based observer, in combination with the RLSF approach, attenuates the influence

of the various uncertainties and provides a significant improvement in estimating SOC compared to

the other existing sliding mode observer based SOC estimation approaches. The proposed method is

implemented on an actual battery setup by using a real-time driving cycle current profile. The results

demonstrate that the proposed approach performs better than the various well-known approaches in

terms of accuracy, robustness, computational time, and convergence speed.

4.2 Simplified battery model

The second order RC equivalent circuit model used in Chapter 3 is also utilized for battery mod-

elling in this chapter. Unlike Chapter 3, SOC is directly considered as a state of the system instead

of OCV in this chapter. For this purpose, the relationship between SOC and OCV is incorporated in

deriving the state equations. This will also provide an opportunity to the observer to compensate any

uncertainty present in this relationship. The steps to derive the state equations for the battery model

will remain same from (3.1)-(3.16) as presented in Section 3.2. We will directly use the relationships

established in (3.15) and (3.16) to carry out the further derivation. For convenience, these equations

are rewritten here as follows:

V̇ (t) =

(
Cc − Cn

2RiCnCc

)
V (t) +

(
Cn − Cc

2RiCnCc

)
Voc(t) +

(
CnRi + CnRt − CcRt

2RiCnCc

)
i(t) +

(
Rt +Ri/2

)
i̇(t)

(4.1)

V̇oc(t) =

(
1

RiCn

)
V (t)−

(
1

RiCn

)
Voc(t)−

(
Rt

RiCn

)
i(t) (4.2)

In general, the relationship between OCV and SOC is nonlinear and can be approximated with

a very high order polynomial. However, such relationship will make the SOC observer design very

complex. Hence, in this thesis, the SOC-OCV curve is considered to be piecewise linear due to its

linear behaviour for a small interval of SOC [125,134]. Since the curve is slowly varying with various

factors such as ageing and temperature, the relationship between OCV and SOC is assumed to be
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fixed. The SOC-OCV relationship is approximated as:

Voc(t) = pZ(t) + q +∆f1 (4.3)

where Z(t) is the SOC at time t, ∆f1 is the nonlinearity present in SOC-OCV relationship, p and q

are distinct constants corresponding to distinct SOC intervals, which can be determined by fitting of

(4.3) in SOC-OCV curve. For a battery system, it can be inferred from the existing literature that p

and q are positive [125, 134]. In this chapter, the derivation of SOC-OCV curve is explained for the

test battery in subsection 4.5.2.

Using (4.3), (4.1) can be rewritten as:

V̇ (t) = −a1V (t) + a2Z(t) + q1i(t) + q2i̇(t) + a1q +∆f2 (4.4)

where

a1 =
Cn − Cc

2RiCnCc
, a2 = a1p

q1 =
CnRi + CnRt − CcRt

2RiCnCc
, q2 = Rt +

Ri

2
(4.5)

and ∆f2 is the small error due to the approximation of the relationship between p and q as given in

(4.3).

Using (4.3) in (4.2), we get

Ż(t) = b2V (t)− b1Z(t)− b2q + q3i(t) + ∆f3 (4.6)

where

b1 =
1

RiCn
, b2 =

b1
p
, q3 =

q4
p
, q4 = − Rt

RiCn
(4.7)

and ∆f3 is the small error due to the approximation of relationship between p and q as given in (4.3).

Considering x1(t) = V (t), x2(t) = Z(t), y(t) = V (t), u1(t) = i(t) and u2(t) = i̇(t), (4.4) and (4.6) can

be rewritten as:

ẋ1(t) = −a1x1(t) + a2x2(t) + q1u1(t) + q2u2(t) + a1q + ζ1 (4.8)
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ẋ2(t) = b2x1(t)− b1x2(t)− b2q + q3u1(t) + ζ2 (4.9)

y(t) = x1(t) + ∆f4 (4.10)

where ζ1(x, t, u) = ∆f2 + ∆f5, ζ2(x, t, u) = ∆f3 + ∆f6, ∆f4, ∆f5, and ∆f6 are the uncertainties

due to measurement noise, modelling inaccuracy, and external disturbances. From the observability

test described in Section 3.2, it is easy to conclude that if Cn ̸= Cc, the system considered above is

observable. In a practical battery Cn ≫ Cc, hence the system is always observable.

The transfer function of the battery model is obtained from (4.1) and (4.2) is as follows:

Y (s)

U1(s)
=
bs2 + cs+ d

s2 + as
(4.11)

where

a =
Cn + Cc

2RiCnCc
, b = Rt +Ri/2

c =
(Cn + Cc)(Ri +Rt)

2RiCnCc
, d =

1

2RiCnCc
(4.12)

Y (s) and U1(s) are the transformation of y(t) and u1(t) in complex frequency domain.

4.3 Identification of battery model system

In Chapter 3, the parameters of the battery model are identified using state-space based relay

feedback approach. It is assumed that the battery model parameters are constant with respect to

the various operating conditions. However, the battery model parameters vary with several factors

such as C-rate, SOC, temperature, and ageing [171]. The offline methods give erroneous identification

results under such conditions and may induce significant error in SOC estimation. Moreover, the

offline methods need an additional setup to perform the identification test and additional memory

in BMS to store the BECM parameters data for their further use. The online estimation methods

can overcome the above shortcomings and update the battery model parameters during its operation

according to the changes in the operating conditions. A good online identification method should

track the changes in the parameters for high accuracy and have a low computational complexity such
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that it can be easily implemented on a low cost micro-controller utilized for BMS.

In literature, various online approaches are presented for identification of battery model parameters.

In [172], the joint estimation of battery model parameters and SOC is proposed, where the BECM

parameters are assumed as additional state variables. Two inpendent Kalman filters are used in dual

EKF [173] and dual UKF [174] methods to estimate BECM parameters and SOC separately. the

performance of the EKF-based method greatly depends on the accuracy of the model However, the

performance of KF based methods higly rely on the accuracy of the battery model and knowledge of

the noise statistics. They also have high computational burden due to recursive complex computation

of various matrices. Heuristic algorithms such as genetic algorithm (GA) [175] and particle swarm

optimization (PSO) [176] are also employed for identification of BECM parameters. In [177], it

is established that the PSO has better accuracy and faster convergence than the other heuristic

approaches. In BMS applications, the recursive least square algorithms are most widely used due

to their simplicity, high accuracy, and low computational cost. For the purpose of battery model

parameter identification, ordinary recursive least square (ORLS) is being used extensively by many

researchers [178] till date. In [179], the performance of EKF, PSO, and ORLS have been compared and

it is found that the ORLS has better accuracy, robustness, and computational time under dymanic

conditions. However, the problem with ORLS is that the covariance becomes zero with time after

which the parameters will not get updated further. To further improve the identification accuracy

of ORLS, its variants have been used recently for battery parameter identification such as weighted

RLS [180], recursive extended least square [181], moving window RLS [182], etc. All the methods

are primarily differentiated by the way they assign weight to the data samples. In this chapter, we

use standard RLSF approach [78,105] for identification of the time-variant battery model parameters.

Introduction of forgetting factor slows down the fading of the covariance matrix and improves the

shortcoming of ORLS to a large extent. Since RLSF approach constantly updates the battery model

parameters as per the current operating conditions, the effect of ageing and other factors can be

considered as the simple recursive change in the BECM parameters.

4.3.1 Introduction to recursive least square with forgetting approach

The least square technique is an identification approach that estimates the unknown time-invariant

parameters in such a way that the sum of squares of the difference between the actual values and the
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estimated values is minimized [183]. It is mathematically presented below. Consider a system in linear

parametric form as:

y(k) = θT (k)ϕ (4.13)

where y = actual output of the system, θ = regressor vector, and ϕ = actual parameter vector.

The expression of the cost function to be minimized is represented by:

J(k) =
1

2

k∑
m=1

(
y(m)− θT (m)ϕ̂

)2

(4.14)

where ϕ̂ is the estimated value of ϕ. More details and derivation of this method can be found in [184].

The parameter vector ϕ̂ can be obtained by minimizing the cost function as follows :

ϕ̂ =

( k∑
m=1

θ(m)θT (m)

)−1( k∑
m=1

θ(m)y(m)

)
(4.15)

For real-time parameter identification, it is not a good idea to repeatedly use (4.15) to calculate the

parameter vector with the availability of new data. Since (4.15) involves the matrix inversion, repeated

execution of (4.15) will lead to very high computational cost. The ORLS approach solves this issue

and is given by

ϕ̂(k) = ϕ̂(k − 1) +H(k)[y(k)− θT (k)ϕ̂(k − 1)]

H(k) =
G(k − 1)θ(k)

1 + θT (k)G(k − 1)θ(k)

G(k) = G(k − 1)−H(k)θT (k)G(k − 1) (4.16)

where H(k) is the gain that determines the effect of the current prediction error on the update of the

parameter estimate and G(k) is the covariance matrix of the estimated parameters.

It can be seen from (4.16) that the present parameters are estimated by updating the previous

parameters which do not require complex calculation such as matrix inversion. The disadvantage

of ORLS is that it gives equal weights to all previous data. However, in real-time battery, the most

recent current and voltage samples reflect more accurate battery behaviour than older samples. Hence,

a forgetting factor is introduced in which more weight is assigned to recent data than the older

data [78, 105]. The main difference with the ORLS approach is how the covariance matrix G(k) is
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updated. In ORLS, the covariance vanishes to zero with time, losing its capability to keep track

the changes in BECM parameters. Introduction of forgetting factor slows down the fading of the

covariance matrix and improves the shortcoming of ORLS to a large extent. The cost function to be

minimized for RLSF approach is given as:

J(k) =
1

2

k∑
m=1

λk−m(y(m)− θT (m)ϕ̂)2 (4.17)

where λ is the forgetting factor which generally lies in the range of [0.9, 1] for most of the applications.

The following set of equations, which govern the RLSF algorithm [105], are used to estimate the

parameter vector ϕ(k):

ϕ̂(k) = ϕ̂(k − 1) +H(k)[y(k)− θT (k)ϕ̂(k − 1)]

H(k) =
G(k − 1)θ(k)

λ+ θT (k)G(k − 1)θ(k)

G(k) =
1

λ
[G(k − 1)−H(k)θT (k)G(k − 1)] (4.18)

It can be seen from (4.18), the expression of covariance matrix is divided by the forgetting factor λ at

each update. This eventually slows down fading of the covariance matrix and keep the ability of the

identification scheme to track changes in the parameters.

4.3.2 Implementation of RLSF for battery model parameter identification

In order to implement the RLSF algorithm for parameter identification of utilized battery model,

the transfer function in (4.11) is first discretized using the bilinear transformation

s =
2

Ts

1− z−1

1 + z−1
(4.19)

where Ts is the sampling time and z−1 is the unit backward shift operator.

The discretized transfer function obtained is as follows:

Y (z−1)

U1(z−1)
=
d0 + d1z

−1 + d2z
−2

1 + c1z−1 + c2z−2
(4.20)
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where

c1 =
−4

2 + aTs
, c2 =

2− aTs
2 + aTs

,

d0 =
4b+ 2cTs + dTs

2

2(2 + aTs)
, d1 =

dTs
2 − 4b

2 + aTs
, d2 =

4b− 2cTs + dTs
2

2(2 + aTs)
(4.21)

The difference equation of the battery model from (4.20) is obtained as follows:

y(k) = θT (k)ϕ(k) + ∆N (4.22)

where ∆N is the white noise present in the system.

The regressor vector θ(k) and the parameter vector ϕ(k) are given as:

θ(k) =

[
y(k − 1) y(k − 2) u1(k) u1(k − 1) u1(k − 2)

]T

ϕ(k) =

[
− c1 − c2 d0 d1 d2

]T
The relationship between ϕ(k) and a, b, c, d are obtained using (4.21) as follows:

a =
2(1− c2)

Ts(1 + c2)
, b =

d0 + d2 − d1
2(1 + c2)

c =
2(d0 − d2)

Ts(1 + c2)
, d =

2(d0 + d1 + d2)

Ts
2(1 + c2)

(4.23)

The set of equations presented in (4.18) are used to estimate the parameter vector ϕ(k). From the

estimated ϕ(k) and (4.23), the estimated values of a, b, c, and d are obtained. The estimated resistances

and capacitances in the battery model are derived using (4.12) as follows:

R̂t = 2b̂− ĉ

â
, R̂i = R̂c = 2

(
ĉ

â
− b̂

)

Ĉn =
1

2

[
â

d̂
+

(
â2

d̂2
− â

(ĉ− âb̂)d̂

)1/2]

Ĉc =
1

2

[
â

d̂
−
(
â2

d̂2
− â

(ĉ− âb̂)d̂

)1/2]
(4.24)
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where ‘∗̂’ denotes the estimated value of ‘∗’. Finally, the estimated values of parameters a1, b1, q1, q2,

and q4 defined in (4.5) and (4.7) are calculated using (4.24).

4.4 Design of state observer using SLSTA

In this section, the design procedure of SLSTA based observer for estimation of battery states

is presented. In addition to the several advantages of conventional STA, the SLSTA based observer

provides robustness against a more comprehensive class of uncertainties than the conventional STA

[185]. Conventional STA does not explain how the convergence is affected if both ζ1 and ζ2 in (4.8)

and (4.9) are non-zero together. The proposed observer overcomes this limitation. In order to design

the observer, it is assumed that the rate of change of terminal current is negligible. This assumption is

valid since the current is almost constant between two sampling instants [62,63]. The strict Lyapunov

super twisting observer (SLSTO) designed to estimate the battery states is as follows:

˙̂x1(t) = −â1y(t) + â2x̂2(t) + q̂1u1(t) + â1q + γ|x̃1|1/2sign(x̃1) (4.25)

˙̂x2(t) = b̂2y(t)− b̂1x̂2(t)− b̂2q + q̂3u1(t) + βsign(x̃1) (4.26)

where ‘∗̂’ denotes the identified value of battery model parameter ‘∗’, x̂1 and x̂2 are the state estimates

of the system states x1 and x2 given in (4.8)-(4.9), γ = γ1
√
â2, and x̃1 = x1 − x̂1. The error dynamics

using (4.8)-(4.10) and (4.25)-(4.26) is as follows:

˙̃x1 = â2x̃2 − γ|x̃1|1/2sign(x̃1) + F1(x, x̂, t, u)

˙̃x2 = −βsign(x̃1) + F2(x, x̂, t, u) (4.27)

where

F1(x, t, u) = a1∆f4 −∆a1y +∆a2x2 +∆q1u1 +∆a1q + ζ1(x, t, u)

F2(x, t, u) = −b2∆f4 +∆b2y − b1x2 + b1x̂2 −∆b1x̂2 −∆b2q −∆q3u1 + ζ2(x, t, u) (4.28)

x̃2 = x2 − x̂2, ∆a1 = a1 − â1, ∆b1 = b1 − b̂1, ∆q1 = q1 − q̂1, and ∆q3 = q3 − q̂3.

Considering the continuous control injection of the observer and boundedness of V, V̇ , i, Z, ζ1, ζ2, and
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∆f4, it can also be considered that the following inequalities are satisfied [168]:

|F1(x, t, u)|≤ ϱ1 + ϱ2(|x̃1|+â22x̃22)1/2

|F2(x, t, u)|≤ f+ (4.29)

where f+, ϱ1, and ϱ2 are positive constants.

Suppose the perturbations to the system (4.27) is bounded by (4.29). Then, the following choice

of β and γ1 guarantee the finite-time convergence or global ultimate boundedness of the states:

γ1 = Ψ

√
2k2f+

(1− k1)σ
(4.30)

β =
(1 + k1)f

+

(1− k1)
(4.31)

provided the following inequality is satisfied

Ψ− 2

k2
σ > σ2 − k1(1 + Ψ)σ +

1

4
(1 + Ψ)2 (4.32)

where 0 < k1 < 1, k2 > 1, Ψ and σ are positive constants. Convergence or ultimate boundedness

depends on the value of ϱ1 and ϱ2. When ϱ1 = 0 and ϱ2 is small enough, the convergence of estimated

states to the actual states is ensured. In case, when ϱ1 ̸= 0, the estimated states converge to certain

small bound around the actual states.

Proof: Suppose e1 = x̃1 and e2 = â2x̃2, (4.27) can be rewritten as:

ė1 = e2 − γ|e1|1/2sign(e1) + F1(x, t, u)

ė2 = −β1sign(e1) + F3(x, t, u) (4.33)

where β1 = â2β and F3(x, t, u) = â2F2(x, t, u).
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Since â2 is positive and bounded, we have

|F3(x, t, u)|≤ â2f
+ = f+1 (4.34)

In order to show the convergence or ultimate boundedness of states in (4.33), the strict Lyapunov

function candidate is considered as:

ν(e) = ΦTPΦ (4.35)

where ΦT = [Φ1 Φ2] =

[
|e1|

1
2 sign(e1) e2

]
and P = [pij ] is a constant symmetric positive definite

matrix. It can be observed that, Φ = 0 ensures e1 = e2 = 0. It is well known from geometric/Lyapunov

methods that if γ > 0 and β1 > 0, then the trajectories will converge to the equilibrium point

e1 = e2 = 0 for F1 = F3 = 0 [164,185].

The derivative of Φ can be obtained as:

Φ̇ =
1

|Φ1|
A1Φ (4.36)

where

A1 =

−0.5γ 0.5

−β1 0


is Hurwitz. Hence, there always exists a symmetric positive matrix Q1 = [qij ] such that the following

Algebraic Riccati equation is satisfied:

AT
1 P + PA1 = −Q1 (4.37)

The derivative of ν(e) using (4.35) and (4.36) is obtained as:

ν̇(e) = −|e1|−
1
2ΦTQ1Φ+

2

|e1|
1
2

[
F1

2
|e1|

1
2F3

]
PΦ (4.38)

Using (4.29) and (4.34), ν̇(e) is rewritten as:

ν̇(e) = |e1|−
1
2

{
ΦT

[
AT

2 (t, e)P + PA2(t, e)

]
Φ+ [F1 0]PΦ

}
(4.39)
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where

A2(t, e) =

 −1
2γ

1
2

F3sign(e1)− β1 0


From (4.35) and (4.39), it can be seen that ν(e) is positive definite and AT

2 (t, e)P+PA2(t, e) is negative

definite if the following inequalities are satisfied:

p22 > p212, p12 < 0,

γp12 + 0.25(1− γp12)
2 + 2p212(β1 − F3sign(e1))− (1− γp12p22(β1 − F3sign(e1)))

+ (β1 − F3sign(e1))
2p222 < 0

(4.40)

From (4.33), it is clear that if β1 < f+1 , then the equilibrium point will be unstable for the disturbance

F3. Using this fact, it follows that (4.40) will be satisfied if (4.32) is true, where

Ψ = −γp12, k2 =
p22
p212

, σ = p22(β1 + f+1 ), k1 =
β1 − f+1
β1 + f+1

(4.41)

Hence,

ν̇(e) ≤ −|e1|−
1
2ΦTQ2Φ+ |e1|−

1
2 [F1 0]PΦ (4.42)

where the elements of P and Q2 are obtained from (4.41) as:

p11 = 1, p22 =
(1− k1)σ

2f+1
, p12 = −

√
p22
k2

q11 = γ + 2p12(β1 + f+1 ) + 2f+1 (1− γp12)
p22
p12

q12 = −1

2
(1− γp12) + (β1 + f+1 )p22, q22 = −p12 (4.43)

Using the fact

λmin{Q2}∥Φ∥22 ≤ ΦTQ2Φ ≤ λmax{Q2}∥Φ∥22

we obtain

ν̇(e) ≤ −|e1|−
1
2

[
λmin{Q2}∥Φ∥22−(ϱ1 + ϱ2∥Φ∥2)ε∥Φ∥2

]
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≤ −
[
λmin{Q2} − ϱ2ε

]
∥Φ∥2+ϱ1ε

where ε = (1 + p12)
1/2. When ϱ2 is small (i.e., ϱ2<λmax{Q2}/ε), the following holds for every ϱ1:

ν̇(e) ≤ −
[
λmin{Q2} − ϱ2ε

][
d∥Φ∥2+(1− d)∥Φ∥2

]
+ ϱ1ε

≤ −
d

[
λmin{Q2} − ϱ2ε

]
λ
1/2
max{P}

ν1/2(e), ∀ ∥Φ∥2≥ µ (4.44)

where 0 < d < 1 is a constant and

µ =
ϱ1ε

(1− d)(λmin{Q2} − ϱ2ε)

Since

λmin{P}∥Φ∥22 ≤ ν(e) ≤ λmax{P}∥Φ∥22 (4.45)

we can write

||Φ||≤ ν1/2(e)

λ
1/2
min{P}

(4.46)

Therefore, the trajectory which enters

Γ = {eϵR2|ν(e) ≤ λmax{P}µ2} (4.47)

in finite time, stays there for all future time such that

||Φ||≤ λ
1/2
max{P}
λ
1/2
min{P}

µ (4.48)

Eq. (4.48) guarantees that after convergence, the error trajectories will always remain bounded by a

small region around equilibrium even in the presence of various uncertainties. It can be seen that if

ϱ1 = 0, the error dynamics converge to the origin. This completes the proof of robust stability of the

observer.
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4.5 Experimental results

In this section, the experimental results of the proposed approach for SOC estimation are demon-

strated in seven separate subsections. Subsection 4.5.1 presents the setup used to perform all the

required tests. In Subsection 4.5.2, the relationship between SOC and OCV for the test battery is

established. The implementation of the RLSF approach for battery model identification and design

of SLSTA based observer are demonstrated in Subsection 4.5.3. Subsection 4.5.4 discusses the results

of the estimated SOC by the proposed method considering erroneous initial SOC condition and pro-

vides comparative study with other existing approaches in terms of various aspects such as accuracy,

computational time, convergence time, and chattering width. The effect of current and voltage sensor

noise is investigated in Subsection 4.5.5. The robustness of the proposed observer against the model

identification errors is studied in Subsection 4.5.6. In Subsection 4.5.7, the measurement noise and

identification errors are considered together to verify the effectiveness of the proposed method. Figure

4.1 shows the structure of the proposed approach.

LiPo Battery

5000 mAh

Various Current Profiles

Ah Counter

BioLogic VMP3 Battery Tester

Estimation of SOC

using SLSTO

Identification of

BECM Parameters

V i
Actual SOC

Estimated SOC

V

i

Figure 4.1: Structure of the proposed method.

4.5.1 Experimental setup

To evaluate the performance and efficacy of the proposed approach, a lithium polymer (LiPo)

battery (BDE6S73104P), as shown in Figure 4.2(a), with nominal capacity 5000 mAh is utilized. The

dimension of the battery is 90 mm × 60 mm× 5 mm and, it weighs 110 g. The full charge, nominal,

and cut-off voltages are 4.2 V, 3.7 V, and 3.25 V, respectively. The experiments are performed using a
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(a) (b)

Figure 4.2: (a) Lithium polymer battery and (b) BioLogic VMP3 and VMP3B-10.

battery testing equipment (BioLogic VMP3) having 16 independent channels. It has a voltage range

of ±20 V and the current range of 10 µA-400 mA. The maximum current is enhanced to 10 A using

an external booster VMP3B-10 along with BioLogic VMP3 for making it ideal for the experiments.

The accuracy of the voltage and the current sensors are very high with resolutions of 5 µV and

760 pA, respectively. The battery testing equipment, as well as the external booster, is shown in

Figure 4.2(b). The setup provides the necessary current and voltage to control the charging and the

discharging process through a software known as EC-Lab.

4.5.2 Relationship between OCV and SOC

In this work, the relationship between OCV and SOC for the utilized battery is obtained by first

discharging it from its fully charged state to the fully discharged state and then charging it back to the

initial state. Instead of a unidirectional current test, both charge and discharge tests are performed

to consider the effect of hysteresis phenomena taking place inside the battery [61]. Before starting

the discharge test, the battery is ensured to be fully charged, i.e., 4.2 V. A constant discharge current

with C/40 rate is then applied to the battery until the battery voltage becomes equal to the cut-off

voltage, i.e., 3.25 V. This sufficiently small C-rate makes battery terminal voltage and OCV almost

equal. After that, a constant voltage discharging is done until the current becomes very small (C/80).

Similarly, the battery is again charged with C/40 rate upto the peak voltage, followed by a constant

voltage charging until the current reduced to C/80. The terminal voltage vs. time data is recorded

in the host computer during the process. The SOC is also computed at each sampling instant using

coulomb counting method. Figure 4.3 shows the SOC vs. OCV characteristics for the concerned LiPo
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battery for both charging and discharging process. Finally, the average of both curves is considered

3.2

3.5

3.8

4.1

0 10 20 30 40 50 60 70 80 90 100

O
C

V
 (

V
)

SOC (%)

Charging OCV Discharging OCV Average OCV

Figure 4.3: Variation of OCV with SOC of the LiPo battery.

as the true OCV. Since the OCV-SOC curve is almost linear for a small SOC range, the values of p

and q in (4.3) for a few SOC range are approximated and shown in Table 4.1.

Table 4.1: Parameters for SOC-OCV relationship

SOC
(%)

0-5 5-10 10-15 15-20 20-25 25-30 30-35

p 3.26 2.72 2.06 1.72 1.28 1.17 0.65

q 3.34 3.37 3.44 3.49 3.57 3.65 3.76

SOC
(%)

35-40 40-50 50-60 60-70 70-80 80-90 90-100

p 0.61 0.42 0.19 0.24 0.28 0.32 0.31

q 3.79 3.85 3.97 3.94 3.92 3.88 3.89

4.5.3 Battery model parameter identification and design of proposed observer

To identify the battery model parameters, dynamic stress test is conducted by loading the current

profile of a chassis dynamometer drive schedule (CDDS) [186], as shown in Figure 4.4, to the LiPo

battery. CDDS is the driving schedule that provides a real-time profile of withdrawal/supply of current

from/to the battery when the vehicle runs at city traffic conditions. The battery terminal voltage is

recorded at every sampling instant and is shown in Figure 4.5 as ‘Actual’. The present and the previous
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Figure 4.4: CDDS current profile.
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Figure 4.5: Terminal voltages and the error between them.

terminal voltage and current data are utilized to identify ϕ(k) at every sampling instant using (4.18),

as explained in Section 4.3. The sampling time 1 s and forgetting factor 0.95 are used for this purpose.

Then, the relationship, as given in (4.23), is used to obtain the unknown transfer function parameters

a, b, c, and d, whose values are updated dynamically. These values are further utilized to obtain the

time-variant battery model resistances and capacitances using (4.24). The identified results of Rt,

Ri, Cn, and Cc are shown in Figure 4.6. It can be seen from Figure 4.6 that the parameters vary

significantly with C-rate and SOC. BECM parameters are closely related to the terminal voltage and
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current, which are fluctuating within specific ranges in response to the dynamics of the LiPo battery

corresponding to the CDDS profile. The fluctuations reflect the complex characteristics of real-time

variation of BECM parameters with the change of discharging and charging current. Hence, the online

identification reduces the modelling error. Finally, the SLSTA based observer parameters are updated

using (4.5) and (4.7).
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Figure 4.6: Variation of battery model parameters.

Keeping the inequality (4.32) in mind, we consider k1 = 7.83× 10−1, k2 = 12.83, ψ = 10.07× 10−1

and σ = 3.6× 10−4. Using (4.30) and (4.31), the observer gains are obtained as β = 4.68× 10−4 and

γ1 = 5.6. The same current profile loaded to the battery is injected as input to the observer to verify

its efficacy. The actual and the estimated terminal voltage from the proposed observer are compared

and is shown in Figure 4.5. It is observed from the figure that the maximum error (after convergence)

between them is within 0.2 V, which ensures effective performance of the proposed method.
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4.5.4 Estimated SOC from the proposed approach and its comparative study

In literature, the efficacy of AGSMO is verified extensively compared to SMO and other well-

known approaches for battery SOC estimation [134,135]. The effectiveness of PI observer to estimate

SOC is also shown in [125]. Hence, in this chapter, to demonstrate the superiority in terms of

accuracy, computational time, convergence time, and robustness, the proposed approach is compared

with AGSMO and PI observer designed for SOC estimation. For each method, efforts have been

made to tune the parameters such that the best results are obtained. The initial SOC condition with

a 60% error is considered for each experiment. The battery tester BioLogic VMP3 has an inbuilt

Ampere-hour counter from which the reference SOC is obtained.

The estimated SOC for various methods without adding any external noise are presented in Figure

4.7, and their corresponding % errors are shown in Figure 4.8. The uncertainties in this case are

0
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Figure 4.7: Comparison of actual and estimated SOC without added noise.

due to the internal system noise and modelling errors. Since the battery testing equipment used in

laboratory is very accurate, the measurement noise in current and voltage are negligible. It is inferred

from Figure 4.8 that the chattering is reduced in SLSTO compared to AGSMO. Between 5000-5100

s, the chattering width for SLSTO and AGSMO are 0.19% and 0.33%, respectively. The MAE and

RMSE for each method are given in Table 4.2, which establishes the supremacy of the proposed method

over others. The MAE also demonstrates the region of convergence (ROC) of the SOC estimation

error. From the table, it is seen that AGSMO converges to its ROC faster than SLSTO. However,
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Figure 4.8: Error between actual and estimated SOC.

Table 4.2: Comparison of SOC estimation without added noise

Method
MAE
(%)

RMSE
(%)

Computational
time (s)

Convergence
time (s)

SLSTO
(Proposed)

1.38 0.70 2.52 589

AGSMO 2.05 0.88 24.45 429

PI 2.58 1.06 2.01 713

the ROC is much greater for AGSMO. The computational time is also found for each method. The

computational time of SLSTO is higher than the PI observer, but the difference between them is very

small. Since the proposed approach performs better than PI observer in all the other aspects, this

difference can be ignored. In the following subsections, the effectiveness of the proposed approach

under various working conditions are discussed.

4.5.5 Effect of current and voltage measurement noise

To verify the robustness of the proposed method against the external disturbances such as current

and voltage measurement noise, a high amount of white noise with standard deviation of 0.08 and

0.04 are added to the current and voltage channels, respectively. Under such condition, the SOC is

estimated for each method, as shown in Figure 4.9. Figure 4.10 shows the errors in SOC estimation
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for each method. The chattering width for SLSTO and AGSMO for 5000-5100 s are found to be

0.62% and 1.05%, respectively. It shows that the chattering in SLSTO is significantly lower than
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Figure 4.9: Comparison of actual and estimated SOC with added noise.
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Figure 4.10: Error between actual and estimated SOC.

AGSMO. The MAE/ROC, RMSE, computational time, and convergence time for each method are

shown in Table 4.3. It is observed from the table that SLSTO has better accuracy than AGSMO and

PI observer even under noisy conditions which establishes the superiority of the proposed approach.
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Table 4.3: Comparison of SOC estimation with added noise

Method
MAE
(%)

RMSE
(%)

Computational
time (s)

Convergence
time (s)

SLSTO
(Proposed)

2.97 0.93 2.57 622

AGSMO 4.01 1.30 25.8 662

PI 5.24 1.77 2.06 790

4.5.6 Robustness study against identification error for the proposed observer

The proposed approach is also robust against the modelling errors. To verify it, 10% error is added

to all the resistances and capacitances of the battery model. To show the effect of ageing, we increase

the resistances and reduce the capacitances by 10%. Figure 4.11 an 4.12 show the estimated SOC

from each method and their corresponding errors. It is seen from Figure 4.12 that the SOC estimated
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Figure 4.11: Comparison of actual and estimated SOC with added model identification error.

by the proposed approach is more accurate than others, even after adding the model identification

errors. For SLSTO, AGSMO and PI, the MAEs are 2.23%, 3.58% and 3.87%, and the RMSEs are

1.15%, 1.47% and 1.81%, respectively. The important conclusion from these experiments is that even

if the BECM identification approach fails to provide a very good parameter estimation sometimes due

to ageing and other external factors, the proposed observer can still provide good SOC estimation

accuracy.
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Figure 4.12: Error between actual and estimated SOC.

4.5.7 Study of combined effect of measurement noise and identification error

Another situation is analysed where both identification errors and noises are considered together.

The estimated SOC for each method are shown in Figure 4.13 and their corresponding errors are

demonstrated in Figure 4.14. The MAEs for SLSTO, AGSMO and PI are obtained as 3.14%, 5.01%,
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Figure 4.13: Comparison of actual and estimated SOC with added noise and identification errors together.

6.24%, and the RMSEs are 1.21%, 1.60% and 2.36%, respectively. Hence, in the presence of modelling

uncertainties and various noises, the proposed approach outperforms the existing approaches in terms
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Figure 4.14: Error between actual and estimated SOC.

of accuracy, robustness against noise, and sensitivity to the identification errors.

It can be inferred from the above results that the proposed method estimates SOC efficiently for

unknown initial conditions due to the robust convergence of the observer. Due to continuous control

injection, the chattering is significantly improved compared to AGSMO. The convergence time of the

proposed observer is higher than that of AGSMO but lower than the PI observer. The computational

time is slightly greater than PI observer but much lower than AGSMO. Hence, the proposed observer

provides a balance between convergence time and computational time. The experimental results in-

dicate that the accuracy and robustness of the proposed observer are higher than the other methods

under both normal and noisy conditions, due to various advantages offered by SLSTO. The effect of

model identification error is analysed, and it is found that the proposed method performs better than

the other methods in case of an inaccurate battery model. Moreover, in the presence of both identi-

fication errors and noises together, the proposed approach also outperforms the existing approaches

in terms of accuracy and robustness. The above discussed parameters are vital in designing a high

quality SOC observer.

4.6 Summary

In this chapter, a new robust SOC estimation algorithm based on SLSTO is proposed. Besides

enjoying the various advantages associated with CSTO, the proposed SOC observer guarantees the
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robustness for a more comprehensive class of uncertainties than CSTO. Lyapunov stability theory

has been used to prove the robust finite-time stability of the SOC observer. The derivation of state

equations also incorporates the relationship between SOC and OCV in it. Instead of OCV, directly

SOC is considered as a state of the system. In order to design the observer, the required battery model

parameters are identified using recursive least square with forgetting approach. To verify the efficacy

of the proposed method, the experiments are performed on a LiPo battery with a real-time driving

cycle (CDDS) current profile. The proposed method is compared with AGSMO and PI observer for

SOC estimation in various work environments. The reduction of the chattering for SLSTO compared

to the AGSMO is also demonstrated. The robustness against measurement noise, computational

time, and the convergence speed are also compared which establishes the overall effectiveness of the

proposed method. The proposed approach also efficiently deals with identification errors enabling it to

provide satisfactory results under the impact of external factors such as ageing, which may influence

the identification parameters.

Despite the several advantages, the proposed observer in this chapter requires the information of

the upper bounds of uncertainties. In a complex physical system such as battery, it is not always

possible to have exact knowledge of these bounds which may cause overestimation of the observer

gains. Next chapter focuses on overcoming this limitation and proposes a further improved adaptive

SOC estimation approach.

Note: The work in this chapter has been published with title “Strict Lyapunov super twisting observer

design for state of charge prediction of lithium-ion batteries” in IET Renewable Power Generation,

2021.
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5.1 Introduction

5.1 Introduction

In previous chapters, two new SOC estimation algorithms based on CSTO and SLSTO have been

proposed. Compared to the existing sliding mode based SOC observers, the CSTO has several ad-

vantages which are detailed in Chapter 3. However, the CSTO is proven to be robust only for a very

limited class of uncertainties. The SLSTO overcomes this problem and provides a good estimation

accuracy and robustness under a much wider class of uncertainties than that of CSTO. Nevertheless,

both the methods demand the knowledge of upper bounds of the uncertainties to design the observer

gains. In a complex physical system such as battery, it is not always possible to have exact knowledge

of these bounds. In absence of the knowledge of these bounds, it is required to guess them with the

experience of the system for designing the observer gains. In such cases, overestimation or underesti-

mation of these bounds can take place. Underestimation may cause the loss of stability and divergence

of the observer states. Hence in most cases, these bounds are overestimated. Overestimation of the

bounds results in larger gains than necessary (overestimation of observer gains), which eventually in-

creases the chattering and severely affects the accuracy of the observer. Hence, we need an algorithm

that not only preserves the various advantages associated with conventional STA, but also can ensure

robust estimation for a comprehensive class of uncertainties without demanding the information of

the upper bounds of the uncertainties for its implementation.

In this chapter, we propose a new approach for SOC estimation based on ALSTO. The proposed

SOC observer is an improved version of conventional STO and preserves the various advantages asso-

ciated with it. It can also deal with a more comprehensive class of uncertainties compared to CSTO.

The main advantage of the proposed method is that unlike the CSTO and SLSTO, it does not demand

any information on boundaries of the uncertainties and their derivatives except for their existence.

The ALSTO adaptively minimizes the associated gains in such a way that the sliding is maintained

and no overestimation of the observer gains take place [187, 188]. This further helps to reduce the

chattering significantly. Lyapunov stability theory is used to prove the robust finite-time convergence

of the proposed SOC observer. In order to design the observer, we use the same set of battery model

parameters obtained using RLSF approach in Chapter 4. The proposed technique is implemented on

the battery setup used in Chapter 4 and the obtained results demonstrate that the proposed approach

performs better than SLSTO based approach and various other well-established approaches.
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5.2 Battery modelling and its parameter identification

The battery model, derivation of its state equations, and model parameter identification technique

described in Chapter 4 are utilized for developing SOC estimation algorithm in this chapter. For

convenience of the readers, the state equations and identification steps which will be used further in

this chapter are summarized here. The state and the output equations of the battery model given in

(4.8)-(4.10) are rewritten here as follows:

ẋ1(t) = −a1x1(t) + a2x2(t) + q1u1(t) + q2u2(t) + a1q + ζ1 (5.1)

ẋ2(t) = b2x1(t)− b1x2(t)− b2q + q3u1(t) + ζ2 (5.2)

y(t) = x1(t) + ∆f4 (5.3)

where x1(t) = V (t) and x2(t) = Z(t) are the states, y(t) = V (t) is the output, u1(t) = i(t) and

u2(t) = i̇(t) are the inputs of the battery model system. Z(t) is SOC of the battery at time t,

ζ1(x, t, u), ζ2(x, t, u), and ∆f4 are the uncertainties due to measurement noise, modelling inaccuracy,

and external disturbances. The coefficients of the state equations (a1, a2, b1, b2, q1, q2, q3) are related

to the battery model resistances (Ri, Rt, Rc), capacitances (Cn, Cc), and the coefficients relating the

OCV and SOC (p, q). The relationships are given as follows:

a1 =
Cn − Cc

2RiCnCc
, a2 = a1p, b1 =

1

RiCn
, b2 =

b1
p

q1 =
CnRi + CnRt − CcRt

2RiCnCc
, q2 = Rt +

Ri

2
, q3 =

q4
p
, q4 = − Rt

RiCn
(5.4)

It is worth noting that a1, a2, b1, b2, q1, q2 are positive and q3, q4 are negative. The governing equations

of RLSF approach, given in Section 4.3, used for identification of BECM parameters are as follows:

ϕ̂(k) = ϕ̂(k − 1) +H(k)[y(k)− θT (k)ϕ̂(k − 1)]

H(k) =
G(k − 1)θ(k)

λ+ θT (k)G(k − 1)θ(k)
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G(k) =
1

λ
[G(k − 1)−H(k)θT (k)G(k − 1)] (5.5)

where

θ(k) =

[
y(k − 1) y(k − 2) u1(k) u1(k − 1) u1(k − 2)

]T
is the regressor vector, and

ϕ̂(k) =

[
− ĉ1 − ĉ2 d̂0 d̂1 d̂2

]T
is the vector containing estimated parameters related to battery model parameters, λ is the forgetting

factor which generally lies in the range of [0.9, 1], H(k) is the gain which determines the effect of the

current prediction error on the update of the parameter estimate, G(k) is the covariance matrix of

the estimated parameters, and ‘∗̂’ denotes the estimated value of ‘∗’. The sampling time used for

discretization is denoted by Ts. The estimated resistances and capacitances in the battery model are

derived using the following equations:

R̂t = 2b̂− ĉ

â
, R̂i = R̂c = 2

(
ĉ

â
− b̂

)

Ĉn =
1

2

[
â

d̂
+

(
â2

d̂2
− â

(ĉ− âb̂)d̂

)1/2]

Ĉc =
1

2

[
â

d̂
−
(
â2

d̂2
− â

(ĉ− âb̂)d̂

)1/2]
(5.6)

with

â =
2(1− ĉ2)

Ts(1 + ĉ2)
, b̂ =

d̂0 + d̂2 − d̂1
2(1 + ĉ2)

ĉ =
2(d̂0 − d̂2)

Ts(1 + ĉ2)
, d̂ =

2(d̂0 + d̂1 + d̂2)

T 2
s (1 + ĉ2)

(5.7)

5.3 Design of proposed adaptive observer

In this section, the design procedure of adaptive Lyapunov super twisting algorithm (ALSTA)

based observer is explained for estimating states of the uncertain system given in (5.1)-(5.3). The

proposed SOC observer is an improved version of conventional STO and preserves the various advan-

tages associated with it. It deals with a more comprehensive class of uncertainties compared to CSTO.
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Unlike CSTO and SLSTO, the proposed observer does not demand any information on boundaries of

the various uncertainties except for their existence [164,187]. It avoids underestimation and overesti-

mation of the observer gains and thus reduces chattering while ensuring convergence. In ALSTO, the

control gains are increased dynamically until the sliding mode is established. Subsequently, reduction

of gains starts taking place and is reversed once there is any drift of the sliding variable or its gradient

from the equilibrium point. Based on the assumption on derivative of terminal current considered in

Chapter 4, the proposed observer is designed to estimate the battery states as follows:

˙̂x1(t) = −â1y(t) + â2x̂2(t) + q̂1u1(t) + â1q + k1(t)|x1 − x̂1|1/2sign(x1 − x̂1) (5.8)

˙̂x2(t) = b̂2y(t)− b̂1x̂2(t)− b̂2q + q̂3u1(t) + k2(t)sign(x1 − x̂1) (5.9)

where ‘∗̂’ denotes the estimated values of ‘∗’. The error dynamics using (5.1)-(5.3) and (5.8)-(5.9) are

obtained as follows:

˙̃x1 = â2x̃2 − k1(t)|x̃1|1/2sign(x̃1) + F1(x, x̂, t, u)

˙̃x2 = −k2(t)sign(x̃1) + F2(x, x̂, t, u) (5.10)

where

F1(x, t, u) = a1∆f4 −∆a1y +∆a2x2 +∆q1u1 +∆a1q + ζ1(x, t, u)

F2(x, t, u) = −b2∆f4 +∆b2y − b1x2 + b1x̂2 −∆b1x̂2 −∆b2q −∆q3u1 + ζ2(x, t, u) (5.11)

x̃1 = x1 − x̂1, x̃2 = x2 − x̂2, ∆a1 = a1 − â1, ∆b1 = b1 − b̂1, ∆q1 = q1 − q̂1, and ∆q3 = q3 − q̂3.

Considering the continuous control injection of the observer and boundedness of V, V̇ , i, Z, ζ1, ζ2, and

∆f4, it can also be considered that the following inequalities are satisfied [168]:

| F1(x, x̂, t, u) |≤ δ1|x̃1|1/2

| F2(x, x̂, t, u) |≤ δ2 (5.12)

where δ1 and δ2 are positive constants [188].
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Suppose the perturbations to the system (5.10) are bounded by (5.12). Then, there exists a finite

time such that convergence of (5.10) is guaranteed for any initial condition of the states if the dynamics

of k1(t) and k2(t) are chosen as follows:

k̇1(t) =


µ1

√
β1

2 sign(|x̃1|−σ), if k1 > k0

α, otherwise

k2(t) =
1

2

(
ωk1
â2

)
(5.13)

where |x̃1(0)|> σ and k0 is a small positive constant with |k1(0)|> k0. ω, β1, α, and µ1 are arbitrary

positive constants.

Proof: Suppose e1 = x̃1 and e2 = â2x̃2, (5.10) can be rewritten as:

ė1 = e2 − k1(t)|e1|1/2sign(e1) + F1(x, x̂, t, u)

ė2 = −ktsign(e1) + Ft(x, x̂, t, u) (5.14)

where kt(t) = â2k2(t) and Ft(x, x̂, t, u) = â2F2(x, x̂, t, u).

Since â2 is positive and bounded, we have

|Ft(x, x̂, t, u)|≤ δt (5.15)

Consider

S = [s1 s2]
T = [|e1|1/2sign(e1) e2]T (5.16)

where |S|=
√

|e1|+e22 and |s1|= |e1|1/2

In view of (5.16), (5.14) can be represented in state matrix form as:

ṡ1
ṡ2

 =
1

2|s1|

−k1(t) 1

−2kt(t) 0


s1
s2

+
1

2|s1|

1 0

0 2|s1|


F1

Ft

 (5.17)
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Considering (5.12) and (5.15), it can be said that there always exists 0 < δ3(x, x̂, t) ≤ δ1 and 0 <

δ4(x, x̂, â2, t) ≤ δt such that

F1 = δ3|e1|1/2sign(e1) = δ3s1

Ft = δ4sign(e1) = δ4
s1
|s1|

(5.18)

Using (5.18), (5.17) can be rewritten as:

ṡ1
ṡ2

 =
1

2|s1|

−(k1(t)− δ3) 1

−2(kt(t)− δ4) 0


s1
s2

 = Ā(s1)

s1
s2

 (5.19)

It can be observed from (5.16) that the finite-time convergences of s1 and s2 ensures finite-time

convergences of e1 and e2, and hence x̃1 and x̃2. To analyse the stability of (5.19), consider the

Lyapunov function candidate as:

Λ(S, k1, kt) = Λ0(S) +
1

2β1
k23 +

1

2β2
k24 (5.20)

where

k3 = k1 − k∗1, k4 = kt − k∗t ,

Λ0(S) = STPS,

P =

λ+ ω2 −ω

−ω 1

 ,
λ, k∗1 and k∗t are some positive constants [187]. Differentiating (5.20) with respect to time in both

sides, we get

Λ̇(S, k1, kt) = ST [ĀTP + PĀ]S +
1

β1
k3k̇1 +

1

β2
k4k̇t (5.21)

Using (5.19) and (5.20), the first term in right hand side (RHS) of (5.21) is computed and is as follows:

Λ̇0(S) = ST [ĀTP + PĀ]S ≤ − 1

2|s1|
STQS (5.22)
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where Q is a symmetric positive definite matrix given as:

Q =

q11 q12

q21 2ω


with

q11 = 2λk1 + 2ω(ωk1 − 2kt)− 2(λ+ ω2)δ3 + 4ωδ4

q21 = q12 = (2kt − ωk1 − λ− ω2) + ωδ3 − 2δ4 (5.23)

It is seen that the following relationships ensure positive definiteness of Q with minimum eigenvalue

value ω:

kt =
1

2
ωk1 (5.24)

and

k1 >
6δ1ω(λ+ ω2)− 3ω2(4δt + 1) + (ωδ1 − 2δt − λ− ω2)2

6ωλ
(5.25)

In view of λmin(Q) ≥ ω and the well-known inequality

λmin(P )||S||2≤ STPS ≤ λmax(P )||S||2 (5.26)

we can write

Λ̇0(S) ≤ − 1

2|s1|
STQS ≤ − ω

2|s1|
||S||2 (5.27)

Using (5.16), (5.20) and (5.26), we have

|s1|= |e1|1/2≤ ||S||≤ Λ
1/2
0 (S)

λ
1/2
min(P )

(5.28)

Using (5.26)-(5.28), we can write

Λ̇0(S) ≤ −nΛ1/2
0 (S) (5.29)

where

n =
ωλ

1/2
min(P )

2λmax(P )
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Now, from (5.21) and (5.29), we have

Λ̇(S, k1, kt) ≤ − 1

2|s1|
STQS +

1

β1
k3k̇1 +

1

β2
k4k̇t

≤ −nΛ1/2
0 (S)− µ1√

2β1
|k3|−

µ2√
2β2

|k4|+
1

β1
k3k̇1

+
1

β2
k4k̇t +

µ1√
2β1

|k3|+
µ2√
2β2

|k4| (5.30)

Using the following well-known inequality

(v21 + v22 + v23)
1/2 ≤ |v1|+|v2|+|v3| (5.31)

we can obtain from (5.20) as

−nΛ1/2
0 (S)− µ1√

2β1
|k3|−

µ2√
2β2

|k4|≤ −mΛ1/2(S) (5.32)

where m = min(n, µ1, µ2).

In view of (5.32), (5.30) can be rewritten as:

Λ̇(S, k1, kt) ≤ −mΛ1/2(S) +
1

β1
k3k̇1 +

1

β2
k4k̇t

+
µ1√
2β1

|k3|+
µ2√
2β2

|k4| (5.33)

Assuming k1(t) and kt(t) are bounded with bounds k∗1 and k∗t , respectively (will be proven later in

this section), we can rewrite (5.33) as:

Λ̇(S) ≤ −mΛ1/2(S) +D (5.34)

where

D = −|k3|
(

1

β1
k̇1 −

µ1√
2β1

)
− |k4|

(
1

β2
k̇t −

µ2√
2β2

)
(5.35)
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Now, when |e1|= |x̃1|≥ σ and k1(t) > k0, D = 0 can be ensured if

ω =
2µ2
µ1

√
β2
β1

(5.36)

is chosen. Thus, finite-time convergence of s1 and s2 and hence e1 and e2 is guaranteed.

When |e1|≤ σ, D may be positive or negative. The negative value of D ensures finite-time convergence.

However, its positive value may lead to e1 greater than σ due to the decrease in control gains. As

soon as e1 becomes greater than σ, the control gains start increasing, and finite-time convergence is

achieved as explained earlier. Hence, (5.13) always ensures finite-time convergence of e1 and e2. It is

also guaranteed that e1 always stays in a domain |e1|≤ γ1, γ1 ≥ σ.

Now, we prove the boundedness of k1(t) and kt(t) assumed before. For σ < e1 ≤ γ1, the solution to

(5.13) can be obtained as:

k1(t) = k1(0) + µ1

√
β1
2
t, 0 ≤ t ≤ Tf (5.37)

where Tf is the convergence time. For e1 ≤ σ, k1(t) can be increasing only till its value reaches k0,

otherwise it is always decreasing. Hence, in view of (5.13), k1(t) and kt(t) are always bounded. Due to

the boundedness of the RHS of (5.25) and the fact that k1(t) increases linearly with respect to time,

the inequality in (5.25) is established in finite-time. Hence, as soon as the k1 starts satisfying (5.25),

the finite-time convergence of the states is achieved.

5.4 Results and discussion

In order to verify the efficacy of the proposed approach, we conduct the necessary experiments

by using the test setup described in Section 4.5. In that section, the SOC-OCV relationship has also

been established for the test battery. In the present section, the results of implementation of the

proposed SOC estimation algorithm are illustrated and their outcomes are discussed thoroughly. A

comparative study of the proposed approach with other existing approaches is performed in terms of

various aspects such as accuracy, computational time, convergence speed, and chattering width. The

effect of sensor noises on estimation accuracy and the robustness of the proposed observer against the

modelling errors are also investigated.
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5.4.1 BECM parameter identification and proposed observer design

The battery model parameters are identified in the same way as discussed in Chapter 4. For this

purpose, we load the current profile of CDDS, presented in Figure 4.4 of Chapter 4, to the LiPo

battery. The battery terminal voltage is recorded at every sampling instant and is shown in Figure 5.1

as ‘Actual’. The present and the previous terminal voltage and current data are utilized to identify

the real-time ϕ(k) using (5.5). The forgetting factor of 0.95 is used for this purpose. The relationships,
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Figure 5.1: Comparison of estimated and measured terminal voltage.

as given in (5.6), are used to obtain the time-variant battery model resistances and capacitances. The

variation of real-time identified parameters of BECM can be seen in Figure 5.2.

To design the observer, the battery state-space model parameters a1, b1, q1 and q4 are estimated

and constantly updated for each sampling instant using (5.4). The same current profile loaded to

the battery is injected as input to the observer to verify its efficacy. In order to design the dynamics

of adaptive gains of the proposed observer, we consider µ1 = 0.05, β1 = 0.2, σ = 0.02, α = 0.2,

ω = 1 × 10−7, and k0 = 0.05. The corresponding terminal voltage profile is estimated and compared

with the measured terminal voltage profile, as shown in Figure 5.1. It is observed from the figure

that the MAE (after convergence) between them is within 0.15 V and RMSE is 0.03 V, which ensures

efficacy of the proposed method.
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Figure 5.2: Variation of battery model parameters.

5.4.2 SOC estimation using proposed approach and its comparative study

In this chapter, to demonstrate the superiority of the proposed method, we compare it with some

well-established SOC estimation approaches such as AGSMO [134], time-varying discrete sliding mode

observer (TVDSMO) [189], and PI observer [125]. For each method, efforts have been made to tune

the parameters such that the best results are obtained. The initial SOC condition with a 60% error

is considered for each experiment. The reference SOC is obtained from the precise battery tester

BioLogic VMP3 that has an inbuilt Ampere-hour counter. The estimated SOC for various methods

are presented in Figure 5.3 and the corresponding % error in SOC estimation are shown in Figure 5.4.

The MAE and RMSE for each method are given in Table 5.1, which establishes the improved accuracy

of the proposed method over others. The results obtained in Chapter 4 in identical conditions are

also included in this table for comparison. It is inferred from Figure 5.4 and 4.8 (Chapter 4) that the

chattering is reduced in ALSTO as compared to SLSTO, AGSMO, and TVDSMO. Between 5000-5100

s, the chattering width for SLSTO, AGSMO, TVDSMO, and ALSTO are 0.19%, 0.33%, 1.27%, and

105

TH-2829_146102041



5. Development of SOC Observer Based on Adaptive Lyapunov Super Twisting Algorithm

0

10

20

30

40

50

60

0 2000 4000 6000 8000

S
O

C
 (

%
)

Time (s)

PI AGSMO Actual ALSTO TVDSMO

Figure 5.3: Comparative study of SOC estimation results.
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Figure 5.4: Error between actual and estimated SOC.

0.14%, respectively. At the start, the estimated SOC for the proposed observer has large error due

to the erroneous initial conditions; but after 392 s, it becomes stable and converges to the true SOC

profile. Table 5.1 shows that ALSTO converges faster than SLSTO, AGSMO and PI observer. The

computational time to execute the algorithm for each method is also determined. It is seen from Table

5.1 that all the methods except AGSMO incur small computational time. In the following subsections,

the effectiveness of the proposed approach under various working conditions are discussed.

106

TH-2829_146102041



5.4 Results and discussion

Table 5.1: Comparative study of SOC estimation methods

Method
MAE
(%)

RMSE
(%)

Computational
time (s)

Convergence
time (s)

ALSTO
(Proposed)

1.29 0.44 2.71 392

AGSMO 2.05 0.88 24.45 429

TVDSMO 2.29 0.91 2.23 374

PI 2.58 1.06 2.01 713

SLSTO
(Chapter 4)

1.38 0.70 2.52 589

5.4.3 Effect of current and voltage measurement noise

Unlike the battery testing equipment used in laboratory which is very accurate, a significant

amount of measurement noise in current and voltage sensors can exist in a real-time system. To

verify the robustness of the proposed method against the external disturbances such as current and

voltage measurement noise, high amount of white noise with standard deviation of 0.08 and 0.04 are

added to the current and voltage channels, respectively. Under such condition, the estimated SOC for
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Figure 5.5: Comparative study of SOC estimation results with added noise.

each method and their corresponding errors are shown in Figure 5.5 and 5.6, respectively. The MAE,

RMSE, computational time, and convergence time for each method are presented in Table 5.2. The

results obtained using SLSTO in Chapter 4 under identical condition are also included in this table for
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Figure 5.6: Error between actual and estimated SOC for added noise case.

Table 5.2: Comparison of SOC estimation with added noise

Method
MAE
(%)

RMSE
(%)

Computational
time (s)

Convergence
time (s)

ALSTO
(Proposed)

2.98 0.83 2.75 505

AGSMO 4.01 1.30 25.8 662

TVDSMO 4.96 1.52 2.27 514

PI 5.24 1.77 2.06 790

SLSTO
(Chapter 4)

2.97 0.93 2.57 622

comparison. Table 5.2 validates the robustness of the proposed observer under noisy conditions. From

Figure 5.6 and 4.10 (Chapter 4), the chattering width for SLSTO, AGSMO, TVDSMO, and ALSTO

for 5000-5100 s are found to be 0.62%, 1.05%, 2.24%, and 0.59%, respectively. It shows that even

under noisy conditions, the chattering in ALSTO is significantly lower compared to other methods.

5.4.4 Robustness study against identification error for the proposed observer

In this subsection, we study the robustness of the proposed observer in handling the inaccurate

identification of BECM parameters. For this purpose, 10% error is added to all the resistances and

capacitances of the battery model. To show the effect of ageing, we increase the resistances and reduce

the capacitances by 10%. Figure 5.7 and 5.8 show the SOC estimated from each method and their
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corresponding errors. It is seen from Figure 5.8 that the SOC estimated by the proposed approach is

more accurate than others, even after adding the model identification errors. For ALSTO, AGSMO,

TVDSMO and PI, the MAEs are 2.17%, 3.58%, 3.74% and 3.87%, and the RMSEs are 0.59%, 1.47%,

1.61% and 1.81%, respectively. Under identical condition, the MAE and RMSE for SLSTO have been

found in Chapter 4 as 2.23% and 1.15%, receptively. The important conclusion from these experiments
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Figure 5.7: Estimated SOC from proposed approach with added identification error.
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Figure 5.8: Error between actual and estimated SOC for added identification error case.

is that even if the BECM identification approach fails to provide a very good parameter estimation

sometimes due to ageing and other external factors, the proposed observer can still provide good SOC
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estimation accuracy.

5.4.5 Study of combined effect of measurement noise and identification error

Another situation is analysed where both identification errors and noises stated above are consid-

ered together. The estimated SOC for each method are shown in Figure 5.9 and their corresponding
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Figure 5.9: Comparison of actual and estimated SOC with added noise and identification errors together.
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Figure 5.10: Error between actual and estimated SOC for added noise and identification errors together.

errors are demonstrated in Figure 5.10. The MAEs for ALSTO, AGSMO, TVDSMO and PI are

obtained as 3.06%, 5.01%, 5.76% and 6.24%, and the RMSEs are 1.13%, 1.60%, 1.96% and 2.36%,
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respectively. Under identical condition, the MAE and RMSE for SLSTO presented in Chapter 4 have

been found to be 3.14% and 1.21%, receptively. Hence, in the presence of modelling uncertainties

and various noises together, the proposed approach outperforms the existing approaches in terms of

accuracy, robustness against noise, and sensitivity to the identification errors.

5.5 Summary

In this chapter, a new robust approach based on ALSTO is combined with a standard online BECM

parameter identification scheme to predict the SOC of the LIB. The various advantages of the ALSTO

compared to the other sliding mode algorithms are discussed extensively. Unlike CSTO and SLSTO,

this algorithm can provide robust finite-time stability for a comprehensive class of uncertainties without

overestimating the observer gains in the absence of knowledge of the bounds of uncertainties and their

derivatives. To verify the efficacy of the proposed method, the experiments are performed on a LiPo

battery with a CDDS current profile. The proposed method is compared with SLSTO and various

other well-established methods for SOC estimation in various work environments. It is shown that the

proposed approach shows high SOC estimation accuracy and performs better than the other methods.

The reduction of the chattering for ALSTO compared to the other methods is also demonstrated. The

computational time, convergence time, and the robustness against measurement noise are compared

which establishes the overall effectiveness of the proposed method. The proposed approach efficiently

deals with identification errors enabling it to provide good SOC estimation accuracy under the impact

of various external factors such as ageing.

Despite the several advantages of the proposed approach, there are still a few concerns which

can be addressed to further improve the performance of SOC estimation method, such as: (i) slow

convergence of the observer if the trajectory is far from origin and (ii) use of fixed forgetting factor

may lead to poor identification ability, low robustness, and slow convergence of circuit parameters

under certain operating conditions. To further improve the performance of the SOC estimation, the

next chapter will carefully try to resolve these issues.

Note: The work in this chapter has been published with title “An approach to estimate lithium-ion

battery state of charge based on adaptive Lyapunov super twisting observer” in IEEE Transactions on

Circuit and Systems I: Regular Papers, 2021.
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6.1 Introduction

In Chapter 5, ALSTO in combination with RLSF approach has been proposed for estimating SOC

of the LIB. In general, super twisting algorithm and its different variants have strong behaviour only

against the disturbances around the origin (equilibrium), but weak for the states far from the origin

leading to slow convergence [190]. In order to identify the required battery model parameters to design

the observer, RLSF approach provides good estimation accuracy and has been used in Chapter 4 and

5. Nevertheless, the convergence speed and ability of dynamic identification of RLSF are affected

in the case of poor or interfered excitation and fluctuating signals [183, 191, 192]. It is found that

the fixed forgetting factor in RLSF approach fails to provide either high stability, fast convergence,

or good tracking ability. Hence, an SOC estimation algorithm is required which can ensure faster

convergence of the trajectory and provide good performance in BECM parameter identification under

the conditions where RLSF is not effective.

In this chapter, we propose a novel battery SOC observer, known as adaptive generalized integral

super twisting observer (AGISTO), by combining the various advantages associated with generalized

super twisting algorithm (GSTA), adaptive algorithms, and integral sliding mode algorithm. The

proposed observer makes the convergence faster even when the trajectories are far from origin and

works efficiently without the knowledge of the upper bounds of various uncertainties for both known

and unknown initial conditions. The class of uncertainties for which the finite-time convergence of

the system is guaranteed is also wider than the ALSTO. A strong Lyapunov function is utilized to

prove the convergence of the proposed observer. In order to identify the required BECM parameters

to design the SOC observer, an adaptive forgetting factor based recursive least square (AFFRLS)

approach is developed which can provide high stability, fast convergence, and good tracking ability

together by varying the forgetting factor with the root-mean-square of the prediction error. The

proposed technique is implemented on the battery setup presented in Chapter 4 and the obtained

results demonstrate the effectiveness of the proposed approach.

6.2 Battery modelling

The second order RC model shown in Figure 3.1 (Chapter 3) is also utilized in this chapter

for designing the battery SOC observer. The assumptions associated with the battery model, the
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derivation of the battery state equations, and observability test will remain same as those of Chapter

4. For convenience, the state and the output equations given in (4.8)-(4.10) which will be used further

in this chapter are rewritten here as follows:

ẋ1(t) = −a1x1(t) + a2x2(t) + q1u1(t) + q2u2(t) + a1q + ζ1 (6.1)

ẋ2(t) = b2x1(t)− b1x2(t)− b2q + q3u1(t) + ζ2 (6.2)

y(t) = x1(t) + ∆f4 (6.3)

where x1(t) = V (t) and x2(t) = Z(t) are the states, y(t) = V (t) is the output, u1(t) = i(t) and u2(t) =

i̇(t) are the inputs of the battery model system. ζ1(x, t, u), ζ2(x, t, u), and ∆f4 are the uncertainties due

to measurement noise, modelling inaccuracy, and external disturbances. The coefficients of the state

equations (a1, a2, b1, b2, q1, q2, q3) are related to the battery model resistances (Ri, Rt, Rc), capacitances

(Cn, Cc) and the coefficients relating the OCV and SOC (p, q). They are given as follows:

a1 =
Cn − Cc

2RiCnCc
, a2 = a1p, b1 =

1

RiCn
, b2 =

b1
p

q1 =
CnRi + CnRt − CcRt

2RiCnCc
, q2 = Rt +

Ri

2
, q3 =

q4
p
, q4 = − Rt

RiCn
(6.4)

It is worth noting that a1, a2, b1, b2, q1, q2 are positive and q3 is negative.

As shown in Section 4.3, the difference equation of the battery model in (6.1)-(6.3) can be written as

follows:

y(k) = ϕT (k)θ(k) + ∆N (6.5)

where

θ(k) =

[
y(k − 1) y(k − 2) u1(k) u1(k − 1) u1(k − 2)

]T
is the regressor vector,

ϕ(k) =

[
− c1 − c2 d0 d1 d2

]T
is the vector containing the parameters related to battery model parameters, and ∆N is the white

noise present in the system.
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The relationship of the discretized parameters with resistances and capacitances in the battery model

are given as:

Rt = 2b− c

a
, Ri = Rc = 2

(
c

a
− b

)

Cn =
1

2

[
a

d
+

(
a2

d2
− a

(c− ab)d

)1/2]

Cc =
1

2

[
a

d
−
(
a2

d2
− a

(c− ab)d

)1/2]
(6.6)

where

a =
2(1− c2)

Ts(1 + c2)
, b =

d0 + d2 − d1
2(1 + c2)

,

c =
2(d0 − d2)

Ts(1 + c2)
, d̂ =

2(d0 + d1 + d2)

T 2
s (1 + c2)

,

and Ts is the sampling time.

6.3 Identification technique for battery model system

The RLSF approach provides good identification accuracy for time-varying parameters and has

been widely applied to many engineering problems including BMS. Unlike the ORLS, in this approach,

more weight is assigned to the recent data than the older data. Introduction of forgetting factor slows

down the fading of the covariance matrix than that of ORLS, enabling it to keep tracking the changes

in parameters efficiently. In general, the forgetting factor lies in the range of [0.9, 1] for most of the

applications. The governing equations of the RLSF approach used for parameter identification are as

follows:

ϕ̂(k) = ϕ̂(k − 1) +H(k)[y(k)− θT (k)ϕ̂(k − 1)]

H(k) =
G(k − 1)θ(k)

λ+ θT (k)G(k − 1)θ(k)

G(k) =
1

λ
[G(k − 1)−H(k)θT (k)G(k − 1)] (6.7)

where λ is the forgetting factor, ϕ̂ is the estimated parameter vector, θ is the regressor vector, H(k)

is the gain which determines the effect of the current prediction error on the update of the parameter

estimate, G(k) is the covariance matrix of the estimated parameters, and ‘∗̂’ denotes the estimated

value of ‘∗’.
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The RLSF approach may not be able to provide best performance and needs further improvement

under certain conditions. It fails to provide adequate robustness when the algorithm is poorly excited

or interfered, i.e., the old information is forgotten gradually, while there is interfered new information

or very little new dynamic information [183,191]. It may lead to covariance windup or blowup problem.

Moreover, the convergence speed and dynamic identification ability of RLSF are affected in the case

of violent fluctuations or drastic changes in signals [192]. These problems generally arise due to the

fixed nature of forgetting factor present in RLSF algorithm. To address the above issues, an adaptive

forgetting factor based RLS approach is proposed in this section.

6.3.1 Recursive least square approach with adaptive forgetting factor

In RLSF algorithm, the forgetting factor is a crucial parameter. While selecting the forgetting

factor, there is a trade-off between tracking capability, stability, convergence speed, and sensitivity to

noise of the algorithm. The higher forgetting factor leads to better stability and convergence speed

at the cost of lower tracking capability. Oppositely, the lower forgetting factor causes better tracking

capability, but lower stability and convergence speed. In case of very small identification error, the

forgetting factor is not required and the introduction of the forgetting factor may even further increase

the parameter identification error. In the other case of large identification error, it is needed to have an

optimal forgetting factor that may help the identification scheme to convergence faster and improve

the identification error. Hence, the fixed variable factor can not provide either high stability, fast

convergence, or good tracking ability.

To address the above mentioned problems, Fortescue et al. provide a self-tuning forgetting fac-

tor approach in [193]. In [194], it is addressed that the Fortescue's forgetting factor approach and

its different variants constrain the forgetting factor to a very small region close to unity. It limits

the adaptive ability of RLS approach and cannot solve the covariance wind-up problem efficiently.

In [195], a BECM identification approach is proposed where the forgetting factor incorporates adap-

tiveness feature. However, this method also uses a variant of Fortescue's variable forgetting factor

approach. In [196], J.D. Park provided a variable forgetting factor approach while its improved ver-

sion with similar structure is suggested in [192]. Since this method involves only a few additional

simple calculations than RLSF approach, there is no significant difference in computational time with

RLSF approach. The forgetting factor in [192] varies according to the current prediction error and
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lies between one and a predefined minimum value. However, it is shown in [191] that J.D. Park's

identification algorithm cannot track the changes in the parameters when the forgetting factor be-

comes one and is not competent for identifying the BECM parameters. Moreover, since the forgetting

factor in J.D. Park's method is obtained by only one data point, i.e., current prediction error, the

stability of this approach is not high. In order to solve these issues with J.D park's method, some

modifications to this algorithm are suggested in [191]. Therefore, in this chapter, we propose an im-

proved identification approach which features the advantages of both [192] and [191] by modifying the

variable forgetting factor approach presented in [192] with similar modifications suggested in [191].

The adaptive forgetting factor presented in this chapter is given as:

λ(k) = λmin + (λmax − λmin)h
L(k)

L(k) = round

((
erms

ebase

)2)
erms =

[∑k
i=k−M+1 e

2(i)

M

]1/2
(6.8a)

(6.8b)

(6.8c)

where λmin, λmax are the minimum and maximum value of forgetting factor, respectively, M is the

number of data points in the window period, h is sensitivity, and erms is the root-mean-square (RMS)

value of prediction error in the window period, ebase is the allowable error reference, and e(i) is the

error at ith instant.

In AFFRLS algorithm, when the erms is very large, the forgetting factor is equal or close to

λmin. When it is very small, the forgetting factor is equal or close to λmax. Hence, this method

can improve the convergence rate of parameter identification in case of violent fluctuations or drastic

changes in signals. This approach can also ensure a good identification accuracy for stable signals.

The coefficient h indicating the sensitivity of forgetting factor to the errors may be chosen as any value

between 0 and 1. The response speed of parameter identification is slow when h is close to 1. On the

contrary, the response speed of parameter identification is too fast when h is close to 0, leading to

reduced accuracy of the scheme. Hence, by considering the balance between identification speed and

accuracy, the value of h is generally selected as 0.9 [192]. It can be seen from (6.8) that when erms

exceeds ebase, the identification parameters are considered unstable and the forgetting factor decreases

rapidly to a smaller value. In contrast, when erms is less than ebase, the identification parameters are

considered accurate and stable. In such a situation, the forgetting factor increases to a larger value.
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As the RMS error value gets larger, the forgetting factor becomes smaller and vice versa. Hence, the

forgetting factor is adaptively changed with change of identification error. Finally, (6.7) along with

(6.8) completes the design of AFFRLS approach.

6.4 Design of proposed SOC observer

In this section, we propose an observer to estimate battery states by combining the features of

integral sliding mode [197], GSTA [190], and adaptive algorithms [187], called as AGISTO. The main

feature of integral sliding mode is that it forces system trajectory to start at the sliding surface in case

of known initial conditions. It eliminates the reaching phase where the system is generally affected by

the disturbances [197,198]. In case of any unknown initial condition, it is known that the STA forces

the state trajectories to the sliding surface in finite time. However, the convergence is slow in case

the trajectories are far from the origin [190, 199]. The GSTA includes additional linear terms apart

from the standard nonlinear ones present in STA and makes the convergence faster even when the

trajectories are far away from origin. The range of uncertainties for which the finite-time convergence

of the system is guaranteed is much wider than ALSTO. In general, the knowledge of disturbance

bounds is essential to design a GSTA based observer. In physical systems, it is not always possible

to have adequate knowledge of these bounds. The adaptive algorithms sort out this issue and do not

demand the information of these bounds except for their existence [187]. Based on the assumption

on the derivative of terminal current considered in Chapter 4, the proposed observer is designed to

estimate the battery states as follows:

˙̂x1(t) = −â1y(t) + â2x̂2(t) + q̂1u1(t) + â1q + L1x̃1 + k1(t)|σ|1/2sign(σ) + k2(t)σ (6.9)

˙̂x2(t) = b̂2y(t)− b̂1x̂2(t)− b̂2q + q̂3u1(t) + k3(t)sign(σ) + k4(t)|σ|1/2sign(σ) + k5(t)σ (6.10)

where

k1(t) = p1kp(t), k2(t) = p2kp(t),

k3(t) = 0.5p21kq(t), k4(t) = 1.5p1p2kq(t), k5(t) = p22kq(t) (6.11)
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kp(t), kq(t) are dynamic gains, p1, p2 are positive constants, σ(t) is the sliding surface, x̃1 = x1 − x̂1,

and ∗̂ is estimated value of ∗.

The error dynamics using (6.1)-(6.2) and (6.9)-(6.10) is as follows:

˙̃x1 = â2x̃2 − L1x̃1 − k1(t)|σ|1/2sign(σ)− k2(t)σ + F1(x, t, u) (6.12)

˙̃x2 = −k3(t)sign(σ)− k4(t)|σ|1/2sign(σ)− k5(t)σ + F2(x, t, u) (6.13)

where

F1(x, t, u) = a1∆f4 −∆a1y +∆a2x2 +∆q1u1 +∆a1q + ζ1(x, t, u)

F2(x, t, u) = −b2∆f4 +∆b2y − b1x2 + b1x̂2 −∆b1x̂2 −∆b2q −∆q3u1 + ζ2(x, t, u) (6.14)

x̃2 = x2 − x̂2, ∆a1 = a1 − â1, ∆b1 = b1 − b̂1, ∆q1 = q1 − q̂1, and ∆q3 = q3 − q̂3.

Considering the continuous control injection of the observer and boundedness of V, V̇ , i, Z, ζ1, ζ2, and

∆f4, it can also be considered that the following inequalities are satisfied:

|F1|≤ δ1|σ|1/2, |F2|≤ δ2 (6.15)

where δ1 and δ2 are positive constants. Suppose δ1 = δ3p1, where δ3 is another positive constant, then

we have

|F1|≤ δ3p1|σ|1/2≤ δ3(p1|σ|1/2+p2|σ|) (6.16)

If |F2|≤ δ2, then F2 will also satisfy the following wider uncertainty bound:

|F2|≤ δ2(1 +
3p2
p1

|σ|1/2+2p22
p21

|σ|) = δ4(0.5p
2
1 + 1.5p1p2|σ|1/2+p22|σ|) (6.17)

where δ4 = 2δ2/p
2
1. It can be seen that (6.16) considers a much wider class of uncertainties compared

to the ALSTO where the uncertainty bound consists of only the square root term. The real-time

uncertainties can be mathematically better represented by the combination of two different powers of

magnitude of sliding variable rather than single one. Similarly, the uncertainty considered in (6.17) is

also much wider than that of ALSTO.

In general, x̃1 is considered as the sliding variable in designing sliding mode observers. Motivated
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from [197,198], in this work, the sliding surface σ with integral term is considered as:

σ(t) = x̃1(t) +

∫ t

0
L1x̃1(τ) dτ − x̃1(0) (6.18)

Taking the derivative of σ(t) in (6.18), we get

σ̇(t) = ˙̃x1(t) + L1x̃1(t) (6.19)

Substituting ˙̃x1(t) from (6.12)-(6.13) in (6.19), we get

σ̇(t) = â2x̃2 − k1(t)|σ|1/2sign(σ)− k2(t)σ + F1(x, t, u) (6.20)

The system represented by (6.20) and (6.13) is a modified version of super twisting observer having

some additional linear terms apart from the standard nonlinear ones present in CSTO. This modified

structure of STA is generally known as GSTA. GSTA includes additional linear terms which are more

powerful than the nonlinear terms in stabilizing the system when the trajectory is far from the origin.

It can be observed that when p1 = 0 and p2 > 0, system behaves as standard the linear algorithm. If

p2 = 0 and p1 > 0, then the GSTA works as standard STA.

Consider the boundedness given in (6.16) and (6.17). Then for any initial condition of the states,

the finite-time convergence of the system represented by (6.20) and (6.13) is ensured if kp(t) and kq(t)

vary dynamically as:

k̇p(t) =


µ1

√
β1

2 sign(|σ|−ϵ), if kp > k0

α, otherwise

kq(t) =

(
ωkp
â2

)
(6.21)

where |σ(0)|> ϵ and k0 is a small positive constant with |kp(0)|> k0. ω, β1, α, and µ1 are arbitrary

positive constants.

Proof: Suppose e1 = σ and e2 = â2x̃2, (6.20) and (6.13) can be rewritten as:

ė1 = e2 − k1(t)|e1|1/2sign(e1)− k2(t)e1 + F1(x, t, u)
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ė2 = −k3t(t)sign(e1) + k4t(t)|e1|1/2sign(e1)− k5t(t)e1 + F2(x, t, u) (6.22)

where kit(t) = â2ki(t) and Ft(x, t, u) = â2F2(x, t, u). Eq. (6.22) can be rewritten as:

ė1 = e2 − kp(t)[p1|e1|1/2sign(e1) + p2e1] + F1(x, t, u)

ė2 = −kqt(t)[0.5p21sign(e1) + 1.5p1p2|e1|1/2sign(e1) + p22e1] + Ft(x, t, u) (6.23)

where kqt(t) = â2kq(t).

Since â2 is positive and bounded, we have

|Ft(x, x̂, t, u)|≤ δt(0.5p
2
1 + 1.5p1p2|σ|1/2+p22|σ|) (6.24)

Consider

S = [s1 s2]
T = [ϕ e2]

T (6.25)

where ϕ = p1|e1|1/2sign(e1)+ p2e1, |ϕ|= p1|e1|1/2+p2|e1|, and ||S||=
√
ϕ2 + e22. Differentiating ϕ with

respect to e1, we get Γ as

Γ = 0.5p1|e1|−1/2+p2 (6.26)

In view of (6.25), (6.23) can be represented in state matrix form as:

ṡ1
ṡ2

 = Γ

−kp(t) 1

−kqt(t) 0


s1
s2

+ Γ

1 0

0 1/Γ


F1

Ft

 (6.27)

Considering (6.16), (6.17) and (6.24), it can be said that there always exists 0 < δp(x, t) ≤ δ3 and

0 < δq(x, t) ≤ δt such that

F1 = δp[p1|e1|1/2+p2e1]sign(e1) = δps1

Ft = δq[0.5p
2
1 + 1.5p1p2|e1|1/2+p22|e1|]sign(e1) = δqs1Γ (6.28)
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Using (6.28), (6.27) can be rewritten as:

ṡ1
ṡ2

 = Γ

−(kp(t)− δp) 1

−(kqt(t)− δq) 0


s1
s2

 = Ā(s1)

s1
s2

 (6.29)

It can be observed from (6.25) that the finite-time convergences of s1 and s2 ensures finite-time

convergences of e1 and e2, and hence σ and x̃2. To analyse the stability of (6.29), consider the

Lyapunov function candidate as:

Λ(S, kp, kqt) = Λ0(S) +
1

2β1
k2r +

1

2β2
k2s (6.30)

where

kr = kp − k∗p, ks = kqt − k∗qt,

Λ0(S) = STPS,

P =

λ+ ω2 −ω

−ω 1

 ,
λ, k∗p and k∗qt are some positive constants [187]. Differentiating (6.30) with respect to time in both

sides, we get

Λ̇(S, kp, kqt) = ST [ĀTP + PĀ]S +
1

β1
krk̇p +

1

β2
ksk̇qt (6.31)

Using (6.29) and (6.30), the first term in right hand side (RHS) of (6.31) is computed and is as follows:

Λ̇0(S) = ST [ĀTP + PĀ]S ≤ −ΓSTQS (6.32)

where Q is a symmetric positive definite matrix given as:

Q =

q11 q12

q21 2ω


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with

q11 = 2λkp + 2ω(ωkp − kqt)− 2(λ+ ω2)δp + 2ωδq

q21 = q12 = (kqt − ωkp − λ− ω2) + ωδp − δq (6.33)

It is seen that the following relationships ensure positive definiteness of Q with minimum eigenvalue

value ω:

kqt = ωkp (6.34)

and

kp >
6δ3ω(λ+ ω2)− 3ω2(2δt + 1) + (ωδ3 − δt − λ− ω2)2

6ωλ
(6.35)

In view of λmin(Q) ≥ ω and the well-known inequality

λmin(P )||S||2≤ STPS ≤ λmax(P )||S||2 (6.36)

we can write

Λ̇0(S) ≤ −ΓSTQS ≤ −ωΓ||S||2 (6.37)

Substituting Γ from (6.26) in (6.37), we get

Λ̇0(S) ≤ −0.5ωp1|e1|−1/2||S||2−ωp2||S||2 (6.38)

Considering the fact that if v1 ≤ −v2 − v3, where v2 and v3 are positive, then both v1 ≤ −v2 and

v1 ≤ −v3 are true, we can write

Λ̇0(S) ≤ −0.5ωp1|e1|−1/2||S||2 (6.39)

Using (6.25), (6.30) and (6.36), we have

p1|e1|1/2≤ |ϕ|≤ ||S||≤ Λ
1/2
0 (S)

λ
1/2
min(P )

(6.40)
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Using (6.36), (6.39) and (6.40), we can write

Λ̇0(S) ≤ −nΛ1/2
0 (S) (6.41)

where

n =
ωp21λ

1/2
min(P )

2λmax(P )

Now, from (6.31) and (6.41), we have

Λ̇(S, kp, kqt) ≤ −ΓSTQS +
1

β1
krk̇p +

1

β2
ksk̇qt

≤ −nΛ1/2
0 (S)− µ1√

2β1
|kr|−

µ2√
2β2

|ks|+
1

β1
krk̇p

+
1

β2
ksk̇qt +

µ1√
2β1

|kr|+
µ2√
2β2

|ks| (6.42)

Using the following well-known inequality

(v21 + v22 + v23)
1/2 ≤ |v1|+|v2|+|v3| (6.43)

we can obtain the following from (6.30):

−nΛ1/2
0 (S)− µ1√

2β1
|kr|−

µ2√
2β2

|ks|≤ −mΛ1/2(S) (6.44)

where m = min(n, µ1, µ2).

In view of (6.44), (6.42) can be rewritten as:

Λ̇(S, kp, kqt) ≤ −mΛ1/2(S) +
1

β1
krk̇p +

1

β2
ksk̇qt

+
µ1√
2β1

|kr|+
µ2√
2β2

|ks| (6.45)

Now, suppose kp(t) and kqt(t) are bounded with bounds k∗p and k∗qt, respectively (will be proven later

in this section). Hence, kr < 0 and ks < 0, ∀ t > 0.
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Considering the boundedness of kp(t) and kqt(t), we can rewrite (6.45) as:

Λ̇(S) ≤ −mΛ1/2(S) +D (6.46)

where

D = −|kr|
(

1

β1
k̇p −

µ1√
2β1

)
− |ks|

(
1

β2
k̇qt −

µ2√
2β2

)
(6.47)

In case when |e1|= |σ|≥ ϵ and kp(t) > k0, considering (6.21) D = 0 can be ensured if

ω =
µ2
µ1

√
β2
β1

(6.48)

is chosen. Thus, finite-time convergence of s1 and s2 and hence e1 and e2 is guaranteed.

In case when |e1|≤ ϵ, D may be positive or negative. The negative value of D ensures finite-time

convergence. However, its positive value may lead to e1 greater than ϵ due to the decrease in control

gains. As soon as e1 becomes greater than ϵ, the control gains start increasing, and finite-time

convergence is achieved as explained earlier. Hence, (6.21) always ensures finite-time convergence of

e1 and e2. It is also guaranteed that e1 always stays in a domain |e1|≤ γ1, γ1 ≥ ϵ.

Now, we prove the boundedness of kp(t) and kqt(t) assumed earlier. For ϵ < e1 ≤ γ1, the solution to

(6.21) can be obtained as:

kp(t) = kp(0) + µ1

√
β1
2
t, 0 ≤ t ≤ Tf (6.49)

where Tf is the convergence time. For e1 ≤ ϵ, kp(t) can be increasing only till its value reaches k0,

otherwise it is always decreasing. Hence, in view of (6.21), kp(t) and kqt(t) are always bounded. Due

to the boundedness of the RHS of (6.35) and the fact that kp(t) increases linearly with respect to time,

the inequality in (6.35) is established in finite-time. Hence, as soon as the kp starts satisfying (6.35),

the finite-time convergence of the states is achieved. It can be easily seen that in case when σ and x̃2

are at origin or in a small neighbourhood of origin, we have σ̇ = 0 or very close to zero. The x̃1 also

asymptotically converges to a small ball around origin. Since x1 is an available state, its asymptotic

convergence will not affect designing of any further control strategy using the system states.
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6.5 Results and discussion

To validate the effectiveness of the proposed battery model parameter identification technique and

the SOC observer, experiments are conducted on a LiPo battery using the test setup described in

Section 4.5. The relationship between OCV and SOC given in that section is also utilized in the

present work. In the following subsections, we present the results of implementation of the AFFRLS

approach for battery model identification and AGISTO for SOC estimation. We also compare the

obtained results of the estimated SOC with various well-established methods present in the current

state-of-the-art.

6.5.1 Identification of battery model parameters

For identifying the BECM parameters, the current profile of a CDDS, as presented in Figure 4.4

(Chapter 4), is loaded to the battery. The battery terminal voltage thus obtained, shown in Figure

6.1, is recorded at every sampling instant and stored in the host computer. The relationships, as
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Figure 6.1: Actual terminal voltage.

given in (6.6) and (6.7), are used for recursive identification of real-time battery model resistances and

capacitances. The forgetting factor in (6.7) varies according to (6.8) where λmax = 0.995, λmin = 0.9,

h = 0.9, ebase = 1.5×10−5, andM = 5 are considered. The variation of real-time identified parameters

of BECM can be seen in Figure 6.2. The prediction error in the process output is shown in Figure 6.3.

It establishes the efficacy of the proposed BECM parameter identification approach. The forgetting
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Figure 6.2: Variation of battery model parameters.
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Figure 6.3: Estimation error between the actual output and predicted output by AFFRLS.

factor varies according to the RMS value of the prediction error in the window period, as shown in

Figure 6.4. It is seen from Figure 6.3 and 6.4 that when the error is higher than the predefined value

ebase, the value of forgetting factor decreases to track the parameters and increases again when the
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Figure 6.4: Variation of forgetting factor.

error becomes lower than ebase. Comparing the results obtained using AFFRLS with RSLF approach

presented in Chapter 4, it is found that the convergence is faster in the proposed method. The

convergence time of AFFRLS and RLSF are 124 s and 232 s, respectively. Moreover, the identified

parameters are more stable in AFFRLS and their peak overshoot is also low.

6.5.2 SOC estimation using proposed approach and its comparative study

For estimation of SOC, the observer is designed using the a1, b1, q1, and q4 which are continuously

obtained with the help of (6.4). In order to design the dynamics of adaptive gains of the proposed

observer, we consider p1 = 2, p2 = 1.5, µ1 = 0.05, β1 = 0.2, ϵ = 0.02, α = 0.2, ω = 1 × 10−7,

and k0 = 0.05. To verify the efficacy of the proposed observer, the same current profile loaded to

the battery is injected as input to the observer. Using the proposed observer and (6.18), the sliding

variable is estimated. The convergence speed of sliding variables for the proposed method and ALSTO

having same initial values (IVs) are compared in Figure 6.5. It can be inferred from the figure that the

sliding variable converges to zero faster for the proposed method. It can also be observed from Figure

6.5 that the convergence time depends on the considered initial conditions and increases with increase

in their absolute values. In case of known initial conditions, the sliding variable for the proposed

method starts at zero itself and stays in its neighbourhood for all future times, as shown in Figure

6.6.
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Figure 6.5: Comparison of convergence speed of sliding variable.
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Figure 6.6: Convergence of sliding variable with known and unknown initial conditions.

For estimation of SOC, the initial SOC is considered with a 60% erroneous value. The estimated

SOC from the proposed observer is presented in Figure 6.7. The proposed approach is also compared

with some well-known methods such as AGSMO, TVDSMO, and PI observer in Figure 6.7 [125,

134, 189]. The observer parameters are tuned carefully for each approach. The reference SOC is

derived from an inherent Ampere-hour counter present in BioLogic VMP3. The difference between

the estimated SOC for each method and the actual SOC (% error) are shown in Figure 6.8. The
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Figure 6.7: Comparative study of SOC estimation results.
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Figure 6.8: Error between actual and estimated SOC.

RMSE and MAE for each method can be found in Table 6.1. The results obtained in Chapter 4

and 5 in identical conditions are also included in this table for comparison. The table establishes the

higher accuracy of the proposed approach. It can be observed from Figure 6.8 that the predicted

SOC for each method has large error at the beginning of the experiment due to the erroneous initial

conditions. But for the proposed observer, it converges fastest to the true SOC profile compared to

the other methods. It is inferred from Figure 6.8 and the results obtained in Chapter 4 and 5 that

the chattering is reduced in the proposed method. Between 5000-5100 s, the chattering width for
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Table 6.1: Comparative study of SOC estimation methods

Method
MAE
(%)

RMSE
(%)

Computational
time (s)

Convergence
time (s)

AGISTO
(Proposed)

0.95 0.36 2.92 275

AGSMO 2.05 0.88 24.45 429

TVDSMO 2.29 0.91 2.23 374

PI 2.58 1.06 2.01 713

SLSTO
(Chapter 4)

1.38 0.70 2.52 589

ALSTO
(Chapter 5)

1.29 0.44 2.71 392

AGSMO, TVDSMO, ALSTO, SLSTO, and AGISTO are 0.33%, 1.27%, 0.14%, 0.19%, and 0.10%,

respectively. Table 6.1 demonstrates the computational time for each method. It can be seen that

the computational time is small for each method except AGSMO. In the following subsections, the

effectiveness of the proposed approach under various working conditions are discussed.

6.5.3 Effect of current and voltage measurement noise

In real-time system, the voltage and current sensors are generally associated with considerable

amount of noise. Therefore, for investigating the robustness of each method, experiments are per-

formed by considering the presence of white noise having standard deviation of 0.04 and 0.08 in

voltage and current channels, respectively. The estimated SOC from each method under noisy en-

vironment are compared, as depicted in Figure 6.9, and the corresponding errors in estimating SOC

are shown in Figure 6.10. The MAE and RMSE for each method including the methods explained

in Chapter 4 and 5 in identical condition are given in Table 6.2. It is observed from the table that

the proposed approach has better accuracy even under noisy conditions and also it takes least time

to converge to the true SOC value. Moreover, Figure 6.10 and the results in previous chapters show

that the chattering is least in the proposed approach. Between 5000-5100 s, the chattering width for

AGSMO, TVDSMO, ALSTO, SLSTO, and AGISTO are found to be 1.05%, 2.24%, 0.59%, 0.62%,

and 0.41%, respectively. Hence, it can be said that the proposed approach performs well even in the

presence of current and voltage sensor noise.
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Figure 6.9: Comparative study of SOC estimation results with added noise.
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Figure 6.10: Error between actual and estimated SOC for added noise case.

6.5.4 Robustness study against identification error for the proposed observer

To verify the efficacy of the proposed approach in mitigating the effect of erroneous battery model

parameters, the BECM resistances and capacitances with 10% identification error are considered in

the present study. In order to illustrate the impact of ageing, the resistances are increased and the

capacitances are decreased by 10%. The estimated SOC from each method with inaccurate BECM

parameters are compared, as shown in Figure 6.11, and the corresponding errors in estimating SOC
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Table 6.2: Comparison of SOC estimation with added noise

Method
MAE
(%)

RMSE
(%)

Computational
time (s)

Convergence
time (s)

AGISTO
(Proposed)

2.86 0.84 2.98 414

AGSMO 4.01 1.30 25.8 662

TVDSMO 4.96 1.52 2.27 514

PI 5.24 1.77 2.06 790

SLSTO
(Chapter 4)

2.97 0.93 2.57 622

ALSTO
(Chapter 5)

2.98 0.83 2.75 505

are depicted in Figure 6.12. Figure 6.12 shows that the proposed approach provides better accuracy

0

10

20

30

40

50

60

0 2000 4000 6000 8000

S
O

C
 (

%
)

Time (s)

PI AGSMO Actual AGISTO TVDSMO

Figure 6.11: Estimated SOC from proposed approach with added identification error.

in estimating SOC than the other methods even with inaccurate identification results. For AGISTO,

AGSMO, TVDSMO and PI, the MAEs are 1.86%, 3.58%, 3.74% and 3.87%, and the RMSEs are 0.56%,

1.47%, 1.61% and 1.81%, respectively. Under identical condition, the MAEs and RMSEs for ALSTO

and SLSTO presented in Chapter 5 and 4 have been found to be 2.17% and 2.23%, and 0.59% and

1.15%, respectively. Hence, the proposed SOC estimation approach can provide satisfactory results

even when the identification scheme provides inaccurate BECM parameters.
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Figure 6.12: Error between actual and estimated SOC for added identification error case.

6.5.5 Study of combined effect of measurement noise and identification error

The effectiveness of the proposed observer is also analysed in presence of various noises and mod-

elling uncertainties together. The estimated SOC from each method under such condition are com-

pared, as shown in Figure 6.13, and the corresponding errors in estimating SOC are depicted in Figure

6.14. For AGISTO, AGSMO, TVDSMO and PI, MAEs are 2.99%, 5.01%, 5.76% and 6.24%, and
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Figure 6.13: Comparison of actual and estimated SOC with added noise and identification errors together.

RMSEs are 1.14%, 1.60%, 1.96% and 2.36%, respectively. Under identical condition, the MAEs and
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Figure 6.14: Error between actual and estimated SOC for added noise and identification errors together.

RMSEs of ALSTO and SLSTO presented in Chapter 5 and 4 have been found to be 3.06% and 3.14%,

and 1.13% and 1.21%, receptively. Hence, in the presence of modelling uncertainties and various noises

together, the proposed SOC estimation method outperforms the other methods.

6.6 Summary

In this chapter, the advantages of GSTA, adaptive algorithms, and integral sliding mode algo-

rithm have been combined together to develop a new and improved SOC estimation method. The

convergence of the proposed observer has been proven using a strong Lyapunov function. The required

battery model parameters to design the observer have been identified by developing an improved re-

cursive least square approach with adaptive forgetting factor. This identification approach enhances

the stability, convergence, and tracking ability of RLSF approach by varying the forgetting factor with

the RMS value of the prediction error for a window period. To establish the superiority of the pro-

posed approach over ALSTO, SLSTO, and other well-established methods used for SOC estimation,

experiments have been performed under different working conditions. By analysing the results of the

experiments, we have observed that the proposed approach shows high SOC estimation accuracy, low

computational time, high convergence speed, and improved robustness against measurement noise and

modelling uncertainties compared to other well-established methods. The chattering is also minimum

for the proposed approach.
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7.1 Conclusions

7.1 Conclusions

The objective of this thesis is to develop efficient SOC estimation algorithms in real-time that

enhance the performance of BMS and boost the usage of LIBs in future EVs by making them a

more appealing and safer choice. For that purpose, four different techniques for SOC estimation have

been progressively proposed and developed to improve upon the various state-of-the-art algorithms

for SOC estimation. The proposed estimation methods in this thesis are model based consisting of

two steps: (i) modelling of LIB and its identification, and (ii) state observer design for battery SOC

estimation. The proposed approaches utilize only the available measurable quantities of the battery.

The algorithms presented in this thesis provide high accuracy, good robustness against uncertainties,

low computation time, high convergence speed, and adapt to the variation of different operating

conditions. The low computational effort makes these approaches suitable for a low cost BMS. This

research provides a new simple pathway for the SOC estimation without the need for time-consuming

and tedious characterization tests which are non-ideal in a practical sense.

The first work in this thesis, as presented in Chapter 3, employs CSTO for estimating SOC of

the LIB. It is a special type of SOSMO that strives to resolve the various issues related to existing

sliding mode based SOC observers such as chattering, discontinuous control injection, more number

of sensors requirement, and the need for low pass filters. It also ensures finite-time convergence of the

observer states to the actual states. A geometrical approach using majorant curve is presented for

establishing the finite-time convergence of the battery SOC observer. A novel approach for parameter

identification of type 1, second order, and minimum phase system using the state-space based relay

feedback approach is proposed. This offline approach is then utilized to identify the battery model

parameters required for the observer design. This is a closed loop approach and provides good iden-

tification accuracy. The efficacy of the proposed method is established using numerical simulations.

The OCV obtained from CSTO is compared with that of SOSMO and it is found that the proposed

approach provides better estimation accuracy and lower chattering compared to SOSMO. Despite the

good accuracy of the method, it is also associated with a few shortcomings. In this algorithm, the ro-

bustness of the observer can be ensured for a very limited class of uncertainties. Moreover, the battery

model parameters are assumed to be fixed. However, these parameters vary with several operating

conditions, such as C-rate, SOC, temperature, and ageing. Another shortcoming of this method is

the need for an additional setup for identification test and additional memory in BMS to store the
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battery model parameters data for their further use.

In the second work presented in Chapter 4, a new approach is proposed based on SLSTA for

improved estimation of SOC of the LIB, which overcomes the shortfalls associated with CSTO. Besides

enjoying the various advantages associated with CSTO, the proposed SOC observer guarantees the

robustness for a more comprehensive class of uncertainties than CSTO. A strict Lyapunov function

is used to prove the robust finite-time convergence of the proposed battery SOC observer. In order

to design the observer, the required battery model parameters are identified using a standard online

approach known as RLSF. It can keep track the changes in the battery model parameters with various

operating conditions. Hence, their effect can be avoided in battery modelling which provided an

opportunity to use a simple battery model. Unlike the offline identification methods, it does not

require any additional setup or memory to perform the identification test. To verify the efficacy of

the proposed method, the experiments are performed on a LiPo battery with a real-time driving cycle

(CDDS) current profile. The proposed method is compared with AGSMO and PI observer for SOC

estimation in various work environments. The reduction of the chattering for SLSTO compared to

the AGSMO is also demonstrated. The robustness against measurement noise, computational and

the convergence time are also compared which established the overall effectiveness of the proposed

method. The proposed approach also efficiently deals with identification errors enabling it to provide

satisfactory results under the impact of external factors such as ageing, which may influence the

identification parameters. Despite the several advantages, the proposed observer in this work requires

the information of the upper bounds of uncertainties that are not always available for a physical system

such as battery. In general, it leads to the overestimation of the observer gains.

To address the shortcomings of the method presented in Chapter 4, the third work, as presented

in Chapter, 5 has proposed a new SOC estimation algorithm based on ALSTO which is combined

with RLSF approach for battery model identification. The main advantage of the proposed method is

that unlike the CSTO and SLSTO, it does not demand any information on boundaries of the various

uncertainties except for their existence. The ALSTO adaptively minimizes the associated gains in

such a way that the sliding is maintained without overestimation of the observer gains. This further

helps to reduce the chattering significantly. ALSTO can also deal with a more comprehensive class of

uncertainties compared to conventional STA based observer. The finite-time convergence of estimation

error and robustness of the battery SOC observer are demonstrated using Lyapunov stability theory.
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The battery setup used in Chapter 4 is also utilized in this work to perform the required experiments

to establish the efficacy of the proposed method. By comparing the proposed method with various

well-established methods of SOC estimation, it is demonstrated that ALSTO shows better estimation

accuracy, reduced chattering, low computational time, low convergence time, high robustness against

measurement noise, and better handling of model identification errors. In general, super twisting

algorithm including ALSTA has strong behaviour only against the disturbances around the origin,

but weak for far states from origin. The convergence is slow if the trajectory is far from origin. In

addition, the dynamic identification ability and convergence speed of RLSF in identifying the BECM

parameters will be affected in case of frequent change in charging and discharging currents. RLSF

does not provide adequate robustness when the algorithm is poorly excited or interfered. The fixed

forgetting factor is unable to provide either high stability, fast convergence, or good tracking ability.

To overcome the limitations associated with the work presented in Chapter 5, the advantages of

GSTA, adaptive algorithms, and integral sliding mode algorithm are combined together to develop

a new and improved SOC estimation method in Chapter 6. Apart from standard nonlinear terms,

GSTA algorithm also includes additional linear terms and converges faster even when the trajectory

is far from origin. It guarantees a more comprehensive class of uncertainties than the ALSTO for

finite-time convergence. Due to the adaptiveness offered by the algorithm, it works efficiently even

without the knowledge of the upper bounds of various uncertainties. The integral sliding mode can

eliminate the reaching phase in the cases where initial conditions of the system are known. GSTA

forces the state trajectory to the sliding surface in finite time in case of unknown or erroneous initial

conditions. The convergence of the proposed observer is proven using a strong Lyapunov function. The

required battery model parameters to design the observer are identified by developing an improved

recursive least square approach with adaptive forgetting factor. This identification approach enhances

the stability, convergence, and tracking ability of RLSF approach by varying the forgetting factor with

the RMS value of the prediction error for a window period. The battery setup used for experiments

is identical to the one used in Chapter 4. To establish the superiority of the proposed approach

over ALSTO and other popular methods used for SOC estimation, experiments are performed under

different working conditions. By analyzing the results of the experiments, it is observed that the

proposed approach shows high SOC estimation accuracy, low computational time, less convergence

time, and improved robustness against measurement noise and modelling uncertainties compared to
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other well-established methods.

7.2 Future scope

There are several works related to this thesis that can be done to further boost the commercial-

ization of the LIB. The potential works which require further investigation are listed as follows:

� This thesis only focuses on the problem of SOC estimation of LIB. The proposed SOC estima-

tion approaches can be extended further to predict other important BMS states such as health

prediction (SOH) and peak power capability (SOP) of a battery. The optimum charging of the

battery and the cell balancing using the knowledge of estimated SOC can be investigated. Sub-

sequently, an integrated battery management system with estimation of SOC, SOH, and SOP,

cell balancing, and optimal charging can be developed for EV application.

� In order to further improve the SOC estimation accuracy, the effect on hysteresis due to temper-

ature and ageing can be studied in more detail since it can significantly affect the performance

of some LIBs such as lithium phosphate.

� The estimation approach developed in this thesis is for a single battery cell. Although it is

economically possible to have a management board for each cell, one worthwhile direction of

future work would be to verify the effectiveness of developed techniques for a large battery pack.

This could potentially help to reduce the cost of the hardware required for a complete system.

� The employment of the techniques presented in this thesis can be explored for other energy stor-

age system applications, especially in smartgrids and microgrids. It is believed that the outcome

of this thesis is applicable to other types of rechargeable batteries, nevertheless, validations are

recommended in future work. The efficacy of the presented techniques can also be checked for

other battery electrochemistry as well as supercapacitors.
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