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ABSTRACT 

 Lithium-ion battery (LIB) internal state such as state of charge (SOC), electrode capacity, 

and available lithium-ion monitoring is helpful for effective battery degradation monitoring. 

Monitoring these internal parameters is challenging due to the weak observability of the electrode 

parameters and lack of information about available lithium-ion contents in the cell. A reference 

electrode can be useful to measure the electrode potentials, which can provide information about 

the internal states, SOC, electrode capacity, and the available lithium-ions in the cell. In this thesis, 

we proposed a novel three-electrode battery setup approach using battery casing for electrode 

parameter estimation and degradation monitoring. The presented work introduces a curve 

matching algorithm to estimate electrode capacity, SOC, and available lithium-ion in the cell and 

an unknown input observer to estimate anode SOC and capacity. Further, electrode and cell 

degradation are analyzed by comparing the capacity. The proposed reference electrode setup has 

less impact on cell degradation compared to the existing reference electrode setup methods. In 

contrast, the proposed method is practically feasible regarding the practical application of three-

electrode batteries for electrode level parameter estimation and available lithium-ion monitoring 

in the cell. 

Keywords: Three-electrode battery, degradation analysis, electrode SOC estimation, 

electrode capacity, Unknown input Observer 
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Chapter 1. Introduction 

1.1. Background and Motivation 

Lithium-ion batteries are now the most popular energy storage device for the 

automotive industry. LIBs are in high demand as an energy storage medium, mainly due 

to their high energy density, long service life, slow self-discharge rate, and zero harmful 

gas emission. Especially the increasing demand for lithium-ion batteries in electric vehicles 

(EVs) made researchers interested in improving battery technology further to enhance its 

performance and reliability. This development vastly depends on the battery's internal state 

information, such as the state of charge, degradation patterns, and degradation status of the 

electrodes. Accurate estimation or calculation of these states in real-time will help prolong 

the battery service life through optimal charging conditions and also enable us to analyze 

the reusability of the EV battery when it retires from service upon reaching an 80% state 

of health. Model-based estimation techniques are complex and not always easy to employ 

in the battery management system. A reference electrode can help measure electrode 

potentials, providing electrode level states for better monitoring. Most existing reference 

electrode setup methods are feasible for research purposes only. Moreover, the safety risk 

is also associated with such 3-electrode setup methods.   

1.1.1 State of Charge (SOC) and Battery Degradation 

Lithium-ion batteries (LIB) are the most commonly used energy storage device in 

electric vehicles (EVs) and stationary energy storage systems due to their low self-

discharge rate, long service life, and, more importantly, high energy density. However, 

lithium-ion battery performance is greatly affected with time and usage over LIB service 
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life by the side reactions in the battery during operation. Therefore, it is critical to 

understand the internal status, for instance, state of charge, lithium inventory, and 

degradation status over cycling, and monitor it throughout the service life to ensure battery 

safety and performance.  

The degradation of lithium-ion batteries is an irreversible and complex phenomenon 

and an essential parameter to monitor in the BMS. These degradation mechanisms are 

mainly a result of various side reactions, including chemical and mechanical reactions [3]. 

These reactions result in battery capacity loss per full charge and fail to meet the power 

output requirements due to the increased internal resistance. Cell capacity and internal 

resistance are among the most used parameters to quantify lithium-ion battery degradation. 

Capacity is the total amount of charge a battery can store during a charging cycle. At the 

same time, internal resistance is the parameter to measure how quickly a cell can output 

the stored energy. A degraded cell has less energy storage capacity caused by various 

degradation mechanisms. The internal resistance increase affects the battery performance 

by providing less energy output for the same withdrawing current compared to the fresh 

cell. The battery state of charge is calculated by dividing the capacity at any state by the 

nominal capacity. This thesis presents state and parameter estimation for a single cell and 

an individual cell in a battery pack; thus, it mainly focuses on a single cell parameter 

estimation. 

 The most conventional way of determining SOC is by monitoring capacity fade [4]. 

Over cycling, the capacity of the lithium-ion battery decreases caused of various side 

reactions. A fully charged degraded cell will output less energy compared to the fresh cell. 

The amount of charge it can output is significant for electric vehicle applications; thus, the 
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state of charge is calculated based on the capacity at any state to the fresh cell capacity 

given by the equation (1.1).   

The most common form of SOC calculation is as follows [5], 

𝑆𝑆𝑆𝑆𝐿𝐿(𝑡𝑡) = 𝑆𝑆𝑆𝑆𝐿𝐿0 + 1
𝑄𝑄𝑛𝑛
∫ 𝐼𝐼(𝑡𝑡)𝑑𝑑𝑡𝑡𝑡𝑡
𝑡𝑡0

    (1.1) 

where 𝑆𝑆𝑆𝑆𝐿𝐿0 is the initial SOC, 𝑄𝑄𝑛𝑛 is the nominal cell capacity, 𝐼𝐼(𝑡𝑡) is the applied current 

to the battery during charge or discharge.    

Various irreversible degradation mechanisms cause the capacity fade in lithium-ion 

batteries. The degradation mechanisms result from various side reactions in electrodes, 

electrolytes, and current collectors. Fig. 1.1 shows some of the most common Li-ion battery 

degradation mechanisms. 

  

 

Figure 1.1. Lithium-ion battery degradation mechanisms. Reproduced from [3] with the permission 
of Elsevier. Copyright 2019 
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These degradation mechanisms result in overall capacity fade through cyclable 

lithium-ion loss, loss of active electrode material, internal resistance increase due to SEI 

formation, and current collectors contact loss. Identifying the specific mechanism 

responsible for the capacity fade is very challenging. Thus, similar kinds of degradation 

mechanisms can be grouped for better degradation understanding, as recommended by [6] 

and [7]. 

Degradation mechanisms can be grouped as follows [8]: 

Loss of lithium inventory (LLI): The consumption of lithium-ions through side reactions 

results in a loss of lithium inventory (LLI) [9]. The most significant side reactions that 

cause LLI can be listed as solid electrolyte interface (SEI) formation on the electrode 

surface, electrolyte decomposition, and lithium plating. SEI is a passivation layer [10] on 

the electrode formed by electrolyte decomposition, as shown in Fig. 1.1. The SEI growth 

consumes the cyclable lithium ions and electrolytes, resulting in LLI [11], [12]. 

Unfavorable LIB operating conditions such as fast charging or low-temperature charging 

could cause another significant anode side reaction called lithium plating[13], [14]. The 

metallic lithium formation around the anode of LIBs during charging is known as lithium 

plating [3], [15].  

Loss of active material (LAM): LAM can be caused by the transition metal dissolution 

and structure disordering [3], graphite exfoliation [16], binder decomposition [3], electrode 

particle cracking[10], [3], and current collectors' electrical connection loss [3]. The 

transition metal dissolution of cathode material could occur at high charging voltage [16], 

and the dissolved metal can deposit on the anode[3], [16], [17]. 
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Most of the above-discussed degradation mechanisms either contribute to loss of lithium 

inventory or loss of active material (LAM), which collectively causes capacity fade. This 

thesis focuses on the outcomes of various degradation mechanisms through monitoring the 

lithium-ion inventory and the electrode storage capacity degradation, reflecting the LLI 

and LAM, respectively. 

Fig. 1.2 [18] demonstrates the most common degradation mechanisms and their effect on 

lithium-ion batteries.  

 

1.1.2 Water Glass Analogy of Lithium-ion battery 

The side reactions affect the LIB performance in different ways. Some cause 

cyclable lithium loss and others result in storage capacity fade of each electrode. The water-

glass analogy can explain this complex degradation mechanism. The electrodes are 

 

 Figure 1.2. Most common degradation mechanisms and its effect. 
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considered two glasses that carry lithium ions like water and exchange the water during 

charge and discharge cycles. The storage capacity fade of the electrodes caused by various 

side reactions described above is represented by the volume shrinkage of the glasses, and 

the water loss represents cyclable lithium loss. As the capacity of electrodes fades away  

 

due to various side reactions, such as graphite exfoliation, transition metal dissolution, 

structure disordering, and electrode particle cracking over a long cycling period, as shown 

in Fig. 1.3(a), the glass, which represents the electrode, will shrink and be filled up faster. 

Lithium ions (water) are transported between the electrodes (glasses) through the separator 

during charge and discharge, and some of these lithium ions (water) get lost through SEI 

and lithium plating during the cycling process shown in Fig. 1.3(b). Both the electrode 

storage capacity loss (glass volume shrinkage) and cyclable lithium loss (water loss) 

contribute to the overall battery degradation [6], [9], [16], [20], [21]. Therefore, monitoring 

both electrodes' capacity fade and the cyclable lithium inventory in the LIB is crucial. 

 

 

 

(a)     (b) 

Figure 1.3. (a) Water glass analogy: glass shrinkage due to electrode storage capacity fade. (b) 
Water glass analogy: water loss due to side reaction such as SEI growth and lithium plating. Reused 

from [1]. Copyright Elsevier 2022  
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1.1.3 Three-electrode Cell 

Typically, a Li-ion battery has two electrodes, the positive and negative electrodes, 

widely known as cathode and anode. To understand degradation in the electrodes, the 

electrode potential data is essential. The electrode potential can only be measured with 

respect to a reference material or a third electrode in the cell known as the reference 

electrode. A third or reference electrode is required to study the individual electrode 

potential. The voltage measurement of each electrode with respect to a reference electrode 

gives us the potential of that electrode [19]. Various factors are considered when selecting 

a reference electrode, such as the equilibrium potential of the reference electrode material, 

impact on the electrolyte and electrode materials, and impact on the battery design and 

fabrication [20]. Lithium metal is most commonly used as a reference electrode in lithium-

ion batteries [21]–[24]. However, lithium metal is mainly used in the lab for material  

 

research, not suitable for practical applications. Because Li is a very reactive material that 

can continuously react with electrolytes and consume the electrolyte in the battery [25] and 

also inserting a metal lithium reference electrode inside the battery could short-circuit the 

 
 Figure 1.4. A typical three electrode cell 
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battery. Other materials that are used as reference electrodes include Li-Al, Li-Sn, Li-Au 

alloys, and lithium iron phosphate (LFP), lithium titanium oxide (LTO) [20]. Fig. 1.4 

illustrates a typical 3-electrode battery. 

 

1.2. Objectives 

The main goal of this research is to contribute towards the degradation monitoring 

of lithium-ion battery single cell and individual cells in a battery pack and introduce an 

innovative electrode level degradation monitoring method with fewer sensors and external 

equipment.   

The detailed objectives of this research include: 

1. Developing a three-electrode battery setup method using the battery casing as a 

reference electrode. 

2. Developing a method to calculate individual electrode state of charge and 

capacity along with lithium inventory monitoring. 

3. Setting up a three-electrode battery pack for individual battery anode parameter 

estimation. 

4. Developing a mathematical model-based anode SOC and capacity estimation 

method using Thevenin equivalent circuit model. 
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1.3. Contributions 

To the best of the author’s knowledge, the main contributions of this research are listed 

below: 

1. The battery casing is proposed as the reference electrode for electrode potential 

measurement. This novel approach enables calculating and monitoring of the 

status of electrodes and cyclable lithium, which are valuable to the BMS to 

further optimize the operating parameters. 

2. A curve matching algorithm is proposed to solve the electrode floating voltage 

issue while measuring electrode voltages with respect to the reference 

electrode. The developed algorithm is also able to monitor the lithium-ion 

inventory in real-time 

3. The electrode's state of charge and capacity fade calculation and monitoring 

method is proposed. 

4. A three-electrode battery pack setup is proposed using a battery casing as the 

reference electrode. Using casing as a reference for the three-electrode battery 

pack is beneficial for estimating individual battery electrode parameters, such 

as electrode capacity fade and state of charge. 

5. A model-based anode state of charge estimation method is developed using an 

unknown input observer for an individual battery in the battery pack. 

6. The anode state of the charge estimation method for variable charge and 

discharge current is developed. 

7. A capacity fade estimation method of the anode of an individual cell in the 

battery pack is proposed. 
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1.4. Outline 

This thesis is organized as follows: 

• Chapter 1 presents the background and motivation of this research along with its 

contributions. 

• Chapter 2 will review the existing literature on the related field and its current 

methodologies. 

• Chapter 3 will present the concepts and the developed methodologies for 

electrodes SOC and degradation monitoring.  

• Chapter 4 will describe the developed methodology for the anode SOC estimation 

and degradation monitoring.  

• Chapter 5 will present the results and a detailed discussion of this research. 

• Chapter 6 will conclude this thesis and suggests future work on the presented 

topics.  
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Chapter 2. Literature Review 

2.1. Introduction 

This chapter will review various SOC/SOH estimation methods for lithium-ion 

batteries. There is a lack of studies on electrode level SOC estimation. However, some 

recent electrode level SOC estimation methods are also reviewed in this chapter. Then, 

various three-electrode lithium-ion battery setup method is illustrated.     

2.2. Battery SOC and SOH Estimation 

Among the most critical battery internal parameters, the energy indicating 

parameter state of charge (SOC) provides remaining capacity information in the battery. 

Accurate SOC estimation in the battery management system is critical for reliability and 

for prolonging battery life. Various SOC estimating methods have been developed 

considering different approaches [26]–[28], [29]. Ampere-hour (Ah) or coulomb counting 

estimating method [26], [27], [30]–[32]is the most conventional among the estimation 

methods used based on calculating transferred charge to the cell by integrating charge and 

discharge current over time. This low-cost computational method can estimate SOC in real-

time. However, the significant drawbacks of this technique are measurement error 

accumulation during operation [30], [33]and it requires a known initial SOC in the 

algorithm. The open-circuit voltage (OCV) measurement method [26], [32], [34], [30], [35] 

is another widely used SOC estimation technique. However, it is very time-consuming due 

to its long resting time requirement for voltage stabilization [30] and not very practical for 

real-time battery management applications as it is almost impossible to measure the OCV 

voltage during battery operation. The accurate SOC estimation using the OCV method 
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heavily depends on the OCV-SOC relationship [36], [37]. There are many studies on 

model-based methods which calculate SOC using an equivalent circuit model or a 

simplified physics-based model [28], [38], [39], [40]. However, these models face weak 

observability issues, especially for the batteries with flat cathode potential [41]. Neural 

network-based methods have been gaining traction in recent years. They are useful for SOC 

estimation due to their nonlinear mapping capability [30], [35], [42]. However, the 

complexity of neural networks and high computational cost are significant drawbacks. It 

also requires a considerable amount of training data under various conditions. 

Mathematical model-based estimation techniques[28], [38], [39], [41] gained popularity in 

EV applications due to their estimation reliability while employed in EV real-time 

applications. These methods are developed using a battery model with a mathematical 

model to estimate SOC [39], [43], [44], [45]. The performance and reliability of this 

method can be further improved by employing an observer or adaptive filters [26]. 

There have been numerous methodologies developed for SOC and state of health (SOH) 

estimation based on different estimation techniques such as adaptive filter, machine 

learning, or observer-based [26], [32], [46]. Many SOC and state of health (SOH) 

estimation methods have been proposed based on electrochemical [47], [48] and 

electrothermal [30], [35], [49] models. J. Li et al. [17] developed a single particle 

degradation model that considers only SEI layer formation to estimate the SOH of the LIB. 

This SOH estimation method is based on a simplified degradation model, which may not 

reflect the actual degradation in the battery. Y. Ma et al. [38] proposed a SOC estimation 

method of LIB based on the fractional-order impedance spectra model. In this approach, 

the battery fractional order impedance model is first derived. The model parameters for the 
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LIB are identified using a frequency fitting method and parameter identification algorithm. 

A Kalman filter approach is then introduced to estimate the SOC. This approach involves 

many models and complex calculations to estimate the SOC. D. Andre et al. [39] presented 

two SOC and SOH estimation methods using the Kalman filter and unscented Kalman filter 

coupled with a support vector regression algorithm. The estimation accuracy of the model 

is verified by experimental data [50], [51]. Lai et al. [52] developed an equivalent circuit 

model considering partial electrochemical properties. Battery parameters are then 

identified using a particle swarm optimization method. Then an extended Kalman filter is 

employed to estimate SOC. They have achieved less than 1% estimation error for the 

proposed estimation method. The proposed method adopted multiple algorithms to develop 

the estimator, thus introducing application complexity. Dai et al. [53] proposed an online 

cell SOC estimation method in a battery pack. An equivalent circuit model is developed 

for the battery, then the battery pack’s average SOC is estimated. Then the performance 

divergences between the “averaged cell” and each cell are incorporated to estimate SOC 

for all cells using an extended Kalman filter. Y. Zou et al. [54] developed a combined SOC 

and SOH estimation method using the Kalman filter. First, the SOC dependency of the 

common parameters of a first-order RC (resistor-capacitor) model is determined. Then, the 

performance degradation of the model is quantified. Last, two Kalman filters of different 

time scales are employed to estimate SOC/SOH. He et al. [55] developed a cell SOC 

estimation method based on an adaptive Kalman filter. They have proposed an improved 

Thevenin battery model by adding an additional RC branch. The battery model parameters 

are identified using an extended Kalman filter algorithm. Then, an adaptive Kalman filter 

algorithm is employed to estimate the SOC of the lithium-ion battery. The proposed 
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method improves the estimation by reducing the maximum SOC estimation error from 

14.96% to 2.54% and 3.19% to 1.06% for the mean SOC estimation error. X. Tang et al. 

[41] presented a multi-gain observer-based SOC estimation method. A classifier was used 

to select the gain for the observer to increase the convergence speed. The accuracy of this 

estimation method depends heavily on the observer. Snoussi et al. [56] proposed a cell 

SOC estimation method based on an unknown input observer and a differential-algebraic 

model. The proposed observer uses initial SOC as an unknown value for the system. First, 

open circuit voltage is estimated using a reduced-order unknown input observer and then 

the SOC is estimated using the OCV-SOC characteristic offline-determined. Rao et al. [57] 

proposed a nonlinear fractional-order unknown input observer (FOUIO) based cell SOC 

estimation method. They have utilized linear matrix inequality-based formulation for the 

parameter matrices calculation. The proposed method was then validated and compared 

with reported SOC estimation methods. Xu et al. [58] developed a proportional-integral 

(PI) observer-based lithium-ion battery SOC estimation method. They have utilized a 

simple-structure RC battery model to model the Li-ion battery. They achieved estimation 

error within 2% for both the known and unknown initial SOC. Zhong et al. [59] proposed 

an adaptive sliding mode observer (SMO) based SOC estimation. A fractional order 

equivalent circuit model (FOECM) is utilized to model the lithium-ion battery. To reduce 

chattering and convergence time they have presented a new self-adjusting strategy for the 

observer gains that adjusts the observer in the estimation process. Guo et al. [60] presented 

an improved BP neural network-based SOC estimation algorithm. This method achieved a 

better result by significantly reducing the SOC prediction error by utilizing a lot of 

experimental data to improve NN training and learning. Guo et al. [61] proposed a SOH 
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estimation method employing an equivalent circuit model to characterize the CC part of 

the charging curve and derived a transformation function and a time-based parameter. 

Equivalent circuit model parameters are evaluated using a nonlinear least-squares method 

(LSM). A. Mohamed et al. [62] presented a SOC estimation technique using an adaptive 

neuro-fuzzy inference system. The proposed method estimates SOC using the OCV and 

SOC relationship information provided by the cell manufacturer. OCV-based SOC 

estimations are time-consuming and not suitable for real-time estimation applications due 

to the difficulty of measuring OCV during operation. Chen et al. [63] proposed a state of 

charge estimation method based on an inclusive equivalent circuit model. Battery model 

parameters are estimated using a neural network. A nonlinear observer is designed based 

on a radial basis function neural network to estimate the battery's SOC. The proposed 

method has a faster convergence speed and higher precision compared to the Kalman filter-

based SOC estimation algorithms. Chen et al. [64] developed a neural network and Kalman 

filter-based battery SOC estimation method. They presented an improved battery model 

based on a feedforward neural network (FFNN). A SOC estimating algorithm is then 

developed based on an extended Kalman filter. The robustness of the developed model and 

algorithm is then verified using a hardware-in-loop test bench. He et al. [65] proposed an 

artificial neural network (ANN)–based SOC estimation method. An ANN is utilized to 

develop a battery model for SOC estimation with an unscented Kalman filter to reduce 

estimation error. Dang et al. [66] presented an OCV-based SOC estimation method using 

a dual neural network. The battery is modeled using two neural networks connected in 

series. A linear neural network is employed to identify first-order or second-order 

electrochemical model parameters. Then, a BP neural network is used to capture the OCV-
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SOC relationship. An average estimation error of 1.03% is achieved with a maximum error 

of 4.82%. Boujoudar et al. [67] presented a SOC estimation method based on FFNN and 

the nonlinear autoregressive (NARX) model. Both neural networks are first trained offline 

and then employed to estimate SOC (NARX is used to estimate the SOC, and FFNN is 

used to identify battery parameters). Wei et al. [68] employed an improved dynamic neural 

network to estimate the SOC through an open-loop and a closed-loop nonlinear auto-

regressive model. This method utilized multiple models and a dynamic NN which 

introduces more complexity. He et al.  [69] propose an artificial neural network–based 

lithium-ion battery model for SOC estimation, based on the measured current and voltage. 

In the proposed method SOC estimation error is reduced by employing an unscented 

Kalman filter. Then the method is validated using LiFePO4 battery data. To reduce the 

complexity of employing model-based SOC estimation methods for battery packs, Deng et 

al. [70] proposed a data-driven SOC estimation method for battery packs based on gaussian 

process regression (GPR). First, features are extracted through correlation analysis and 

principal component analysis to obtain an input dataset with a high correlation with SOC. 

Second, the wights of the features are optimized by utilizing the squared exponential kernel 

function and automatic relevance determination. To improve the estimation accuracy, the 

authors used an autoregressive GPR model along with the regular GPR model. The 

estimation error achieved in this study is lower than 3.9%. 

2.3. Electrode Level SOC and SOH Estimation Methods 

The existing SOC and SOH estimation methods are mostly model-based and do not 

directly measure the battery's internal parameters except voltage and current. They are 

heavily dependent on the degradation information from the model [16], [71], [72], which 
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may not reflect the degradation in the actual battery cells due to the degradation complexity 

and low model fidelity. The neural network (NN) based SOC estimation models[73] are 

trendy these days, but the drawback of NN-based methods is the large amount of data 

required to train the network for better accuracy. These methods' computational cost and 

implementation complexity are also troublesome for real-time applications. One key issue 

is that most studies in this field focus on the cell level SOC and SOH and cannot provide 

the status information at the electrode level inside the battery.  

S. Lee et al.[74] proposed two model-based methods (voltage fitting and differential 

voltage analysis) to estimate the electrode state of health of NMC/graphite cells using half-

cell potential. The proposed method can separate individual electrodes' voltage 

contribution from the cell voltage by utilizing peak information in the differential voltage 

curve. A. Bartlett et al.[40] proposed an electrochemical model to estimate the SOC and 

capacity of a lithium-ion manganese oxide (LMO)-NMC composite electrode Li-ion 

battery. Their study presents a reduced-order electrochemical model to predict the 

electrode's surface and bulk lithium concentration. Tian et al. [10] presented an electrode 

level parameter estimation method via a convolutional neural network. The proposed 

method can estimate electrode capacities and initial SOCs from the parts of the charging 

profile without feature extraction, which enables electrode fast aging diagnosis. Further, 

these estimated parameters are used to reconstruct OCV-Q (charge amount) curves that can 

estimate battery capacity with an accuracy of more than 99%. These electrode SOC/SOH 

estimation methods are model-based, and the used electrochemical models do not degrade 

over time. Therefore, the estimation algorithms face issues when the battery experiences 

considerable degradation over cycling.  
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2.4. Three-electrode Battery Setup Methods 

McTurk et al. [75] presented an approach to insert a Li metal foil or Li-plated copper 

rod as a reference electrode in a commercially available pouch cell. They made a 5mm cut 

in the pouch cell, and then the shell was pilled to open the cell. A U-shaped lithium metal 

foil is used as the reference electrode. D. Aurbach et al. [15] presented another approach 

by cutting a commercial cylindrical cell and forming two half cells using the electrodes of 

the cell. Somerville, L et al. [76] proposed a new approach by cutting a commercially 

available cylindrical cell and inserting a Li metal reference electrode. They tabbed the cell 

first with stainless steel tabs, then using a pipe cutter, they cut the cell between the cap and 

the shell. The reference electrode used for this is prepared by wrapping lithium metal 

around a copper wire. However, these are not promising approaches for practical 

applications because inserting additional reference electrode materials into the battery 

could cause additional side reactions, change the battery manufacturing process 

significantly, increase production cost, and risk internal short-circuit. 

2.5. Chapter Summary 

This chapter discusses various lithium-ion battery and electrode SOC/SOH 

estimation methodologies and popular three-electrode battery setup methods. The chapter 

starts by discussing Li-ion battery SOC and SOH estimation methods, followed by the 

electrode level SOC estimation methods. Then existing most conventional three-electrode 

battery setup methods are discussed.  
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Chapter 3. Electrode SOC and degradation monitoring via auto curve matching 

3.1. Introduction 

This chapter will cover the three-electrode battery setup method along with the 

experimental setup for the research. Followed by the data processing technique and 

developed curve matching algorithm. Furthermore, both electrode SOC and capacity 

calculation method are discussed in detail. 

3.2. Experimental Setup and Procedure 

Commercially available 18650-type cells (UR18650AA, Sanyo) are used in this 

study. The cell consists of graphite anode and lithium nickel manganese cobalt oxide 

(NMC) cathode. The nominal capacity and voltage of the cell are 2.25Ah and 3.6V, 

respectively. Before the experimental setup, the cell was discharged to its standard cut-off 

voltage of 2.5V. The experiment is conducted at a room temperature of 25°C. Standard cell 

specification is shown in Table I.  

TABLE I. Specifications of the tested battery 

Specification Cell 

Cell type UR18650AA. Sanyo 

Electrode material Li(Ni0.8Co0.1Mn0.1)O2 / graphite 

Nominal capacity 2.25Ah 

Minimum capacity 2.15Ah 

Charge cut-off voltage 4.2V 

Nominal voltage 3.6V 
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Discharge cut-off voltage 2.5V 

Charge and Discharge cut-off current 0.02C 

Standard charging current 0.7C 

Testing temperature 25 ℃ 

 

The battery casing is used as a reference electrode for this experiment. The cell was 

connected with nickel tabs at three locations: positive and negative terminals and the shell. 

The cell's casing was then cut very carefully while holding vertically to isolate it from the 

negative electrode. After the reference casing was cut (disconnected from the cell's 

negative terminal), a non-reactive silicone glue was used to seal the cut. An anode voltage 

of 2.7V and a cathode voltage of 0.8V with respect to the reference electrode was observed 

right after the cut. The prepared cell is then left to rest. At this point, we have a working 

cell with a negative, positive, and reference electrode.  
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The cell is then kept vertically overnight to dry up the silicon glue. Fig. 3.1 shows the three-

electrode cell setup for the experiment. Cell negative and positive electrodes are then 

connected to the cable of the cycler for cycling, and the reference electrode and negative 

electrode are connected to another cable of the cycler to record the voltage difference 

between the anode and reference electrode. Cathode voltage is obtained by getting the 

difference between the anode potential and the full-cell voltage. The cell was then cycled 

using standard constant-current constant-voltage charge and discharge protocol. A standard 

charging current of 0.7C (1505mA) was applied for both charging and discharging, where 

cut-off voltages for charge and discharge were set to 4.2V and 2.5V, respectively. 1/50 C 

or 43mA cut-off current is used for both charging and discharging. The anode voltage (with 

respect to the reference electrode) is recorded during the charging and discharging cycles. 

 

 Figure 3.1. 3-electrode cell preparation for experiment. Reused from [1]. Copyright Elsevier 2022 
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The experimental setup is shown in Fig. 3.2. To produce similar three-electrode cells in the 

commercial products, the casing can be manufactured using a rubber spacer between the 

negative terminal portion of the casing and the reference casing, as shown in Fig. 3.3. The 

spacer will help separate the reference casing from the negative electrode and seal the gap 

 

  Figure 3.3. Cell with rubber spacer. Reused from [1]. Copyright Elsevier 2022 

 

Figure 3.2. Experiment setup. Reused from [1]. Copyright Elsevier 2022 
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to produce a three-electrode cell. This manufacturing process does not add any extra new 

material and is very cost-effective and safe. 

3.3. Uncertainty Analysis 

We observe that the measured anode voltage gradually and slowly shifts up and 

down over cycling. This can be described using the Nernst equation. In a redox reaction, 

the potential is determined by the Nernst equation [77], which is shown below,  

𝐸𝐸 = 𝐸𝐸0 − 𝑅𝑅𝑅𝑅
𝑛𝑛𝑛𝑛
𝑙𝑙𝑙𝑙 𝐿𝐿     (3.1) 

where 𝐸𝐸, 𝐸𝐸0 represents reduction and standard potential, respectively. 𝑅𝑅, 𝐹𝐹 is gas constant 

and Faraday constant, 𝑇𝑇 is the ambient temperature in kelvin, n is the number of electrons 

transferred in the reaction, and 𝐿𝐿 is the reaction quotient which is the relative amounts of 

products and reactants available during a reaction at a particular time. As shown in Eq. 3.1, 

𝐸𝐸 is affected by the metal ion concentration 𝐿𝐿 in the solution. Based on Eq. 3.1, the shift 

of electrode potential is due to the uncertainty and variation of metal-ion concentration in 

the solution. The voltage shift of 𝐿𝐿𝐿𝐿𝑥𝑥𝐿𝐿6 with respect to the battery, the casing is shown in 

Fig. 3.4(a). 
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As shown in Fig. 3.4(a), the measured anode voltage shifts up and down over time due to 

the unknown concentration of 𝐴𝐴𝑙𝑙3+ change in the solution. Without this floating voltage 

issue, the anode voltage curve should look similar to Fig. 3.4(b). Due to the voltage floating 

issue, we can not use the anode potential directly to calculate the electrode SOC and storage 

capacity. To address this issue, we proposed a voltage curve matching approach that 

matches the floating curve to the standard anode curve since the shape of the anode voltage 

curve remains similar to the standard graphite potential. Thus, this approach is helpful in 

obtaining the stoichiometric information of the electrodes after each cycle. 

3.4. Data Processing and Curve Matching 

Recorded battery cycling data (input current and measured voltage), anode, and 

cathode voltage are processed using MATLAB for further calculation. Anode, cathode, and 

cell data were matched based on the recorded timestamp to avoid data mismatch. Fig 3.5 

shows the cell voltage along with the anode and cathode voltages. 

 

Figure 3.4. (a) LixC6 vs Al-casing Voltage [V] over cycles, (b) ideal anode voltage without shifting 
over cycle. Reused from [1]. Copyright Elsevier 2022 
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The cell anode is made of graphite material. Therefore, the standard graphite anode 

potential curve is used for anode voltage curve matching, and the NMC half-cell cathode 

potential curve is used to match the recorded cathode voltage. Curves are matched to find 

the starting and endpoint of the state of lithiation (SOL) during a charging cycle. The 

lithiation status shows the percentage of lithium-ion transferred from anode to cathode 

during the charging cycle. 

 

 

 

 

 Figure 3.5. Voltage behavior of the cell (light green line left y-axis), Anode (blue line right y-axis) 
and Cathode (red line left y-axis) with respect to the reference electrode vs time (h). Reused from [1]. 

Copyright Elsevier 2022 
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Curves are matched based on the iterative chi-squared error reduction method [78]. The 

voltage curves of anode and cathode during a charging cycle are matched with the standard 

graphite potential and NMC cathode potential curve. Standard anode and cathode curves 

are fixed for the matching process, while the measured anode and cathode voltage curves 

are scaled to match the standard curves. The error of the curve matching is calculated using 

Eq. 3.2. An algorithmic flowchart of error calculation and curve matching is shown in Fig. 

3.6. 

𝑒𝑒𝑒𝑒𝑒𝑒 =  ∑ (𝑅𝑅𝑖𝑖 − 𝐸𝐸𝑖𝑖)2𝑛𝑛
𝑖𝑖      (3.2) 

 

 Figure 3.6. Flowchart of the curve matching algorithm. Reused from [1]. Copyright Elsevier 2022 
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where 𝑅𝑅𝑖𝑖, 𝐸𝐸𝑖𝑖 represent the i-th values of the standard potential curve and measured 

electrode curve, respectively. The error of the i-th iteration is compared with the (i-1) 

iteration. When the error cannot be further reduced, the algorithm exits iteration.  

Fig. 3.7 (a to d) shows the curve matching over iterations. The curve's start and endpoint 

(shown in Fig. 3.7(d) marked in red circle) are used to calculate each electrode's SOL. 

 

 

 

 Figure 3.7. Anode curve matching over iterations. (a to d). Reused from [1]. Copyright Elsevier 2022 
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3.5.  Electrode SOC, Capacity, and Remaining Cyclable 

Lithium Inventory Calculation 

During the constant current (CC) charging stage, the charging current remains 

constant, thus, 𝑄𝑄𝐶𝐶𝐶𝐶 is calculated by multiplying the current with charging time which is 

demonstrated in Eq. 3.3, but the current decreases over time for the constant voltage (CV) 

charging stage. Therefore, 𝑄𝑄𝐶𝐶𝐶𝐶 is calculated by integrating the current over the charging 

time as shown in Eq. 3.4. The amount of charge transferred during a charging cycle is 

calculated by adding the capacity of the constant current charging part and the constant 

voltage charging part as shown in Eq. 3.5 below.  

 

where 𝑄𝑄𝑐𝑐𝑐𝑐 and 𝑄𝑄𝑐𝑐𝑐𝑐 represent the amount of charge transferred during constant current and 

constant voltage charging stages, 𝑡𝑡0 and 𝑡𝑡𝑒𝑒𝑛𝑛𝑒𝑒 represent the starting and ending times of 

each stage (CC and CV). 𝐼𝐼 represent the constant current of CC stage and 𝐼𝐼(𝑡𝑡) represent 

the CV stage current as a function of time. 𝑄𝑄𝑐𝑐ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑒𝑒 represent total charge transferred to the 

cell during a charging cycle. 

The start and end points are the points on the X-axis of the standard graphite potential 

curve that matches with the first and last point of the measured anode voltage curve. The 

start and end points of cathode SOL are found following the same method as the anode.  

𝑄𝑄𝑐𝑐𝑐𝑐 = 𝐼𝐼 ∙ (𝑡𝑡𝑒𝑒𝑛𝑛𝑒𝑒_𝑐𝑐𝑐𝑐 − 𝑡𝑡0_𝑐𝑐𝑐𝑐)    (3.3) 

𝑄𝑄𝑐𝑐𝑐𝑐 = ∫ 𝐼𝐼(𝑡𝑡)𝑡𝑡𝑒𝑒𝑛𝑛𝑒𝑒_𝑐𝑐𝑐𝑐
𝑡𝑡0_𝑐𝑐𝑐𝑐

𝑑𝑑𝑡𝑡     (3.4) 

𝑄𝑄𝑐𝑐ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑒𝑒 = 𝑄𝑄𝑐𝑐𝑐𝑐 + 𝑄𝑄𝑐𝑐𝑐𝑐     (3.5) 
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𝑋𝑋𝑒𝑒𝑖𝑖𝑑𝑑𝑑𝑑 = |𝑋𝑋𝑒𝑒𝑛𝑛𝑒𝑒 − 𝑋𝑋𝑠𝑠𝑡𝑡𝑎𝑎𝑎𝑎𝑡𝑡|    (3.6) 

where 𝑋𝑋𝑒𝑒𝑖𝑖𝑑𝑑𝑑𝑑, 𝑋𝑋𝑠𝑠𝑡𝑡𝑎𝑎𝑎𝑎𝑡𝑡, 𝑋𝑋𝑒𝑒𝑛𝑛𝑒𝑒 represent the percentage difference in the state of lithiation after 

charging, state of lithiation when the charging cycle is started, and state of lithiation when 

the charging cycle ends, respectively. The remaining cyclable lithium in the battery is 

calculated using Eq. 3.6. 

Fig. 3.8 (a) & Fig. 3.8 (b) show the difference in the state of lithiation of anode and cathode 

during a charging cycle. 

The capacity of the electrodes is calculated by dividing the amount of charge 

transferred during a charging cycle by the percentage difference in the state of lithiation of 

each electrode. Eq. 3.7 and Eq. 3.8 state the calculation of anode and cathode capacity, 

respectively. 

𝑄𝑄𝑎𝑎𝑛𝑛𝑎𝑎𝑒𝑒𝑒𝑒 = 𝑄𝑄𝑐𝑐ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑒𝑒
𝑋𝑋𝑒𝑒𝑑𝑑𝑑𝑑𝑑𝑑𝑎𝑎

     (3.7) 

𝑄𝑄𝑐𝑐𝑎𝑎𝑡𝑡ℎ𝑎𝑎𝑒𝑒𝑒𝑒 = 𝑄𝑄𝑐𝑐ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑒𝑒
𝑋𝑋𝑒𝑒𝑑𝑑𝑑𝑑𝑑𝑑𝑐𝑐

    (3.8) 

 

(a)      (b) 

Figure 3.8. Start and end points of state of lithiation of a charging cycle. Reused from [1]. Copyright 
Elsevier 2022 
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where, 𝑄𝑄𝑎𝑎𝑛𝑛𝑎𝑎𝑒𝑒𝑒𝑒, 𝑄𝑄𝑐𝑐𝑎𝑎𝑡𝑡ℎ𝑎𝑎𝑒𝑒𝑒𝑒, 𝑄𝑄𝑐𝑐ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑒𝑒 represent the capacity of anode, cathode, and amount of 

charge transferred to the cell. 𝑋𝑋𝑒𝑒𝑖𝑖𝑑𝑑𝑑𝑑𝑎𝑎  and 𝑋𝑋𝑒𝑒𝑖𝑖𝑑𝑑𝑑𝑑𝑐𝑐 are the differences in the state of lithiation 

of anode and cathode during charging, respectively. In this study, the state of charge in 

each electrode is represented by the state of lithiation in each electrode. 

3.6. Chapter Summary 

This chapter discusses the developed three-electrode battery setup method, 

developed curve matching algorithm to get electrode internal parameters, electrode SOC 

and capacity calculation method, and available lithium-ion content monitoring method. 

The chapter starts with detailing the specification of the utilized lithium-ion battery for this 

research and then describes a novel three-electrode battery setup method. Unlike inserting 

external materials, the proposed 3-electrode battery setup technique uses the casing as the 

reference electrode for electrode potential measurement. An uncertain floating voltage 

issue is observed while using casing as a reference electrode for electrode potential 

measurement. Addressing this floating voltage, a curve matching algorithm is developed 

to calculate the electrode state of lithiation or state of charge. Further, electrode SOL is 

used to calculate electrode capacity and available lithium-ion content in the cell over the 

cycle.  
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Chapter 4. Anode SOC estimation and degradation monitoring via unknown input 

observer 

4.1. Introduction 

This chapter presents an experimental setup for a three-electrode battery pack. 

Followed by an unknown input observer design to estimate anode SOC using the floating 

voltage as unknown input to the model. A Thevenin equivalent battery model is presented 

to setup the mathematical estimation model. Then a model-based anode SOC and capacity 

estimation method are discussed in detail. 

4.2. Experimental Setup 

For this experiment, the same battery is used as mentioned in section 3.2, Sanyo 

UR18650AA lithium-ion 18650 cells. The nominal capacity of the single cell is 2.25 

Ampere-hour (Ah), and the voltage is 3.6V. The cells were discharged to their standard 

discharge cut-off voltage, 2.5V, before the experimental setup. Three of these 18650 cells 

were connected in parallel to set up the battery pack. Thus, the nominal capacity of the 

battery pack is 6.75Ah, where the charge and discharge cut-off voltage remains the same 

as a single cell. The experiment was conducted at room temperature. Specifications of the 

battery are shown in Table I in section 3.2. 

Three Sanyo UR18650AA cells are used for the three-electrode battery pack. The 

three-electrode battery is prepared following the method described in section 3.2.  
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Prepared three-electrode cells are then connected in parallel for battery pack setup. The 

battery pack negative and positive terminal is then connected to a channel of the cycler 

through cable. The reference electrode and respective anode of each cell in the pack are 

connected to a channel via cable to record the voltage difference between the negative 

terminal and that cell's reference. Three channels of the cycler are used for recording the 

voltage difference of the anode and reference for three cells. A current sensor is connected 

between each two cell’s cathode connection. Further, the current sensors are connected to 

 

    

 

  Figure 4.1. Experimental setup of three-electrode battery pack 
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an Arduino nano for recording current input through each cell. The battery pack was cycled 

using the standard constant-current and constant-voltage (CC-CV) charge and discharge 

protocol. The pack was charged and discharged with 0.7C (4725mA) current, where charge 

and discharge cut-off voltages were set to 4.2V and 2.5V, respectively. The charge and 

discharge cut-off current were set to 1/50 C (135mA). The anode voltage of each cell in 

the battery pack is recorded with respect to the respective reference electrode of the cell. 

The experimental setup of the battery pack and electrical wiring is shown in Fig. 4.1(a) and 

4.1(b). 

4.3. Floating Anode Potential 

We noticed that the recorded anode voltage progressively increases and decreases 

during cycling. We call this voltage shift anode floating voltage.  

 

The anode potential with respect to the reference casing is shown in Fig. 4.2. This study 

uses this floating voltage as the unknown input to the system as the voltage up and 

downshifting pattern is unknown. 

    

Figure 4.2. 𝐿𝐿𝐿𝐿𝑥𝑥𝐿𝐿6 vs Al-casing voltage 
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4.4. Observer Design 

A constant current constant voltage charging protocol is utilized to cycle the battery 

pack. However, due to the parallel connection, the current input to an individual cell is no 

longer constant. Thus, due to variable current input, a smooth anode potential curve can 

not be obtained. Therefore, the curve matching algorithm presented in section 3.4 no longer 

works as expected. Moreover, the obtained anode potential up and downshifting pattern is 

unknown. Thus, an unknown input observer is employed to estimate anode SOC using the 

floating anode potential as unknown input to the system. 

To design an unknown input observer for anode SOC estimation, we considered a 

linear system, and the mathematical model of the system is as follows, 

�̇�𝐿(𝑡𝑡) = 𝐴𝐴𝐿𝐿(𝑡𝑡) + 𝐵𝐵𝐵𝐵(𝑡𝑡) + 𝐷𝐷𝐷𝐷(𝑡𝑡)    (4.1) 

𝑦𝑦(𝑡𝑡) = 𝐿𝐿𝐿𝐿(𝑡𝑡)      (4.2) 

where 𝐿𝐿(𝑡𝑡), 𝐵𝐵(𝑡𝑡), and 𝐷𝐷(𝑡𝑡) are the state vector, the input vector, the unknown input vector, 

and 𝑦𝑦(𝑡𝑡) is the output vector. 𝐴𝐴, 𝐵𝐵, 𝐿𝐿, and 𝐷𝐷 are dynamic parameters of the considered 

system consisting of appropriate dimensions. Rank (𝐿𝐿 ∗ 𝐷𝐷) = rank (𝐷𝐷) is required for the 

system to be observable where (C, A) is an observable pair. 
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The structure of the UIO for the above-mentioned (4.1) linear system can be described 

as follows [79]. The structure of such UIO is shown in Fig. 4.3 [80]. 

�̇�𝑧(𝑡𝑡) = 𝑁𝑁𝑧𝑧(𝑡𝑡) + 𝐿𝐿𝑦𝑦(𝑡𝑡) + 𝐺𝐺𝐵𝐵(𝑡𝑡)    (4.3) 

𝐿𝐿�(𝑡𝑡) = 𝑧𝑧(𝑡𝑡) − 𝐸𝐸𝑦𝑦(𝑡𝑡)    (4.4) 

where 𝑧𝑧(𝑡𝑡) is the UIO state vector and 𝐿𝐿�(𝑡𝑡) is the estimated state vector. UIO parameter 

matrices are defined as 𝑁𝑁, 𝐿𝐿, 𝐺𝐺and 𝐸𝐸 with appropriate dimensions. For the estimated state 

vector, 𝐿𝐿�(𝑡𝑡) convergence to 𝐿𝐿(𝑡𝑡), the UIO parameters are determined by formulating into 

LMI. 

UIO state estimation error can be noted as follows [79], 

𝑒𝑒(𝑡𝑡) = 𝐿𝐿�(𝑡𝑡) − 𝐿𝐿(𝑡𝑡) = 𝑧𝑧(𝑡𝑡) −𝑀𝑀𝐿𝐿(𝑡𝑡)    (4.5) 

With,  

 

    

 Figure 4.3. Structure of the unknown input observer  
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𝑀𝑀 = 𝐼𝐼 + 𝐸𝐸𝐿𝐿      (4.6) 

where 𝑒𝑒 and 𝐼𝐼 are the state estimation error and the identity matrix, respectively. 

Hence, state estimation error dynamics can be given as stated below [79]: 

�̇�𝑒(𝑡𝑡) = �̇�𝑧(𝑡𝑡) −𝑀𝑀�̇�𝐿(𝑡𝑡)     (4.7) 

Substituting �̇�𝐿(𝑡𝑡) and �̇�𝑧(𝑡𝑡) from equation (4.1) and (4.3) into equation (4.7) yields, 

�̇�𝑒(𝑡𝑡) = 𝑁𝑁𝑧𝑧(𝑡𝑡) + 𝐿𝐿𝑦𝑦(𝑡𝑡) + 𝐺𝐺𝐵𝐵(𝑡𝑡) −𝑀𝑀(𝐴𝐴𝐿𝐿(𝑡𝑡) + 𝐵𝐵𝐵𝐵(𝑡𝑡) + 𝐷𝐷𝐷𝐷(𝑡𝑡))  (4.8) 

With 𝑒𝑒(𝑡𝑡) = 𝑧𝑧(𝑡𝑡) −𝑀𝑀𝐿𝐿(𝑡𝑡) the equation (4.8) reads as, 

�̇�𝑒(𝑡𝑡) = 𝑁𝑁𝑒𝑒 + (𝑁𝑁𝑀𝑀 + 𝐿𝐿𝐿𝐿 −𝑀𝑀𝐴𝐴)𝐿𝐿(𝑡𝑡) 

+(𝐺𝐺 −𝑀𝑀𝐵𝐵)𝐵𝐵(𝑡𝑡) 

−𝑀𝑀𝐷𝐷𝐷𝐷(𝑡𝑡)     (4.9) 

To ensure that the system is independent of the unknown input and converges, the 

following conditions must be satisfied [79], 

𝑁𝑁𝑀𝑀 + 𝐿𝐿𝐿𝐿 −𝑀𝑀𝐴𝐴 = 0     (4.10) 

𝐺𝐺 −𝑀𝑀𝐵𝐵 = 0 or 𝐺𝐺 = 𝑀𝑀𝐵𝐵    (4.11) 

𝑀𝑀𝐷𝐷 = 0     (4.12) 

If the above conditions satisfy the equation (4.9) yields, 

�̇�𝑒(𝑡𝑡) = 𝑁𝑁𝑒𝑒(𝑡𝑡)     (4.13) 

From equation (4.13), if 𝑁𝑁 is stable, the system asymptotically converges.  
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For 𝐾𝐾 = 𝐿𝐿 + 𝑁𝑁𝐸𝐸 the equation (4.10) can be rewritten as [81], 

𝑁𝑁 = 𝑀𝑀𝐴𝐴 − 𝐾𝐾𝐿𝐿    (4.14) 

Thus, to solve for 𝐿𝐿 using equation (4.14), 

𝐿𝐿 = 𝐾𝐾(𝐼𝐼 + 𝐿𝐿𝐸𝐸) −𝑀𝑀𝐴𝐴𝐸𝐸    (4.15) 

where 𝐼𝐼 is an identity matrix with the same dimension as 𝐿𝐿 ∗ 𝐸𝐸. 

For the considered system 𝐿𝐿 ∗ 𝐷𝐷 = 1, which is considered a full rank. Thus, from equation 

(4.12), 

𝐸𝐸 = −𝐷𝐷(𝐿𝐿𝐷𝐷)+ + 𝑌𝑌(𝐼𝐼 − (𝐿𝐿𝐷𝐷)(𝐿𝐿𝐷𝐷)+)   (4.16) 

where, (𝐿𝐿𝐷𝐷)+ = �(𝐿𝐿𝐷𝐷)𝑅𝑅(𝐿𝐿𝐷𝐷)�
−1

(𝐿𝐿𝐷𝐷)𝑅𝑅 and 𝑌𝑌 is an arbitrary matrix [79]. 

For notational ease equation (4.16) is rewritten as, 

𝐸𝐸 = 𝑈𝑈 + 𝑌𝑌𝑌𝑌     (4.17) 

where, 𝑈𝑈 = −𝐷𝐷(𝐿𝐿𝐷𝐷)+ and 𝑌𝑌 =  𝐼𝐼 − (𝐿𝐿𝐷𝐷)(𝐿𝐿𝐷𝐷)+. 

A Lyapunov function 𝑌𝑌(𝑡𝑡) = 𝑒𝑒(𝑡𝑡)𝑅𝑅𝑝𝑝𝑒𝑒(𝑡𝑡) with 𝑃𝑃 > 0 can be considered to formulate the 

UIO matrices into LMI to determine the matrices such that 𝑒𝑒 is asymptotically stable and 

the system converges [79], [82]. 

The dynamics of the Lyapunov function can be described as [79], 

�̇�𝑌(𝑡𝑡) = 𝑒𝑒(𝑡𝑡)𝑅𝑅(𝑁𝑁𝑅𝑅𝑃𝑃 + 𝑃𝑃𝑁𝑁)𝑒𝑒(𝑡𝑡)   (4.18) 

where 𝑁𝑁𝑅𝑅𝑃𝑃 + 𝑃𝑃𝑁𝑁 < 0 has to satisfy for the system to converge. 
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With the general solution of 𝐸𝐸 from equation (4.17), the LMI [82] for the UIO matrices 

yields, 

�(𝐼𝐼 + 𝑈𝑈𝐿𝐿)𝐴𝐴�
𝑅𝑅
𝑃𝑃 + 𝑃𝑃(𝐼𝐼 + 𝑈𝑈𝐿𝐿)𝐴𝐴 

+(𝑌𝑌𝐿𝐿𝐴𝐴)𝑅𝑅𝑌𝑌𝑅𝑅𝑃𝑃 + 𝑃𝑃𝑌𝑌(𝑌𝑌𝐿𝐿𝐴𝐴) 

−𝐿𝐿𝑅𝑅𝐾𝐾𝑅𝑅𝑃𝑃 − 𝑃𝑃𝐾𝐾𝐿𝐿 < 0        (4.19) 

By solving the LMI described in (4.19) 𝑌𝑌,𝐾𝐾, and 𝑃𝑃 > 0 matrices are determined, which is 

used to determine the UIO parameter matrices, 𝑀𝑀,𝐺𝐺,𝑁𝑁, 𝐿𝐿, and 𝐸𝐸 using equations (4.6), 

(4.11), (4.14), (4.15), and (4.17), respectively. 

4.5. Thevenin Equivalent Circuit Model 

A Thevenin equivalent circuit model is utilized to design the battery half-cell model. 

For simplicity of the model, only one Resistor-Capacitor (RC) is used to describe the 

polarization and diffusion effect. The utilized equivalent battery half-cell model [83] is 

shown in Fig. 4.4 below. In the model 𝑌𝑌𝑡𝑡 is terminal voltage, and standard graphite potential 

is used as OCV, 𝐼𝐼 is the current carried through the battery, and battery material resistance 

is represented by the ohmic resistor 𝑅𝑅𝑎𝑎, 𝑌𝑌𝑏𝑏 is the voltage of the RC branch, 𝑅𝑅𝑏𝑏 and 𝐿𝐿𝑏𝑏 are 

parallel connected RC branch that describes the polarization and diffusion effect, 𝑌𝑌𝑑𝑑 is the 

unknown input to the system. The electrical behavior of this equivalent battery half-cell 

model can be described by the following equations and the relative parameters.  
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RC branch voltage, 

�̇�𝑌𝑏𝑏 = − 𝐶𝐶𝑏𝑏
𝑅𝑅𝑏𝑏𝐶𝐶𝑏𝑏

+ 𝐼𝐼
𝐶𝐶𝑏𝑏

     (4.20) 

Terminal voltage 𝑌𝑌𝑡𝑡 is defined as  

𝑌𝑌𝑡𝑡 = 𝑌𝑌𝑝𝑝 + 𝑌𝑌𝑏𝑏 + 𝐼𝐼𝑅𝑅𝑎𝑎     (4.21) 

4.6. Model Parameter Identification 

The first order RC model parameters, 𝑅𝑅𝑎𝑎, 𝑅𝑅𝑏𝑏, 𝐿𝐿𝑏𝑏 are identified by manually tuning 

the parameters to obtain minimum error between the estimated terminal voltage and 

measured anode potential. The initial guesses for the parameters are obtained from [84]. 

Then the parameters are tuned based on a trial and error until a minimum error value is 

obtained. For computational simplicity, the parameters are considered to be constant. The 

parameter identification results are shown in Table II. 

 

    

Figure 4.4. Thevenin equivalent battery half-cell model 
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TABLE II. Parameter identification results of the utilized model 

Parameters Symbol Value 
Cell capacity 𝑄𝑄𝑐𝑐ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑒𝑒 2.22Ah 

Ohmic resistance 𝑅𝑅𝑎𝑎 0.012Ω 
Polarization resistance 𝑅𝑅𝑏𝑏 0.031Ω 

Polarization capacitance 𝐿𝐿𝑏𝑏 1900F 
 

4.7. Anode SOC and Capacity Estimation 

The anode SOC is estimated based on the considered linear system described in 

equation (4.1). System matrices A, B, C, and D can be evaluated from the equivalent battery 

half-cell model described above.  

𝐴𝐴 = �
0 0
0 − 1

𝑅𝑅𝑏𝑏𝐶𝐶𝑏𝑏
�, 𝐵𝐵 = �

1
𝑄𝑄𝑛𝑛
1
𝐶𝐶𝑏𝑏

�, 𝐷𝐷 = �01�, 𝐿𝐿 = �𝑂𝑂𝐶𝐶𝐶𝐶(𝑆𝑆𝑂𝑂𝐶𝐶)
𝑆𝑆𝑂𝑂𝐶𝐶

1� 

where, 𝑄𝑄𝑛𝑛 is the estimated anode capacity, 𝑆𝑆𝐿𝐿𝑌𝑌(𝑆𝑆𝑆𝑆𝐿𝐿) is the open-circuit voltage (standard 

graphite potential) as a function of SOC (state of lithiation here). As this study focuses on 

anode SOC estimation, the standard graphite potential and state of lithiation curve is 

considered as OCV-SOC characteristic curve for the anode SOC estimation. This 

characteristic curve is evaluated using an 11th-order polynomial function as follows, 

𝑃𝑃(𝐿𝐿) =  𝑃𝑃1𝐿𝐿𝑛𝑛 + 𝑃𝑃2𝐿𝐿𝑛𝑛−1 + ⋯+ 𝑃𝑃𝑛𝑛𝐿𝐿 + 𝑃𝑃𝑛𝑛+1   (4.22) 

where, 𝑃𝑃1,𝑃𝑃2 …𝑃𝑃𝑛𝑛+1 are coefficients with a constant value.  
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Thus, the linear system (4.1) can be rewritten as, 

�̇�𝐿(𝑡𝑡) = �
0 0
0 − 1

𝑅𝑅𝑏𝑏𝐶𝐶𝑏𝑏
� 𝐿𝐿(𝑡𝑡) + �

1
𝑄𝑄𝑛𝑛
1
𝐶𝐶𝑏𝑏

� 𝐵𝐵(𝑡𝑡) + �01� 𝐷𝐷(𝑡𝑡)  (4.23) 

and the system output vector, 

𝑦𝑦(𝑡𝑡) = �𝑂𝑂𝐶𝐶𝐶𝐶(𝑆𝑆𝑂𝑂𝐶𝐶)
𝑆𝑆𝑂𝑂𝐶𝐶

1� 𝐿𝐿(𝑡𝑡)    (4.24) 

where system input, 𝐵𝐵(𝑡𝑡) = 𝐼𝐼(𝑡𝑡), 𝑦𝑦(𝑡𝑡) = 𝑌𝑌𝑡𝑡(𝑡𝑡) − 𝐼𝐼(𝑡𝑡)𝑅𝑅𝑎𝑎, the unknown input vector, 

𝐷𝐷(𝑡𝑡) = 𝑌𝑌𝑑𝑑(𝑡𝑡), and the state space vector 𝐿𝐿(𝑡𝑡) has the following representation. 

𝐿𝐿(𝑡𝑡) = �𝑆𝑆𝑆𝑆𝐿𝐿𝑌𝑌𝑏𝑏
� 

The dynamics of the SOC estimation rate can be evaluated from (4.23) as follows. 

𝑆𝑆𝑆𝑆𝐿𝐿̇ = 1
𝑄𝑄𝑛𝑛
∫ 𝐼𝐼(𝑡𝑡)𝑑𝑑𝑡𝑡    (4.25) 

The algorithm to estimate SOC is shown below. 

Algorithm 4.1 SOC Estimation 

1: Initialize state-space vector 

2: Evaluate SGP-SOL characteristic curve 

3: Define system matrices, A, B, C, D 

4: Solve LMI (4.19) to compute Y, K, and P > 0  

5: Compute UIO matrices, M, N, L, G, and E 

6: Estimate state 

7: Calculate and update anode capacity 
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Electrode capacity is directly related to the amount of charge carried to the cell during a 

charging cycle. Thus, in order to calculate anode capacity, the amount of charge transferred 

to a single cell during a charging cycle is calculated first. Though we have adopted the CC-

CV charging protocol for the battery pack cycling, the current following through, the 

individual battery is no longer constant in the CC part of the cycling due to parallel cell 

connection. Thus, the amount of charge carried out to the cell during a charging cycle is 

calculated by integrating current over the charging time as stated in equation (3.4). 

Anode capacity is calculated by dividing the total charge transferred to the cell by the 

difference between the estimated end of charge SOC and the initial SOC. In this study, the 

SOC of the anode is represented as the state of lithiation of the anode. Anode storage 

capacity is calculated using equations (3.7). 
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4.8. Chapter Summary 

This chapter presents a three-electrode battery pack setup method where the battery 

casing is used as a reference electrode, an unknown input observer design, and a model-

based anode SOC and capacity estimation method. The chapter starts by discussing the 

three-electrode battery and battery pack setup alongside the experimental setup. Then to 

utilize the anode floating voltage for SOC estimation, an unknown input observer is 

employed. The anode potential randomly shifts up and down, which makes it uncertain 

thus, it is used as unknown input to the system. The UIO parameter matrices are expressed 

as a linear matrix inequality (LMI), and the parameter matrices are calculated by solving 

the LMI. Then using a Thevenin equivalent circuit model, a mathematical model-based 

anode SOC  and capacity estimation method is presented. For the Thevenin equivalent 

battery model, unlike the open-circuit voltage, the standard graphite potential is used so 

that the battery model acts as a half cell.   
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Chapter 5. Results 

5.1. Introduction 

This chapter is divided into several sections to present the experimental results of 

both methodologies discussed in previous chapters. A brief discussion analyzes the result 

outcomes. The curve matching algorithm-based electrode SOC and capacity calculation 

method are presented first, followed by the unknown input observer-based anode SOC and 

capacity estimation method. Curve matching-based results include cell capacity fade, 

anode, cathode capacity fade, SOC calculation, and overall cell degradation discussion. 

Observer and model-based results consist of cell capacity fade discussion, anode SOC and 

capacity estimation, overall cell degradation, and a comparative study with the existing 

journal. 

5.2. Curve Matching Results 

In this section, the experimental results of the proposed method are evaluated, and 

cell capacity over cycles is calculated and compared with the calculated individual 

electrode capacity to analyze the battery degradation status. The stoichiometric range of 

each electrode is then visualized to calculate the lithium ions loss in the cell. The battery 

degradation pattern is discussed in detail to understand the overall battery degradation 

status. This research focuses more on developing the three-electrode battery and a method 

for electrode's state of charge and capacity calculation. The experimental data were 

collected from six three-electrode batteries and the best anode potential data among them 

is used as the experimental data for further calculations.  
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5.2.1. Cell Capacity Fade 

Cell capacity is calculated using Eq. 3.5, which is compared with the individual 

electrode’s capacity fade. Fig. 5.1 shows the cell's experimental current and voltage data 

along with the cell's capacity graph over cycles. From the cell capacity graph, we observe 

that over 80 cycles, the battery capacity decreases by 0.08Ah, which is 3.6% of the initial 

cell capacity. We compared the capacity fade of the three-electrode cell made by our 

proposed method to the conventional three-electrode setup (inserting a Li metal into the 

cell).  

 

Table III shows a comparison of an average capacity fade per cycle among different three-

electrode cell setups over 20 cycles. This comparison shows that using casing as reference 

 

 Figure 5.1. Experimental results for cell over a CCCV charge profile: current profile, measured cell 
voltage, capacity. Reused from [1]. Copyright Elsevier 2022 
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electrode cell capacity fade remained minimal over cycle compared to other conventional 

Li metal insertion methods. 

TABLE III. Capacity fade comparison 

The 3-electrode cell setup technique Cell type 
Average capacity loss per cycle 

over 20 cycles (%) 

Using casing NMC 0.032 

Li metal insertion in the center [76] NMC 0.12 

Patch-modified with Li metal foil [75] NMC 1.1227 ± 0.497 

Wire-modified with Li plated copper 

wire [75] 

NMC 0.1726 ± 0.1398 

 

This low cell degradation suggests that the proposed three-electrode cell setup does not 

affect the battery’s performance and can be easily adopted in the manufacturing process.  

5.2.2. Anode Capacity Fade and Anode SOC 

Anode capacity is calculated by dividing the amount of transferred charge to the 

cell during a charging cycle by the percentage difference in the state of lithiation in the 

anode using Eq. 3.7. Fig. 5.2 shows the anode capacity in ampere-hour (Ah) over 80 cycles. 

Over cycling, anode capacity decreases by 0.1Ah, about 3.2% of the initial anode capacity 

of 3.11Ah. This study shows that the anode capacity fade is less than the overall cell 

capacity fade, and the initial anode capacity is higher than that of the cell's initial capacity 

of 2.22Ah.  
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The stoichiometric range of the anode (which is also the state of lithiation and state of 

charge of the anode) shows the remaining cyclable lithium ions that fill the anode capacity 

during a charging cycle.  

 

 

Figure 5.3. Anode stoichiometric range. Reused from [1]. Copyright Elsevier 2022 

 

Figure 5.2. Calculated anode capacity over charging cycles. Reused from [1]. Copyright Elsevier 2022  
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Fig. 5.3 shows the stoichiometric range of the anode over cycling, and Fig. 5.4 shows the 

anode stoichiometric range changes. We observed that the anode's initial SOC gradually 

increased from 2.1% to 6.4%, while the full-charge anode SOC decreased from 78.3% to 

74.5%. This study shows that the stoichiometric range of the anode gradually decreases 

over the cycling period due to the cyclable lithium ions loss. 

5.2.3. Cathode Capacity Fade and Cathode SOC 

Cathode capacity is also calculated following the same method as the anode by 

dividing the amount of transferred charge to the cell for a charging cycle by the percentage 

difference in the state of lithiation of the cathode as stated in Eq. 3.8. Fig. 5.5 shows the 

cathode capacity in ampere-hour over 80 cycles. Over the cycling period, cathode capacity 

decreases by 0.29Ah, about 10.2% of the initial capacity of 2.84Ah. This study shows that 

cathode storage capacity decreases faster than the anode and cell capacity because the 

 

 Figure 5.4. Change in stoichiometric range over charging cycles. Reused from [1]. Copyright Elsevier 
2022 
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stoichiometric range of the cathode increases while the amount of transferred charge to the 

cell decreases. The initial cathode storage capacity is also higher than the cell capacity by 

0.62Ah but lower than the anode capacity by 0.27Ah. 

 

 

 

Figure 5.6. Cathode stoichiometric range. Reused from [1]. Copyright Elsevier 2022 

 

Figure 5.5. Calculated cathode capacity over charging cycles. Reused from [1]. Copyright Elsevier 
2022 
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LII reduction pattern can be calculated by comparing the state of lithiation starting and 

ending points of each cycle for both electrodes. This study shows that the cathode initial 

SOC does not change much over the cycling period, while the end-of-charge SOC increases 

from 86.7% to 91.2%. Thus, we observed that the stoichiometric range of the cathode 

gradually increases. Fig. 5.6 shows the stoichiometric range of the cathode, and Fig. 5.7 

shows the cathode stoichiometric range change over cycles. 

5.2.4. Degradation Discussion 

Based on the above discussion, the overall degradation patterns can be analyzed by 

comparing the anode, cathode, and cell capacity. As shown in Fig. 5.8, the anode capacity 

fade is less than the cathode and cell capacity. Cathode capacity decreases gradually as the 

stoichiometric range of the cathode increases while cell capacity decreases.  

 

 

Figure 5.7. Change in stoichiometric range over charging cycles. Reused from [1]. Copyright Elsevier 
2022 
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Anode stoichiometric range decreases over the cycling period, as shown in Fig. 5.3, 

while the anode capacity also gradually decreases over cycles, as shown in Fig. 5.2. Fig. 

5.8 shows that the cathode capacity decreases faster than the cell and anode capacity while 

the stoichiometric range of the cathode gradually increases, as shown in Fig. 5.6. Fig. 5.8 

shows that the cell capacity is less than that of the electrodes because there are not enough 

lithium ions to fill the total capacity of the electrodes. A comparison between the capacity 

of the individual electrodes and the cell capacity shows the overall cell degradation status. 

The comparison shows that cell capacity decreases by 3.6%, while anode capacity 

decreases by 3.2%, and cathode capacity decreases by 10.2% of the initial capacity. The 

study shows that the initial anode capacity is about 40.1% higher than that of cell capacity, 

while the cathode is 27.93% higher. The state of lithiation change in each electrode shows 

the loss of lithium ions in the cell over the cycling period. In this study, the cathode 

degrades faster than the anode and cell. However, it can be different for other cells under 

 

 Figure 5.8. Comparison between anode (blue), cathode (red) and cell capacity (light green) . Reused 
from [1]. Copyright Elsevier 2022 
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different operating conditions. This study presents a method to calculate electrode capacity 

and SOC that is very helpful in monitoring the individual electrodes' SOC. A method to 

monitor the cyclable lithium loss is also presented.  

5.2.5. Comparison with Other Approaches 

Our approach is the first one to use the battery casing as the reference electrode for 

electrode-level SOC and degradation monitoring. The majority of the existing methods are 

cell-level SOC and degradation monitoring, and our approach is on electrode-level SOC 

and degradation monitoring. The main differences between our approach and any existing 

methods are listed in Table IV.  

TABLE IV. Main differences in SOC and degradation monitoring techniques 

Existing methods Our method 

• Mostly for cell-level SOC and 
degradation monitoring 

• Electrode-level SOC and degradation 
monitoring 

• Complicated model-based estimation 
algorithms 

• Very computational efficient curve 
matching algorithm 

• Extremely challenging to do electrode-
level SOC and degradation monitoring 
due to weak observability and lack of 
reference electrodes. 

• For the first time, the battery casing is 
used as a reference electrode, so 
valuable information on the anode and 
cathode potential can be obtained, 
which can be used to extract internal 
information, including the state of 
charge of each electrode and its 
degradation status 

• In research labs, some researchers in 
materials science inserted lithium metal 
into battery cells as a reference electrode, 
which causes safety issues (such as 
internal short-circuit) and consumes 
electrolytes (therefore degradation). 

• Our method uses only battery casing, 
with no safety issue and no degradation 
issue.  
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• The extra inserted lithium metal 
electrode will significantly complicate 
the manufacturing process, which is not 
practical and not safe in actual 
applications 

• It needs only a small gap in the battery 
casing, almost no changes to the 
manufacturing process, very practical 
approach 

 

5.3. Unknown Input Observer Results 

Anode SOC estimation result is evaluated in this section. We calculated cell 

capacity over cycles using the coulomb counting method and compared it with the anode 

capacity. Anode SOC and capacity fade are then discussed, followed by a detailed 

discussion on the battery degradation based on the capacity fade. 

5.3.1. Cell Capacity Fade 

The individual cell capacity in the battery pack is calculated using equation (3.4). 

Fig. 5.9 shows the CCCV current profile of the battery pack along with the voltage graph.  

 

    

Figure 5.9. Experimental results of the battery pack over a CCCV charge profile: current profile, 
measured voltage   
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0.7C current was applied for both charging and discharging the battery pack. Though we 

have adopted a CCCV charging profile for this study, due to parallel cell connection, the 

measured current through individual cells does not have a CC part in the charging cycle.  

An individual cell charging cycle is shown in Fig. 5.10. We see that the current profile has 

the shape of a CCCV charging profile, but a lot of fluctuation is observed for both the CC 

and CV part of charging. This variable current was induced by the current sensor and the 

variable current is directly used as input to the system for anode SOC estimation. Fig. 5.10 

shows the variable charging profile of the individual cell in the battery pack, cell voltage, 

and capacity graph of the cell. Over the 68 charging cycles, the cell capacity decreases by 

0.06Ah, which is 2.7% of the initial cell capacity.  

    

Figure 5.10. Experimental results of an individual cell in the battery pack over a variable current charge 
profile: current profile, measured cell voltage, capacity    
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5.3.2. 3-electrode Cell vs. Fresh Cell Capacity Fade 

We compared the capacity fade of the fresh cell to the proposed 3-electrode cell to 

demonstrate the effect of the proposed 3-electrode cell setup on battery performance. Fig. 

5.11 shows that the 3-electrode cell slightly degrades more than the fresh cell. The fresh 

cell capacity degrades by 0.03Ah which is 2.6% of the initial capacity over the 80 cycles, 

whereas the 3-electrode cell capacity degrades by 0.08Ah which is 3.6% of the initial 

capacity. Based on the capacity comparison, the proposed 3-electrode cell setup does not 

significantly affect cell performance. 

 

 

    

Figure 5.11. Comparison between fresh cell and 3-electrode cell capacity fade 
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5.3.3. Anode Capacity Fade and Anode SOC 

Anode SOC is estimated using the UIO by observing the state estimation vector 

𝐿𝐿�(𝑡𝑡). This study shows that the estimated full charge SOC gradually decreases from 

72.85% to 65.40%, and the initial guess for SOC in the state-space vector is set to 20%, 

also an initial guess for anode capacity is made to be the cell initial capacity 2.22Ah.  

Estimated anode SOC is shown in Fig. 5.12. From the anode SOC graph, we see that the 

initial SOC starts with a high value and then gradually stabilizes to a consistent upper value. 

The reason behind this initial high SOC is the initial anode capacity guess for estimation. 

After each cycle, the anode capacity for that cycle is calculated using equation (3.7), and 

the system matrix, B is updated with the estimated anode capacity. The anode capacity is 

always higher than the cell capacity thus, the SOC estimation rate described in equation 

(4.25) reduces after the estimated anode capacity update. The anode SOC can also be  

 

    

Figure 5.12. Estimated anode SOC or stoichiometric range 
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considered as stoichiometric range or state of lithiation of the anode. We observed that the 

stoichiometric range of the anode decreases over the charging cycle due to cyclable lithium 

loss in the cell. The capacity of the anode is calculated by dividing the total charge carried 

to the cell in a charging cycle by the percentage difference of the estimated state of 

lithiation of the anode after each cycle, as stated in equation (3.7). The calculated anode  

 

capacity over 68 cycles is shown in Fig. 5.13. From the figure, we see the initial anode 

capacity is much lower than the next cycle capacity. This is because the initial capacity 

guess for estimation is the cell capacity which is much smaller than the anode capacity and 

the initial SOC end-of-charge value is very high compared to the other cycles. Thus, from 

equation (3.7) the difference between the end of charge SOC and the start of charge SOC 

is a higher number. Dividing the initial guess for anode capacity by this higher number 

produces a smaller anode capacity estimation value. This is why the initial anode capacity 

 

 Figure 5.13. Anode capacity graph over cycles 
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starts with a smaller number as shown in Fig. 5.13. This study shows that anode capacity 

decreases by 0.062 Ah over 68 cycles which is 2.15% of the mean anode capacity of 2.88 

Ah. We observed that anode capacity fade is less than the overall cell capacity fade by 

1.27%. We also noticed that the anode capacity is higher than the cell capacity because 

there are not enough lithium ions to fill the total capacity of the anode [1]. 

5.3.4. Degradation Discussion 

Based on the capacity fade discussion of anode and cell, we can see the overall 

degradation pattern of the cell, which states that anode capacity is much higher than the 

cell capacity, and over time, the anode degrades slower than the cell. This could be due to 

the much higher anode storage capacity compared to cell capacity. A comparison between 

the anode and cell capacity fade is shown in Fig. 5.14 below. Fig. 5.12 and 5.13 shows that 

anode capacity decreases gradually while the stoichiometric range (or SOC) also decreases. 

This is because the cell charge carrying capacity decreases faster, possibly due to various 

cell degradation mechanisms and cyclable lithium-ion loss. Fig. 5.14 shows that cell 

storage capacity is always less than the anode storage capacity because there are not enough 

lithium ions in the cell to fill the anode's remaining capacity [1]. This study presents an 

anode SOC estimation method utilizing the variable current and the anode floating voltage 

as an unknown input to the system. A three-electrode battery pack setup is also presented 

that helps monitor an individual battery's internal parameters. 
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5.3.5. Comparison to the Existing Research 

To evaluate the accuracy of the designed observer, we have compared the estimated 

anode and cell capacity to the calculated capacity and the estimated anode SOC to the 

anode SOC presented in [1]. From Fig. 5.15, we see that the estimated anode SOC is similar 

to the one presented in [1] with an estimation error of 5.33%. The estimated mean anode 

capacity for the single-cell varies by 0.21Ah from the calculated value of the reference [1]. 

This could be due to the initial SOC estimated by the herein proposed method, which is 

close to ZERO at the beginning of each cycle. However, this value is not always zero, as 

presented in [1]. Fig. 5.16 shows the anode capacity comparison between the estimated 

value and the calculated value from [1].   

 

 

    

Figure 5.14. Comparison between anode (blue) and cell capacity (light green) 
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TABLE V. Capacity comparison to the existing works 

Initial Capacity Estimated (Ah) Calculated (Ah) 
Cell Type UR18650AA. Sanyo UR18650AA. Sanyo 

Cell 2.22 2.22 
Anode 2.88 3.09 

 

The capacity comparison in Table V shows that the cell capacity is the same as the 

reference [1] while the anode capacity varies by 0.21Ah with an estimation error of 6.7%. 

 

 

 

 Figure 5.15. Comparison between estimated anode SOC and the reference anode SOC form for standard 
CCCV charging profile for a single three-electrode cell  



61 
 

 

5.4. Chapter Summary 

This chapter presents the experimental results of the electrode SOC and degradation 

monitoring methodologies presented in this thesis. The results are discussed in detail to 

demonstrate the outcome. The chapter presents the results of the curve matching-based 

electrode SOC and degradation monitoring method followed by the unknown input 

observer-based anode SOC estimation and degradation monitoring method results. In the 

curve matching-based results, cell, anode, and cathode capacity fade are discussed. A 

comparison between cell and electrode capacity fade is also illustrated to analyze overall 

cell degradation and electrode contribution to it. The anode and cathode state of charge and 

change in stoichiometric range over charging cycles is demonstrated. In unknown input, 

observer-based results anode and cell capacity fade are discussed. The estimated anode 

SOC is presented. Further, the accuracy of the developed model is evaluated by comparing 

 

 

 Figure 5.16. Comparison between estimated anode capacity and the reference anode capacity form for 
standard CCCV charging profile for a single three-electrode cell  
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the results to the existing journals. The capacity fade of the fresh cell is compared to the 

proposed 3-electrode cell to demonstrate the effect of the proposed 3-electrode cell setup 

on battery performance.  
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Chapter 6. Conclusion and Future Work 

6.1. Conclusion 

The increasing demand for electric vehicles and other electric devices that are vastly 

powered by a lithium-ion battery poses a concern about the reusability of a large number 

of retired EV batteries. The Li-ion battery performance improvement or second-life 

usability assessment highly depends on battery internal parameter monitoring such as 

electrode state of charge and capacity also available cyclable lithium-ions in the cell. 

Knowing these internal parameters will help battery performance improvement through 

optimization and classify these batteries for further use or recycling. This thesis presents a 

novel method to set up a three-electrode battery and a three-electrode battery pack using a 

battery casing as the reference electrode. Further, a curve matching algorithm is developed 

to calculate the state of charge of both electrodes and the degradation status (including the 

storage capacity fade of each electrode and the total cyclable lithium in the battery), and 

an unknown input observer-based estimation method is presented to estimate the anode 

SOC of an individual battery in the battery pack for variable current input. An electrode 

capacity calculation and an anode capacity calculation method are described using the 

calculated SOC and estimated anode SOC, respectively. Comparing the electrode capacity 

to the cell capacity, the battery's overall degradation is demonstrated.  

The proposed innovative approach uses the battery casing as a reference electrode 

to provide the battery's internal state in real-time. By using battery casing as the reference, 

this innovative approach overcomes the limitation of other insertion methods (adding extra 

metal or material to battery cells, which causes safety issues and additional manufacturing 

complexity). To solve the electrode floating voltage issue, we proposed a voltage curve 
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matching algorithm that is simple yet competent in understanding internal battery 

parameters. Further, an unknown input observer is designed for anode SOC estimation by 

utilizing the anode potential for variable current profile. The results achieved are incredible 

to monitor each electrode's SOC and capacity fade and cyclable lithium loss in the cell that 

can be employed to analyze the overall degradation of the battery. 

In conclusion, the proposed methods introduce an innovative solution for lithium-

ion battery electrode parameter estimation which can be implemented in practical 

application with further improvement in the algorithm. The proposed reference electrode 

setup method may solve the existing reference electrode drawbacks in the field.  

6.2. Recommendations for Future Work 

With regards to the curve matching algorithm, a dynamic load-based experimental 

setup should be considered. This will evaluate the 3-electrode cell performance for 

practical application and its usability in practical applications. 

With regards to the observer-based SOC estimation method, cathode SOC and 

capacity fade also should be considered for estimation to better evaluate the battery 

degradation.  
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