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Abstract 

Lithium Ion (Li-Ion) batteries have got attention in recent decades because of their undisputable 

advantages over other types of batteries. They are used in so many our devices which we need in our daily 

life such as cell phones, lap top computers, cameras, and so many electronic devices. They also are being 

used in smart grids technology, stand-alone wind and solar systems, Hybrid Electric Vehicles (HEV), and 

Plug in Hybrid Electric Vehicles (PHEV).  

Despite the rapid increase in the use of Lit-ion batteries, the existence of limited battery models also 

inadequate and very complex models developed by chemists is the lack of useful models a significant 

matter. A battery management system (BMS) aims to optimize the use of the battery, making the whole 

system more reliable, durable and cost effective. Perhaps the most important function of the BMS is to 

provide an estimate of the State of Charge (SOC). SOC is the ratio of available ampere-hour (Ah) in the 

battery to the total Ah of a fully charged battery. 

The Open Circuit Voltage (OCV) of a fully relaxed battery has an approximate one-to-one relationship 

with the SOC. Therefore, if this voltage is known, the SOC can be found.  However, the relaxed OCV can 

only be measured when the battery is relaxed and the internal battery chemistry has reached equilibrium. 

This thesis focuses on Li-ion battery cell modelling and SOC estimation. In particular, the thesis, 

introduces a simple but comprehensive model for the battery and a novel on-line, accurate and fast SOC 

estimation algorithm for the primary purpose of use in electric and hybrid-electric vehicles, and microgrid 

systems. The thesis aims to (i) form a baseline characterization for dynamic modeling; (ii) provide a tool 

for use in state-of-charge estimation.  

The proposed modelling and SOC estimation schemes are validated through comprehensive simulation 

and experimental results. 
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Chapter 1 

Introduction 

1.1 Thesis Motivation 

The population of the world is growing and as a result the demand for energy is increasing 

endlessly. In one hand, fossil fuel resources have been used as the main source to power the energy 

demand for decades, however, the stored fossil fuel is limited and greenhouse emission resulted 

from energy generation by fossil fuels has a severe impact on environment. On the other hand, 

renewable energy sources are free and unlimited, and are much more environmentally friendly. The 

world requires clean energy solutions that can be widely adopted at a low-cost. At present, the only 

way to achieve this is through the development of novel technologies based on advanced power 

electronics and energy materials. 

Advanced power electronics infrastructure based on newer control and management strategies 

can ensure a safe shift from fossil fuels to renewable energy sources. Wind power, solar power, 

hydroelectric power, tidal power, geothermal energy, and biomass are types of renewable energy 

sources.  

Worldwide electricity generation exceeds 22,000 TWh and produces every year over 30,000 Mt 

of CO2 emissions [1]. A concerted effort by governments worldwide should be made to produce 

more electricity from renewable energy sources such as wind and solar to reduce these emissions 

[2].  

Despite their incontestable benefits, the wide use of renewable energy sources has come across 

with some new problems and challenges including:  
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 Renewables such as wind and solar depend on weather conditions. 

 Their nature is intermittent and unpredictable. 

 They cannot produce electricity based on demand. 

 Reliability, power quality, and economic factors are the other challenges we may face. 

The challenges with the use of energy resources are shown in Figure 1-1. As shown in this 

figure, Energy Storage Systems (ESS) are the key infrastructures to resolve the above mentioned 

problems. There are a number of emerging energy storage technologies such as mechanical storage 

(e.g., flywheels), chemical storage (e.g., batteries), and thermal storage (e.g., phase change 

material). Among them Battery Energy Storage Systems (BESS) are the most popular one.  

 

Availability & 
Environmental issues

Battery Energy 
Storage System (BESS)

Renewable 
Energy

Intermittency & 
Unpredictability

Problems

Problems

Solution

Solution

Fossil 
Fuel

 

Figure 1-1: Challenges and solutions in energy generation schemes. 

Energy storage is becoming more and more important in managing the evolving power grid 

systems. It will provide flexibility to a relatively inflexible grid and provides enough room for the 

integration of large-scale, intermittent solar and wind generation. A recent study completed by the 
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California Energy Commission indicates that the performance of the power grid degrades 

‘significantly’ with 20%, and becomes ‘extreme’ with 30% addition of renewable energy sources. 

Electric vehicles are the second important class that will benefit from any advances in energy 

storage technologies.  

Energy storage technologies play a critical role in the efficient operation of the power grid by 

ensuring availability during periods of high demand, smoothing fluctuations in supply and demand, 

and enhancing grid reliability. Newer battery technologies not only provide energy storage for 

small systems but also can now provide significant energy storage for utility scale systems. 

BESS should be properly chosen for each specific system and different loads based on demand. 

In addition, optimal usage of BESS in terms of the cost, life time, and acceptable output power are 

very important issues. If the BESS is too small, the battery cannot release energy to compensate 

and meet the load, On the other hand, BESS capacity should not be very large which would be 

waste of money. 

On one hand and depending on the application, A BESS must have a large enough energy 

storage capacity and should be able to discharge power at a high enough rate. On the other hand, 

the power densities of available batteries are limited. 

In order to prolong the life time of a battery, increase performance, and improve reliability, an 

accurate State of Charge (SOC) estimation procedure is required. One example of SOC estimation 

application is in Electric Vehicle (EV). The electric motor should be run by the battery charged 

above certain predefined limits, and knowing the battery’s SOC can efficiently help for this issue. 

Overcharging and over discharging in batteries can occur if there is no data about the SOC of the 

cell. Overcharging can result in thermal runway and a potential fire hazard. In worst case, the 

battery can explode if it is overheated and overcharged. If the battery is over discharged an 
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irreversible new chemical reaction can occur in the battery, resulting in new compounds in the 

battery. This either results in reduction of battery capacity or makes the battery system non-

operational [2-4]. Figure 1-2 summarizes these issues. 

Dynamic Battery Modeling

Accurate enough knowledge of the SOC

• Optimal use of available energy
• Optimal control over the battery’s charge/discharge

• Reduction the risk of overcharge & undercharge
• Prolonging the battery life

 

Figure 1-2: Battery charging and discharging issues. 
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Many technologies such as Lead-acid, Lithium-ion, Ni-cd, Ni-MH exist in battery energy 

technology. Figure.1-3 represents a comparison among some conventional and new technologies 

in battery sector in terms of energy density, size, and weight. 

 
 
 

 
Figure 1-3: Battery Energy Storage System Technologies [5] 

Nowadays, the increasing use of Lithium Ion (Li-Ion) batteries in many applications has made 

this kind of battery the state-of-the-art battery technology and therefore investigating the dynamic 

behavior of this technology has been a top research area in both industry and academia. Li-ion 

batteries have got attention in recent decades because of their undisputable advantages over other 

types of batteries. They are used in so many our devices which we need in our daily life such as 

cell phones, lap top computers, cameras, and so many electronic devices. They also are being used 

in smart grids technology, stand-alone wind and solar systems, Hybrid Electric Vehicles (HEV), 

and Plug in Hybrid Electric Vehicles (PHEV). The wide application of Li-Ion technology in 
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Electric Vehicles (EVs), from small high-power batteries for power buffering in hybrid electric 

vehicles, to medium ones providing power buffering in plug-in hybrids, and to high-energy 

batteries makes it very prevalent technology among the other battery energy storage systems. So in 

this report, we focus on modeling, and state of charge estimation of Lit-Ion batteries.   

As battery sizes and usage increase, the battery’s control and management strategies must be 

restructured to improve the performance, safety, reliability, and life time of a battery pack. For 

instance, there is need tens to hundreds Lithium Ion cells to be connected in series, parallel, or 

combined in a HEV/PHEV to provide required voltage and power for the system. To achieve a safe 

and reliable battery energy resource, an accurate estimation of state of charge of the battery is 

necessary. 

The state of charge (SOC) of each cell in a battery pack is one of the most important parameters 

for control purposes, and schedule appropriate charging and discharging. However, the SOC of a 

battery cannot be measured directly. Therefore, the SOC of a battery should be estimated accurately 

and fast. An appropriate and accurate modelling of the battery can resolve this problem. A practical, 

sensible, and accurate model for a battery, when combined with an accurate and fast estimation 

scheme, can provide a good estimation of the battery’s state f charge that can be used instead of the 

actual state of the charge for control purposes. An accurate enough knowledge of the SOC, as 

mentioned before, can be wisely used to optimize the use of energy, and to have reasonable control 

over the charge and discharge procedures that increases the life of battery and leads to reducing the 

risk of overcharge and undercharge. Therefore, for these issues, monitoring the state of charge of 

batteries, especially lithium-ion batteries, becomes critical. 
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1.2 Thesis objectives and contributions 

Lithium-ion (Li- ion) battery due to its beneficial characteristics is the premium choice in smart 

grid and electric vehicles (EVs) and has been the subject of many research activities in the recent 

years. A Li-ion battery, when compared to other energy storage devices, is the most promising 

battery technology since it grants higher energy densities, smaller size, lower self-discharge and 

longer cycling life.  

However, the inclusive acceptance of Li-ion batteries in many applications including in the 

disturbed energy systems requires extensive research activities aiming to address specific issues on 

safety and reliability operation. Battery explosion in recently marketed Samsung cell phones is an 

example of the credibility of such issues. Many of researches have been carried out recently and 

much more techniques suited to battery management systems have been reported publicly. Among 

these techniques, accurate estimation of Li-ion battery states and effective battery modeling are 

vigorous to improve the performance of the energy systems employing Li-ion batteries. There 

should be an algorithm to manage the battery cells which can estimate the remaining energy of the 

lithium battery cell. On one hand, an accurate estimation of battery charge will result in more safety, 

reliability, and efficiency in batteries in use. On the other hand, the algorithm for estimation the 

battery charge or SOC should be simple enough to decrease the processing capacity. A fast and 

accurate estimation of the battery’s state of the charge based on a simple but comprehensive model 

extends the battery’s service life as long as possible. Therefore, accuracy and simplicity are two 

factors should be considered in developing the estimation algorithm for battery SOC. 

This thesis proposes a novel simple adaptive, and on-line approach to estimate the state of the 

charge in Li-ion batteries based on a new model parameter identification method. First, a novel 

discrete model for the Li-ion battery is proposed and the resulted novel discrete model for the 
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battery parameters is the key step in the research. Then an adaptive estimator is developed to 

estimate the state of charge (SOC) of Li-ion battery cell. The proposed method for SOC 

estimation provides a simple, fast, and precise estimation capable to track the changes of the 

model parameters. 

1.3 Thesis outline 

The thesis is organized as follows: 

Chapter 1: Thesis motivation, objectives, contributions, and outline. 

Chapter 2: A literature review of Lithium ion (Li-ion) battery energy storage system, discussion 

of battery modeling techniques and state of charge (SOC) estimation methods, and comparison of 

battery modeling and SOC estimation strategies. 

Chapter 3: The proposed model and SOC estimation for Li-ion battery, mathematical description 

of the proposed estimation scheme, simulation results verifying the validity of the proposed 

technique, experimental set up and verification the performance of the proposed technique by 

experimental results. 

Chapter 4: Conclusion. 
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Chapter 2 

Literature Review 

2.1 Present and Future Energy Resources 

Currently, fossil fuels, oil, and coal as the main energy resources cause a worldwide concern 

about the use of them as a result of some issues such as environmental and economic affects. 

Moreover, fossil fuels resources are diminishing quickly as their consumption rate is very high and 

even higher than their production. The International Energy Agency (IEA) has predicted and 

reported that the oil and natural gas extraction will rise till 2020 and after that it will down as shown 

in Figure 2-1.    

 

Figure 2-1: production of fossil fuel 1990-2100 [6] 
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Therefore, there is a serious need for some alternative energy resources. Renewable energy 

sources as alternatives are free, clean, and more friendly. Despite they have also some problems 

such as intermittency and unpredictability that make them non dispatchable to provide power and 

energy for power system applications.  

Energy storage systems such as super capacitors, Pumped Hydroelectricity (PH), Compressed 

Air Energy Storage (CAES), flywheels, Superconducting Magnetic Energy (SME), fuel cell, and 

batteries are potential solutions for the above mentioned issues. Depending on the application, a 

fitting energy storage system that offers better efficiencies, longer life span, increased power and 

energy densities, guaranteed reliability, and more environmental friendly and cheaper system is 

picked up. CAES and PHS are of very high installation cost. In addition, a very large space is 

needed to preserve CAES underground. Flywheel has low cost but it has drawbacks like high self-

discharge and low energy density. Super capacitors have the highest power density but their energy 

density is not high enough for some applications. An SMES is very highly efficient, however, it 

suffers from high cost [7]. Battery systems offer the best trade-off between the cost and 

performance, and are suitable for many applications. 

Electro-chemical batteries convert the chemical energy to the electrical energy. They are widely 

employed in many applications including industry, military, medical, aerospace, automotive, and 

houseware [8,9] 

2.2 Trade-off between power and energy in batteries 

Energy density and power density are not the same for different energy storage systems. As 

shown in Figure 2-2 the combustion engine which converts chemical energy to mechanical energy 

has the highest energy density and power density [10,11,12]. Fuel cells have high energy density 

and low power density so they need long time to store and release energy. Super capacitors or Ultra-
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capacitors possess high power density and are able to be charged or discharged in a very short time 

however their energy density is low.  

Lithium ion batteries have reasonable both energy and power density compared to other energy 

storage systems providing electrical energy. So they are suitable for many applications such as EV, 

HEV, and PHEV [13,14]. 

 

Figure 2-2: Energy vs. power density in energy storage systems [10,11]. 
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2.3 Batteries   

Battery is an energy storage system which can store chemical energy and convert it to electrical 

energy. In 1800, Volta was the first scientist who discovered the relationship between chemical 

reactions and electricity in battery. He applied two separate metals, silver and zinc plates as 

electrodes, and a paperboard as a separator in a solution of salt water and proved a controlled current 

flowing between electrodes [15-17]. Since then batteries have been one of the important parts in 

many devices and in many applications in a large area from portable devices, laptops, cameras, cell 

phones to power and smart grid, EVs, HEVs, and PHEVs [18-23]. 

 Battery terminologies 

 Battery Capacity 

Battery capacity is defined as total amount of energy in ampere-hours that can be released from 

a fully charged battery to its cut-off voltage at a specified C-rate [24]. 

 Cut-off voltage 

Cut off voltage is defined as the lowest level voltage in which battery is assumed to be 

completely discharged or empty.  

 Charge-rate (C-rate) 

Each battery with a nominal capacity is charged or discharged at a specific rate. The ratio of the 

nominal capacity to this rate is named charge rate (C-rate).  For example, the current of 1C for a 

battery with nominal capacity of 2.2 ampere hour is 2.2 ampere and 2C for that is 1.1 ampere. 

 Terminal voltage (𝑽𝑽𝒕𝒕 ) 

The measured voltage between terminals of a battery cell when it is in use is terminal voltage. 
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 Open circuit voltage (𝑽𝑽𝑽𝑽𝑽𝑽) 

The measured voltage between terminals of a battery cell when it is in the steady state is called 

Open circuit voltage (𝑉𝑉𝑜𝑜𝑜𝑜). The battery would be in steady state at least after two hours’ rest.  

 State of charge (SOC) 

State of Charge of a battery (SOC) is defined as the percentage of stored energy relative to full 

capacity of the battery. It is an important inner state of a battery that cannot be measured directly 

and should be estimated [25,26]. 

 Depth of discharge (DOD) 

The percentage of withdrawn energy relative to full capacity of a battery is named Depth of 

Discharge (DOD) which is another way of implying the state of charge (SOC) of a battery as shown 

in Figure 2-3. i.e. DOD % =100 %– SOC%.  

 

Figure 2-3: SOC and DOD scheme [27] 

 Battery lifetime or cycle life 

The number of cycles that a battery can be used before it dies is called life time or cycle life 

[28]. 
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 State of health (SOH) 

The State of Health (SOH) reflects the battery general condition in terms of capacity and power 

fade. The capacity changes from the nominal fresh-cell values as a battery is aged [29-31]. 

 Internal resistance 

The battery resists against charging/discharging current and this resistance is called internal 

resistance which is not constant [32]. 

 Battery types 

Batteries are divided into primary and secondary categories. Primary batteries are non-

rechargeable that means not useable after discharged once [33]. In most applications, we need 

batteries with long life-time, therefore primary batteries are not a good choice for many 

applications. On the other hand, secondary or rechargeable batteries can be charged and discharged 

several times. In most applications, battery can be charged while in use but even for applications 

which charging the battery is not possible during operation, it is more economical to recharge the 

battery than to replace with a new one. So current researches are focused on rechargeable batteries. 

Secondary batteries have some technologies such as lead-acid, nickel-cadmium (Ni-Cd), nickel 

metal hybrid (Ni-MH), and the most recent technology; Lithium-ion (Li-ion). 

In 1859, Plante invented the oldest secondary batteries, lead-acid battery which used in 

automobile starter motors. It is cheap and provides high ratio of power to weight. However, its 

power and energy densities are low. Ni-Cd batteries possess higher energy density but they are 

more expensive and also more toxic and thus dangerous for the environment.  Ni-Cd batteries have 

been replaced by Ni-MH batteries, as Ni-MH batteries offer higher safety and also higher power 

density. Ni-MH is not affected by memory effect which is a phenomenon occurs when a battery is 
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charging to some specific amounts and results in decreasing the battery capacity. Another 

technology for secondary batteries is molten-salt battery such as NaS and ZEBRA. They have no 

disadvantages when compared to lead-acid, Ni-Cd, and Ni-MH. However, they work in very high 

temperature range. 

Table 2-1: comparison of different battery technologies 

Technology Temperature 
ºC 

cost Specific 
energy 
(wh/kg) 

Specific 
power 
(w/kg) 

Cycle life Self-
discharge 
(monthly) 

Lead-acid -20 to 60  Low 30-45 180 500-800 20-45% 
Ni-MH -20 to 60  Average 30-80 250-1000 500-1000 20-30% 
ZEBRA 270 to 350  Low 90-100 150 1000 0% 
Li-ion -20 to 60  high 90-220 600-3400 1000-8000 2-5% 

The most well-known technology in secondary batteries is Lithium ion. Compared to other 

technologies, Lithium ion (Li ion) has many advantages including high power density, high energy 

density, very low self-discharge, low need for maintenance, no memory effect, light weight, and 

numerous life cycles for battery which make it the best alternative to be selected in many 

applications especially in portable devices. 

In 1991, the first Li-ion battery was presented by Sony Company and has become very popular 

in battery industry. Table 2-1 compares the different characteristics of various battery technologies. 

 Li-ion battery cell 

The basic structure of a battery cell consists of two positive/cathode and negative/anode 

electrodes, a separator between electrodes, and also current collectors for each side of electrodes. 

In Li-ion batteries the Aluminum cell in cathode and the Copper cell in anode are placed as the 

current collectors for the cells and connect it to an external circuit. During discharging process, 

ions diffuse from anode to cathode. Because of the intercalation of ions in cathode, cathode is more 

positive than anode and as a result potential difference will cause an electric current flow through 
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the external circuit [34] While charging process, due to the current flow, ions diffuse from cathode 

to anode and battery will be charged because of the ions intercalation at the anode as shown in 

Figure 2-4. 

These charging and discharging processes may theoretically go on infinitely but the number of 

cycles and usage are practically limited due to aging and some irreversible chemical reactions 

which decrease cell capacity and power [35-37]. 
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Figure 2-4: charging and discharging process. 

2.4 Battery modeling 

Battery modeling is one of the very crucial and challenging subjects exists in battery 

management systems. In literature, many modeling approaches have been introduced for different 

applications. In each application, different modeling requirements are considered. There are some 

noticeable criteria including [38]:  
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1) accuracy; the approximation level of the real output of the battery to the output of the 

model,  

2) configuration effort; the number of parameters included in the model and the inside battery 

information to obtain the model parameters,  

3) computational complexity; time length needed to simulate,  

4) interpret ability; the understanding quality of battery status to help work out strategies for 

battery management.  

There should be a trade-off between accuracy, computational complexity, configuration effort, 

and interpret ability to choose the model. The behavior of a battery can accurately be predicted in 

different operating conditions such as over-discharging and over-charging by means of a proper 

model and appropriate modeling. In addition, the states of battery such as the state of charge (SOC) 

and the state of health (SOH) cannot be measured directly and need to be estimated. For estimation 

of SOC and SOH, battery models are being used. Over the years, different battery modeling 

approaches have been developed and introduced in literature.  

These models with different level of complexity and accuracy can be categorized in three main 

groups [39,40]: Electrochemical models (white-box models), Equivalent Electrical Circuit (EEC) 

models (gray-box models), Behavioral models (black-box models). Black-box, gray-box, and 

white-box models imply the level of knowledge of electrochemical reactions inside the battery 

applied for modeling as shown in Figure 2-5.  
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Figure 2-5: Battery modeling arrangement scheme. 

Electrochemical models are based on knowledge of chemical processes occurring inside the 

battery presented by physical explanations in the model. However, for behavioral models, no 

knowledge of inside the battery is applied for modeling. 

 Electro-chemical models (ECM) 

Electro-Chemical Models (ECM) or physical-based models use partial deferential equations 

(PDE) to accurately explain the chemical processes such as ions diffusion inside the battery [41,42]. 

Internal behaviors of the battery including the microscopic (such as concentration distribution) and 

macroscopic specifications (such as battery voltage and current) which are the basic mechanisms 

of storing electric energy in the battery are in details modeled by electrochemical modeling. Some 

physical laws such as Porous electrode theory which is based on the chemical reactions inside the 

battery are applied for this kind of modeling.  

In Electro-chemical modeling, physical explanations and chemical reactions inside the Li ion 

battery is described by observable parameters [43]. ECM can model the physical phenomenon 
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taking place in the cell therefore this model is more accurate but more complex when compared to 

other modelling approaches. Complexity and need for numerous numbers of parameters for PDE 

are the difficulties in this modeling approach. The electrochemical modeling as compared to other 

modeling techniques is very accurate in explaining chemical processes inside the battery. However, 

so many parameters such as diffusion coefficients need to be measured or known to use this model 

for simulation. This needs a very large amount of configuration efforts and also computational time 

and makes it impractical for many real time applications. Differential equations, numerical 

techniques and detailed knowledge of batteries are required to estimate the state of a battery in this 

modeling procedure. These result in extensive efforts which is very time consuming to implement 

this modeling [42]. ECM is completely based on knowledge about chemical characteristics 

reactions inside the Li ion battery and we do not focus on it. 

 

 Behavioral models 

Black box or behavioral models are used for battery modeling when there is no knowledge of 

electrochemical or physical specifications inside the battery. Measured data are used as the 

requirements for empirical formulas; phenomenological functions, neural networks, and look up 

table, which used for this modeling. Many variant empirical formulas are used for explanation the 

behavior of the battery in behavioral modeling. Various behavioral modeling for batteries have 

been developed in literature [44]. The empirical functions for this modeling are made by some 

parameters obtained from measurements with no knowledge of the material specifications or 

internal structure of the battery. This method causes non accurate battery models outside the 

measured status, however further number of parameters leads to easily find fitting functions to the 

measured data and have a more accurate model for the battery. But, increasing the number of 

parameters in empirical functions leads to higher computational complexity.  
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 Shepherd formula       

The Shepherd equation is formulated as 

𝑽𝑽𝒕𝒕(𝒕𝒕) =  𝑽𝑽𝑹𝑹 +  𝑹𝑹𝑹𝑹 𝑰𝑰(𝒕𝒕) +  𝑲𝑲𝑹𝑹
𝒒𝒒(𝒕𝒕)

      (2-1)  

Where 𝑉𝑉𝑡𝑡(𝑡𝑡) is the terminal voltage, 𝑉𝑉0 is its initial value, 𝑅𝑅0 is the internal resistance of the battery, 

𝐾𝐾1 is a constant, 𝑞𝑞(𝑡𝑡) is the instantaneous charge of the battery [45]. 

 Unnewehr formula 

Another similar equation is presented as  

𝑽𝑽𝒕𝒕(𝒕𝒕) =  𝑽𝑽𝑹𝑹 +  𝑹𝑹𝑹𝑹 𝑰𝑰(𝒕𝒕) + 𝑲𝑲𝟐𝟐𝒒𝒒(𝒕𝒕)                                    (2-2)                                                                         

Where  𝐾𝐾2 is constant [46]. 

 Nernest formula 

The Nernest equation is written as 

𝑽𝑽𝒕𝒕(𝒕𝒕) =  𝑽𝑽𝑹𝑹 +  𝑹𝑹𝑹𝑹 𝑰𝑰(𝒕𝒕) +  𝑲𝑲𝟐𝟐 𝒍𝒍𝒍𝒍 �
𝒒𝒒(𝒕𝒕)
𝑸𝑸
� −  𝑲𝑲𝟑𝟑 𝒍𝒍𝒍𝒍 �

𝑸𝑸− 𝒒𝒒(𝒕𝒕)
𝑸𝑸

�   (2-3) 

Where 𝐾𝐾2 and 𝐾𝐾3 are constants gained by fitting empirical data and 𝑄𝑄 is the total charge of the 

battery [47-48]. 

  Artificial Neural Networks (ANNs) models 

Any complicated nonlinear relation between inputs and outputs of a system can be modeled by 

artificial neural networks (ANNs). ANNs can model the complex nonlinear behavior of a battery 

and apply for state of charge estimation. However, it needs a large number of input and output 

experimental data for training, which causes higher computational complexity and takes too long 

time and thus, is not applicable for some real time applications. 
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In [49], some experimental data including previously estimated SOC, temperature, and input 

current of the battery are used for an ANN to predict the current SOC of the battery. In this research, 

test data (i.e. voltages, currents, and SOC) used for training the ANN are collected from a European 

urban driving test. In [50] experimentally obtained voltage data measured on a lithium battery pack 

have been used for training the ANN. The training algorithm for multi-layer neural network is back 

propagation and the activation function is a sigmoid function.  

 Equivalent Electrical circuit (EEC) models 

The Equivalent Electrical Circuit (EEC) modeling method models the battery behavior by using 

electrical components including: voltage sources, current sources, resistors, and capacitors. 

Although, the accuracy of the EEC is placed somewhere between electrochemical and behavioral 

modeling, it is very practical, simple, and useful to implement parameter and model identification 

in real-time onboard applications for electrical engineers. The EEC can be used for modeling so 

many types of batteries from Lead-acid to Li ion that are widely used in electric vehicles, smart 

grid, cell phones, and many other applications [51]. Some important categories are introduced in 

this part.   

 Rint or NREL resistive models 

An ADvanced Vehicle SimulatOR (ADVISOR) which simulates the battery models and runs in 

Matlab software platform, has been developed by the National Renewable Energy Laboratory 

(NREL) [52]. As shown in Figure 2-6, the battery is modeled by a dependent voltage source 

representing the open circuit voltage; 𝑉𝑉𝑂𝑂𝑂𝑂  , and a variable resistor modelling the internal 

resistor; 𝑅𝑅0. The voltage source in the model; 𝑉𝑉𝑂𝑂𝑂𝑂  depends on temperature and the state of charge 

of the battery. 𝑅𝑅0 depends on temperature, the state of charge, and direction of current flow. 
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Figure 2-6: Rint model for batteries 

 Basic Thevenin models 

Thevenin model in the most basic form consists of a voltage source to model the open circuit 

voltage, 𝑉𝑉𝑂𝑂𝑂𝑂, and an internal resistor; 𝑅𝑅0 in series with a 𝑅𝑅𝑉𝑉 parallel network; 𝑅𝑅𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑡𝑡 , 

𝑉𝑉𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑡𝑡 , to model the transient behavior of the battery during load events, as shown in 

Figure 2-7[53]. 
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Figure 2-7: Basic Thevenin model for batteries 

 RC models or Saft capacitance models 

The Saft capacitance model uses resistors and capacitors to model the battery as shown in 

Figure 2-8[52]. Resistors are used for internal resistance and dynamics of the battery. There are 

also two capacitors for modeling the charge and transient behavior of the cell. The capacitor with 
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a higher capacitance models the charge of the battery and one with a lower capacity is used for 

transient behavior while charging or discharging of the battery. 
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Figure 2-8: RC or Saft capacitance model for batteries 

 PNGV models 

An equivalent electric circuit model of the battery in the Partnership for a New Generation of 

Vehicles (PNGV) has been proposed in 2001 [53]. Thevenin model is the base of PNGV model 

and it can be developed just by adding a capacitor in Thevenin model as shown in Figure 2-9. 

PNGV model describes the internal resistance with an Ohmic resistor; 𝑅𝑅0 , the transient behavior 

of the battery during load events with an 𝑅𝑅𝑉𝑉 parallel network; 𝑅𝑅𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑡𝑡 , 𝑉𝑉𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑡𝑡 ,the open 

circuit voltage with a voltage source; 𝑉𝑉𝑂𝑂𝑂𝑂, and the changes of the open circuit voltage with a 

capacitor;  𝑉𝑉0. 
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Figure 2-9: PNGV model for batteries 

 Nonlinear electric models 

Nonlinear equivalent electric-based model considers the battery’s internal storage capacity, self-

discharge, temperature variations, the internal resistance of the battery, and the dynamic or transient 

behavior of the battery in the model and usually used to model lead-acid batteries [54]. In nonlinear 

electric models, battery parameters are not constant and change with the battery voltages. This 

model consists of variable resistors, capacitors, and ideal diodes including: 𝑅𝑅𝑂𝑂0  as the internal 

resistance during the charging ,𝑅𝑅𝐷𝐷0 as the internal resistance while discharging , 𝑅𝑅𝑆𝑆𝐷𝐷 as the self-

discharge resistance, 𝑅𝑅𝑇𝑇𝑂𝑂 as the transient resistance during charge, 𝑅𝑅𝑇𝑇𝐷𝐷 as the transient resistance 

during discharge, 𝑉𝑉 as the battery capacity, 𝑉𝑉𝑇𝑇 as the transient capacitor during charge or discharge, 

𝑉𝑉𝑂𝑂𝑂𝑂  as the open circuit voltage, 𝑉𝑉𝑡𝑡 as the terminal voltage of the battery as shown in Figure 2-10. 
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Figure 2-10: Nonlinear electric model for batteries 

 

 Impedance-based models 

In this method the battery’s impedance is determined by applying an AC voltage to the battery 

and measuring the Ac current in it. The calculated impedance in a specific range of frequency is 

known as the Electrochemical Impedance Spectroscopy (EIS). The EIS varies by temperature and 

the battery’s SOC. As shown in Figure 2-11, a battery cell is modeled with an internal 

resistance, 𝑅𝑅0, an inductance to present transient behavior; 𝐿𝐿, and Warburg impedance; 𝑍𝑍𝑊𝑊 whose 

phase angle is 450 fixed, and its magnitude varies with the inverse square root of the frequency 

[55]. These parameters depend on the operating conditions and are estimated by fitting this model 

to the measured EIS values. Due to the nonlinear identification methods used, determining the 

model parameters is complicated and also consumes a lot of time. 
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Figure 2-11: Impedance-based model for batteries 



 

26 

 

 Improved Thevenin or V-I based models 

A practical V-I method is proposed to model the battery behaviors based on the onboard 

measurements like: terminal voltage and current of the battery. Improved Thevenin model is very 

popular for practical purposes due to its simple configuration, easy parameter identification and 

accurate results. This model consists of a dependent voltage source to model the open circuit 

voltage, 𝑉𝑉𝑂𝑂𝑂𝑂, and an internal resistor; 𝑅𝑅0 in series with the 𝑅𝑅𝑉𝑉 parallel network; 𝑅𝑅𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑡𝑡 , 

𝑉𝑉𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑡𝑡 , to model the dynamic and transient behavior of the battery during load events. Based 

on the number of RC networks, these models are called first order, second order and higher orders 

[56]. Figure 2-12 shows the structure of a first order V-I model, where I and V are the current and 

terminal voltage respectively. 
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Figure 2-12: Improved Thevenin or V-I based model for batteries 

 Run-time based models 

In a constant discharge current situation, a complicated circuit network is used to model the 

battery runtime and the DC voltage response. A high number of different electrical elements are 

employed in this model including: dependent voltage and current sources modeling the open circuit 
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voltage of battery that depends on the SOC; 𝑉𝑉𝑂𝑂𝑂𝑂 , temperature, internal resistance; 𝑅𝑅0, self- 

discharging resistance; 𝑅𝑅𝑇𝑇𝑇𝑇𝑠𝑠𝑠𝑠𝑠𝑠𝑇𝑇𝑇𝑇𝑜𝑜ℎ𝑇𝑇𝑇𝑇𝑎𝑎𝑇𝑇 ,and also charge and transient capacitors; 𝑉𝑉 , 𝑉𝑉𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑡𝑡.  
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Figure 2-13: Run-time based model for batteries. 

Error! Reference source not found. shows the typical structure of Run-time based EEC model. 

High number of electrical elements and high order parameter identification schemes make it almost 

impractical [56]. 

 Hybrid models 

There are some issues due to the lack of some particular capabilities of each EEC circuit-based 

model to present and simulate a battery behavior. To combine the transient capabilities (V-I 

models), ac characteristics (impedance models), and runtime knowledge (run-time models) of the 

introduced models in previous sections, hybrid battery models are developed to accurately simulate 

both the run-time and V-I performances of a battery. For EEC hybrid models, different structures 

have been introduced which can inherit the EEC models to take advantage of all their capabilities 

in one hybrid model.  Figure 2-14 shows the EEC Hybrid model introduced in [56], which is 

capable of estimating the dynamic behavior of the battery, transient response, and steady-state, 

accurately. As it can be seen this model combines run-time and V-I based models. 
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As shown in Figure 2-14, the left and the right parts of this model are inherited from runtime 

based model and V-I based model respectively. On the left side, the charge capacity and SOC are 

modeled by a capacitor, 𝑉𝑉, and a dependent current source; 𝐼𝐼𝐵𝐵. On the right side, 𝑅𝑅0 modeled the 

internal resistance and RC networks to simulate the transient responses are modeled by 𝑅𝑅𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑡𝑡, 

and 𝑉𝑉𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑡𝑡. A dependant voltage source is used to relate the soc to the open circuit voltage of 

the battery; 𝑉𝑉𝑂𝑂𝑂𝑂 . Some parameters such as self-discharge resistance can be simplified to reduce the 

time consuming process of parameters identification. In hybrid model, the parameters are identified 

by the model measured information. After these measurements, the parameters can be identified by 

fitting of multidimensional lookup tables or multivariable functions.  
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Figure 2-14: Hybrid model for batteries. 
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 Comparison of different battery modeling 

The main categories for battery modeling; Electrochemical models (white-box models), 

Equivalent Electrical Circuit (EEC) models (gray-box models), and Behavioral models (black-box 

models) can be compared in terms of accuracy, configuration effort, computational complexity, 

and interpret ability. The desirable modeling is of higher accuracy, lower configuration effort, 

lower complexity, and higher interpret-ability [38]. However, our level of knowledge on 

electrochemical phenomena inside the battery and also where and in each application the battery is 

going to be used, are factors involved in choosing the battery modeling. The electrochemical 

modeling is suitable for battery design applications, and is the most accurate modeling. However, 

as mentioned before, it possesses high complexity and low interpret-ability and requires deep and 

comprehensive knowledge about what really happens in a battery. Behavioral modeling is suitable 

for off-line analysis, and offers average complexity and accuracy. The good point is that the battery 

can be modeled with knowing nothing about the electrochemical reactions inside the battery.  

Table 2-2: Comparison of different battery modeling 

Battery modeling Accuracy Configuration 

Effort 

Computational 

Complexity 

Interpret-

ability 

Electrochemical 

(white box models) 

 

Very high 

 

High 

 

High 

 

Low 

EEC                            

(gray-box models) 

 

High 

 

Medium 

 

Low 

 

High 

Behavioral             

(black-box models) 

 

Medium 

 

Medium 

 

Medium 

 

Low 
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Equivalent Electrical Circuit (EEC) models as shown in Table 2-2 have high accuracy, medium 

to low complexity and high interpret-ability. EECs are more practical for engineering applications 

and can be applied to real-time control and SOC estimation. 

An appropriate EEC model is chosen based on the application in which the battery is used, and 

also on the method chosen for SOC estimation.  Indeed, there should be a trade-off between the 

accuracy and the complexity to choose a right one. Among EEC, hybrid model which combines 

run-time and V-I based models is more accurate.  

2.5 State of Charge (SOC) estimation  

State of charge (SOC) estimation is the most important issue in the battery management systems. 

By an accurate SOC estimation, not only the available battery capacity can be determined, but it 

also leads to more control over the charge and discharge processes which results in longer battery 

life. The SOC of a battery is defined as the available capacity 𝑄𝑄(𝑡𝑡), relative to the nominal capacity 

𝑄𝑄𝑇𝑇(𝑡𝑡) of the battery [57]. It can be mathematically written as: 

𝑺𝑺𝑺𝑺𝑪𝑪(𝒕𝒕) = 𝑸𝑸(𝒕𝒕)
𝑸𝑸𝒍𝒍(𝒕𝒕)

                (2-4) 

In recent decades, several techniques for SOC estimation have been developed and presented in 

literature. These techniques can be classified in four main categories; Open circuit voltage method, 

Coulomb Counting method, intelligent methods, Filter/Observer-based methods which are 

explained in the next part.  

 Conventional SOC estimation methods 

 Open Circuit Voltage 

The simplest method for determining the state of charge of a battery is open circuit voltage test. 

The relationship between the SOC and open circuit voltage is as: 
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𝑽𝑽𝑽𝑽𝑽𝑽(𝒕𝒕) = 𝒇𝒇(𝑺𝑺𝑺𝑺𝑪𝑪(𝒕𝒕))                   (2-5) 

For different kinds of batteries, different relationship exists between SOC and open circuit 

voltage of the battery. In this method, the open circuit voltage of the battery is determined by 

measuring the terminal voltage after a long time rest; at least after 2 hours, and then based on the 

relationship, SOC is estimated. This method is useful for applications in which the battery can rest 

for periods of long time, so it is not applicable for dynamic SOC estimation and not very accurate. 

In lead-acid battery, the relationship between the SOC and open circuit voltage (𝑉𝑉𝑜𝑜𝑜𝑜) is linear as: 

𝑽𝑽𝑽𝑽𝑽𝑽(𝒕𝒕) = 𝒂𝒂𝑹𝑹𝑺𝑺𝑺𝑺𝑪𝑪(𝒕𝒕) + 𝒂𝒂𝑹𝑹                      (2-6) 

Unlike the lead-acid battery, there is no linear relationship between the 𝑉𝑉𝑜𝑜𝑜𝑜 and SOC in the Li-

ion battery as shown in many researches. [58]. SOC can also be determined from the open circuit 

voltage via look-up tables. The relationship between the 𝑉𝑉𝑜𝑜𝑜𝑜 and SOC cannot be exactly the same 

for all batteries.  

 Coulomb Counting 

The most common method for estimating SOC in which the discharge current of the battery over 

time is integrated and used, is Coulomb counting technique [59]. SOC is calculated in Coulomb 

counting method by the following equation:  

𝑺𝑺𝑺𝑺𝑪𝑪(𝒕𝒕) = 𝑺𝑺𝑺𝑺𝑪𝑪(𝒕𝒕 − 𝑹𝑹) + ∆𝒕𝒕 𝑰𝑰(𝒕𝒕)
𝑸𝑸𝒍𝒍

       (2-7) 

In which 𝐼𝐼(𝑡𝑡) as the discharge current, 𝑆𝑆𝑉𝑉𝑉𝑉(𝑡𝑡 − 1) as previously estimated value for SOC, 𝑄𝑄𝑇𝑇 as 

the nominal capacity, ∆𝑡𝑡 as the time interval are used for calculating the SOC. 

To improve the accuracy of estimation, a modified Coulomb counting method has been 

introduced. This scheme uses the corrected current as the discharge current [59]. The corrected 

current, 𝐼𝐼𝑜𝑜(𝑡𝑡), is a quadratic function of the discharge current as given below. 
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𝑰𝑰𝑽𝑽(𝒕𝒕) = 𝒌𝒌𝟐𝟐𝑰𝑰𝟐𝟐(𝒕𝒕) + 𝒌𝒌𝑹𝑹𝑰𝑰(𝒕𝒕) + 𝒌𝒌𝑹𝑹       (2-8) 

Where, constants 𝑘𝑘0, 𝑘𝑘1,and 𝑘𝑘2 are selected based on the practice experimental data. In modified 

coulomb counting method, the following equation is used for SOC estimation: 

𝑺𝑺𝑺𝑺𝑪𝑪(𝒕𝒕) = 𝑺𝑺𝑺𝑺𝑪𝑪(𝒕𝒕 − 𝑹𝑹) + ∆𝒕𝒕 𝑰𝑰𝑽𝑽(𝒕𝒕)
𝑸𝑸𝒍𝒍

        (2-9) 

In general, the coulomb counting method estimates the battery remaining capacity by 

accumulating the charge or discharge current of the battery. The accuracy of this method depends 

on the initial SOC estimation and whether the discharge current measurement is accurate or not.  

History of the battery capacity should be stored in memory or estimated initially. In this method, 

the SOC is estimated by integrating the discharge or charge current over the battery’s operating 

time. The losses during charging and discharging processes result in accumulative errors. For more 

accurate SOC estimation, these issues should appropriately be considered.    

Based on the method introduced in [59], the initial capacity is determined by the open-circuit 

voltage. The discharging and charging efficiencies are applied to compensate the releasable charge 

losses. At the same time the SOH is calculated to increase the accuracy of SOC estimation. In this 

method, measuring devises are required to measure the system parameters as explained before. 

Then the SOC and SOH can be estimated as follows: 

%100×=
rated

releasable

Q
Q

SOC    (2-10) 

%100max ×=
ratedQ

QSOH     (2-11) 

Where releasableQ  is the energy released after a complete discharge process and maxQ is the 

maximum releasable capacity of a fully charged battery, It is worth to mention that maxQ  can be 
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different from ratedQ given by the manufacturer. During the discharge process, the discharge 

current is 𝐼𝐼𝑏𝑏, and the Depth of Discharge (DOD) is calculated as follows [59]: 

 

𝑫𝑫𝑺𝑺𝑫𝑫 = 𝑸𝑸𝒓𝒓𝒓𝒓𝒍𝒍𝒓𝒓𝒂𝒂𝒓𝒓𝒓𝒓𝒓𝒓
𝑸𝑸𝒓𝒓𝒂𝒂𝒕𝒕𝒓𝒓𝒓𝒓

× 𝑹𝑹𝑹𝑹𝑹𝑹%                         (2-12) 

∆𝐃𝐃𝐃𝐃𝐃𝐃 =
−∫ 𝐈𝐈𝐛𝐛(𝐭𝐭)𝐝𝐝𝐭𝐭𝐭𝐭𝑹𝑹+𝛕𝛕

𝐭𝐭𝑹𝑹
𝐐𝐐𝐫𝐫𝐫𝐫𝐭𝐭𝐫𝐫𝐝𝐝

× 𝑹𝑹𝑹𝑹𝑹𝑹%                            (2-13) 

𝑫𝑫𝑺𝑺𝑫𝑫(𝒕𝒕) = 𝑫𝑫𝑺𝑺𝑫𝑫(𝒕𝒕𝑹𝑹) + η ∆𝑫𝑫𝑺𝑺𝑫𝑫                              (2-14) 

Where 𝑄𝑄𝑇𝑇𝑇𝑇𝑠𝑠𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑠𝑠 is the battery capacity discharged by any Ib  ,  ∆DOD is the change in the 𝐷𝐷𝑉𝑉𝐷𝐷 

during an operating period, 𝜏𝜏, and η is an efficiency gain to consider losses. Therefore, the SOC 

can be estimated as follows: 

           𝑺𝑺𝑺𝑺𝑪𝑪(𝒕𝒕) = 𝑹𝑹𝑹𝑹𝑹𝑹% −𝑫𝑫𝑺𝑺𝑫𝑫(𝒕𝒕)              (2-15)                                                                     

The SOC estimation procedure proposed in [59] has been shown in Figure 1-1 Figure 2-15. At 

the first step, the stored data are being used, or in case of having a new battery, the SOH is assumed 

to be 100%. For fully charged batteries the SOC is assumed to be 100%. If the battery is not fully 

charged, the SOC is determined by testing the load voltage or the open-circuit voltage, depending 

on whether the battery has been in service or out of service when the SOC calculation is carried on. 

The battery voltage, 𝑉𝑉𝑡𝑡 , and its current, 𝐼𝐼𝑏𝑏 , should be monitored and the operation mode is 

recognized by the direction and amount of Ib.. A more precision estimation can be gained by 

considering an appropriate charging/discharging efficiency.  
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Figure 2-15: Flowchart of Coulomb counting method for SOC estimation. 
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In this method the battery should be recharged when the loaded voltage becomes less than 3 

volts during the discharging process. At this time (exhausted battery), re-calibration of the SOH 

can be done. The battery is fully charged when the Ib declines to the lower possible limit. In this 

point a new SOH can be calculated by accumulating the sum of total charges accumulated inside 

the battery [59]. 

 Intelligent methods 

The nonlinearity and the complexity involved in battery characteristics, require a powerful tool 

to model these devices.  The fuzzy logic systems are among appropriate tools that can successfully 

address these issues. In Fuzzy logic methods, battery parameters such as C-rate, charge/discharge, 

temperature, and resistances are used to estimate the SOC and SOH of the battery. Vast 

experimental data is declared in a form of Fuzzy if-then rules [58]. Based on the existing knowledge 

(from the past and present), the inputs and SOC are related, formed and presented. Fuzzy logic 

methods for SOC estimation need no battery model and no knowledge about the chemical reactions 

inside the battery. The features of membership function in fuzzy logic methods are subjective that 

becomes the main limitation of fuzzy logic methods for SOC estimation. Many researchers have 

been working on this method for SOC estimation [58]. 

Back Propagation (BP) neural network is a popular type of artificial neural networks that has 

been used for SOC estimation due to its nonlinear mapping capability and simple supervised 

learning, Figure 2-16.  
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Figure 2-16: Schematic diagram of Artificial Neural Network (ANN) 

Some researchers have been done using this method for SOC estimation [58]. A schematic 

diagram of artificial neural network ANN has been shown in Figure 2-16 [60-62] in which we have:  

𝒍𝒍𝒓𝒓𝒕𝒕𝒋𝒋 = 𝒙𝒙𝑹𝑹𝒘𝒘𝑹𝑹𝒋𝒋 + 𝒙𝒙𝟐𝟐𝒘𝒘𝟐𝟐 + ⋯+ 𝒙𝒙𝒍𝒍𝒘𝒘𝒍𝒍𝒋𝒋 + 𝒃𝒃     (2-16)                                                                 

𝑺𝑺𝒋𝒋 = 𝝋𝝋(𝒍𝒍𝒓𝒓𝒕𝒕𝒋𝒋)            (2-17)                                                                 

(𝑥𝑥1, 𝑥𝑥2 , … , 𝑥𝑥𝑇𝑇) are the neuron inputs, (𝑤𝑤1𝑗𝑗 ,𝑤𝑤2 … ,𝑤𝑤𝑇𝑇𝑗𝑗) represent the weights, 𝜑𝜑 indicates a 

nonlinear activation function, and 𝑏𝑏 is the bias. 

Another intelligent method for SOC estimation which is applicable and very useful for systems 

with no enough information is Radial Basis Function (RBF) network. 

Fuzzy Neural Networks (FNN) are a category of the intelligent methods that are very beneficial 

for system identification applications. It first calculates the optimized coefficients in its learning 

process and when trained, presents a nonlinear intelligent model of the batter that can be later used 

for SOC estimation [58]. 
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There is a main limitation for all neural network techniques such as RBF, FNN, ANN that is a 

need for a large amount of data to train the network and get an algorithm applicable for all operating 

conditions. 

  Kalman Filter (KF) and Extended Kalman Filter (EKF) 

Kalman Filter (KF) developed in 1960, is an optimal recursive algorithm that were initially used 

for filtering purposes in linear systems. Extended Kalman Filter (EKF) is a modified version of KF 

applicable for nonlinear systems. The Kalman filter solves an estimation problem by so-called 

Minimum Mean Square Error (MMSE) between the true state 𝑥𝑥𝑘𝑘 and the estimated state 𝑥𝑥�𝑘𝑘. 

The state-space of a nonlinear battery system can be expressed as: 

     𝒙𝒙𝒌𝒌+𝑹𝑹 = 𝒇𝒇(𝒙𝒙𝒌𝒌 , 𝒊𝒊𝒌𝒌) + 𝒘𝒘𝒌𝒌    

𝒚𝒚𝒌𝒌 = 𝒉𝒉(𝒙𝒙𝒌𝒌 , 𝒊𝒊𝒌𝒌) + 𝒗𝒗𝒌𝒌                              (2-18)                                                                                           

In which, 𝑘𝑘 is the time index, and 𝑥𝑥𝑘𝑘   indicates the system state at the kth index. 𝑤𝑤𝑘𝑘 and 𝑣𝑣𝑘𝑘 are the 

discrete time process and observation noises, respectively. Both noises are assumed to be white, of 

zero mean values, and of known covariance matrixes 𝑄𝑄𝑘𝑘  and 𝑅𝑅𝑘𝑘 respectively. The Kalman filter 

algorithm can be explained in two stages: time update formulas (Predictor) and measurement 

update formulas (Corrector)[63]. 

In the equation 2-18, f and h, are as the state-space function and measurement function, 

respectively. They are linearized around the operating point and the partial derivative matrixes; �̂�𝐴𝑘𝑘 

and �̂�𝑉𝑘𝑘 are defined as 

𝑨𝑨�𝒌𝒌 = 𝝏𝝏𝒇𝒇(𝒙𝒙𝒌𝒌 ,𝒊𝒊𝒌𝒌)
𝝏𝝏𝒙𝒙𝒌𝒌

ǀ𝒙𝒙𝒌𝒌=𝒙𝒙�𝒌𝒌+                     (2-19)                                                                                               

𝑪𝑪�𝒌𝒌 = 𝝏𝝏𝒉𝒉(𝒙𝒙𝒌𝒌,𝒊𝒊𝒌𝒌)
𝝏𝝏𝒙𝒙𝒌𝒌

ǀ𝒙𝒙𝒌𝒌=𝒙𝒙�𝒌𝒌−                   (2-20)                                                                                                



 

38 

 

The equations for prediction stage in this algorithm are:  

State estimation time update:   𝒙𝒙�𝒌𝒌− = 𝒇𝒇(𝒙𝒙�𝒌𝒌−𝑹𝑹+ , 𝒊𝒊𝒌𝒌−𝑹𝑹)          (2-21)                                           

Error covariance time update:  𝑷𝑷𝒌𝒌− = 𝑨𝑨�𝒌𝒌−𝑹𝑹𝑷𝑷𝒌𝒌−𝑹𝑹+ 𝑨𝑨�𝒌𝒌−𝑹𝑹𝑻𝑻 + 𝑸𝑸𝒌𝒌                       (2-22)                                 

And the equations for correction stage in this algorithm are as 

Kalman gain matrix:  𝑳𝑳𝒌𝒌 = 𝑷𝑷𝒌𝒌−𝑪𝑪�𝒌𝒌𝑻𝑻[𝑪𝑪�𝒌𝒌𝑷𝑷𝒌𝒌−𝑪𝑪�𝒌𝒌𝑻𝑻 + 𝑹𝑹𝒌𝒌]−𝑹𝑹                         (2-23)                                         

State estimation measurement update:  𝒙𝒙�𝒌𝒌+ = 𝒙𝒙�𝒌𝒌− + 𝑳𝑳𝒌𝒌[𝒚𝒚𝒌𝒌 − 𝒉𝒉(𝒙𝒙�𝒌𝒌−, 𝒊𝒊𝒌𝒌)]            (2-24)            

Error covariance measurement update:  𝑷𝑷𝒌𝒌+ = (𝑰𝑰 − 𝑳𝑳𝒌𝒌𝑪𝑪�𝒌𝒌)𝑷𝑷𝒌𝒌−                    (2-25)                            

For the initial conditions, we have: 

𝒙𝒙�𝑹𝑹+ = 𝑬𝑬[𝒙𝒙𝑹𝑹] = 𝒙𝒙𝑹𝑹                    (2-26)                                                                                            

𝑷𝑷𝑹𝑹+ = 𝑬𝑬[(𝒙𝒙𝑹𝑹 − 𝒙𝒙�𝑹𝑹+)(𝒙𝒙𝑹𝑹 − 𝒙𝒙�𝑹𝑹+)𝑻𝑻] = 𝑷𝑷𝒙𝒙𝑹𝑹          (2-27)                                                         

In which 𝑃𝑃0+ is the error covariance matrix for the predictor stage of the algorithm. Considering 

equations (2-18), (2-26,2-27), (2-21,2-22), and (2-23,2-24,2-25) as battery model, initialization, 

Predictor, and Corrector respectively, the general diagram for Extended Kalman Filter (EKF) can 

be shown as Figure 2-17. 
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Figure 2-17: General diagram for Extended Kalman Filter (EKF) 

The Kalman filter algorithm is a good method for state estimation in dynamic systems such as 

battery field. Difficult determination of feedback gain of Kalman filter is the most important 

disadvantage of this technology and not proper feedback gain results in the divergence of the 

estimated states.   

 Feedback/Observer-based methods 

The dynamics of a system are described by the states of the system. The system states variables 

are not unique. They may or may not have physical meaning. The only condition on state variables 

is that they should be independent, and describe the system entirely. Therefore, if the state of charge 

is among selected state variables in battery systems, it could be estimated by using an appropriate 

state estimation scheme. Filter/ Observer-based methodology for SOC estimation is one of the 

popular methods which apply the measured input of the battery to the model, then use this signal 

and the present/past states of the model to calculate the output. The difference between the 

measured and calculated output, which is called error signal, is fed to the feedback method to update 
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the states estimation of the model [64-66]. In Figure 2-18, the feedback/observer method applied 

for the algorithm, could be Kalman filter, Luenberger observer, sliding mode observer, 

Proportional-Integral observer (PI), etc. 

 

Real Battery

Feedback method 
(Luenberger, Sliding, PI, …)

Battery model

Measured voltage 

Calculated voltage 

Measured current

current

+

_

 

Figure 2-18: Block diagram of feedback/observer-based method 

The system shown in Figure 2-18 can be seen as a control system in which the measured voltage 

of the real battery is the input signal to the control system, and the calculated voltage from the 

battery model is the output of the control system. So, the battery system controller aims to converge 

the calculated voltage to the terminal voltage and as a result to converge the estimated states 

obtained from the model to the real states of the battery. 

Luenberger observer, recently used in many linear, nonlinear, and time-varying systems, has 

been applied for SOC estimation in feedback/observer-based methods. For example, Luenberger 

observer has been used in [64] to estimate SOC in a Li ion battery which has used RC battery 

model. The approach results in acceptable estimation provided that an accurate battery model is 



 

41 

 

used, which is hard to achieve. In addition, the calculation process of this method is very 

complicated and not useful for online applications. 

Table 2-3: Comparison of conventional SOC estimation methods 

method pros cons 
Open circuit voltage no need an algorithm to 

implement 
battery needed to be resting mode 
for a long time 

Coulomb Counting easy to implement dependent on the initial SOC,  
and not suitable for PEV’s with 
frequent charge/discharge profiles 
due to the need of accurate initial 
conditions 

Intelligent algorithms Powerful ability to 
approximate nonlinear 
functions 

need for a large amount of data to  
train the algorithm applicable for 
 all operating conditions 

Extended Kalman Filter acceptable accuracy, and 
dealing with white noise 

need for an accurate enough 
battery model, large 
computational time and memory, 
Complicated algorithm 
 to implement 

Observer-based (Luenberger) acceptable accuracy difficult for online application due 
to the complicated computational 
algorithms 

Observer-based (sliding 
mode) 

acceptable accuracy, 
 robust against modeling 
uncertainties 
 

Complicated algorithm to 
implement, 
Chattering problem 

 

The feedback method can be also replaced by the sliding-mode observer. Sliding-mode observer 

has been applied in [65] to estimate SOC in a Li ion battery which has used Thevenin model with 

uncertainties. Robustness against parameter uncertainties and disturbances is a positive property of 

this observer.  However, there is a chattering problem which is not negligible. The conventional 

SOC estimation methods are compared in Table 2-3. 
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Chapter 3 

Proposed modeling and SOC estimation for Li-ion Batteries 

3.1 Li-ion battery model 

In the simplest way, the electrical charge in a Li-ion battery can be modeled by a nonlinear 

capacitor, 𝑉𝑉. That means the magnitude of the stored charge Q in the capacitor is not proportional 

to it’s the voltage across it. This phenomenon can be modelled by a nonlinear dependent source 

representing the nonlinear behavior of such capacitor. The magnitude of the stored charge in this 

capacitor is equivalent to SOC and in other words is a nonlinear mapping to  𝑉𝑉𝑜𝑜𝑜𝑜. That implies  

𝑉𝑉𝑜𝑜𝑜𝑜 =  𝑓𝑓 (𝑆𝑆𝑉𝑉𝑉𝑉). The nonlinear relationship between 𝑉𝑉𝑜𝑜𝑜𝑜 and SOC is provided by manufacturer, or, 

if required, can be extracted by experimentation. Similar to all electrochemical processes, 

electrochemical energy conversion cycles encounter an internal resistance(𝑅𝑅0) which appears in 

series with the nonlinear capacitor(𝑉𝑉). There is a phenomenon named relaxation effect in batteries 

that occurs during transient between charging and discharging or at sudden changes in current. 

From the chemical viewpoint, this phenomenon can be described as acceleration in diffusion during 

sudden changes in current flowing through the battery cell. As a result of relaxation effect, the 

terminal voltage shows a kind of dynamics that is modeled by series-connected parallel RC 

networks. 

According to Figure 3-1, our model consists of a large capacitor (𝑉𝑉) which stores or releases 

energy during charging or discharging cycles, small resistance (𝑅𝑅0) as the internal resistance, and 

a series-connected parallel RC circuit (𝑉𝑉1 ,𝑅𝑅1).   

Based on this very simple battery model, we have introduced a new discrete linear four 

parameters model for 𝑉𝑉𝑜𝑜𝑜𝑜 estimation. The SOC then can be calculated from the estimated 𝑉𝑉𝑜𝑜𝑜𝑜 since 



 

43 

 

there is a relationship between 𝑉𝑉𝑜𝑜𝑜𝑜 and SOC defined by a 𝑉𝑉𝑜𝑜𝑜𝑜-SOC curve obtained from 

experimental data. A valid assumption is that we have access to the terminal voltage and terminal 

current of the battery at any time. The goal is to estimate 𝑉𝑉𝑜𝑜𝑜𝑜 by means of terminal voltage and 

terminal current. Due to the existence of capacitor in the model, 𝑉𝑉𝑜𝑜𝑜𝑜 cannot be related to terminal 

voltage by a static model. Our proposed estimator is able to follow the changes in the battery’s 

model parameters and update the model on a continuous and adaptive base. 

+
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Figure 3-1: Lithium-ion battery model. 

3.2 Discrete time model for the battery 

According to Figure 3-1, and by means of simple circuit analysis techniques, equation (3-1) is 

obtained that describes the relation among model variables and model parameters during charging 

and discharging processes. 

𝑽𝑽𝒕𝒕(𝒕𝒕) = 𝑽𝑽𝑽𝑽𝑽𝑽(𝒕𝒕) − 𝑽𝑽𝑽𝑽𝑹𝑹(𝒕𝒕) − 𝑹𝑹𝑹𝑹𝑰𝑰(𝒕𝒕)                                            ( 3-1)                                                                                

For the capacitor,𝑉𝑉1 , we have: 

𝒓𝒓𝑽𝑽𝑽𝑽𝑹𝑹(𝒕𝒕)

𝒓𝒓𝒕𝒕
= 𝑰𝑰(𝒕𝒕)

𝑪𝑪𝑹𝑹
−

𝑽𝑽𝑽𝑽𝑹𝑹(𝒕𝒕)

𝑪𝑪𝑹𝑹𝑹𝑹𝑹𝑹
                                                          ( 3-2)                                                                                                              



 

44 

 

Where 𝐼𝐼(𝑡𝑡) and 𝑉𝑉𝑡𝑡(𝑡𝑡) represent the charging/discharging current and terminal voltage of the 

battery, respectively. Now, assume 𝑉𝑉𝑡𝑡(𝑡𝑡) , I(t) are sampled with a small sampling period. Equation 

(3-2) can be rewritten in a discrete time form. 

𝐕𝐕𝐂𝐂𝑹𝑹(𝐭𝐭+∆𝐭𝐭)−𝐕𝐕𝐂𝐂𝑹𝑹(𝐭𝐭)

∆𝐭𝐭
= 𝑹𝑹

𝐂𝐂𝑹𝑹
𝐈𝐈(𝐭𝐭) − 𝑹𝑹

𝐂𝐂𝑹𝑹𝐑𝐑𝑹𝑹
𝐕𝐕𝐂𝐂𝑹𝑹(𝐭𝐭)                                           ( 3-3)                                                                                     

It is assumed that during one sampling period, ∆𝑡𝑡, 𝑉𝑉𝑜𝑜𝑜𝑜 remains unchanged.  This assumption is 

valid due to the fact that it takes hours to charge a battery, therefore in a small sampling period the 

charge amount and thus, 𝑉𝑉𝑜𝑜𝑜𝑜 remains unchanged. In addition, the large capacity of the battery’s 

capacitor,𝑉𝑉, compared to the small capacity of transient capacitor, 𝑉𝑉1 , results in much faster 

changes in 𝑉𝑉𝑂𝑂1(𝑡𝑡) compared to 𝑉𝑉𝑜𝑜𝑜𝑜.  

Therefore, we can assume that during ∆𝑡𝑡 :𝑉𝑉𝑜𝑜𝑜𝑜(𝑡𝑡 + ∆𝑡𝑡) − 𝑉𝑉𝑜𝑜𝑜𝑜(𝑡𝑡) → 0,  

And the equation (3-1) can be rewritten as: 

𝑽𝑽𝒕𝒕(𝒕𝒕 + ∆𝒕𝒕) − 𝑽𝑽𝒕𝒕(𝒕𝒕) = −𝑽𝑽𝑪𝑪𝑹𝑹(𝒕𝒕 + ∆𝒕𝒕) + 𝑽𝑽𝑪𝑪𝑹𝑹(𝒕𝒕) − 𝑹𝑹𝑹𝑹𝑰𝑰(𝒕𝒕 + ∆𝒕𝒕) + 𝑹𝑹𝑹𝑹𝑰𝑰(𝒕𝒕)                      ( 3-4)                                  

From equations (3-3) and (3-4), we have: 

               𝒓𝒓(𝒕𝒕) = − ∆𝒕𝒕
𝑪𝑪𝑹𝑹
𝑰𝑰(𝒕𝒕) + ∆𝒕𝒕

𝑪𝑪𝑹𝑹𝑹𝑹𝑹𝑹
𝑽𝑽𝑪𝑪𝑹𝑹(𝒕𝒕) − 𝑹𝑹𝑹𝑹𝑰𝑰(𝒕𝒕 + ∆𝒕𝒕) + 𝑹𝑹𝑹𝑹𝑰𝑰(𝒕𝒕)                                  ( 3-5)                           

Based on (3-5), e(t) which is the difference between terminal voltages in two consecutive 

sampling, depends on only the battery’s currents in those two moments and 𝑉𝑉𝑂𝑂1. Since there is no 

access to 𝑉𝑉𝑂𝑂1, we rewrite equation (3-5) by replacing 𝑉𝑉𝑂𝑂1from equation (3-1) 

𝒓𝒓(𝒕𝒕) = − ∆𝒕𝒕
𝑪𝑪𝑹𝑹
𝑰𝑰(𝒕𝒕) + ∆𝒕𝒕

𝑪𝑪𝑹𝑹𝑹𝑹𝑹𝑹
�−𝑽𝑽𝒕𝒕(𝒕𝒕) + 𝑽𝑽𝑽𝑽𝑽𝑽(𝒕𝒕) − 𝑹𝑹𝑹𝑹𝑰𝑰(𝒕𝒕)� − 𝑹𝑹𝑹𝑹𝑰𝑰(𝒕𝒕 + ∆𝒕𝒕) + 𝑹𝑹𝑹𝑹𝑰𝑰(𝒕𝒕)          ( 3-6)                             

By arranging equation (3-6) we have 

𝒓𝒓(𝒕𝒕) = 𝑹𝑹𝑹𝑹𝑰𝑰(𝒕𝒕 + ∆𝒕𝒕) + 𝑰𝑰(𝒕𝒕) �∆𝒕𝒕
𝑪𝑪𝑹𝑹

+ ∆𝒕𝒕
𝑪𝑪𝑹𝑹𝑹𝑹𝑹𝑹

𝑹𝑹𝑹𝑹 − 𝑹𝑹𝑹𝑹� + ∆𝒕𝒕
𝑪𝑪𝑹𝑹𝑹𝑹𝑹𝑹

𝑽𝑽𝒕𝒕(𝒕𝒕) −
∆𝒕𝒕

𝑪𝑪𝑹𝑹𝑹𝑹𝑹𝑹
𝑽𝑽𝑽𝑽𝑽𝑽(𝒕𝒕)              ( 3-7)          
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Where 𝑒𝑒(𝑡𝑡) is defined as 𝑒𝑒(𝑡𝑡) = 𝑉𝑉𝑡𝑡(𝑡𝑡 + ∆𝑡𝑡) − 𝑉𝑉𝑡𝑡(𝑡𝑡)  and   𝑡𝑡𝑘𝑘 = 𝑡𝑡𝑘𝑘−1 + ∆𝑡𝑡     𝑘𝑘 = 2, . . ,𝑛𝑛 

Based on (3-7), terminal voltage difference between two sequential sampling times; ie. 𝑡𝑡 and 𝑡𝑡 +

∆𝑡𝑡; depends on 𝑉𝑉𝑜𝑜𝑜𝑜(𝑡𝑡), 𝑉𝑉𝑡𝑡(𝑡𝑡), 𝐼𝐼(𝑡𝑡),𝑎𝑎𝑛𝑛𝑎𝑎 𝐼𝐼(𝑡𝑡 + ∆𝑡𝑡). Although (as explained before), 𝑉𝑉𝑜𝑜𝑜𝑜(𝑡𝑡) is a time 

changing variable, it can be considered constant within small time intervals. 

Based on new parameters defined in (3-8), we can reach to the key equation (3-9).  

𝜶𝜶𝑹𝑹 = 𝑹𝑹𝑹𝑹,  𝜶𝜶𝟐𝟐 = ∆𝒕𝒕
𝑪𝑪𝑹𝑹

+ ∆𝒕𝒕
𝑪𝑪𝑹𝑹𝑹𝑹𝑹𝑹

𝑹𝑹𝑹𝑹 − 𝑹𝑹𝑹𝑹,  𝜶𝜶𝟑𝟑 = ∆𝒕𝒕
𝑪𝑪𝑹𝑹𝑹𝑹𝑹𝑹

  , 𝜶𝜶𝟒𝟒= −
∆𝒕𝒕

𝑪𝑪𝑹𝑹𝑹𝑹𝑹𝑹
𝑽𝑽𝑽𝑽𝑽𝑽                          ( 3-8)                                         

𝒓𝒓(𝒕𝒕) = 𝜶𝜶𝑹𝑹𝑰𝑰(𝒕𝒕 + ∆𝒕𝒕) + 𝜶𝜶𝟐𝟐𝑰𝑰(𝒕𝒕) + 𝜶𝜶𝟑𝟑𝑽𝑽𝒕𝒕(𝒕𝒕) + 𝜶𝜶𝟒𝟒                                         ( 3-9)                                                                                     

The battery’s model parameters, therefore, are expressed based on newly defined parameters in 

(3-8): 

𝑽𝑽𝑽𝑽𝑽𝑽 = −𝜶𝜶𝟒𝟒
𝜶𝜶𝟑𝟑

                                                               ( 3-10 )                                                                                                                             

𝑹𝑹𝑹𝑹 = 𝜶𝜶𝑹𝑹                                                                  ( 3-11)                                                                                                      

𝑹𝑹𝑹𝑹 = 𝜶𝜶𝟐𝟐−𝜶𝜶𝟑𝟑𝜶𝜶𝑹𝑹+𝜶𝜶𝑹𝑹
𝜶𝜶𝟑𝟑

                                                       ( 3-12 )                                                                         

𝑪𝑪𝑹𝑹 = ∆𝒕𝒕
𝜶𝜶𝟐𝟐−𝜶𝜶𝟑𝟑𝜶𝜶𝑹𝑹+𝜶𝜶𝑹𝑹

                                                       ( 3-13 )                                                                                                                                    

Equations (3-10) to (3-13) are quite important in estimating battery’s model parameters in our 

proposed technique. In particular, (3-10) is the key equation that will be used to estimate the open-

circuit voltage. 

3.3 Least Square (LS) 

We face a linear optimization problem when the difference between the outputs of the model 

and the process is a linear function of parameters and the loss function is defined as the sum of 
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square errors. If the error between the outputs of the model and the process is a nonlinear function 

𝑔𝑔(. ) of the parameters and a sum of inverted nonlinearities 𝑔𝑔(. )−1 of the errors is defined as the 

loss function, then the problem can be artificially considered as a linear optimization problem. 

There are some important properties for linear optimization method [67]: 

1) The loss function surface has the form of  1
2
𝜃𝜃𝑇𝑇𝐻𝐻𝜃𝜃 + ℎ𝑇𝑇𝜃𝜃 + ℎ0 in which 𝜃𝜃 is the parameter 

vector with dimension of  𝑛𝑛 × 1, 𝐻𝐻 is a matrix with dimension of 𝑛𝑛 × 𝑛𝑛 , ℎ is a vector with 

dimension of  𝑛𝑛 × 1, and ℎ0 is scaler. 

2) However there are many algorithms to optimize the problem, there is a unique optimum or 

global optimum. 

3) The methods applied for linear optimization method can be performed online. It is also 

possible to apply a recursive formulation. 

These properties make linear optimization algorithm very interesting and cause to try applying 

it for all problems before using more complicated methods.  

Assume a system with input 𝑈𝑈, process output 𝑦𝑦, model output 𝑦𝑦� as shown in Figure 3-2. For 

the mentioned problem with above properties the model output 𝑦𝑦� can be defined as 

𝒚𝒚� = 𝜽𝜽₁𝒙𝒙₁ + 𝜽𝜽₂𝒙𝒙₂ + ⋯+ 𝜽𝜽𝒍𝒍𝒙𝒙𝒍𝒍 = ∑ 𝜽𝜽𝒊𝒊𝒙𝒙𝒊𝒊𝒍𝒍
𝒊𝒊=𝑹𝑹  ;   𝒙𝒙𝒊𝒊 = 𝒈𝒈𝒊𝒊(𝑼𝑼)                          ( 3-14)                                         

Process

Model

e= y - ŷ U

y

ŷ

White 
noise (n)

 

Figure 3-2: System block diagram 
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In which the 𝑥𝑥𝑇𝑇 and 𝜃𝜃𝑇𝑇 are called repressors’ and regression coefficients, respectively. The 

parameters 𝑥𝑥𝑇𝑇 can depend nonlinearly on the measured inputs and 𝜃𝜃𝑇𝑇 are estimated by linear 

optimization. So the most nonlinear optimization problems can be converted to linear by just some 

knowledge about the system. 

The most common method for linear optimization problems is the least square method. For the 

system shown in Figure 3-2, a number of data samples of pairs {𝑈𝑈(𝑖𝑖),𝑦𝑦(𝑖𝑖)};( i=1,…,N) are 

measured and white noise is considered as the disturbance for the output system,𝑦𝑦 .In fact, the 

number of parameters we should optimize is 𝑛𝑛 . The goal is finding the model output 𝑦𝑦� such that it 

is the closest to process output 𝑦𝑦 in least square manner. This goal is achieved when sum of squared 

error loss function is minimized. Therefore, the optimum parameters;  𝜃𝜃1, 𝜃𝜃2,…, 𝜃𝜃𝑇𝑇 should be 

determined to have the best linear composition of 𝑥𝑥1, 𝑥𝑥2,…, 𝑥𝑥𝑇𝑇 to reach the goal. 

Considering Figure 3-2 and for mathematical presentation, some matrixes are defined as 

𝒓𝒓 = �

𝒓𝒓(𝑹𝑹)
𝒓𝒓(𝟐𝟐)
⋮

𝒓𝒓(𝑵𝑵)

�        ,      𝒚𝒚 = �

𝒚𝒚(𝑹𝑹)
𝒚𝒚(𝟐𝟐)
⋮

𝒚𝒚(𝑵𝑵)

�        , 𝒚𝒚� = �

𝒚𝒚�(𝑹𝑹)
𝒚𝒚�(𝟐𝟐)
⋮

𝒚𝒚�(𝑵𝑵)

�        ,    𝒍𝒍 = �

𝒍𝒍(𝑹𝑹)
𝒍𝒍(𝟐𝟐)
⋮

𝒍𝒍(𝑵𝑵)

�                   ( 3-15)                                   

𝑿𝑿 = �

𝒙𝒙𝑹𝑹(𝑹𝑹) 𝒙𝒙𝟐𝟐(𝑹𝑹) … 𝒙𝒙𝒍𝒍(𝑹𝑹)
𝒙𝒙𝑹𝑹(𝟐𝟐)
⋮

𝒙𝒙𝑹𝑹(𝑵𝑵)

𝒙𝒙𝟐𝟐(𝟐𝟐)
⋮

𝒙𝒙𝟐𝟐(𝑵𝑵)

…
⋱
…

𝒙𝒙𝒍𝒍(𝟐𝟐)
⋮

𝒙𝒙𝒍𝒍(𝑵𝑵)

�          ,      𝜽𝜽 = �

𝜽𝜽𝑹𝑹
𝜽𝜽𝟐𝟐
⋮
𝜽𝜽𝒍𝒍

�                            ( 3-16)                                                           

It is noticeable that the columns of the matrix 𝑋𝑋 are the regression vectors 

𝒙𝒙𝒊𝒊 = �

𝒙𝒙𝒊𝒊(𝑹𝑹)
𝒙𝒙𝒊𝒊(𝟐𝟐)
⋮

𝒙𝒙𝒊𝒊(𝑵𝑵)

�         , (𝒊𝒊 = 𝑹𝑹, … ,𝒍𝒍 )                                              ( 3-17 )                                                                                            

Therefore, the regression matrix 𝑋𝑋 would be as 
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𝑿𝑿 = [𝒙𝒙𝑹𝑹 𝒙𝒙𝟐𝟐 … 𝒙𝒙𝒍𝒍]                                                     ( 3-18 )                                                                                                             

And we can formulate different problems in mentioned method. 

Considering the matrix format mentioned before, the model output; 𝑦𝑦� and the Least Square (LS) 

problem would be 

𝒚𝒚� = 𝑿𝑿𝜽𝜽                                                                    ( 3-19)                                                                                                                                      

𝒓𝒓 = 𝒚𝒚 − 𝒚𝒚� =  𝒚𝒚 − 𝑿𝑿 𝜽𝜽    ,    𝑰𝑰�𝜽𝜽� = 𝑹𝑹
𝟐𝟐
𝒓𝒓𝑻𝑻𝒓𝒓   ⟶   𝐦𝐦𝐦𝐦𝐦𝐦𝜽𝜽                            ( 3-20 )                                                            

In which 𝐼𝐼�𝜃𝜃� as the loss function is defined as 1
2
𝑒𝑒𝑇𝑇𝑒𝑒 to remove the factor 2 in the gradient. 

Considering equations, the loss function is a parabolic function in 𝜃𝜃. 

𝑰𝑰�𝜽𝜽� = 𝑹𝑹
𝟐𝟐
𝜽𝜽𝑻𝑻𝑯𝑯 𝜽𝜽 + 𝒉𝒉𝑻𝑻𝜽𝜽 + 𝒉𝒉𝑹𝑹                                                 ( 3-21 )                                                                                                    

In which the quadratic term 𝐻𝐻 , the linear term ℎ ,and the constant term ℎ0 are in the form of 

𝑯𝑯 = 𝑿𝑿𝑻𝑻𝑿𝑿     ,    𝒉𝒉 = −𝑿𝑿𝑻𝑻𝒚𝒚   ,     𝒉𝒉𝑹𝑹 = 𝒚𝒚𝑻𝑻𝒚𝒚                                       ( 3-22 )                                                                                  

Considering the parameter vector 𝜃𝜃 in the loss function 𝐼𝐼�𝜃𝜃� ,the gradient of 𝐼𝐼�𝜃𝜃� must be equal 

to zero. This strategy implies the well-known orthogonal equation in which the difference between 

𝑦𝑦 and 𝑦𝑦� at the optimum is orthogonal to all regressors; 𝑥𝑥𝑇𝑇 : 

𝝏𝝏𝑰𝑰( 𝜽𝜽 )
𝝏𝝏𝜽𝜽

= −𝑿𝑿𝑻𝑻𝒓𝒓 = −𝑿𝑿𝑻𝑻 �𝒚𝒚 − 𝑿𝑿 𝜽𝜽� = 𝑹𝑹                                    ( 3-23 )                                                                                     

The mentioned orthogonal equation results in least square estimation problem 

𝜽𝜽� = (𝑿𝑿𝑻𝑻𝑿𝑿)−𝑹𝑹𝑿𝑿𝑻𝑻𝒚𝒚                                                         ( 3-24 )                                                                                                                      
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3.4 Parameters estimation for the proposed model 

We have a discrete and linear model of battery parameters and our goal is to estimate the 

parameters. It is considerable that equation (3-10) is the most important equation that can be applied 

to estimate 𝑉𝑉𝑜𝑜𝑜𝑜 with no knowledge of parameters contributed to obtain it. By means of a regression 

matrix and system equations, parameters can be determined from equations (3-10) - (3-13). 

Considering the measuring error can be modeled by a white noise, a least square regression can be 

a solution for this problem. The measured variables are the battery’s terminal voltage and the 

current in/out of the battery. 

Equation (3-9) in a discrete form become: 

𝒓𝒓(𝒍𝒍) = 𝑽𝑽𝒕𝒕(𝒍𝒍 + 𝑹𝑹) − 𝑽𝑽𝒕𝒕(𝒍𝒍) = 𝜶𝜶𝑹𝑹𝑰𝑰(𝒍𝒍 + 𝑹𝑹) + 𝜶𝜶𝟐𝟐𝑰𝑰(𝒍𝒍) + 𝜶𝜶𝟑𝟑𝑽𝑽𝒕𝒕(𝒍𝒍) + 𝜶𝜶𝟒𝟒                ( 3-25 )                                                  

In (3-25) n is the 𝑛𝑛𝑡𝑡ℎ discrete-time data sample with a time period of ∆𝑡𝑡. Suppose we have N+1 

data samples in one-time interval, ∆𝑡𝑡. Starting from 𝑛𝑛𝑡𝑡ℎ data sample we have 

𝑬𝑬 = 𝑨𝑨𝜶𝜶                                                                   ( 3-26 )  

Which 

𝑬𝑬 =

⎣
⎢
⎢
⎢
⎡ 𝒓𝒓(𝒍𝒍)
𝒓𝒓(𝒍𝒍 + 𝑹𝑹)
𝒓𝒓(𝒍𝒍 + 𝟐𝟐)

⋮
𝒓𝒓(𝒍𝒍 + 𝑵𝑵)⎦

⎥
⎥
⎥
⎤

 , 𝑨𝑨 = �
𝑰𝑰(𝒍𝒍 + 𝑹𝑹)        𝑰𝑰(𝒍𝒍) 𝑽𝑽𝒕𝒕(𝒍𝒍)        𝑹𝑹

⋮
𝑰𝑰(𝑵𝑵 + 𝒍𝒍 + 𝑹𝑹)

⋮
𝑰𝑰(𝒍𝒍 + 𝑵𝑵)

⋮
𝑽𝑽𝒕𝒕(𝒍𝒍 + 𝑵𝑵)

⋮
𝑹𝑹
� ,𝜶𝜶 = �

𝜶𝜶𝑹𝑹
𝜶𝜶𝟐𝟐
𝜶𝜶𝟑𝟑
𝜶𝜶𝟒𝟒

�     ( 3-27 ) 

As we can see in equation (3-27), for N+2 data samples, 𝐸𝐸 is a column vector with a dimension 

of (𝑁𝑁 + 1) × 1 , and 𝐴𝐴 is a matrix with a dimension of (𝑁𝑁 + 1) × 4. When an arbitrary vector 𝛼𝛼 in 

(3-27) is multiplied by the matrix A, the result would be a vector of a dimension of (𝑁𝑁 + 1) × 1.. 

The resulted vector then is subtracted from vector 𝐸𝐸, the error vector will be attained. Now the goal 

is to find the best fit for elements of vector  𝛼𝛼 such that it minimizes the Euclidean norm, also called 
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norm 2th, of the error vector. In other words, these 𝑁𝑁 + 1 equations with four parameters, do not 

have a fixed solution. The best solution, however, is the optimum parameter set that minimizes the 

equation ‖𝐸𝐸 − 𝐴𝐴𝛼𝛼‖2  , so called the least mean square method mentioned in former part.  

minimized ‖𝑬𝑬 − 𝑨𝑨𝜶𝜶‖𝟐𝟐                                                 ( 3-28 )                                                            

The solution of this minimization scheme is [67].   

𝜶𝜶 = (𝑨𝑨𝑻𝑻𝑨𝑨)−𝑹𝑹𝑨𝑨𝑻𝑻𝑬𝑬                                                       ( 3-29)     

It is supposed that 𝑉𝑉𝑜𝑜𝑜𝑜 is constant during all 𝑁𝑁 samples. The number of samples is a trade-off 

between the accuracy of the estimation scheme, the validity of assuming a constant 𝑉𝑉𝑜𝑜𝑜𝑜 , and the 

computation efforts.    

In the proposed algorithm, an array of 𝑁𝑁 + 2 elements of the battery’s terminal voltage, and 

current is formed. It is assumed that 𝑉𝑉𝑜𝑜𝑜𝑜 is constant during ∆𝑡𝑡 × (𝑁𝑁 + 2), which as mentioned 

before, is a valid argument.  

The algorithm can be explained as follows.  

1. At the first step, 𝑁𝑁 + 2 samples of terminal voltage and current are obtained and fill in the 

array. 

2. The algorithm runs and reports the estimated values. 

3. The 𝑁𝑁 + 2  moves one step ahead that means the first sampled date is thrown away, and a 

new voltage and current sampled is added to the array. In other words, the window moves 

one step ahead, such that it does not include the oldest data sample, but includes the newest 

one. The step 2 repeats as shown in Figure 3-3. 

4. The algorithm runs till an accurate parameters set is achieved. 
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Figure 3-3: Schematic diagram of the proposed algorithm for parameters estimation. 

Our algorithm always applies the last 𝑁𝑁 + 2 data samples of terminal voltage and current of the 

battery to run the estimation process.  

3.5 Simulation Results 

The proposed algorithm is on-line, adaptive, fast, simple, and of high accuracy. In order to prove 

the validity of the proposed algorithm in estimating the model parameters and, its competitive 

features, and its performance behavior, comprehensive computer simulations have been carried out. 

Initially, model parameters and simulation constants are set as shown in Table 3-1.  
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Table 3-1: Battery model parameters and simulation constants. 

Parameter Value 
 

  

 

 Charge capacitance C=5000F 

Transient resistance 𝑅𝑅1=40mΩ 

Transient capacitance C1=150F 

Load resistance 𝑅𝑅𝐿𝐿=5Ω 

Initial open circuit voltage 𝑉𝑉𝑜𝑜𝑜𝑜(0)=4.2𝑉𝑉 

Algorithm run time ΔT=2 sec. 

Number of algorithm runs N=100 

To show the tracking power of the algorithm in response of changes in circuit parameters, in 

each 2 Seconds period, the battery is loaded ( 𝑅𝑅𝐿𝐿 = 5𝛺𝛺) for 1.5 Seconds, and unloaded (𝑅𝑅𝐿𝐿˃˃0) 

for 0.5 Seconds. In these simulations the load is connected across the battery model for 1 second 

(0 < 𝑡𝑡 < 1) to discharge the battery. Then for (1 < 𝑡𝑡 < 1.5), the load resistance is very big 

(𝑅𝑅𝐿𝐿˃˃0) , and for the (1.5 < 𝑡𝑡 < 2) load resistance of 𝑅𝑅𝐿𝐿 = 5𝛺𝛺 is connected across the battery 

model again, and this process is repeated. 

Battery’s current and its terminal voltage are sampled for period of 2 seconds with a sampling 

frequency of 500 Hz, to fill in the E vector and the A matrix in equation 3-27. The number of 

algorithm runs is 100 and 𝑉𝑉𝑜𝑜𝑜𝑜 is estimated by the proposed algorithm. The reference 𝑉𝑉𝑜𝑜𝑜𝑜𝑇𝑇 is directly 

calculated using circuit theory.  To demonstrate the performance behavior and tracking capability 

of the proposed algorithm, we change the circuit parameters and observe if the algorithm is still 

able to track the parameter’s changes and correctly estimate the 𝑉𝑉𝑜𝑜𝑜𝑜. For this, we apply several large 

and sudden changes in the model parameters; 𝑅𝑅0, 𝑅𝑅1, C1, and C. The response of the algorithm to 

model parameters changes is investigated by changing just one parameter (case A), two parameters 

(case B), three parameters (case C), and all four parameters (case D) to show how fast and accurate 
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is the algorithm to follow all cases.  First, we consider case A, in which only one parameter is 

changed. 

Case A-1: At N=20, 𝑅𝑅0 is changed from 300mΩ to 600mΩ, from 600mΩ to 150mΩ at N=31, 

and again changed from 150mΩ to 600mΩ at N=40. To show the capability of the algorithm in 

adaptively following a very short, and sudden change, at N=41,  𝑅𝑅0 is jumped back to 150mΩ, and 

finally it is changed to 400mΩ at N=61. The simulation results for this case are shown in Figure 3-4. 

This figure show that algorithm is capable of following even very fast changes in one parameter, 

and tracks the changes successfully. 

Case A-2: 𝑅𝑅1 is changed from 40mΩ to 20mΩ at N=46. It is changed from 20mΩ to 70mΩ at 

N=81. The simulation results for this case are shown in Figure 3-5. 

Case A-3: 𝑉𝑉 is changed from 5000F to 3000F at N=36. It is changed from 3000F to 7000F at 

N=81. The simulation results for this case are shown in Figure 3-6. 

Case A-4: 𝑉𝑉1 is changed from 150F to 250F at N=56. It is changed from 250F to 50F at N=81. 

The simulation results for this case are shown in Figure 3-7. 
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Figure 3-4: Terminal voltage & 𝑽𝑽𝑽𝑽𝑽𝑽 vs. number of algorithm runs for 𝑹𝑹𝑹𝑹 changing. 
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Figure 3-5: Terminal voltage & 𝑽𝑽𝑽𝑽𝑽𝑽 vs. number of algorithm runs for 𝑹𝑹𝑹𝑹 changing. 
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Figure 3-6: Terminal voltage & 𝑽𝑽𝑽𝑽𝑽𝑽 vs. number of algorithm runs for 𝑪𝑪 changing. 
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Figure 3-7: Terminal voltage & 𝑽𝑽𝑽𝑽𝑽𝑽 vs. number of algorithm runs for 𝑪𝑪𝑹𝑹 changing. 
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Case B-1: 𝑉𝑉 is changed from 5000F to 3000F at N=36. It is changed from 3000F to 7000F at 

N=81. And also 𝑉𝑉1 is changed from 150F to 250F at N=56. It is changed from 250F to 50F at 

N=81The simulation results for this case are shown in Figure 3-8. 

Case B-2: 𝑅𝑅1 is changed from 40mΩ to 20mΩ at N=46. It is changed from 20mΩ to 70mΩ at 

N=81. And also 𝑉𝑉 is changed from 5000F to 3000F at N=36. It is changed from 3000F to 7000F at 

N=81. The simulation results for this case are shown in Figure 3-9. 

Case B-3: 𝑅𝑅0 is changed from 300mΩ to 600mΩ at N=20. It is changed from 600mΩ to 150mΩ 

at N=31 and again changed from 150mΩ to 600mΩ at N=40. Finally, it is changed to 400mΩ at 

N=61.And also 𝑉𝑉 is changed from 5000F to 3000F at N=36 and from 3000F to 7000F at N=81. 

The simulation results for this case are shown in Figure 3-10. 

Case B-4: 𝑅𝑅1 is changed from 40mΩ to 20mΩ at N=46. It is changed from 20mΩ to 70mΩ at 

N=81. And also 𝑅𝑅0 is changed from 300mΩ to 600mΩ at N=20. It is changed from 600mΩ to 

150mΩ at N=31 and again changed from 150mΩ to 600mΩ at N=40. Finally, it is changed to 

400mΩ at N=61. The simulation results for this case are shown in Figure 3-11. 

Case B-5: 𝑉𝑉1 is changed from 150F to 250F at N=56. It is changed from 250F to 50F at N=81 

and also 𝑅𝑅1 is changed from 40mΩ to 20mΩ at N=46. It is changed from 20mΩ to 70mΩ at N=81. 

The simulation results for this case are shown in Figure 3-12. 

Case B-6: 𝑅𝑅0 is changed from 300mΩ to 600mΩ at N=20. It is changed from 600mΩ to 150mΩ 

at N=31 and again changed from 150mΩ to 600mΩ at N=40. Finally, it is changed to 400mΩ at 

N=61. And also 𝑉𝑉1 is changed from 150F to 250F at N=56. It is changed from 250F to 50F at N=81. 

The simulation results for this case are shown in Figure 3-13. 
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Figure 3-8: Terminal voltage & 𝑽𝑽𝑽𝑽𝑽𝑽 vs. number of algorithm runs for 𝑪𝑪 & 𝑪𝑪𝑹𝑹 changing. 
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Figure 3-9: Terminal voltage & 𝑽𝑽𝑽𝑽𝑽𝑽 vs. number of algorithm runs for 𝑪𝑪 & 𝑹𝑹𝑹𝑹 changing. 
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Figure 3-10: Terminal voltage & 𝑽𝑽𝑽𝑽𝑽𝑽 vs. number of algorithm runs for 𝑪𝑪 & 𝑹𝑹𝑹𝑹 changing 
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Figure 3-11: Terminal voltage & 𝑽𝑽𝑽𝑽𝑽𝑽 vs. number of algorithm runs for  𝑹𝑹𝑹𝑹& 𝑹𝑹𝑹𝑹 changing. 
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Figure 3-12: Terminal voltage & 𝑽𝑽𝑽𝑽𝑽𝑽 vs. number of algorithm runs for  𝑹𝑹𝑹𝑹& 𝑪𝑪𝑹𝑹 changing. 
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Figure 3-13: Terminal voltage & 𝑽𝑽𝑽𝑽𝑽𝑽 vs. number of algorithm runs for  𝑪𝑪𝑹𝑹& 𝑹𝑹𝑹𝑹 changing. 
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Case C-1: 𝑉𝑉 is changed from 5000F to 3000F at N=36. It is changed from 3000F to 7000F at 

N=81, 𝑉𝑉1 is changed from 150F to 250F at N=56. It is changed from 250F to 50F at N=81, and also 

𝑅𝑅1 is changed from 40mΩ to 20mΩ at N=46. It is changed from 20mΩ to 70mΩ at N=81. The 

simulation results for this case are shown in Figure 3-14. 

Case C-2: 𝑉𝑉1 is changed from 150F to 250F at N=56. It is changed from 250F to 50F at N=81,  

𝑉𝑉 is changed from 5000F to 3000F at N=36. It is changed from 3000F to 7000F at N=81, and also 

𝑅𝑅0 is changed from 300mΩ to 600mΩ at N=20. It is changed from 600mΩ to 150mΩ at N=31 and 

again changed from 150mΩ to 600mΩ at N=40. Finally, it is changed to 400mΩ at N=61. The 

simulation results for this case are shown in Figure 3-15. 

Case C-3: 𝑅𝑅0 is changed from 300mΩ to 600mΩ at N=20. It is changed from 600mΩ to 150mΩ 

at N=31 and again changed from 150mΩ to 600mΩ at N=40. Finally, it is changed to 400mΩ at 

N=61, 𝑉𝑉1 is changed from 150F to 250F at N=56. It is changed from 250F to 50F at N=81, and also 

𝑅𝑅1 is changed from 40mΩ to 20mΩ at N=46. It is changed from 20mΩ to 70mΩ at N=81. The 

simulation results for this case are shown in Figure 3-16. 

Case C-4: 𝑅𝑅1 is changed from 40mΩ to 20mΩ at N=46. It is changed from 20mΩ to 70mΩ at 

N=81, 𝑅𝑅0 is changed from 300mΩ to 600mΩ at N=20. It is changed from 600mΩ to 150mΩ at 

N=31 and again changed from 150mΩ to 600mΩ at N=40. Finally, it is changed to 400mΩ at N=61, 

and also 𝑉𝑉 is changed from 5000F to 3000F at N=36. It is changed from 3000F to 7000F at N=81. 

The simulation results for this case are shown in Figure 3-17. 
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Figure 3-14: Terminal voltage & 𝑽𝑽𝑽𝑽𝑽𝑽 vs. number of  runs for 𝑪𝑪 & 𝑹𝑹𝑹𝑹& 𝑪𝑪𝑹𝑹 changing. 
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Figure 3-15: Terminal voltage & 𝑽𝑽𝑽𝑽𝑽𝑽 vs. number of runs for 𝑪𝑪 & 𝑹𝑹𝑹𝑹& 𝑪𝑪𝑹𝑹 changing. 
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Figure 3-16: Terminal voltage & 𝑽𝑽𝑽𝑽𝑽𝑽 vs. number of runs for  𝑪𝑪𝑹𝑹 & 𝑹𝑹𝑹𝑹& 𝑹𝑹𝑹𝑹. 
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Figure 3-17: Terminal voltage & 𝑽𝑽𝑽𝑽𝑽𝑽 vs. number of runs for 𝑪𝑪 & 𝑹𝑹𝑹𝑹& 𝑹𝑹𝑹𝑹 changing. 
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Case D: In this case, all parameters are changed. 𝑅𝑅0 is changed from 300mΩ to 600mΩ at N=20. 

It is changed from 600mΩ to 150mΩ at N=31 and again changed from 150mΩ to 600mΩ at N=40. 

Finally, it is changed to 400mΩ at N=61, 𝑉𝑉 is changed from 5000F to 3000F at N=36. It is changed 

from 3000F to 7000F at N=81,  𝑉𝑉1 is changed from 150F to 250F at N=56. It is changed from 250F 

to 50F at N=81, and 𝑅𝑅1 is changed from 40mΩ to 20mΩ at N=46. It is changed from 20mΩ to 

70mΩ at N=81. The simulation results for this case are shown in Figure 3-18 and Figure 3-19.  The 

power of the algorithm to follow the changes in the model parameter is demonstrated. Simulation 

results show that the algorithm follows the changes in the model’s parameters (such as internal 

resistance) and updates the model to estimate 𝑉𝑉𝑜𝑜𝑜𝑜(𝑡𝑡). 

 

Figure 3-18: Battery model resistance vs. number of runs for 𝑪𝑪𝑹𝑹&𝑪𝑪 & 𝑹𝑹𝑹𝑹& 𝑹𝑹𝑹𝑹 changing. 
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Figure 3-19: Terminal voltage & 𝑽𝑽𝑽𝑽𝑽𝑽 vs. number of runs for 𝑪𝑪𝑹𝑹&𝑪𝑪 & 𝑹𝑹𝑹𝑹& 𝑹𝑹𝑹𝑹 changing. 
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3.6 Experimental components and setup 

This part provides our designed setup to test and verify the proposed algorithm for SOC 

estimation in the Li-ion cell battery. In the hardware implementation, there are two capabilities. 

The setup is able to act autonomously and file the terminal voltage and current of the battery. We 

can apply arbitrary current profile to test the battery cell. These, result in evaluating the algorithm 

in presence of sudden changes applied to the battery and showing the power of our algorithm to 

follow the changes and still adaptively working. 

We used Li-ion battery cell (CGR18650CG) with the characteristics of 2200 mAh nominal 

capacity, 4.2 V maximum voltage, some resistances with parallel and series connection to provide 

different loads for discharging battery. A National Instruments USB-6001 data acquisition (DAQ) 

device (NI USB-6001) as interface with the Li-ion battery is used to control the hardware switches 

and also for measurement. Two analog inputs with the resolution of 14-bit are applied for terminal 

voltage and current acquisition. NI USB-6001 is compatible with ANSI C, C# .NET, LabVIEW, 

and Measurement Studio. The battery should be as close as possible to the NI USB-6001 to prevent 

ohmic voltage drops. 

The data sampled from terminal voltage and current by NI USB-6001 are saved and applied for 

SOC estimation algorithm by computer. Measurement Studio software in computer is used for 

collecting and saving data via NI USB-6001 and Matlab is used for control the relay switches and 

SOC estimation algorithm. A scheme of the experimental set up is shown in Figure 3-20. 
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Figure 3-20: Experimental set up configuration. 

In our proposed algorithm, we need to obtain relationship between SOC and 𝑉𝑉𝑂𝑂𝑂𝑂  which relies 

on curve fitting. So we focus on identifying SOC vs. 𝑉𝑉𝑂𝑂𝑂𝑂  curve. 

 V_OC-SOC Curve 

Based on the datasheet information for our Li-ion battery cell, the nominal capacity of the cell 

is 2200 mAh which can be explained as 2.2 A ×60min = 132 Amin. The maximum current rate for 

the cell is 1C-rate or 2.2A. So, we can discharge the battery with 2C-rate or 1.1A.The algorithm to 

determine 𝑉𝑉𝑂𝑂𝑂𝑂  experimentally is shown in Figure 3-21. 

 

Figure 3-21: Block diagram for experimental determination of VOC − SOC curve. 
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Table 3-2 shows the measured open circuit voltage in the room temperature and the calculated 

SOC for each 𝑉𝑉𝑂𝑂𝑂𝑂 . The discharge current is 2C which would be 1.1A and the interval time is 12 

minutes. 

Table 3-2: Experimental results for 𝑽𝑽𝑺𝑺𝑪𝑪 and calculated SOC. 

𝑽𝑽𝑺𝑺𝑪𝑪 4.2 V 4.06 V 3.95 V 3.85 V 3.76 V 3.66 V 

𝑺𝑺𝑺𝑺𝑪𝑪 100% 85% 75.79% 70.45% 65.03% 54.24% 

𝑽𝑽𝑺𝑺𝑪𝑪 3.62 V 3.59 V 3.55 V 3.42 V 3.16 V 3.06 V 

𝑺𝑺𝑺𝑺𝑪𝑪 43.73% 38.03% 27.75% 12.38% 7% 4% 

𝑽𝑽𝑺𝑺𝑪𝑪 2.8 V      

𝑺𝑺𝑺𝑺𝑪𝑪 0%      

 

The obtained result for 𝑉𝑉𝑜𝑜𝑜𝑜 − 𝑆𝑆𝑉𝑉𝑉𝑉 curve is shown in Figure 3-22. 

 

 

Figure 3-22: Experimental result for 𝑽𝑽𝑽𝑽𝑽𝑽 − 𝑺𝑺𝑺𝑺𝑪𝑪 curve. 
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 Experimental results 

As explained before and as shown in Figure 3-20, the set-up is designed. (See Appendix A and 

B). The set up system includes a programmable resistive load to have and control different 

discharge current. The programmable resistive load consists of some resistances in series and 

parallel structure. A fully charged Li-ion battery cell is discharged by the resistive load then 

terminal voltage and current of the battery are sampled with the sampling rate of 1KS/s. The 

estimation algorithm is applied and the experimental results for 𝑉𝑉𝑂𝑂𝑂𝑂  estimation, SOC estimation, 

and Internal resistance are shown in Figure 3-23, Figure 3-24, and Figure 3-25. 

 

Figure 3-23: Experimental results for 𝑽𝑽𝑺𝑺𝑪𝑪 estimation vs. time. 
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Figure 3-24: Experimental result for estimated and real SOC vs. time. 
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Figure 3-25: Experimental result for battery resistance vs. time. 
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Chapter 4 

Conclusions 

4.1 Summary 

Lithium-Ion batteries are the choice of energy storage devices technology in many applications 

including renewable energy systems and electric vehicles.  The most important function of a Battery 

Management System (BMS) is to provide an estimate of the State of Charge (SOC). In vehicle 

applications, SOC acts as a constraint on how the energy management system optimizes the overall 

performance in terms of fuel economy and drivability. Knowing the SOC is very important in 

determining the best operating strategy of the vehicle. 

Estimating the SOC is a challenging problem. The SOC is the ratio of available ampere-hour 

(Ah) in the battery to the total Ah when the battery is fully charged. The so-called Coulomb 

counting method gives an incorrect estimation of SOS, if the initial conditions are not the real ones. 

Only at the time in which the battery is fully charged or discharged, a correct SOC is achieved. In 

most applications these two conditions are rarely encountered. Any error in current measurement 

results in an error in the SOC estimation scheme. Therefore, despite presenting a straight forward 

and clear mathematical relation between the battery current and SOC, Coulomb counting is not a 

preferred method for SOC estimation when a battery must be operated for long time without full 

charge or discharge. 

The Open Circuit Voltage (V_OC) of a fully relaxed battery has an approximate one-to-one 

relationship with the SOC. Therefore, if this voltage is known, the SOC can be found.  However, 

the relaxed V_OC can only be measured when the battery is relaxed and the internal battery 

chemistry has reached equilibrium. 
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None of these techniques is sufficient for the desired accuracy, is not practical for measuring the 

SOC when battery is in service. The SOC estimation and battery modeling is an open area of 

research. Advanced methodologies based on fuzzy logic, Kalman filters, sliding mode observers, 

and artificial neural networks have been used, particularly considering on-board implementation 

and practicality. 

This thesis introduces new modeling and estimation schemes on Li-ion battery cell 

characterization, for the primary purpose of use in Battery Energy Storage Systems (BESS) for 

power grid applications, and in electric and hybrid-electric vehicles. In such applications, the 

battery is charged and discharged frequently and accurate SOC estimation is very important for 

safe and efficient use of the battery capacity, and increases the battery life cycles. In particular, the 

thesis, introduces a simple but comprehensive model for the battery and a novel on-line, accurate 

and fast SOC estimation algorithm for the primary purpose of use in electric and hybrid-electric 

vehicles, and microgrid systems. The thesis aims to (i) form a baseline characterization for dynamic 

modeling; (ii) provide a tool for use in state-of-charge estimation. 

4.2 Thesis Contributions 

This thesis proposes a novel simple adaptive, and on-line approach to estimate the state of charge 

in Li-ion batteries based on a new model parameter identification method. First, a novel discrete 

model for the Li-ion battery is proposed.  SOC estimation is based on the open circuit voltage 

(V_OC), which has been calculated on-line by means of estimating the parameters of the proposed 

discrete model.  To our best knowledge, the discrete model presented in this thesis and the SOC 

estimation scheme associated with it, is the key mathematical tool that has not been used elsewhere 

so far. The proposed method for SOC estimation provides a simple, fast, and precise estimation 

capable to track the changes of the model parameters. Simulation and experimental results are 
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presented to show the superiority of this new estimator in tracking battery’s parameters, and SOC 

estimation. 

4.3 Future works 

1- The SOC estimation scheme proposed in this thesis can be applied to Electric Vehicles (EV) 

and distributed energy storage systems (DESS) to address the beneficial achievements of the 

schemes applied to real dynamical systems. 

2- Other system parameter estimator schemes such as extended Kalman Filtering, can be 

examined and compared to the proposed scheme.  
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Appendix A 

PCB design for the experimental set-up 
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Appendix B 

Experimental set-up 
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