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Abstract 

 

Rechargeable batteries as an energy source in electric vehicles (EVs), hybrid electric 

vehicles (HEVs) and smart grids are receiving more attention with the worldwide demand for 

greenhouse reduction. In all of these applications, the battery management system needs to have 

an accurate online estimation of the state of charge (SOC) of the battery pack. This estimation is 

difficult, especially after substantial aging of batteries. In order to overcome this problem, this 

work addresses SOC estimation of Li-ion battery packs using fuzzy- improved extended Kalman 

filter (fuzzy- IEKF) from new to aged cells. In the proposed approach, a fuzzy method with a new 

class of membership function has been introduced and used to make the approximate initial value 

to estimate SOC. Later on, the IEKF method, considering the unit single model for the battery 

pack, is applied to estimate the SOC for the long working time of the pack. This approach uses a 

model adaptive algorithm to update each single cell’s model in the battery pack. The algorithm’s 

fast response and low computational burden, makes on-board estimation practical. A LiFePO4 

single cell/battery pack consists of single/120 cells connected in series with a nominal voltage 

3.6V/432 V is used to implement the experiments/simulations to verify the SOC estimation 

method’s accuracy. The obtained results by the federal test procedure (FTP75) and the new 

European driving cycle (NEDC) reveal that the proposed approach’s SOC and voltage estimation 

error do not exceed 1.5%.  
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1. Introduction 

 Under the global demand for reduction in greenhouse gas emissions in the power sector 

as well as the car industry and with emerging of renewable energy sources, advanced battery 

systems are proposed for a wide range of applications varying from electrical vehicles (EVs) and 

hybrid electrical vehicles (HEVs) all the way up to smart grids. Nowadays, Li-ion batteries are 

one of the preferred choices in the field of battery research. EV/HEV storage battery requires 

tens to hundreds of Li-ion single cells connected in series, parallel, or combined connection to 

attain the necessary voltage and power operation profile. In order to provide a safe and reliable 

energy source using battery packs, the battery management system (BMS) needs to have an 

accurate inline estimation of SOC for Li-ion cells in it [1]. This estimation is difficult, especially 

after substantial aging of batteries. Finding an accurate model and updating it as battery pack 

ages can solve this problem.  

 Many different models have been developed to characterize the aging and long-term 

behavior of batteries, but not all models are practically applicable for electric vehicles and smart 

grid applications. The battery models can be divided into analytical, electrochemical and 

electrical circuit models or a combination of the model types. Analytical models do not give a 

good view of the electrochemical processes occurring in the cell. Electrochemical models require 

a large amount of computational power to solve the time‐varying partial differential equations 

and cannot be directly connected to the rest of the system. Combined analytical and 

electrochemical models also suffer from high complexity and poor system modeling 

compatibility. On the other hand, electrical circuit models can easily be connected to the rest of 

the electronic systems, but suffer from lower accuracy. In chapter 2 and 3 of this work, Li-ion 

batteries expressions and their degradation mechanisms have been reviewed. In chapter 4, a 

hybrid electrical model is proposed to estimate SOC for Li-ion batteries. This model benefits 

from extended Kalman filter for SOC estimation. The experimental test bed to find the model’s 

parameters has been explained in chapter 5. The same test bed has been used for experiments. 

Chapter 6 includes a novel algorithm to make the proposed model universal for Li-ion batteries 

from new cells to aged ones. In that chapter an improved extended Kalman filter approach has 

been presented as well as SOC estimation improvement.  Moreover, single unit cell model is 

used for battery packs’ SOC estimation. Chapter 7 demonstrates SOC estimation of Li-ion 
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battery packs using fuzzy- improved extended Kalman filter (fuzzy- IEKF) from new to aged 

cells. Chapter 8 concludes this work. 

In summary this dissertation’s contributions are: 

 Proposing a hybrid electrical model for Li-ion batteries. 

 Developing a model adaptive method for updating the proposed hybrid electrical model. 

 Estimation of available capacity for aged batteries. 

 Derivation of single cell unit model for battery packs. 

 Improvement of EKF performance on SOC estimation for battery packs. 

 Introduction of a fuzzy operator under Dombi class for SOC estimation. 

 Proposing Fuzzy- IEKF method for SOC estimation of battery packs under different 

practical conditions. 
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2. Introduction to batteries 

 A battery is an electrochemical device which is capable of storing and converting chemical 

energy to electrical energy via oxidation and reduction reactions. Volta, an Italian scientists, was 

the first scientist in 19th century to demonstrate and quantify his invention with voltaic pile, for 

which he proved the relationship between electricity and chemical reactions by immersing two 

distinct metals, zinc and silver disks with cardboard as porous separator in a solution of salt water 

that resulted in a controlled steady current following between the two metal electrodes, externally 

[2-4]. Since that time, the battery has become an essential part of new inventions ranging in 

application from Portable Digital Assistant (PDA) devices, laptops, cell phones, medical devices, 

HEVs, EVs and PHEVs [5-9]. These days this range of applications is extended to power grids 

and smart grids [10].  

 Batteries are often separated into three categories: primary, secondary and reserve [1]. 

Primary batteries are made of chemical ingredients that cannot be electrically recharged. After 

primary batteries have been discharged once, they are not usable any more. However, the majority 

of applications require batteries with long cycle life. As a result, current research is heavily focused 

on secondary batteries (rechargeable batteries) which can be discharged and charged many times. 

Even for applications in which the battery cannot be charged while in operation, it is far more cost-

effective to recharge a secondary battery than to replace an entire primary battery. Reserve 

batteries are designed for long-term storage. In reserve batteries, the electrolyte is usually stored 

separately and stored separately from electrodes and inserted when needed [1]. Another approach 

for reserve batteries is to store the electrolyte as a solid that melts when heated, allowing ion flow 

within the cell. This dissertation’s subject is secondary batteries. And wherever we use battery, it 

means rechargeable battery.  

2.1   Secondary batteries 

 Common secondary battery technologies used in the past include lead-acid, nickel-

cadmium (Ni-Cd), and nickel-metal hydride (Ni-MH). Lead-acid was the first widely used, as the 

propulsion system in the earliest cars (before the advent of the gasoline engine cars). Lead-acid 

batteries are still used today in automobile starter motors, due to their low cost and relatively large 

power-to-weight ratio. Ni-Cd batteries provide superior energy density performance, but there is 
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trade-off on using them which is primary trade-off with Ni-Cd batteries. That is their higher cost 

and the use of cadmium. Since cadmium is highly toxic to all forms of life, it is as an environmental 

hazard. For many roles and notably for small rechargeable batteries, these batteries have now been 

replaced by Ni-MH, because of better safety and the lack of a memory effect, in which by charging 

at certain levels, batteries gradually lose their maximum energy capacity. Their performance 

permanently reduces if they are repeatedly recharged after being only partially discharged. Due to 

high power density of Ni-MH batteries, they were a viable choice in early hybrid-electric vehicles. 

Another promising technology for rechargeable batteries are molten-salt batteries. These batteries 

have potential for powering EVs/HEVs and especially energy storage to balance out renewable 

energy sources like solar and wind. The most famous battery from this group is known as ZEBRA. 

However, their high operating temperature range of 245°C (473°F) to 350°C (662°F) is a big 

disadvantage for them. The most recent known chemistry for rechargeable batteries are Li-ion 

batteries. Because of their high energy density and light weight, Li-ion batteries are becoming the 

dominant power source for portable products. In 1991, Sony commercialized the first Li-ion 

battery and today, the Li-ion is the fastest growing one in battery industry. Lithium is the lightest 

of all metals, has the greatest electrochemical potential and provides the largest energy content. 

The Li-ion battery is a low-maintenance battery; an advantage that no other chemistry can claim. 

There is no memory effect and no scheduled cycling is required to prolong the battery’s life. In 

addition to a high energy density and a light weight, their self-discharge is less than half compared 

to the Ni-Cd and NiMH batteries. Table 2.1 illustrates comparison for different chemistry of cells 

in another format. 

Table 2.1: Comparison for different chemistry of cells 

 Lead Acid NiMH ZEBRA Li-ion 

Nominal cell voltage 2V 1.2V 2.58V 2.5V/3.3V/3.6-

3.7V 

Specific Energy 30-45 Wh/kg 30-80 Wh/kg 90-100 Wh/kg 90-220 Wh/kg 

Energy Density 60-75 Wh/L 140-300 Wh/L 160 Wh/L 280-400 Wh/L 

Specific power 180 W/kg 250-1000 W/kg 150 W/kg 600-3400 W/kg 

Cycle life 500-800 500-1000 1000 1000-8000 

Self-discharge 2-45% /month 20-30% /month 0% /month 2-5% /month 

Temperature range -20-60°C -20-60°C 270-350°C -20-60°C 

Relative costs Low Moderate Low High 
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 In this table, the technologies are listed practically in chronological order, with lead-acid 

being the oldest and Li-ion (and lithium-polymer) being the most recent one. Continuing 

improvement in battery performance and its characteristics, especially in terms of cycle life and 

the energy density, can be observed. Because of their high energy density and light weight, Li-ion 

batteries are becoming the dominant power source for portable products. The next subsection 

discusses more about Li-ion and Li polymer batteries. 

 

2.1.1 Li-ion battery 

 Lithium metal for the past few decades has been the most attractive and suitable material 

for use as anode in rechargeable batteries. In addition to use for consumer electronics, Li-ion 

batteries are growing in popularity for EV, HEV and renewable energy storage applications due to 

their high energy density. Fig 2.1 shows various battery chemistries using a Ragone plot, which 

typically display the energy density and power density relationship between various energy storage 

devices.  

Fig 2.1: Energy density per unit mass and volume for common secondary cells [11] 

 

 Due to the high voltage and the low density of lithium, the amount of energy incorporated 

in Li-ion cells, scaled to its mass or volume, exceeds all other rechargeable battery types and makes 

them the best technology for portable devices. 
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 Currently, numerous competing Li-Ion chemistries are available, each with their own 

advantages and disadvantages compared to each other. While all modern Li-Ion batteries use the 

same materials for the anode and electrolyte, they vary widely in cathode material and are usually 

classified by cathode material alone. The three most common are lithium cobalt oxide (LiCoO2), 

lithium manganese oxide (LiMn2O4), and lithium iron phosphate (LiFePO4).  

 The different insertion reaction materials that are used at the positive electrodes of Li-ion 

batteries leads to different properties in term of voltage and capacity for the cell. Li-ion batteries 

for portable applications are mostly cobalt based. The system consists of a cobalt oxide positive 

electrode that has a 2-D layered structure allowing the intercalation of the Li+ ions in two 

directions. Its high specific energy and, thus, long run-time, made Li-cobalt the popular choice for 

PADs [12]. However, they have a big disadvantage. Cobalt resources are limited and it is 

expensive. Therefore manganese-based compounds (spinels LiMn2O4) are now of main interest 

for battery manufacturers [13], since manganese is more abundant, safer, cheaper and offers a 

better kinetics due to an intercalation on three directions (3-D structure). Unfortunately, the use of 

lithium manganese spinel is limited by some operational issues, the most serious being manganese 

dissolution into the electrolyte upon cycling in lithium cells which leads to a shorter lifespan than 

that of lithium cobalt oxide [14]. Another material of interest, which also allows high rate, is the 

lithium iron phosphate (LiFePO4), where Li+ ions are intercalated through tunnels (1-D structure). 

Its additional advantages are the low cost and the abundance of its elements. However the voltage 

is a little lower than that of the other chemistries and it has a relatively low energy. Therefore, 

depending on the application for which Li-ion cells are needed, choices have to be made regarding 

the active materials to figure out which one is the most appropriate. Nowadays battery 

manufacturers are developing composite positive electrodes. The concept promises the 

combination of several active materials into a hybrid electrode to allow performance optimization 

in term of power and energy. Table 2.2 summarizes the several Li-ion cell chemistries described 

above. 
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Table 2.2: Li-ion cells chemistry summary 

Chemical Name Material Specific Energy Cell Voltage Notes 

Lithium Cobalt 

Oxide 

LiCoO2 170 mAh/g 3.7 V High capacity, low 

rate capability 

Lithium Manganese 

Oxide 

LiMn2O4 120-140 mAh/g 3.9 V Most safe, lower 

capability but high 

power 

Lithium Iron 

Phosphate 
4LiFePO 130 mAh/g 3.3 V Low capacity, high 

rate  capability, flat 

discharge curve 

  

 Regarding negative electrodes, the most common materials found in commercial Li-ion 

batteries are carbon-based (i.e. graphite) since it has a high capacity and a very light weight. 

Research is going on to improve the safety and electrochemical performance of Li-ion batteries 

anode materials. An example for such Li-ion chemistries is the lithium titanium oxide (Li4Ti5O12). 

It offers a longer lifespan and low temperature performance but comes with a lower voltage [15]. 

The next generation of anode will most likely be silicon based and nano-sized [16-17]. 

2.1.1.1 Operation of a Li-ion cell 

 
 Lithium ions are used in Li-ion batteries to store and provide energy. Each cell of Li-ion 

battery consists of two electrodes, cathode and anode, a separator between those electrodes, and a 

current collector on each side of the electrodes. For a liquid electrode, the electrodes and the 

separator are soaked in the electrolyte as shown in Fig 2.2 on the negative electrode side and on 

the positive electrode side, copper and aluminum current collectors, respectively, connect the Li-

ion battery to an external circuit.  

Fig 2.2: Schematic of a Li‐ion battery [18]. 
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 The cathode which is made of a composite material, defines the name of the Li‐ion battery 

cell. The electrolyte can be liquid, polymer or solid. For solid or polymer electrolytes, the 

electrolyte will act as a separator, as well, which enables the transform of lithium ions. It also 

prevents the cell from short-circuiting and protects the cell from thermal runaway [19]. The anode 

is made from graphite or a metal oxide.  

 Diffusing from the anode to the cathode through the electrolyte happens during 

discharging. It will cause the cathode to become more positive due to intercalating lithium ions 

into the cathode. An electric current will flow through the external circuit due to the potential 

difference between the cathode and anode. The opposite process happens during charging. The 

current will cause the lithium ions to deintercalate from the cathode and diffuse to the anode. 

Charging the battery happens due to intercalation of the lithium ions at the anode. The number of 

these charging/discharging processes is limited due to degradation of the cell material and other 

chemical reactions in the cell. The cell’s capacity degrades as the cell is under load or ages. 

2.1.2 Why Lithium polymer batteries? 

 The lithium iron phosphate batteries cathode materials have been very popular for 

commercial use, high power applications and military applications. These types of cathode 

materials have lower cost compared to other types of cathode materials. It has improved safety 

through higher resistance to thermal runaway, longer cycle and calendar life, higher current or 

peak-power rating, and use of iron and phosphate which are less toxic than Co, Ni, and Mn-based 

cathode materials [20]. The typical chemical reaction of LiFePO4 is shown in Equation (2.1) and 

illustrated in Fig 2.3 [21]. 

LiFePO4 <=> FePO4 + Li + 𝑒−    (2.1) 

 This chemical reaction’s main principal is that lithium which acts as positive electrode 

material is ionized during charge and therefore it moves from layer to layer in the negative 

electrode. 

 Advantages such as being nontoxic, having thermal and chemical stability and longer cycle 

life makes the iron phosphate, a popular battery material in research and applications [20]. 

Moreover, these cells are the cheapest in terms of unit power and unit capacity [22-23]. One of 
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their disadvantages is that without over discharge protection, it is easy to damage the cell and 

diminish its capacity [24]. Therefore, SOC estimation of this type of cell is critical. 

 

Fig 2.3: Chemical reaction of a LiFePO4 cell [21] 

 

2.2 Battery definitions 

 For describing the state and properties of battery cells there are many terms. These 

terminologies need to be clarified for consistency in the dissertation. The most important 

definitions for the battery has been explained in this section.  

2.2.1 Cell capacity 

 Capacity indicates the specific energy in ampere-hours (Ah) [25]. Theoretical capacity is 

the maximum amount of charge that can be extracted from a battery based on the amount of active 

material it contains. This capacity is strongly dependent on the internal impedance of the cell and 

varies extensively depending on the operating conditions. Remaining capacity is the amount of 

charge that can be extracted from a battery when discharged under a given load and temperature 

conditions. Usable capacity is possible amount of charge that can be discharged from a fully 

charged cell with very small current for a given minimum cell voltage where the voltage drop over 

the internal resistance becomes close to zero. 
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2.2.2 State of Charge  

 The state of charge (SOC) represents the amount of remaining capacity of a battery in 

charge/discharge cycles to the full charge capacity. The SOC is the inner state of the battery which 

we should estimate [26]. The SOC can be divided into two types: engineering‐SOC (e‐SOC) and 

thermodynamic‐SOC (t‐SOC) [27]. The e‐SOC depends on charging/discharging current rate and 

is apparent to the user of the battery; it is the state of the capacity at a certain discharge rate. The        

t‐SOC is the state of the useable capacity in the cell. In this thesis the SOC is the t‐SOC unless 

stated otherwise. Every model element will therefore be function of the t‐SOC. 

 The SOC is given by: 

𝑆𝑂𝐶(𝑡)=𝑆𝑂𝐶(0) - 
∫ 𝜂.𝐼(𝑡)

𝑡
0

𝐶𝑢𝑠𝑎𝑏𝑙𝑒
𝑑𝑡                            (2.2) 

where SOC(t) is the SOC at time instant t, SOC(0) is the initial SOC, Cusable is the usable portion 

of nominal capacity and I(t) is the charging/discharging current at time instant t. The current in the 

above formula is positive while the battery is discharged and negative for charging. Parameter η 

presents the coulombic efficiency which is usually considered equal to one for discharging and 

less than one for charging. However, it is considered constant equal to one for 

charging/discharging in the dissertation. 

 

2.2.3 State of Health 

 State of Health (SOH) is defined as a ratio of full charged capacity to its full design capacity 

or nominal capacity. The SOH indicates the state of the battery between the beginning of life (BoL) 

and end of life (EoL) in percentages. In other words, it provides how much of battery’s life remains 

before it must be replaced an indication of the how much of the useful lifetime of the battery has 

been consumed and how much remains before it must be replaced. The full charge capacity of a 

used or an aged battery is less than the designed capacity which is given by: 

𝑆𝑂𝐻 =
𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦𝑐𝑢𝑟𝑟𝑒𝑛𝑡

𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦𝑟𝑎𝑡𝑒𝑑
∗ 100%        (2.3) 

 For EV/HEV applications SOH is defined by the battery manufacturers when one of the 

following conditions has been fulfilled [28]:   
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a) If under reference conditions a batteries capacity has dropped 20% compared to the rated 

capacity, which is known as capacity fading.  

b) If under reference conditions the maximum power delivered by a battery has dropped 20% 

compared to the rated power, which is known as power fading. 

 

2.2.4 C-rate 

 C-rate is a scale for the charge and discharge current of a battery. It is a measure of the rate 

at which a battery is discharged relative to its maximum capacity. A current of 1C means that the 

battery cell is ideally charged or discharged in one hour, 2C in half an hour. So a current of 1C for 

a cell with nominal capacity of 1.1Ah is 1.1A and 2C for the same cell is .55A. 

 

2.2.5 Cycle 

 A cycle could be defined as a period of discharge followed by a full recharge. However, 

after emerging EVs and battery energy storage systems (BESS), there is a redefinition for this 

expression. Some defined a cycle as one event of discharge followed by recharge [29]. In this work 

the charge processed in the battery is chosen to determine the battery usage. Cycling will, however, 

still be used as a verb to describe continuous operation of the battery. 

 

2.2.6 Internal resistance 

 Internal resistance is opposition of the battery to charging/discharging current. Internal 

resistance depends on many factors and it is not constant while a battery is under load and it varies 

during charging/discharging time. This resistance depends on temperature, C-rate and SOC. Two 

basic components impact the internal resistance; the ionic resistance and electronic resistance. The 

ionic resistance plus electronic resistance, would be referred as total internal resistance [30]. The 

electronic resistance accrues because of the resistivity of actual materials of the battery such as 

internal components and the metal covers; as well as, how well they make contact with each other. 

Its effect on internal resistance accrues within the first few milliseconds after a battery is placed 

under load. Ionic resistance is the resistance to current flow within the battery due to various 
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a

b

c

electrochemical factors such as, electrolyte conductivity, ion mobility and electrode surface area. 

These polarization effects occur more slowly than electronic resistance, usually a few milliseconds 

after a battery placed under load [31]. Nevertheless, internal resistance will cause voltage drop on 

batteries terminals and will result in power dissipation in the form of heat. Assuming that 

charging/discharging current of the battery is “I”, this power dissipation associated with the 

voltage drop equals to RI2 where R is internal resistance. In this work, our tests are assumed to be 

done at room temperature. Moreover, [32] showed that if current flowing from the battery is within 

range of .6 C-rate - 2 C-rate, internal resistance doesn’t depend on current. In our experiments and 

simulations charging/discharging current rarely exceeds 2C-rate. So, in this work we will assume 

internal resistance just depends on SOC.  

 

2.2.7 Cutoff voltage 

  
 The cutoff voltage is the lower-limit voltage of a battery. In experiments of this 

dissertation, batteries are assumed completely discharged at cutoff voltage. At this voltage, it is 

assumed that batteries SOC equals to 0%.   

 

2.2.8 Battery pack 

 Battery pack is a combination of cells in series and parallel connection to provide high 

voltage and high capacity for different applications. Fig 2.4 presents all possible configurations 

for battery pack. Usually battery packs shown by “nsmp”. It means that we have n cells in strings 

and we have m number of those strings connected together in parallel. For example in our 

simulations we have a 128s1p battery pack, which presents a battery pack with one string which 

has 128 cells connected in series. 

 

 

 

 

 

 

Fig 2.4: Battery pack a) series, b) parallel, c) series-parallel 
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2.3 Conclusion and chapter summary 

 Secondary Li-ion batteries are expected to play a leading role as alternative energy storage 

sources due to the increasing demand and drain of available traditional fossil fuel energy resources. 

They are the most recent known chemistry for rechargeable batteries among other chemistries such 

as Lead Acid batteries, NiMH batteries and Ni-Cd batteries. By comparing all mentioned 

chemistries for their performances and characteristics, it is shown that Li-ion batteries are very 

suitable in applications such as EVs and HEVs. As a result, LiFePO4 is selected in the experiments.  



 

  14 

3. Degradation mechanisms of Li-ion batteries 

 
 Battery degradation is a complex process and difficult to understand since it occurs due to 

a number of reactions and interactions in the electrodes and electrolyte. These processes are 

specific to the cell chemistry. They come from of mechanical or chemical origin. Researchers have 

extensively studied and reviewed the various aging mechanisms in both the negative and positive 

electrodes [33-36]. With cycling or increasing storage time, the usable capacity of the Li-ion 

batteries will decrease and their internal resistance (impedance) will increase to the point that they 

won’t accept charging current any more. At this point SOH of the battery cell reaches 0% and we 

have to replace the battery. Performance degradation for a Li-ion battery happens gradually while 

it is under load. As mentioned above, degradation occurs because of battery charging/discharging 

and also during its storage. However, degradation for cycling happens much faster than 

degradation due to storage. In next subsections degradation and aging mechanisms will be 

described for Li-ion under mentioned reasons.  

 

3.1 Degradation of Li-ion cells due to cycling 

 The loss of lithium ions and active material are the main mechanisms for Li-ion batteries 

for capacity fading.  Fig 3.1 highlights futures of a very general capacity versus cycle number plot 

[37]. This figure describes the capacity fading with cycling in a Li‐ion cell by splitting it into four 

stages. 

 

Fig 3.1: General trend for capacity fading versus cycle number [37] 
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 This figure’s shape is reminiscent of a discharge curve (voltage versus capacity). Capacity 

drop rate is initially high (region A), then slows down quickly (region B) and after a few hundreds 

cycles, even slows more (region C) before starting a rapid increase (region D). The EoL of a Li‐

ion battery occurs in region C where battery reaches 80% of its nominal capacity. So the operating 

region for a Li‐ion cell during its lifetime is mainly region B and C and the capacity fading can be 

approximated by a linear function [37]. These four stages of capacity fading in Li‐ion battery are 

covered more in the next subsections.  

 

3.1.1 Region A of capacity fading versus cycle number 

 In this region, there is a sharp drop in battery capacity due to the interphase of the anode 

with the electrolyte of the separator, a Solid Electrolyte Interphase (SEI) film which is a side 

reaction. This stage does not last for many cycles because as the cell is cycled more, the side 

reaction rate will gradually decay [38]. A schematic of a SEI film layer in a Li-ion cell is given in 

Fig 3.2. 

 

 

 

 

 

 

 

 

 

 

 

 

 
Fig 3.2: SEI film layer schematic for a Li‐ion cell [38] 

 

 

3.1.2 Region B of capacity fading versus cycle number 

 
 In the second region, the anode is the limiting electrode [39]. During charging, the amount 

of active material is limited and less lithium ions are intercalated into the anode. It slows the loss 

rate of lithium ions, and the SEI layer with electrolyte protects the anode from reduction. The SEI 

layer cracks and more active material will be exposed during continuous intercalation and 
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deintercalation. As a result, more side reactions and the SEI layer will continue to grow, leading 

to loss of lithium ions and a less porous SEI layer. The consumption of lithium ions results in a 

non‐fully intercalated cathode. 

3.1.3 Region C of capacity fading versus cycle number 

 In this region of capacity fading versus cycle number, the degradation rate of the active 

cathode material is higher than lithium ion loss. On the cathode/electrolyte interphase, layer named 

Solid Permeable Interphase (SPI), is formed [40].  Cycling leads to the growing of the SPI layer 

and limiting of the active cathode material. It causes deformation of the cathode that happens way 

faster than the loss of lithium ions [41]. However, as more active cathode materials are available, 

the anode is the limiting electrode in this region of capacity fading versus cycle number. 

 

3.1.4 Region D of capacity fading versus cycle number 
 

 The limiting electrode in this region is cathode due to its high degradation. The reason is 

that less active cathode material is available than the amount of ‘cycle-able’ lithium ions [41]. It 

happens since lithium ions that were intercalated into the anode during charging can be intercalated 

into the cathode during discharge completely.  Consequently, more and more lithium ions are stuck 

inside the anode. In this region, fully intercalated of the cathode during discharge raises the active 

cathode loss rate. This increase loss rate will accelerate capacity fading and as a result capacity 

will rapidly decrease.  

 The severity of these four stages is not the same for different types of Li‐ion cells. For 

LiFePO4, the most effective capacity fading mechanism is the loss of lithium ions by the Li-ion 

consuming SEI film later formation, which also results in a loss of active anode material [41]. As 

loss of cathode material happens at a lower rate for LiFePO4 batteries, neither cycling nor 

temperature change enhances the formation of the SPI layer [40]. That is why LiFePO4 batteries 

have a higher cycling life in comparison to other kinds.  

 From these four stages we can see that capacity fading primarily occurs on the 

electrode/electrolyte interphase under influence of intercalation and deintercalation of Lithium 

ions. Usually these mechanisms degrade a Li-ion battery. However, in real life non ideal conditions 
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can accelerate capacity fading and cause additional cell life decay. That is why we should monitor 

batteries continuously by a battery management system (BMS) to be aware of their conditions.    

3.2 Accelerated degradation of Li-ion cell due to cycling 

 When we are using Li-ion batteries in EVs or BESS, they will experience accelerated 

degradation next to the normal degradation mechanisms. Unusual conditions like high or low 

temperatures, large C-rates, high SOCs and deep depth of discharges (DODs) can accelerate 

battery degradation and it’s aging. Some of these factors have temporary effects on batteries 

capacity loss which will restore after battery rested for a while. However, other factors like deep 

DODs will reduce the capacity permanently or even damage the cell. Effects of these unusual 

conditions are described in upcoming subsections. A distinction will be made between temporary 

and permanent effects, and only the permanent effects are considered to be capacity fading and 

have an impact on the cell life. Severity of these degradation mechanisms accelerators is not equal 

for different types of Li-ion cells. 

 Based on finding declared in [42], for LiFePO4 batteries low temperature strongly affects 

the performance and capacity of them. Based on [43-44], new LiFePO4 is not affected by C-rate 

due to change in the manufacturing process, using nanostructured material [45] or coating the 

cathode with carbon [46-47]. Moreover, based on [48] the DOD has no influence on the capacity 

fading, but the charge or energy processed is the determining factor. 

3.2.1 C-rate Effect 

 As defined in chapter 2, C-rate in a battery scaled to nominal capacity. Low and high C-

rates are thus low and high current, respectively. Fig 3.3 explains the process of discharging at an 

electrode/electrolyte. 
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Fig 3.3: The process of charge/discharge at an electrode with (a) all the lithium ions available, (b) chemical reaction 

for intercalation before recovery, (c) after recovery and (d) not enough lithium ions available for chemical reactions 

to support the C‐rate [49] 

 

 

 From Fig 3.3a we can see that when all lithium ions are still available in the electrolyte, 

the surface near the electrode will be filled with lithium ions. Later on during intercalation the 

lithium ions near the surface leave the electrolyte (Fig 3.3b). Since the chemical reaction associated 

with intercalation cannot be sustained over the entire surface anymore, as the diffusion rate is lower 

than the reaction rate, a concentration gradient builds up in the electrolyte [49]. This will lead to a 

rise in internal impedance of the Li-ion battery. Lithium ions from the bulk electrolyte diffuse to 

the area with the least lithium ions and after a recovery period the lithium ions are spread out over 

the electrode surface again (Fig 3.3c). In Fig 3.3d all the lithium ions at the surface are intercalated 

and the current will stop, even though there are still lithium ions present in the bulk. This will 
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result in a temporary capacity loss. This capacity loss is temporary and can be recovered if battery 

rests or if we decrease charging/discharging current. 

 The diffusion polarization voltage drop rises due to insufficient diffusion rate; the same 

phenomenon happens for ohmic and activation polarization voltage and the total voltage drop over 

the cell is determined. According to Ohm’s law, higher C-rates cause higher voltage drops as 

shown in Fig 3.4. This figure is based on our tests on a LiFePO4 battery which will be described 

in detail in next chapters. The nominal capacity and cutoff voltage of this cell are 1.1Ah and 2.6V, 

respectively. The cutoff voltage is reached faster than with higher C‐rates, resulting in a loss of 

capacity. This temporary capacity loss can be recovered by discharging at a lower C-rate. 

Fig 3.4: An example of the terminal cell voltage at different discharge C‐rates based on experiments of LiFePO4 

battery 

 

 As shown in Fig 3.4, at high C-rates, the cutoff voltage happens at lower SOC values. This 

is because the voltage drop over the internal resistance will be added to the terminal voltage while 

discharging. In our tests, we charged batteries with Constant Current, Constant Voltage (CCCV) 

protocol. This infers that the battery will be charged with a constant current up to the maximum 

terminal voltage.  These values for our sample batteries are 1.1A and 3.6V, respectively. Then the 

cell is charged with a constant voltage (3.6V) by slowly reducing the current to the point that 

flowing current is .05C. 
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3.2.2 State of charge (SOC) 

 SOC indicates the amount of energy left in the battery as a percentage of its current 

capacity. Higher SOC means that higher energy is stored in the battery. This will accelerate 

degradation of the battery since it is more reactive. At higher SOCs, anode will be highly energized 

and self-discharge will also be higher and the SEI layer will grow faster. Furthermore, electrolyte 

oxidation occurs at high SOCs, leading to impedance increase [50]. The SOC varies fast so the 

amount of time spent at a certain SOC level is very short. In order to be sure about working in the 

safe SOC range, manufacturers mention specific operation voltage range. Overcharging or over 

discharging causes other degradation mechanisms, which will be discussed next. 

 

3.2.2.1 Overcharge 

 If a battery is overcharged, it means that the battery is charged over its specified voltage 

and operates above its maximum stress point. This voltage for tested cells is 3.6V based on the 

data sheet provided from the vendor.  This will cause a small decrease in cells capacity as presented 

in Fig 3.5. However, there is a sharp increase of batteries internal resistance. The increase happens 

because overcharge electrical energy is pumped into the battery, but hardly any intercalation can 

take place anymore. The electric energy will be dissipated and the temperature of the battery rises, 

causing all the high temperature degradation effects described in paragraph 3.3 [28]. 

 

 

 

 

 

 

 

 

 

 

 

Fig 3.5: Decrease of cycle life with overcharging the battery [51] 
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 Overcharging also will cause decomposition of the binder and electrolyte. The 

decomposition of electrolyte forms insoluble products, blocking the pores of the electrodes, and 

causes gas generation [52]. This will cause some sort of safety hazards since the gas generation 

raises the pressure in the cell. Moreover, gas generation will create lithium plating on the anode 

and oxidation on the cathode. Overcharge must therefore be avoided at all times. This is possible 

by monitoring battery SOC. 

3.2.2.2 Over discharge 

 Over discharging happens if a battery is discharged under the specified cut‐off voltage, 

essentially negative SOC. Two degradation mechanisms will severely damage the battery at over 

discharge.  One of those mechanisms is corrosion of the copper current collectors and dissolution 

into the electrolyte resulting in loss of contact with anode and power fade [53]. The second one is 

decomposition of the SEI layer on the anode. Due to the high anode potential, dissolution of the 

SEI layer happens. Later on, upon recharge, the exposed active material will cause side reactions 

to restore the SEI layer and reducing lithium ions causes capacity fading [54]. 

 

3.2.3 Temperature 

 Temperature has a very strong influence on the capacity of a Li‐ion battery. This type of 

battery has an optimal range of operating temperature [55]. Working outside of this range effects 

severe capacity loss. This capacity loss is partly temporary and partly permanent. In the next figure, 

an example of the temperature range for optimal cycle life is given. According to this graph, the 

decay of cycle life is different for high and low temperatures, as different degradation mechanisms 

deteriorate the battery. 

 At low temperature, loss of capacity happens due to the higher activation energy needed 

for the chemical reactions and lower ion diffusion. However, this capacity loss is temporary and 

will be recovered when the temperature is restored to the nominal level. Low temperature under 

normal discharge does not have any permanent impact on capacity fading, but during charging, a 

lithium plating phenomenon is likely to happen. Lithium plating happens due to slower 

intercalation rate at the anode compared to the deintercalation rate [56]. 



CHAPTER 3 
 
 

22 
 

Fig 3.6: An example of a battery cell’s temperature range for optimal cycle life [55]. 

 

 Operating at high temperature as shown in Fig 3.7 results in a higher capacity fading and 

may cause severe damage to the Li-ion battery [57]. Due to high temperatures the SEI layer will 

slowly break down and dissolve into the electrolyte. Side reactions happen since the active material 

of the anode will be partly exposed to the electrolyte. The damaged SEI layer will be restored due 

to the side reactions or a precipitation of the dissolved SEI particles will take place. Moreover, 

parts of the cathode can dissolve into the electrolyte and may be incorporated into the SEI layer. 

Consequently, the intercalation at the anode will be more difficult and the ionic conductivity will 

be lowered. The same degradation mechanism happens at the cathode side with the SPI layer. 

Another degradation mechanism is the deformation of the anode and cathode [58]. 

Fig 3.7: The accelerated capacity fading due to high temperatures 
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3.2.4 Depth of discharge  

  
 The Depth of Discharge (DOD) is the percentage of the cell capacity that is discharged in 

current cycle. DOD is strongly important for battery cycle life. Fig 3.8 presents an example of a 

number of possible cycles under different DODs. All cycles start from 100% SOC. Batteries are 

discharged with constant current (CC) to the appropriate DOD and then fully charged again. As 

the discharge goes deeper, more intercalation and deintercalation take place in the electrodes. The 

loss of lithium ions and active electrode material will be higher for larger DOD cycles [59]. 

Consequently more capacity fading happens and fewer cycles are possible. DOD has no influence 

on the capacity fading of LiFePO4 batteries, but the charge or energy processed is the determining 

factor [50]. 

 
Fig 3.8: Cycle number vs. depth of discharge (DOD) curve of a Li‐ion battery [59]. 

 

 

 Deeply discharging highly affects capacity fading of Li-ion batteries. More DOD in each 

cycle, the cell is stressed more in that cycle. And the number of possible cycles in batteries lifetime 

is strongly dependent on the ΔDOD. With the use of a cycle number versus ΔDOD curve, the cycle 

life of a battery can be predicted. An example of such a curve is given in Fig 3.9. 
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Fig 3.9: Cycle life vs. ΔDoD curve for different battery cell chemistries [59] 

 

3.3 Degradation of Li-ion batteries due to storage 
 

 Another reason for Li-ion batteries degradation is storing them for a long time. Side 

reactions will enhance SEI layer since the active anode material is exposed to the electrolyte 

through the porous SEI layer. This degradation can be decreased by storing batteries under the 

right conditions. This capacity fading increases by keeping batteries at high SOCs or high 

temperatures [60]. An example of the capacity fading at different SOCs and temperatures is given 

in Fig 3.10. From this figure we can see that cell voltage, i.e. SOC at which the cell is stored has 

an influence on the capacity fading. 

 

 

 
Fig 3.10: Capacity fading due to storage at different voltages (SOC) and temperatures [60]. 
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 High SOC or temperature will also lead to growing resistance in the cell, which results in 

power fading. This is shown in Fig 3.11[60]. 

Fig 3. 11: Power fading due to storage at different SOCs and temperatures [60]. 

 

 

 To slow down the electrochemical processes while storing Li-ion batteries, low 

temperatures and low SOC is recommended. However, due to the self‐discharge of Li‐ion 

batteries, they cannot be stored at very low SOCs resulting in over discharge which damages cells. 

Storage at 40% SOC and 15°C has been suggested for optimal battery life [61]. 

3.4 Summary of aging mechanisms of Li-ion batteries 

 Multiple and complex mechanisms happen at battery aging leading to increasing battery 

impedance and capacity fading. Cycling and storage conditions as well as material parameters, 

affect battery’s performance and lifetime. Depending on the cell chemistry, both high and low state 

of charge may deteriorate performance and shorten battery life. High temperatures accelerate the 

decay, but low temperatures, especially during charging, can also have a negative impact. Amongst 

the material parameters, surface chemistry plays a major role for both cathode and anode materials. 

Phase transitions and structural changes in the bulk material strongly influence aging on the 

cathode, while changes in the bulk anode material are considered of minor importance only. Fig 

3.12 gives a schematic overview on aging mechanisms for lithium-ion cathode materials, which 

have been described in previous sections [62].   
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Fig 3.12: Cause and effect of aging mechanisms [62] 
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In overall, these aging mechanisms lead to capacity fading and internal impedance rise of the Li-

ion battery. Since both phenomena differ by chemical causes, they have different origins. The 

performance loss is caused by various physical-based mechanisms, which depend on the electrode 

materials. They can either be of mechanical or chemical origin. The consequences of theses 

mechanisms on the lithium-ion cells are: 

 1) The (primary) loss of cyclable lithium which increases cell imbalance. Loss of cyclable 

 lithium is related to side reactions. This can occur at both electrodes, as the SEI grows at 

 carbon anode due to electrolyte decomposition [63]. 

 2) The (secondary) loss of electrode active materials, possibly a material dissolution, 

 structural degradation, particle isolation, and electrode delamination [64]. 

 3)  Resistance increase of a cell. This can occur due to passive films at the active particle 

 surface as well as loss of electrical contact within the porous electrode [65]. 

In terms of battery performances, both loss of cyclable and loss of active materials lead to the 

battery capacity fade. Secondly, the battery resistance (impedance) growth is engendered by the 

passive films.  

 

3.5 Conclusion and chapter summary 

 In this chapter, reactions and interactions in the electrodes and electrolyte of the battery 

that cause battery aging are explained. These processes originate from different mechanical or 

chemical factors and depend on the cell chemistry. The main aging mechanisms for Li-ion batteries 

are loss of lithium ions and capacity fading. After explaining general trend for capacity fading 

versus cycle number of Li-ion batteries, C-rate effect on degradation of Li-ion batteries is 

discussed. Experimental results depicted in Fig. 3.4 present that cutoff voltage is reached faster 

with higher C‐rates, resulting in capacity loss. It is also shown that overcharge and over discharge 

can decrease batteries life significantly. Moreover, temperature’s effect on Li-ion batteries 

performance is discussed. The right conditions for decreasing capacity fading for storing batteries 

are discussed. The capacity fading increases by keeping batteries at high SOC or high temperature. 

A schematic overview on aging mechanisms for lithium-ion cathode materials is also provided.  
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4. Battery modelling with aging 

 
 Many different models predicting the behavior of Li‐ion cells have been developed. 

However, for applications like EV/HEV or BESS, an equivalent circuit-based model is the most 

preferable one, since the model can be directly connected to electrical circuit models of other 

components in the system for real time calculations. These models are known as performance 

based models [66]. The performance‐based models can further be distinguished by their modelling 

approach. Among them, the most common types are impedance-based and Thevenin-based 

models.  

 Electrochemical engineers mainly used impedance-based models to describe 

electrochemical processes using an electrical circuit model. These models are extracted from 

Electrochemical Impedance Spectroscopy (EIS) measurements on a single battery (cell). Cell’s 

impedance response is measured at a large range of frequencies and modelled to Randles circuit. 

Using the obtained Nyquist plot, each component of Randels circuits would be determined for the 

conditions of measurements. Each of these components corresponds with electrochemical process 

in the cell. This model becomes more accurate when a higher order Randels circuit is used [67]. 

 For predicting battery performance and capture battery behavior characteristics on real 

time, Thevenin-based models are more preferred. These models are made by measuring the voltage 

response of a battery to current variations. These circuit models complexity and accuracy increases 

by increasing order of circuit. Moreover, each circuit component can be described by nonlinear 

equations, which complexity also depends on the desired accuracy. Consequently, based on 

application and measurements accuracy, the optimal trade-off between models complexity and 

circuit components complexity for real time applications has to be investigated.  

 This chapter will start with literature review on existing models for Li-ion batteries 

characterization. The models are mainly classified into electrochemical, analytical and electrical 

models [68]. Electrical circuit models for Li-ion batteries and aging influence on SOC and voltage 

estimation are covered in detail. Then the most common electrical circuit models are described in 

more detail and combined to obtain an accurate hybrid model. Experiments to model electrical 

components of this model are described in detail. Finally we will present our method to update 

electrical components of the voltage response side of the presented hybrid model. 
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4.1 Electrochemical models 

 Electrochemical models are based on coupled nonlinear partial deferential equations (PDE) 

to precisely describe the chemical processes taking place inside a battery, i.e., electrode reactions, 

charge transfer, solid state delusion, ion transport through the electrolyte, etc[69-70]. 

Electrochemical models for Li-ion batteries are used to optimize their physical design and relate 

observable parameters with physical explanations. In terms of calculation time and accuracy, these 

models show promising results with respect to terminal voltage and SOC. However, they require 

a significant amount of componential effort which is very time consuming and too long to 

implement in real time applications [71]. Furthermore, they cannot be directly combined with 

system level models in EVs/HEVs or BESS and require battery-specific information that is often 

proprietary. 

4.1.1 Electrochemical models with aging 

 [72] developed an adaptive electrochemical model to predict the terminal voltage of a 

battery and its SOC as a result of cyclic aging. This model contains 1st and 2nd order temperature 

corrected voltage equations. Obtained models parameters were determined with the aging model. 

This aging model only considers cycling and the maximum charging voltage. A quadratic aging 

model was used to estimate the remaining capacity of the cell and a linear aging model was used 

to derive the parameters for the voltage response model. The remaining capacity of the cell can be 

a criteria for SOC and SOH estimation. This model was capable of predicting the terminal voltage 

of an aging cell in this manner. 

4.2 Analytical models 

 Analytical models use empirical equations to describe runtime and battery capacity. They 

can be developed by identifying the physical processes that take place inside the battery and how 

each battery component responds to those processes. For instance, to predict the capacity of a 

battery as a function of the current used to discharge the battery a single equation model can be 

used. A more complicated model with multiple equations describing the phenomena occurring 

between the current collectors of the electrodes can also be developed [73]. These models cannot 

provide current and voltage (I-V) information about the battery which is considered as a great 
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disadvantage. Due to disadvantage, these models cannot be used for circuit simulations and 

optimization goals. 

4.2.1 Analytical models with aging  

 In [73] an analytical model have developed to describe the calendar aging. Their 

experiments have been conducted with lithium‐nickel‐cobalt‐aluminum‐oxide (LiNiCoAlO2/ 

NCA) batteries, which were kept at different SOCs and temperatures. Their goal was studying 

power fading, which was found to be linear with the power of 3/2 over time. Batteries with one 

hundred percent SOC which are fully charged did not show the same trends as the other SOCs and 

degraded more severely, which suggests at high SOC another degradation mechanism was present. 

They conclude that higher temperatures or SOC showed faster power fading. 

4.3 Electrochemical models combination with analytical models considering 

battery aging  

 In [74], authors have attempted to completely cover aging model for Li-ion batteries by 

combining electrochemical and analytical models previously developed by other authors. This 

model designed to predict a battery pack’s behavior. Solid Electrolyte Interphase (SEI) layer 

growth has been used to model capacity fading which raises the internal resistance of the cell. The 

model presented in [75] has been used to model the capacity fading. This model covers runtime 

recovery effect and rate capacity effect. Power dissipation of each cell was determined by the 

current profile and internal resistance. Finally the runtime charge capacity for a single cell and for 

the battery pack was calculated 

4.4 Impedance based models 

  
 Impedance spectroscopy is a suitable and efficient method to obtain the required 

information. This model provides information on the condition of the battery that can be used in 

the BMS as well as for a state monitor during the whole life cycle of the battery [76]. This model 

measures the impedance of a system over a range of frequencies. The composition of the active 

chemicals in the battery changes due to charging/discharging current. This will be reflected in 

changes to the cell impedance as the chemicals are converted between the charged and discharged 

states. Analyzing the frequency response presented in Fig 4.1, of the system leads to finding out 
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internal parameters value, such as capacitance and resistances presented in Fig 4.2 [77]. The 

resistance R1 represents the resistance induced by the casing and the wires; the two RC circuits are 

the electrodes, where C2 and C3 show the positive and negative electrode responses [78]. 

 

                                          (a)                                                                  (b) 

Fig 4.1: (a) Nyquist plot obtained with impedance spectroscopy frequency response, (b) parameters identification 

[77] 

 

 

Fig 4.2: Li-ion battery equivalent circuit [78] 

 

 Internal impedance measurement by this method can lead to SOC estimation. Moreover, 

this model can also reveal kinetics of active materials and provide implication SOH estimation if 

performed during cell aging. However, this method is not widely used because of difficulties in 
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measuring the impedance while the cell is active as well as difficulties in interpreting the data since 

the impedance is also extremely temperature dependent [77]. Another disadvantage for this method 

is its dependency to SOC level, which means that the measurement should be done on the whole 

SOC range.  

4.4.1 Impedance based models with aging 

 [79] and [80] have studied the effect of cycling on a Li‐ion polymer cell with LiCoO2 

cathode and NCA batteries respectively. The impedance‐based model of the cell was a modified 

Randles circuit and consisted of a series resistance for the ionic conductivity, multiple parallel RC 

pairs in series for the surface film layers, one parallel RC pair describing the charge transfer on the 

electrode/electrolyte surface and a Warburg impedance for the particle bulk [79]. This circuit 

model for impedance presented in Fig 4.3.  

 

 

Fig 4.3: (a) Randles equivalent circuit representation of the transport process of an electrochemical cell including mass 

and charge transport, (b) impedance plot in the complex plane for Randles circuit [79]. 

 

 Based on cycling tests results, battery impedance increases due to the growth of surface 

films, decrease of ionic conductivity and structural modification of the positive electrode. They 

found that increased cycling leads to rise of the charge transfer resistance and diffusion resistance 

[79]. Researchers in [81] used NCA batteries and found that among these resistances, the ohmic 

resistance was almost invariant with the temperature, whereas the polarization resistance strongly 
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depended on the temperature with the Arrhenius equation. Moreover, they found that the activation 

energy was not dependent on the temperature and was found to be similar for fresh and aged cells. 

 

4.5 Computational Intelligence-Based Models 

 The computational intelligence-based models describe the nonlinear relationships among 

the quantities such as SOC, battery voltage, current, and temperature. Artificial Neural Network 

(ANN)-based models [82-83], support vector regression models [84], and mixed models are 

examples of intelligent-based models to estimate the battery nonlinear behaviors [85]. Recently, a 

recurrent neural network (RNN) has been used to provide an SOC observer and battery voltage 

estimator [85], as show in Fig 4.4. The RNN-battery model can accurately predict both the SOC 

and the terminal voltage of the batteries. 

 

  

Fig 4.4: Recurrent Neural Network (RNN)-based battery model [83]. 

 The computational intelligence-based battery models can help to estimate SOC and 

terminal voltage by including the nonlinearity of the batteries, however, the learning process 

required by these methods has a quite high computational cost. Covering aged batteries amplifies 

this problem more. 
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4.6 Equivalent circuit based models 

 Battery modeling based on differential equations as discussed in section 4.1 can provide a 

deep understanding of the physical and chemical process inside the battery. They are useful when 

designing a battery; however, their complexity and high computational time makes these models 

impractical for real-time applications that require several model iterations. Equivalent circuit-

based modeling is the preferred method of modeling since it does not require an in-depth 

understanding of electrochemistry of the battery but is still capable of providing useful insight into 

battery dynamics. Moreover, they have capability to connect to rest of system model in EVs/HEVs 

or smart grids. They give us ability to co-design and co-simulate with other electrical circuits and 

systems. Electrical models use equivalent electrical circuit components such as voltage and current 

sources, resistors, and capacitors to mimic the I-V characteristics of batteries. Equivalent circuit 

models tend to range in complexity from simple equivalent Thevenin circuits to complex RLC 

circuits with cascaded parallel and series architecture [86]. Most advanced electrical models can 

be categorized under three models, called Thevenin, impedance and runtime-impedance models 

as shown in Fig 4.5. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 4.5: Different more advanced electrical models. (a) Thevenin, (b) impedance, and (c) runtime-based electrical 

battery models [68] 

 

Each of the models shown in Fig 4.5, has its own properties which has been briefly covered in 

Table 4.1. 
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Table 4.1: Comparison of various circuit models [68] 

Predicting capability Thevenin-Based 

model 

Impedance based 

model 

runtime-based model 

DC No NO Yes 

AC Limited Yes No 

Transmission Yes Limited Limited 

Battery runtime No No Yes 

 

 One of the advanced electrical models is a combination of two electrical sides. One side is 

predicting the cell's lifetime while the other side is responsible for the Voltage-Current 

characteristic of the cell. In this model all of electrical elements are varying as SOC of cell is 

changing which is more reasonable. Fig 4.6 represents this cell model. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig 4.6: An advanced electrical model [68] 

 
 Hybrid battery models are one of the most recent models which can be categorized under 

electrical models. They take the advantages of an electrical circuit battery model to accurately 

predict the dynamic circuit characteristics of the battery and an analytical battery model to capture 

the nonlinear capacity effects for predicting batteries behavior like accurate SOC tracking and 

runtime prediction of the battery. Fig 4.7 presents a schematic of a hybrid model proposed in [87]. 

This model consists of two sides, one side is responsible for SOC tracking and runtime prediction 

and the other side composed of some electrical elements to predict batteries terminals I-V 

characteristics and its transient response. However, this model doesn’t consider aging effect on 

battery leading to capacity fading and impedance increase. 
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Fig 4.7: Schematic of Hybrid cell model proposed in [87] 

 

4.7 Proposed hybrid circuit model 

 The proposed hybrid circuit based model enhances the electrical circuit model in Fig 4.5 

by replacing its left-hand-side RC circuit with an extended Kalman filter (EKF) to estimate the 

SOC and deliver it to the voltage response circuit side. EKF method for estimating SOC will be 

explained later in this chapter. This model represented in Fig 4.8.  

 

 

Fig 4.8: Schematic diagram of the proposed hybrid circuit based model 

 

 This model has two sides: voltage response circuit side and energy balance side. There is 

voltage response circuit on right hand side including electrical elements consisting of open source 

voltage source, a resistor and two RC branches. On the other side there is an SOC estimator which 

estimates SOC and battery capacity. Estimated SOC would be used on voltage respond circuit to 

Enhanced coulomb 

counting 
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SOC Estimiator:
EKF

+

-

Vt
Voc(SOC)

Ro(SOC,T)
Rl(SOC,T)

Cl(SOC)

Energy Balance side Voltage Response Circuit

Rs(SOC,T)

Cs(SOC)

estimate batteries terminal voltage and modify estimated SOC. The next section explains voltage 

response circuit components. However, since we have done our experiments at room temperature, 

we have neglected temperature effect on voltage response circuit components. In another words, 

in our equations those components are just function of SOC. 

 

4.8 Voltage response circuit components 

 The voltage response circuit contains a dependent voltage source embodying the open 

circuit voltage (OCV) of the cell, a series resistance representing the contact resistance, bulk 

resistance and surface layer resistance, one parallel RC pair with a small time constant symbolizing 

the interfacial charge transfer and another parallel RC pair with a long time constant representing 

the diffusion in the cell. These circuit components are strongly dependent on the current SOC of 

the battery and working conditions, showing their dependency on the voltage response. The 

voltage response circuit side is represented in more detail in the next figure. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Fig 4.9: The proposed hybrid circuit based model with more visualization on voltage response circuit side. 
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4.8.1 Open circuit voltage: Voc 

  

 The voltage of the single battery when it is at electrochemical equilibrium is called the 

OCV. Depending on the battery size, type and conditions, the time to reach to the electrochemical 

equilibrium varies strongly. The OCV of a Li‐ion battery varies over its capacity. Leads to its 

dependency on the SOC of the battery. The OCV of LiFePO4 measured in our experiments is 

shown in Fig 4.10. 

 

Fig 4.10: The open‐circuit voltage of a LiFePO4 single battery. 

 

  

 To describe the OCV mathematically, different empirical equations have been developed. 

One way to model the OCV is by using a double exponential function [88]: 

𝑉𝑜𝑐(𝑆𝑂𝐶) = 𝑎0 + 𝑎1(1 − 𝑒−𝑎2𝑆𝑂𝐶) + 𝑎3𝑆𝑂𝐶 + 𝑎4(1 − 𝑒−
𝑎5

1−𝑆𝑂𝐶)               (4.1) 

where 𝑉𝑜𝑐 is the batteries OCV and 𝑎0 − 𝑎5 are constant values. Another equations for modelling 

OCV has been used by [68] and [89]. They have used a third order polynomials and an exponential 

function [68] or a sixth order polynomial [89] to model the OCV. These models are represented in 

next two equations respectively. 

𝑉𝑜𝑐(𝑆𝑂𝐶) = 𝑎1𝑒−𝑎2𝑆𝑂𝐶 + 𝑎3 + 𝑎4𝑆𝑂𝐶 + 𝑎5𝑆𝑂𝐶2 + 𝑎6𝑆𝑂𝐶3                     (4.2) 

𝑉𝑜𝑐(𝑆𝑂𝐶) = 𝑎0 + 𝑎1𝑆𝑂𝐶 + 𝑎2𝑆𝑂𝐶2 + 𝑎3𝑆𝑂𝐶3 + 𝑎4𝑆𝑂𝐶5 + 𝑎5𝑆𝑂𝐶6      (4.3) 

 Since each Li‐ion battery type has a different OCV behavior and equations 4.1-4.3 are 

empirical equations, it cannot be determined which equation fits the OCV the best. Based on 

measurements and closed Li-ion battery type, one of those equation or combination of them can 

lead to a smaller error than the others. Some researchers has considered temperature effect on OCV 
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equation [89], however, since the OCV deviation is very small most have ignored it. As our test 

has been done in room temperature and assuming that we are keeping batteries in room 

temperature, we will neglect it’s effect, as well. The OCV was found to be independent of aging, 

as shown in Fig 4.11 [90].  

  

 

 

 

 

 

 

 

 

 

4.8.2 Ohmic resistance Ro 

 In our proposed model in Fig 4.7 the single batteries internal impedance, consists of an 

ohmic resistance and two parallel RC pairs in series. These electrical components are dependent 

on many influences such as aging. Moreover, as the electrochemical processes related to the 

internal impedance has SOC dependency, they are SOC dependent as well. The ohmic resistance 

in the practical equivalent circuit-based model depicted in Fig 4.5 consists of the pure ohmic bulk 

resistance Rb and high frequency surface layer impedance RSEI. The SOC dependence of the circuit 

components for a discharging single battery is shown in Fig 4.12.   

 

 

 

Fig 4.11: Comparison of the OCV vs. SOC in percentages for a new and aged Li‐ion cell [90] 
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Fig 4.12: An EIS measurement of a typical Li‐ion cell at different DODs at 20° C. 

 In [68] authors used data acquired from discharging measurements on a Li‐ion polymer 

single battery to obtain an empirical equation for describing the ohmic resistance, Ro. Fig 4.13 

presents their measurement results for internal resistance. It can be seen for Li‐ion polymer 

batteries Ro displays an exponential behavior, with the exponential rise at low SOCs. 

 

 

Their suggested equation for modeling Ro (R_Series) is [68]: 

𝑅𝑜(𝑆𝑂𝐶) = 𝑏1𝑒−𝑏2𝑆𝑂𝐶 + 𝑏3      (4.4) 

where b1, b2 and b3 are parameters to be determined from the single battery by experiment. 

Fig 4.13: The measured ohmic resistance Ro vs. SOC of a Li‐ion polymer cell under different currents [68]. 
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There are other equations suggested to model Ro with high accuracy [91], like equation 4.5: 

𝑅𝑜(𝑆𝑂𝐶) = 𝑏1𝑒−𝑏2𝑆𝑂𝐶 + 𝑏3𝑆𝑂𝐶3 + 𝑏4𝑆𝑂𝐶2 + 𝑏5𝑆𝑂𝐶 + 𝑏6       (4.5) 

4.8.3 Short time transient RC pair Rs and Cs 

 As shown in Fig 4.8, the short term relaxation effect is caused by composing the solid 

electrolyte interface (SEI) at the anode electrode represented by short time transient RC pair in our 

proposed model. From Fig 4.11 it can be seen that Rs is dependent on the SOC, and exhibits an 

exponential behavior. This is reflected in the measurement results for Rs and Cs as shown in Fig 

4.13. Using a similar equation like 5.14, Rs and Cs can be expressed as [68]: 

𝑅𝑠(𝑆𝑂𝐶) = 𝑐1𝑒𝑐2𝑆𝑂𝐶 + 𝑐3        (4.6) 

𝐶𝑠(𝑆𝑂𝐶) = 𝑑1𝑒𝑑2𝑆𝑂𝐶 + 𝑑3       (4.7) 

with c1, c2 and c3 parameters to be determined for Rs and d1, d2 and d3 parameters to be determined 

for Cs. All these parameters determined from the single battery by experiment.  

 

 

 

 

 

 

 

 

 

Fig 4.14: The measured short time transient RC pair vs SOC of a Li‐ion polymer cell under different currents [68]. 
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 For increasing the accuracy it has also been proposed to describe Rs and Cs with a 6th order 

polynomial [86]. The charge transfer resistance also experiences irreversible resistance growth due 

to cycling [87]. Moreover, it has found that Cs was found to decrease with increasing cycle 

numbers, but the change has not been quantified [79]. Our sensitivity analysis done on the 

proposed hybrid electrical model confirms these results.  

 

4.8.4 Long time transient RC pair Rl and Cl 

 As shown in Fig 4.8, the long term relaxation effect is the product of composing double-layer 

capacitance at both anode and cathode electrodes. These components model the diffusion phenomena 

within the Li‐ion batteries. In EIS measurements, the low frequency tail can be modelled with a constant 

phase element. The constant phase element can be expanded into multiple parallel RC pairs, and 

approximated by one RC pair representing the long time transient. Like the RC pair which represents short 

time transient, this RC pair is SOC dependent as presented in Fig 4.15 [68]. 

 

Fig 4.15: The measured short time transient RC pair vs SOC of a Li‐ion polymer cell under different currents [68]. 
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These RC pair can represented by exponential equations, as well [68]: 

𝑅𝑙(𝑆𝑂𝐶) = 𝑔1𝑒𝑔2𝑆𝑂𝐶 + 𝑔3      (4.8) 

𝐶𝑙(𝑆𝑂𝐶) = ℎ1𝑒ℎ2𝑆𝑂𝐶 + ℎ3       (4.9) 

where 𝑔1 − 𝑔3 and ℎ1 − ℎ3 are parameters to be determined for Rl and Cl from experiment, 

respectively. For increasing accuracy, another possible solution is using 6th order polynomial [86]. 

Rl and Cl were found to fluctuate with cycle numbers, but did not show a trend and were 

approximated as constants. They have found these cycling effects Rl much more than Cl [92]. For 

increasing accuracy, like Rs and Cs, some papers have used 6th order polynomials to describe Rl 

and Cl [86].  

 As we can see from graphs 4.12, 4.13 and 4.14, electrical components of voltage response 

circuit side of the hybrid model presented in Fig 4.8 have current dependency. This current 

dependency is clearer for Ro, Rs and Rl and they would have bigger values for high 

charging/discharging currents. However, as mentioned in chapter 2, if BMS can manage 

charging/discharging current to keep it less than 2C, their current dependency can be neglected 

[32] and they can be assumed as function of SOC.  

 

4.9 Chosen nonlinear circuit component models 

 To describe electrical components of voltage response circuit of the battery model, many 

equations can be used. However, there should be a tradeoff between their complexity and accuracy. 

Equations should be as accurate as possible, meanwhile good for real time applications. In previous 

paragraphs several empirical equations suggested in the literature for describing circuit 

components have been given, from which will chose the proposed models components similar to 

them. The final circuit components used in our model along with their equations with the 

corresponding nonlinear equations will be given in coming paragraphs. 

4.9.1 Energy balance circuit side 

 Each single battery’s capacity Cusable is defined as the amount of energy in the single battery 

and its amount will decrease as battery ages. Its value can be considered as a criteria for batteries 

SOH. Moreover, Li-ion batteries are set to operate between a maximum and minimum voltage to 
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prevent damage to them. This interval can be found on batteries data sheet. The minimum point of 

this interval is considered as 0% SOC. This parameter will be considered as constant for 

charging/discharging period of batteries. However, it will be updated as we are updating batteries 

circuit components. This procedure will be explained in next chapter. The self-discharge rate of 

Li-ion batteries is very low, in the order of a few percent per month. Since it is hardly noticeable, 

in the proposed model it will be neglected in our model.  

 

4.9.2 Voltage response circuit component models 

 As shown in equations 4.1, 4.2 and 4.3, the open circuit voltage is modelled using 

polynomials or a combination of polynomials and exponential functions. It has an exponential 

behavior at high and low SOCs, while in the middle region it is flat and fluctuates lightly. We 

found out that combination of polynomials and exponential functions gives the best curve fit for 

OCV which is the solid line in Fig 4.9. Our used equation for curve fitting presented in equation 

(4.10). Exponential functions describe the OCV’s behavior at high and low SOCs and the rest 

models its behavior in the middle region. We will neglect temperature effects on OCV’s equation. 

Moreover, we won’t consider hysteresis effect on the OCV equation. Finally, aging was found not 

to have any effect on the OCV. That is why we wouldn’t update the equation as battery ages. 

𝑉𝑜𝑐(𝑆𝑂𝐶) = 𝑎1𝑒−𝑎2𝑆𝑂𝐶 + 𝑎3 + 𝑎4𝑆𝑂𝐶 + 𝑎5𝑒−
−.0009

1−𝑆𝑂𝐶 + 𝑎6𝑆𝑂𝐶2     (4.10) 

 As shown in Fig 4.12, the ohmic resistance Ro, changes exponentially as batteries’ SOC 

changes. It has current and temperature dependency. However, by keeping batteries at room 

temperature and controlling charging/discharging current less than 2C, their effect wouldn’t be 

considered. For more accuracy, in this work Ro is modeled with 4th order polynomial as represented 

in equation (4.11). The ohmic resistance Ro in the model consists of the bulk resistance Rb and 

surface layer resistance RSEI, for which batteries aging effects them.   

𝑅𝑜(𝑆𝑂𝐶) =  𝑏1𝑆𝑂𝐶4 + 𝑏2𝑆𝑂𝐶3 + 𝑏3𝑆𝑂𝐶2 + 𝑏4𝑆𝑂𝐶 + 𝑏5  (4.11) 

 RC pair which is representing the short time relaxation effect also exhibits an exponential 

behavior as a function of SOC. Their dependency to SOC increases for Rs and decreases for Cs at 

lower SOCs as can be seen in Fig 4.13. This effect can be modelled with an additional 1st order 



CHAPTER 4 
 

45 
 

polynomial to equations 4.6 and 4.7 for Rs and Cs respectively. Their equations has been presented 

4.12 and 4.13.  

𝑅𝑠(𝑆𝑂𝐶) = 𝑐1𝑒−𝑐2𝑆𝑂𝐶 + 𝑐4𝑆𝑂𝐶 + 𝑐3                  (4.12) 

𝐶𝑠(𝑆𝑂𝐶) = 𝑑1𝑆𝑂𝐶3 + 𝑑2𝑆𝑂𝐶2 + 𝑑3𝑆𝑂𝐶 + 𝑑4   (4.13) 

 As shown in Fig 4.14, Rl exhibits an exponential behavior.  From the same figure it can, 

however, be seen that Cl shows a lot of change over the entire SOC range and can therefore not be 

accurately modelled by equation (4.9). Equations similar to two above, can be used to model Rl: 

 𝑅𝑙(SOC) = 𝑔1𝑒𝑔2𝑆𝑂𝐶+𝑔3 + 𝑔4𝑆𝑂𝐶                   (4.14)  

Because of Cl’s high rate of fluctuation along the whole SOC, it’s behavior can be modeled best 

by 6th order polynomial equation: 

 𝐶𝑙(SOC) = ℎ1𝑆𝑂𝐶6 + ℎ2𝑆𝑂𝐶5 + ℎ3𝑆𝑂𝐶4 + ℎ4𝑆𝑂𝐶3 + ℎ5𝑆𝑂𝐶2 + ℎ6𝑆𝑂𝐶 + ℎ7   (4.15) 

 The parameters for equations 4.10 to 4.15 have to be determined from measurements on 

the Li‐ion battery of interest. The platform to find these functions with their values will be 

presented in the next chapter. However, as mentioned before, as the battery ages, voltage response 

components need to be updated. An algorithm will be presented to update these components to 

estimate single cell’s model’s components and battery packs behavior.   

4.10 Conclusion and chapter summary 

 In this chapter available models including aging affect for Li-ion batteries are reviewed. 

These models include electrochemical models, analytical models, electrochemical models 

combined with analytical models, impedance based models, computational intelligence based 

models and equivalent circuit based models. As mentioned in section 4.1, battery modeling based 

on differential equations can provide a deep understanding of the physical and chemical process 

inside the battery. They can be more useful when designing a battery; however, their complexity 

and high computational time makes these models impractical for real-time applications that require 

several model iterations. Comparing to models based on differential equations, equivalent circuit-

based modeling is the preferred method of modeling for some reasons. First of all, it does not 

require an in-depth understanding of the electrochemistry of the battery but is still capable of 
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providing useful insight into battery dynamics. Next, this method is compatible with other circuit 

modeling approaches used in EVs/HEVs or smart grids. In this chapter, a hybrid electrical model 

is presented to predict Li-ion batteries behavior in general and LiFePO4 batteries in specific. This 

model consists of two parts: First, energy balance side which benefits from EKF to estimate SOC. 

Estimated SOC would be used on voltage response circuit side of the model to estimate batteries 

terminal voltage and to modify estimated SOC. Secondly, voltage response circuit side, which 

consist of electrical components including open circuit voltage source, an internal resistance and 

two RC branches. Different equations for modelling voltage response circuit components are 

investigated and for each component the best one which are polynomial equations or a combination 

of polynomials and exponential functions, are chosen.  

  

 

 

 

 

 



 

  47 

5. Hybrid circuit based model and aging effect on SOC estimation by EKF 

 In previous chapter a hybrid electrical battery model has been proposed for Li-ion batteries. 

This model has two parts: an energy balance side which estimates both SOC and batteries capacity, 

as the battery ages and a voltage response circuit to model the voltage behavior of the cell. In this 

model the SOC estimator side is an extended Kalman filter. These two sides have close correlation 

with each other and each side’s performance effects the other part’s operation. Different types of 

Li-ion batteries have been studied so far which their behavior and properties may not be similar. 

In this work, our focus is on Lithium iron phosphate (LiFePO4) batteries. Their advantages include 

much less weight to other chemistries, flatter discharge curve, very low self-discharge rate, very 

long cycle life. Moreover, they are cheaper than lead acid batteries in the long run and expected to 

be used in EVs/HEVs and BESS projects in the near future. Therefore the validity of the model 

will be tested with LiFePO4 batteries. Our tested batteries are specifically APR18650m1 LiFePO4 

batteries with 1.1 Ah nominal capacity. From experimental tests in the lab a model to describe 

LiFePO4 batteries with the best accuracy and the least complexity would come out. Later on we 

would propose our method to estimate aged batteries parameters. The new parameters for aged 

batteries feed into their model to estimate SOC. These models are tested with different current 

profiles to show their practicality. 

 Batteries used in EVs/HEVs or BESSs, have higher capacities like 20Ah or 40 Ah. They 

can be charged/discharged up to 0.7-3C from batteries in the pack. However, working with 

batteries which have higher capacities and high currents requires expensive equipment for 

experiments, especially for battery packs. To avoid these problems and knowing that current 

capabilities of batteries are rated by their C‐rate, LiFePO4 batteries with much lower capacities 

will yield comparable test results. 

 In upcoming sections, the experimental set-up is described. Our experiments are done on 

LiFePO4 batteries at room temperature. For each component of the voltage response side, batteries 

are tested according to a general and cell specific test procedure, which are described respectively.  

The procedure to update those components’ model as cell ages is described as well. Tests to 

evaluate those models with measured data for aged cells confirm those models’ accuracy.  
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5.1 Experimental requirements and setup 

 As mentioned, the presented model uses parameters whose values are determined based on 

data from tests in the lab. Later on to validate our model, we compared model outputs with real-

time measurements. This subsection presents the hardware platform used to conduct model 

derivation and comparison tests. In this hardware platform, instead of using battery testers, we 

made our own tester which has high accuracy and is much cheaper than battery testers to 

implement. However, each hardware platform design for battery testing must have two 

capabilities. First, to test with different current profiles, it must be able to charge/discharge 

batteries and be able to switch between charging and discharging. This enables us to apply arbitrary 

current waveform within the platform’s range of operation to test cell(s). Moreover, the platform 

should be able to operate autonomously and record both current and voltage during tests designed 

to batteries models and validating those models.   

 The designed experimental platform consists of following components: LiFePO4 cells, a 

temperature controlled environment, MOSFET switches, suitable power source, load, a data logger 

(DAQ), test procedure controller, and programmer. The setup is shown in Figs 5.1a and 5.1b. A 

National instrument (NI) USB-6210 data acquisition (DAQ) used to make PWM wave to turn 

on/off the MOSFET switches. The same DAQ has been used to measure current and battery’s 

terminal voltage. Different parts of this implementation along with their properties are as 

following: 

5.1.1 Computer (Matlab) 

 The hardware equipment performs measurement and control functions by interfacing with 

a computer running Matlab software. Matlab used for controlling MOSFET switches, for saving 

data acquired by DAQ and for estimating SOC on our validation tests. For each current profile for 

charging/discharging the batteries, the following calculation have been done in m.files to create 

suitable duty cycle durations by ON/OFF commands for the MOSFET keys: 

Charging:                                   𝐷𝑢𝑡𝑦 𝐶𝑦𝑐𝑙𝑒 =
Desired current

𝑉𝑠−𝑉𝑡
∗ 1.02     (5.1) 

Discharging:                              𝐷𝑢𝑡𝑦 𝐶𝑦𝑐𝑙𝑒 =
𝐷𝑒𝑠𝑖𝑟𝑒𝑑 𝑐𝑢𝑟𝑟𝑒𝑛𝑡

𝑉𝑡
∗ 1.02     (5.2) 

Where 𝑉𝑠 is voltage provided by power source and 𝑉𝑡 is batteries’ terminal voltage.  
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LiFePO4

NI 6210
(USB)

Power Source

Test procedure 
program 

and 
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measurements

MOSFET 
control 
signal

 

(a) 

(b) 

Fig 5.1: Diagram showing hardware and measurement equipment used to verify and develop model and validating 

algorithm (a) schematic diagram (b) implemented stuff for the test. 
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5.1.2 NI DAQ 

 A NI USB-6210 have been used to control MOSFET switches and for measurements. This 

DAQ is compatible with Windows XP, 7 and 8 operational systems and it has possibility to be 

controlled by NI Lab-view and MATLAB software. They provide an onboard NI-PGIA 2 amplifier 

designed for fast settling times at high scanning rates, ensuring 16-bit accuracy even when 

measuring all available channels at maximum speed. Their scan rate is 250KS/s. The 

measurements by DAQ are taken as close as possible to the battery in order to avoid ohmic voltage 

drops. Wires used for measurements, do not carry any current. Therefore, any ohmic voltage drops 

that may be present in the power cables connecting the various components are not present at the 

sensing ports of the DAQ. 

5.1.3 Power Source 

 A MASTECH DC Power source has been used to power the MOSFET switches and 

provide power for charging.  

5.1.4 MOSFET key 

 In this platform we used two IRF540 MOSFETS installed on a 4 power FET switches 

board.  The board has 4 channel MOSFET switch to provide 4 electronic switches. It is optically 

isolated between the input circuitry and the power FETS. This board is powered by 5V by one 

channel of the DC source power. The Fig 5.2 shows the schematic diagram for one of MOSFET 

switches. 

5.1.5 Battery 

 As mentioned before, APR18650m1 LiFePO4 batteries have been chosen with 1.1 Ah 

nominal capacity which obtained from a third party vendor for our tests. The temperature of 

batteries is considered to be constant. This battery is capable of very high power, long cycle and 

storage life, and has superior abuse tolerance due to the use of patented Nan phosphate technology. 

Moreover, it has a flat discharge curve at room temperature, which our proposed algorithm is based 

on this phenomena.  
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Fig 5.2: Schematic diagram for one of MOSFET switches of the MOSFET switches board. 

5.1.6 Resistor 

 We used MP915 resistors which has 1 ohm resistance to confine charging/discharging 

current. Another reason for choosing them is measuring its terminals voltage. This terminal voltage 

is the same as charging/discharging current.   

5.2 Measurement and identifying components model 

 The determination of circuit parameters is different for the energy balance side and voltage 

response circuit. In the proposed model, on the energy balance side, the only component which 

has to be determined is the capacity of the cell which is described on aging section. On the voltage 

response circuit part, we need to identify equations for open‐circuit voltage (OCV-Voc), internal 

resistance and two RC branches as SOC changes. These parameters strongly rely on curve fitting. 

The next subsections present how to determine them experimentally. First we need to determine 

cell capacity. The next component to determine is OCV curve. After determining the OCV curve 

equation as a base, the rest of the circuit parameters are determined with a similar method. 
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5.2.1 Battery capacity 

 For determining capacity of cells, they are fully charged with the constant current, constant 

voltage (CCCV) method to a 3.6V terminal voltage and rested 2 hours. In CCCV method, cells are 

charged with 1.1A current until cell’s terminal voltage reaches 3.6V, later cells are at 3.6V voltage 

till passing current through the cell reaches 20mA. After resting for 2 hours, cells are subjected to 

discharge with 1.1A current which has been stopped when their terminal voltage reaches 2.6V. 

This point is considered to be 0% SOC. Also in the datasheet [93] 2V is the cut‐off voltage for 

discharging cells under a certain current. However, in this experiment, cells experience additional 

constant voltage discharge when the minimum cut‐off voltage is reached. To avoid over discharge, 

minimum cut‐off voltage is therefore set to 2.6V. In current work, this capacity is used as usable 

capacity. This capacity is called the 1C capacity, as well. It is the capacity of a cell determined 

when the cell reaches the discharge cut‐off voltage under 1C current and is dependent on the 

internal resistance of the cell. For a new cell which is our test subject, this capacity is equal to 

4.0030e+03 Aseconds which is equal to 1.119 Ah.  

5.2.2 Open circuit voltage 

 The open‐circuit voltage (Voc) depends on SOC and varies as SOC changes. It has to be 

determined experimentally. Fig 5.3 explains the procedure to determine it experimentally. 

New cell,
 Fully charged

15 min rest
Discharge the cell 

with 1C for 183 Sec
(equal to 5% of total 

capacity)

2 hours 
rest

SOC=0? Stop the test
Y

N

 

Fig 5.3: The test procedure to determine Voc experimentally. 

In this experiment, each resting period occurs as SOC decreases 5%. For the chosen cell, 5% SOC 

decrease, equals to 183 sec discharging with 1.1A current. Table 5.1 presents measured OCVs at 

room temperature for this experiment. 
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Table 5.1: Measured OCVs vs SOCs at room temperature for a fresh cell 

SOC (%) 100 95.06 90.03 84.99 79.96 74.92 

Voc (V) 3.508 3.3483 3.3408 3.3379 3.3367 3.3319 

SOC (%) 69.88 64.85 59.82 54.77 49.73 44.69 

Voc (V) 3.3057 3.2997 3.2967 3.2955 3.2946 3.2936 

SOC (%) 39.65 34.61 29.57 24.52 19.48 14.43 

Voc (V) 3.2922 3.2779 3.2629 3.2517 3.2354 3.2145 

SOC (%) 9.38   4.32   1    

Voc (V) 3.2017 3.0910 2.55    

 

In Fig 5.4, measured voltage during the test and OCVs at room temperature has been given: 

 

 

 

Fig 5.4: (a) The measured Voc at room temperature during the test, (b) measured Voc with 5% SOC steps. 

a) 

b) 
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The Voc data measurement presented in table 5.1, at room temperature will be used to obtain the 

parameters for the Voc equation. The data is fitted to equation 4.10 with the non‐linear least squares 

method in Matlab 8.1.0.604 (R2013a) and figure is obtained. The Voc is then modelled with: 

𝑉𝑜𝑐(𝑆𝑂𝐶) = 𝑎1𝑒
−𝑎2𝑆𝑂𝐶 + 𝑎3 + 𝑎4𝑆𝑂𝐶 + 𝑎5𝑒

−
−.0009

1−𝑆𝑂𝐶 + 𝑎6𝑆𝑂𝐶2     (5.3) 

[a1-a6] values presented in Table 5.2: 

Table 5.2: Coefficients of Voc equation 

a1 -1.0899 a4 0.2607 

a2 52.8068 a5 -0.1643 

a3 3.3544 a6 -0.1070 

 

As shown in Fig 5.5, equation 5.3 is a good fit for Voc and will be used to obtain the parameters of 

the other circuit components in our model for the battery. 

 

Fig 5.5: The Voc at room temperature fitted with equation 5.3. 

Researchers in [90] have found that batteries’ aging has only marginal influence on the shape of 

the OCV curves if it was plotted against the SOC expressed in percent. In other words, also aging 

effects Voc curve against timing, it doesn’t effect Voc vs SOC. It means that we can consider 

equation 5.3 remains almost the same as tested cell ages and there is no need to update the equation. 
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5.2.3 Internal cell impedance 

 The step response of the cell voltage is used to investigate the dynamic behavior of the cell 

voltage [94]. Based on this method, the rest of voltage response circuit components are identified.  

In this method, discharging a fully charged cell was paused for a short time every 5% change of 

the SOC in order to measure and analyze the voltage relaxation. Fig 5.6 explains the procedure to 

determine these parameters experimentally. 

 

 

 

 

 

 

Fig 5.6: The test procedure to determine voltage response components experimentally. 

Discharging current and voltage response for this test with SOC variation for the same cell driven 

by coulomb counting method has shown in Figs 5.7 and 5.8 respectively. 

   

Fig 5.7: Discharging current and cell’s voltage response to determine internal cell impedance. 

New cell,
 Fully charged

15 min 
rest

Discharge the cell 
with 1C for 183 Sec

(equal to 5% of total 
capacity)

1 min
rest

SOC=0? Stop the test
Y

N

Parameter test 
cycle

Y
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Fig 5.8: SOC variation during the test to determine internal cell impedance components. 

Fig 5.9 presents a typical cell voltage step response during a discharge pause period. However, 

this particular voltage response is a section of the voltage curve in the preliminary tests during the 

discharge with 1.1A at a state of charge of 1.09 Ah. In our experiments, the voltage response with 

a time constant within one minute is considered to be the short time transient and the voltage 

response from one minute until the Voc is reached results from the long time transient where it’s 

value comes from OCV experiment in section 5.2.2. Fig 5.9 shows how the measured voltage rise 

during the relaxation time is approximated by an exponential best-fit curve. 

 

Fig 5.9: An example of the voltage response during a rest interval of a discharge test cycle 
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 Vo is the instantaneous voltage drop after the current cut off. It is the voltage drop which 

happens due to the ohmic resistance Ro. In our experiments, the voltage drop which happens in 

less than one second is considered to be instantaneous voltage drop Vo. The internal resistance for 

different SOCs is calculated with equation (5.4):   

𝑅𝑜 =
𝑉𝑜

𝐼
                                                     (5.4) 

To estimate parallel RC pairs presenting short term relaxation effect and long term relaxation 

effect, the following equations along with curve fitting have been used: 

𝑉𝑡𝑟𝑎𝑛𝑠 = 𝑉𝑠(1 − 𝑒
−𝑡

𝜏𝑠⁄ )+𝑉𝑙(1 − 𝑒
−𝑡

𝜏𝑙
⁄ )      (5.5) 

𝑉𝑠 = 𝑅𝑠𝐼                                                       (5.6) 

𝑅𝑙 =
(𝑉𝑜𝑐−𝑉𝑖)

𝐼
− 𝑅𝑠                                        (5.7) 

𝑐𝑠 =
𝜏𝑠

𝑅𝑠
                                                          (5.8)                                                                                                     

𝑐𝑙 =
𝜏𝑙

𝑅𝑙
                                                           (5.9)       

where Vtrans is absolute transient voltage after cutting off the discharging current.  Vs and Vl 

represent the short and long time transient voltage drop with the time constants τs and τl, 

respectively. Vi is the voltage after the instantaneous voltage drop as shown in step response figure.  

And “I” is the discharging current which is equal to 1.1A. A non‐linear least squares curve fitting 

in Matlab is used to determine the parameters of equation 5.5. However, as the SOC changes, the 

model parameters vary as well. So, battery’s model consist of several sets of model parameters at 

different SOCs. Therefore, having accurate SOC during testing is essential for modeling 

parameters to obtain a meaningful battery model. For our experiments, coulomb counting method 

is used to monitor SOC along with tests. Now that we have coefficients for the OCV equation, 

values for the internal cell impedance could determined. As shown in Fig 4.8, the internal cell 

impedance consists of one ohmic resistance and two parallel RC pairs. As mentioned above, all of 

these components are function of SOC and strongly dependent on it. Figures 5.10 to 5.14 show 

experimental values found for all these components at different SOCs. 
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Fig 5.10: Experimental measures for internal resistance 

 

Fig 5.11: Experimental measurements for Rs 

 

Fig 5.12: Experimental measurements for Cs 

 

Fig 5.13: Experimental measurements for Rl 
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Fig 5.14: Experimental measurements for Cl 

 

It can been seen that all these components vary as SOC changes and they are not constant over the 

SOC range. Some researchers do separate experiments for charging and discharging currents for 

accurate results [95], however, since our proposed algorithm inherently has some error on its 

estimation, we wouldn’t consider it. Moreover, if battery operates between 20% and 90% of SOC, 

they are almost the same [95]. 

 Modelling of these components for the new cell will be based on the polynomials and 

exponential functions described in paragraph 4.9.2. Using data from experiment, the following 

empirical equations are obtained for these components:  

Ro is modelled with 4th order polynomial function: 

𝑅𝑜(𝑆𝑂𝐶) =  𝑏1𝑆𝑂𝐶4 + 𝑏2𝑆𝑂𝐶3 + 𝑏3𝑆𝑂𝐶2 + 𝑏4𝑆𝑂𝐶 + 𝑏5  (5.10) 

where [b1 b2 b3 b4 b5]= [0.1458   -0.2859    0.1907   -0.0541    0.1305]. Fig 5.15 presents fitted 

curve to values exported from experiment for the Ro: 

 

Fig 5.15: Fitted curve for Ro 
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Rs is modelled with following equation:  

𝑅𝑠(𝑆𝑂𝐶) = 𝑐1𝑒
−𝑐2𝑆𝑂𝐶 + 𝑐3 + 𝑐4𝑆𝑂𝐶      (5.11) 

where [c1 c2 c3 c4]= [0.0318   11.5001    0.0199   -0.0002]. Fig 5.16 presents fitted curve to values 

exported from experiment for the Rs: 

 

Fig 5.16: Fitted curve for Rs 

Cs is modelled with 3rd order polynomial function: 

𝐶𝑠(𝑆𝑂𝐶) = 𝑑1𝑆𝑂𝐶3 + 𝑑2𝑆𝑂𝐶2 + 𝑑3𝑆𝑂𝐶 + 𝑑4      (5.12) 

where [d1 d2 d3 d4]= 1.0e+03 * [1.0057   -2.9251    2.4539    0.4842]. Fig 5.17 presents fitted curve 

to values exported from experiment for the Cs: 

 

Fig 5.17: Fitted curve for Cs 

 

Rl is modelled with following equation:  

 𝑅𝑙(SOC) = 𝑔1𝑒
𝑔2𝑆𝑂𝐶+𝑔3 + 𝑔4𝑆𝑂𝐶         (5.13) 

where [g1 g2 g3 g4]=[0.1185   15.0002    0.0061    0.0092]. Figure 5.18 presents fitted curve to 

values exported from experiment for the Rl: 
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Fig 5.18: Fitted curve for Rl 

And finally Cl is modelled with 6th order polynomial in equation (5.14).  

 𝐶𝑙(SOC) = ℎ1𝑆𝑂𝐶6 + ℎ2𝑆𝑂𝐶5 + ℎ3𝑆𝑂𝐶4 + ℎ4𝑆𝑂𝐶3 + ℎ5𝑆𝑂𝐶2 + ℎ6𝑆𝑂𝐶 + ℎ7    (5.14) 

where [h1 h2 h3 h4 h5 h6 h7]=1.0e+06 * [ 2.7003   -6.3363    4.9313   -1.2278   -0.1116    0.0699    

0.0053]. Figure 5.19 presents fitted curve to values exported from experiment for the Cl: 

 

Fig 5.19: Fitted curve for Cl 

 Figure 5.20 compares measured voltage of the same cell with models output voltage to 

show how accurate the model is. Discharging starts from fully charged and discharging current for 

the experiment is 1.1A.   

 

 

 

 

 

Fig 5.20: Measured voltage and simulated voltage for a fully charged cell. 
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 It can be seen that the model can accurately simulate the voltage behavior of the cell. Also 

voltage estimation error of model increases when SOC is less than 10% and more than 90%. In 

this interval, the error is less than 2mv. This accuracy can be increased by modelling electrical 

components by higher order polynomials. One more option for increasing the accuracy is using 

more parallel RCs in the model. However, it would complicate the model and increase its 

estimation time and we wouldn’t able to estimate SOC and voltage in real time. As mentioned 

before, since we are doing experiments in room temperature, we wouldn’t consider temperature 

dependency. Moreover, C-rate dependency in our modelling is neglected since flowing current is 

less than 2C and it doesn’t affect voltage estimation [32]. Fig 5.21b shows estimated voltage error 

for a fully charged cell, discharged with current profile in Fig 5.21a at room temperature. 

Fig 5.21: Voltage estimation error for the battery model (b) discharged with current profile of shown (a) for a fully 

charged cell 

 

5.3 SOC estimation  

 According to the United States Advanced Battery Consortium (USABC) [96], SOC is 

defined as “the ratio of the Ampere-hours remaining in a battery at a given rate to the rated capacity 

under the same specified conditions”. However, since SOC is an inner state of batteries, it cannot 

measured directly [26] and needs to be estimated. In the technical literature, several methods have  
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been proposed and investigated to estimate the SOC. How to accurately estimate it under any 

working condition is still a challenge. In recent years, great effort has been exercised to improve 

the accuracy of SOC estimation. The coulomb counting method is the most common method used 

to estimate SOC. As shown in equation (1.1), this method calculates the SOC by integrating the 

measured charging/discharging current. However, this method has several drawbacks including 

the sensitivity to the initial SOC value that could be inaccurately estimated and the accumulated 

error due to its use of integration. Another used method for SOC estimation is the OCV method. 

This method, based on the battery OCV vs. SOC discharge curve, converts a reading of the battery 

OCV to its SOC [97-99].  

 

Fig 5.22: OCV vs. SOC discharge curve of a Li-ion battery cell [100]. 

 

 As shown in the above graph, due to the relatively at curve characteristics of the OCV vs. 

SOC curve for Li-ion batteries, this method is not sufficiently accurate. Moreover, this method is 

not usable during dynamic operation. 
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5.3.1 Kalman filter  

 Kalman filter (KF) is a well-known estimation theory introduced in 1960 [101]. This filter 

provides a recursive solution through a linear optimal filtering to estimate systems’ state variables. 

The Kalman filter is an optimal state estimation method for discrete linear time varying (LTV) 

systems [102]. Using a set of recursive equations and input measurements containing noise and 

inaccuracy, the Kalman filter estimates unknown variables more precisely by finding the minimum 

mean squared error estimate of the present state of the system. Considering the discrete LTV 

system of Fig 5.23, the state space model of the process can be described by following equations: 

𝑥𝑘+1 = 𝐴𝑘𝑥𝑘 + 𝐵𝑘𝑢𝑘 + 𝑤𝑘                  (5.15) 

𝑦𝑘 = 𝐶𝑘𝑥𝑘 + 𝐷𝑘𝑢𝑘 + 𝑤𝑘                      (5.16) 
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Fig 5.23: Block diagram of a linear discrete-time system in state-space form. 

 

where 𝑥𝑘𝜖𝑅𝑘 and 𝑥𝑘+1 ∈ 𝑅𝑘 are the system state vectors at time step k and k+1, respectively, 𝑢𝑘 𝜖 

𝑅𝑝 is the input to the system, and 𝑤𝑘𝜖 𝑅
𝑛 is the process noise. The output of the system, 𝑦𝑘𝜖 𝑅

𝑚, 

is computed by (5.15) as a linear combination of states and inputs plus measurement noise 𝑣𝑘𝜖 𝑅𝑚. 

The matrices 𝐴𝑘𝜖𝑅𝑛×𝑛, 𝐵𝑘𝜖𝑅
𝑛×𝑝, 𝐶𝑘𝜖𝑅

𝑚×𝑛, and 𝐷𝑘𝜖𝑅
𝑚×𝑝 describe the dynamics of the system. 

Both 𝑤𝑘 and 𝑣𝑘 are assumed to be uncorrelated white Gaussian random processes with covariance 

matrices 𝑄𝑘 and 𝑅𝑘, respectively.  
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 The Kalman filter, as shown in next figure, includes two steps, i.e., a prediction step and a 

correction step. During the prediction step, the filter predicts the value of the present state, system 

output, and covariance using the process model. During the correction step, the filter improves the 

estimated/predicted state and the error covariance using an actual output measurement from the 

output model. Since the predicted estimate is calculated before the present measurement is taken, 

it is called a priori estimate. The corrected estimate is called a posteriori estimate because it is 

calculated after the present measurement. In terms of notation, a superscript “−”denotes a priori 

estimate while a superscript “+” denotes a posteriori estimate, and �̂� denotes a state estimate.  

 

Fig 5.24: The Kalman filter’s basic steps [103]. 

 

In its process, the priori error and posteriori error estimates are defined as:  

 

𝑒𝑘
− = 𝑥𝑘 − �̂�𝑘

−                     (5.24) 

 

𝑒𝑘
+ = 𝑥𝑘 − �̂�𝑘

+                        (5.25) 
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The priori error covariance estimate and posteriori error covariance estimate for time k are defined 

as following equations: 

𝑃𝑘
− = 𝐸[𝑒𝑘

−𝑒𝑘
−𝑇]                    (5.26) 

𝑃𝑘
+ = 𝐸[𝑒𝑘

+𝑒𝑘
+𝑇

]                     (5.27) 

where E is the statistical expectation operator. The Kalman filter as shown in the Fig 5.24, consists 

of five recursive steps, i.e., state estimate update, error covariance update, Kalman gain matrix 

calculation, state estimate measurement update, and error covariance measurement update, as 

shown in equations (5.26) and (5.27). An illustration of this filter is presented Fig 5.25. 

 

 

 

 

 

 

 

 

Fig 5.25: Complete picture of the operation of the extended Kalman filter [104] 

where �̂�𝑘
− is the priori state estimate at step time k and 𝑃𝑘

− is its corresponding priori covariance. 

𝐾𝑘 is the Kalman gain matrix, �̂�𝑘
+ is the posteriori state estimate at step time k, and 𝑃𝑘 is its 

corresponding posteriori covariance matrix. In summary, the Kalman filter uses the entire observed 

input data {𝑢0, 𝑢1, … , 𝑢𝑘} and measured output data {𝑦0, 𝑦1, … , 𝑦𝑘}  to find the minimum squared 

error estimate �̂�𝑘   of the true state 𝑥𝑘[104].  

 

5.3.2 The extended Kalman filter 

 As opposed in the previous section, the EKF deals with nonlinear process and observation 

models. The main difference is that the EKF linearizes the system within each time step, allowing 

the nonlinear system to be approximated with an LTV system. The LTV system is then used in the 

Kalman filter, resulting in the EKF [105].  

 

 

Time Update (‘Predict’) 
(1) Project the state ahead 

�̂�𝑘
− = 𝐴�̂�𝑘−1 + 𝐵𝑢𝑘   

(2) Project the error covariance ahead 
𝑃𝑘

− = 𝐴𝑃𝑘−1𝐴
𝑇 + 𝑄  

Measurement Update(‘Correct’) 

(1) Compute the Kalman Gain 
𝐾𝑘 = 𝑃𝑘

−𝐶𝑇(𝐶𝑃𝑘
−𝐶𝑇 + 𝑅)−1 

(2) Update estimate with measurements 𝑦𝑘 

�̂�𝑘 = �̂�𝑘
− + 𝐾𝑘(𝑦𝑘 − 𝐶�̂�𝑘

−) 

(3) Update the error covariance 
𝑃𝑘 = (𝐼 − 𝐾𝑘𝐶)𝑃𝑘

− 

Initial estimates for �̂�𝑘−1 and 𝑃𝑘−1 

 

sss 
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The nonlinear process model is described by: 

𝑥𝑘+1 = 𝑓(𝑥𝑘, 𝑢𝑘) + 𝑤𝑘           (5.28) 

𝑦𝑘 = 𝑔(𝑥𝑘, 𝑢𝑘)+𝑣𝑘                  (5.29) 

where 𝑥𝑘 and 𝑥𝑘+1are the system state vectors at time k and k + 1, respectively. 𝑓 is the system 

transition function, 𝑢𝑘 is the control signal, and 𝑤𝑘and 𝑣𝑘are zero mean white Gaussian stochastic 

processes with covariance matrices 𝑄𝑘and 𝑅𝑘, respectively.  

 Within each time step, 𝑓(𝑥𝑘, 𝑢𝑘) and 𝑔(𝑥𝑘, 𝑢𝑘), which are nonlinear state and 

measurement functions, are linearized by a first-order Taylor series expansion: around the point 

𝑥𝑘 = �̂�𝑘−1
+  (the predicted state from previous estimate) for the process model and around the point 

𝑥𝑘 = �̂�𝑘
− (the predicted measurement from the predicted state) for the output model. 

This is expressed by: 

𝑓(𝑥𝑘, 𝑢𝑘) ≈ 𝑓(�̂�𝑘−1
+ , 𝑢𝑘) + 

𝜕𝑓(𝑥𝑘,𝑢𝑘)

𝜕𝑥𝑘
|
𝑥𝑘=�̂�𝑘−1

+
(𝑥𝑘 − �̂�𝑘−1

+ )        (5.30) 

𝑔(𝑥𝑘, 𝑢𝑘) ≈ 𝑔(�̂�𝑘
+, 𝑢𝑘) + 

𝜕𝑔(𝑥𝑘,𝑢𝑘)

𝜕𝑥𝑘
|
𝑥𝑘=�̂�𝑘

−
(𝑥𝑘 − �̂�𝑘

−)                 (5.31)        

Defining the terms �̂�𝑘−1 and �̂�𝑘 as: 

�̂�𝑘−1= 
𝜕𝑓(𝑥𝑘,𝑢𝑘)

𝜕𝑥𝑘
|
𝑥𝑘=�̂�𝑘−1

+
                                                                (5.32) 

�̂�𝑘= 
𝜕𝑔(𝑥𝑘,𝑢𝑘)

𝜕𝑥𝑘
|
𝑥𝑘=�̂�𝑘

−
                                                                      (5.33) 

Substituting (5.32) and (5.33) into (5.30) and (5.31) yields the linearized process and output 

models: 

𝑥𝑘+1 ≈ �̂�𝑘−1𝑥𝑘 + 𝑓(�̂�𝑘−1
+ + 𝑢𝑘)- �̂�𝑘−1�̂�𝑘−1

+ + 𝑤𝑘                  (5.33) 

𝑦𝑘 ≈ �̂�𝑘𝑥𝑘+𝑔(�̂�𝑘
−, 𝑢𝑘) − �̂�𝑘�̂�𝑘

−+𝑣𝑘                                            (5.34) 

The two middle terms in equations (5.33) and (5.34) can be considered as 𝐵𝑘𝑢𝑘 and 𝐷𝑘𝑢𝑘, 

respectively, i.e., the known input terms used in the Kalman filter algorithm. The final EKF 

algorithm, which is similar to the KF algorithm, presented in Fig 5.26. 
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Fig 5.26: Complete picture of the operation of the extended Kalman filter [104] 

 

5.3.3 SOC estimation using EKF 

 EKF is an optimum state estimator for nonlinear systems in which recursion is the 

fundamental feature of its operation. The EKF is designed to work with noisy measurement data 

and is not sensitive to the initial state value due to its feedback control, it can be used for accurate 

battery SOC estimation [102]. As EKF is formed in discrete space, equations (5.28) and (5.29) are 

transformed to their discrete counterparts to estimate SOC in discrete space. Following the form 

of EKF, the state equations for the nonlinear system of the battery are obtained as x1=Vs, x2=Vl 

and x3=SOC. States used in this dissertation for modeling battery behavior, are expressed in           

Fig 5.27.  

 

Fig 5.27: Illustration of state equations 

 

 As mentioned before, SOC, in contrast to terminal voltage and current, is an inner state of 

the battery and should be estimated instead of directly measurement. Linearized version of 

equations (5.28) and (5.29) in discrete space are obtained in equations (5.30) and (5.31): 

𝑥𝑘+1 = 𝐴𝑘𝑥𝑘 + 𝐵𝑘𝐼𝐿,𝑘 + 𝑤𝑘              (5.30) 

Time Update (‘Predict’) 
(1) Project the state ahead 

�̂�𝑘
− = 𝑓(�̂�𝑘−1

+
, 𝑢𝑘−1) 

(2) Project the error covariance ahead 
𝑃𝑘

− = 𝐴𝑃𝑘−1𝐴
𝑇 + 𝑄  

Measurement Update(‘Correct’) 

(1) Compute the Kalman Gain 

𝐾𝑘 = 𝑃𝑘
−𝐶𝑇(𝐶𝑃𝑘

−𝐶𝑇 + 𝑅)−1 

(2) Update estimate with measurements 𝑦𝑘 

�̂�𝑘 = �̂�𝑘
− + 𝐾𝑘(𝑦𝑘 − 𝐶�̂�𝑘

−) 

(3) Update the error covariance 

𝑃𝑘 = (𝐼 − 𝐾𝑘𝐶)𝑃𝑘
− 

Initial estimates for �̂�𝑘−1 and 𝑃𝑘−1 

 

sss 



CHAPTER 5 
 

69 
 

𝑉𝑡 = 𝑦𝑘 = 𝐶𝑘𝑥𝑘 + 𝐷𝑘𝐼𝐿,𝑘 + 𝑣𝑘           (5.31) 

 

 The state vector for the model as shown in Fig 5.26 consists of three state variables 

indicated in equation (5.32): 

𝑥𝑘 = [

𝑉𝑠,𝑘

𝑉𝑙,𝑘

𝑆𝑂𝐶𝑘

]                                       (5.32) 

 

where SOCk is the observation of SOC at time step k which is equal to equation (5.33): 

𝑆𝑂𝐶𝑘 = 𝑆𝑂𝐶𝑘−1 − ƞ𝐼𝐿,𝑘∆𝑡 𝐶𝑢𝑠𝑎𝑏𝑙𝑒⁄        (5.33) 

In this equation, Δt stands for sampling time, ƞ is the columbic efficiency and Cusable is the usable 

capacity of the battery’s available capacity. In this work and in all of our tests ƞ assumed equal to 

one.  

 Considering the battery model of Fig 4.27, the mathematical equations governing the 

KVL and KCL are:  

𝑣𝑡 = 𝑉𝑜𝑐 − 𝐼𝐿𝑅𝑜 − 𝑣𝑠 − 𝑣𝑙              (5.34) 

𝐼𝐿 =
𝑉𝑠

𝑅𝑠
+ 𝐶𝑠

𝑑𝑉𝑠

𝑑𝑡
=

𝑉𝑙

𝑅𝑙
+ 𝐶𝑙

𝑑𝑉𝑙

𝑑𝑡
         (5.35) 

Considering the state vector defined in equation 5.32, the observation equations of the discrete 

system are as follows: 

𝐴𝑘 = [
𝑒

−∆𝑡

𝑅𝑠,𝑘𝐶𝑠,𝑘 0 0

0 𝑒
−∆𝑡

𝑅𝑙,𝑘𝐶𝑙,,𝑘 0
0 0 1

]                  (5.36) 

 

𝐵 =

[
 
 
 
 𝑅𝑠,𝑘(1 − 𝑒

−∆𝑡

𝑅𝑠,𝑘𝐶𝑠,𝑘)

𝑅𝑙,𝑘(1 − 𝑒
−∆𝑡

𝑅𝑙,𝑘𝐶𝑙,𝑘)

− 𝐼𝐿,𝑘∆𝑡 𝐶𝑢𝑠𝑎𝑏𝑙𝑒⁄ ]
 
 
 
 

                          (5.37) 

 

𝐶𝑘 =
𝜕𝑉𝑡

𝜕𝑥
|
𝑥=�̂�𝑘

−
=[−1 −1

𝜕𝑉𝑂𝐶

𝜕𝑆𝑂𝐶
|
𝑆𝑂𝐶𝑘

−]    (5.38) 
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𝐷𝑘 = [−𝑅𝑜,𝑘]                                             (5.39) 

And state space equations output equals to: 

𝑦𝑘 = 𝑉𝑂𝐶(𝑘) − 𝐼𝐿,𝑘𝑅𝑜,𝑘 − 𝑣𝑠 − 𝑣𝑙          (5.40) 

 To confirm the validity of the model and to compare the EKF method with the conventional 

coulomb counting method, a set of charge/discharge experiments are conducted on the new cell 

which its’ models values described in subsection 5.2.2 and 5.23.  

Fig 5.28. presents the estimated SOC using the coulomb counting and EKF methods along with 

charging/discharging current profile.  

 

Fig 5.28: EKF estimation for a new cell’s (a) terminal voltage and (b) SOC discharged with 1C 

 

This test has been done at room temperature, cell was fully charged and discharging current is 1C.  

In the EKF filter the initial parameters for P and Q as follows: 

 

𝑃0 = [
. 01 0 0
0 . 01 0
0 0 . 25

] 

 

𝑄0 = [
. 001 0 0

0 . 001 0
0 0 . 001

] 
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The actual performance observed for the EKF is consistent with the behavior of its associated 

covariance matrix, computed from the algorithm in the Fig 5.25 like [103]. SOC estimation error 

by EKF along with second root of P33 is given in Fig 5.29: 

 

Fig 5.29: The EKF performance-SOC estimation error 

 

Next test has been done with current profile presented in Fig 5.30 on a fully charged cell. The EKF 

starts estimation from 50% and converges to real SOC very fast. According to experiment results 

the EKF is able to estimate SOC and cell’s terminal voltage with mean error less than 1.1% and 

44mV, respectively.  

 

 

Fig 5.30: Current profile for the experiment 

Reference SOC and estimated SOC by EKF is presented in Fig 5.31. 
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Fig 5.31: SOC estimation for a fully charged cell discharge with current profile presented in Fig 5.30. 

 

 

5.3.4 Aging effect on SOC estimation by the EKF 

 Parameters of an initial battery model are needed for state estimation of SOC using the 

EKF method. However, the accuracy of SOC estimation using EKF diminishes as battery ages. To 

have precise estimation of a battery’s SOC, an updated electrical model is needed for EKF [106-

107]. A test is conducted to show the state estimation error of SOC using EKF method for an aged 

cell. The test is undertaken at room temperature with discharging current 1C (1.1 A) on a degraded 

cell. The electrical characteristics of the test battery are assumed to be the equivalent of a new 

battery. Mean values for electrical components of the new and degraded cell are indicated in Table 

5.3.  

TABLE 5.3 
Mean values for electrical model’s elements for NEW and the same cell after degradation (degraded cell) 

 Ro(Ω) Rs(Ω) Cs(F) Rl(Ω) Cl(F) 

New Cell 8.2733e-002 1.5115e-002 8.3716e+002 3.6291e-002 4.7234e+003 

Degraded Cell 1.0515e-001 2.0230e-002 8.3716e+002 4.2902e-002 4.7234e+003 

 

 Fig 5.32 presents results for SOC calculated by coulomb counting as a reference SOC 

versus the SOC estimated by EKF. According to this test’s outcome, EKF’s estimation would have 
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almost a 30% difference compared with the reference SOC if the updated model is not used for 

the aged cell. It means that EKF is not useful for SOC estimation if it doesn’t have updated 

electrical model for batteries. Next chapter presents our proposed algorithm for updating the 

electrical model of aged batteries to help on accurate SOC estimation by the EKF. 

 

 

 

 

 

 

 

 

 

 

 

Fig 5.32: Reference SOC and estimated SOC for a degraded cell with EKF-discharging current is 1C. 

 

5.4 Conclusion and chapter summary 

 In this chapter, experimental test bed for finding APR18650m1 LiFePO4 battery model is 

explained. The experimental test bed is used to validate the model and for cycling proposes. 

Proposed method is applied to the test bed with different current profiles. Obtained results show 

that the battery's electrical behavior are estimated with high accuracy. The step by step 

implementation of EKF method for SOC estimation is explained in detail. Then, the filter’s 

performance and accuracy of SOC estimation method for new cells with different current profiles 

are investigated. Moreover extended Kalman filter's disadvantage on SOC estimation for aged 

cells is demonstrated trough experimental verification. All the methods and techniques to 

determine SOC presented in this chapter and previous one are summarized in the following tables. 
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Methods: 

TABLE 5.4 

Methods for estimating SOC 

Method 

 

Advantages Drawbacks 

Coulomb Counting  Online 

 Easy to implement 

 Accurate if good 

reference point is 

available 

 Use of nominal capacity 

 Require accurate current 

measurement 

 Cost intensive for accurate current 

measurement 

 Needs regular re-calibration points 

 Difficult to calibrate 

 Accumulative error 

 Do not accommodate capacity fade 

Open Circuit 

Voltage 

 Online 

 Cheap 

 More direct 

inference than the 

coulomb counting 

 More accurate 

measurement from 

voltage than 

current 

 Not usable during dynamic 

operation 

 Needs long rest times 

 Accuracy issues on voltage 

“plateaus” 

 

 

 

 

 

 

 



CHAPTER 5 
 

75 
 

Techniques: 

TABLE 5.5 

Techniques for estimating SOC 

Technique 

 

Advantages 

 

Drawbacks 

Artificial Neural 

Network 
 Do not need knowledge of 

the internal structure 

 “Black box” approach 

 Simplicity in algorithm 

development 

 Needs data of similar 

batteries 

 Accuracy depends on the 

training data 

 Offline 

Kalman Filter  Online 

 Can handle dynamic 

situation for real-time 

estimate 

 Indication of the error 

bound on the estimate (state 

uncertainty matrix) 

 Needs substantial 

computing capacity and 

power 

 Needs a suitable Li-ion 

battery model 

 Difficulty in determining 

initial parameters 

 Reference drifting over 

aging 

Impedance 

Spectroscopy & 

Equivalent Circuit 

Model 

 Gives info on active 

materials within the cell 

 May provide implication for 

SOH estimation 

 

 Difficult to measure 

impedance while cell is 

active 

 Very temperature 

sensitive 

 Difficult to correlate 

impedance with SOC 

(esp. with aging) 

Fuzzy logic  Method amenable to 

determining battery 

condition regardless of 

 Difficult to develop 

membership functions 

and rules (must be 

described by an expert or 
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which techniques of 

measuring is employed 

 Can handle complicated 

 relationship between 

operating conditions and 

SOC 

 Good for nonlinear model 

 Do not need explicit 

mathematical models 

 Hardware requirements are 

minimized 

 Good for nonlinear system 

 Do not need explicit 

mathematical models 

may be generated by 

ANNs) 

 

 As we can see in Tables 5.4 and 5.5, EKF disadvantages for SOC estimation are: substantial 

computing capacity, difficulty in determining initial parameters and reference drifting over aging. 

Following chapters will present techniques to overcome these disadvantages. 
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6. SOC estimation by model adaptive extended Kalman filter  

 The proposed method in [107-108], which is based on EKF, can predict the SOC for the 

Li-ion batteries and is known to be optimal for handling recursive mathematical equations in 

nonlinear systems such as those encountered in Li-ion batteries. However, none of those papers 

considered aging effects in Li-ion batteries. Batteries lose a portion of their capacity in the 

process of aging [109-110]. It is important to recognize that characteristics such as SOC change 

in a short time frame during operation, while those such as capacity fade change in a longer time 

frame; yet, they have close correlations with one another. To correlate the SOC with capacity 

fade, requires a model to estimate the SOC accurately using model parameters that are adaptively 

updated during aging. Accuracy of SOC estimation for batteries by the EKF depends on the 

accuracy of the electrical model it has. It means that as battery ages, for accurate SOC 

estimation, its electrical model should be updated. In this chapter we will propose a method to 

update batteries electrical model as battery ages. The updated model will be used in the EKF to 

estimate batteries SOC accurately. Later on we will propose a single unit model for battery packs 

to estimate their SOC accurately. We will use improved extended Kalman filter (IEKF) for 

battery packs SOC estimation. This chapter’s content has been published in [106] and [111]. 

 

6.1 Sensitivity analysis on electrical elements of the EKF 

 In our proposed model for Li-ion batteries, voltage response side consists of electrical 

components. These components are an open circuit voltage source, an internal resistor and two 

RC branches. The internal resistance is related to the resistance of the electrolyte to the 

propagation of the ions. The short term relaxation effect is caused by composing the solid 

electrolyte interface (SEI) at the anode electrode and the long-term relaxation effect is the 

product of composing double-layer capacitance at both anode and cathode electrodes. All these 

components are functions of SOC, however the internal resistance model and two RCs model 

changes as the battery ages. To find out which impedance elements of the electrical model have 

the most impact on SOC estimation, a sensitivity analysis is performed. To calculate the 

sensitivity of each parameter, other parameters of the cell are assumed to be same as the previous 

model. Sensitivity analysis results for all elements associated with impedance are presented in 

Fig 6.1. 
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Fig 6.1: Sensitivity analysis for Cs, Rs, Cl, Rl and Ro. X axis is increment of the analyzed impedance element to 

EKF’s model in %, Y axis is estimated SOC’s mean error in %. 

 

 Based on the sensitivity analysis, if Cs and Cl change 100%, their effect on SOC 

estimation error is less than .5%. However, based on this test, SOC estimation error has the most 

sensitivity to Ro, Rs and Rl. Considering this sensitivity analysis results, in our proposed 

algorithm to update batteries electrical model, we will update resistors coefficients in the hybrid 

electrical model. And to estimate SOC with EKF the updated model will be used. 
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6.2 Model adaptive extended Kalman filter 

 A close look at SOC- Vt variation on a new cell and the same cell after aging reveals that 

the terminal voltage has a sharp variation at two points. In the case of the examined cell, this 

sudden voltage variation happens at SOCs of 92% and 15% which are used as points of reference 

in this work. According to equation (5.34), battery’s terminal voltage (Vt) is the OCV of the cell 

deducted by transient voltages and voltage drop on cells internal resistance. Since Ro, Rs, Rl 

values depend on the cell’s SOC, Vt is a function of SOC as well. 

𝑉𝑡 = ℎ(𝑆𝑂𝐶)                               (6.1) 

Derivation of Vt in equation (6.1) gives: 

�̇�𝑡 = 𝑆𝑂𝐶̇ . ℎ̇(𝑆𝑂𝐶)                     (6.2) 

Considering that: 

𝑆𝑂𝐶 = 𝑆𝑂𝐶0 − ∫
𝐼𝐿

𝐶𝑢𝑠𝑎𝑏𝑙𝑒
 

𝑡

𝑡0
dt         (6.3) 

𝑆𝑂𝐶̇  equals to: 

𝑆𝑂𝐶̇ = −
𝐼𝐿

𝐶𝑢𝑠𝑎𝑏𝑙𝑒
                           (6.4) 

And equations (6.2) changes to: 

�̇�𝑡 = −
𝐼𝐿

𝐶𝑢𝑠𝑎𝑏𝑙𝑒
. ℎ̇(𝑆𝑂𝐶)              (6.5) 

SOC-Vt graph for a new LiFePO4 cell and also the same cell after aging, discharged with 

constant current (1C in this case) along with -�̇�𝑡 for a new cell and an aged cell are shown in Fig 

6.2 and Fig 6.3. There are two sudden changes in the cell’s voltage derivative with respect to 

time while discharging with constant current. These two points are assumed as reference points 

from which their SOC can be determined from the cell’s chemistry. Assigning SOC for the 

discharging period, sharp drops in Vt in the tested cell are seen at 92% and 15% of SOCs. As 

mentioned in previous section the electrical model is most sensitive to Ro, Rs and Rl values in 

electrical model.  
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Fig 6.2: SOC-Vt graph for a new LiFePO4 cell and the same cell after aging (discharged with 1C). 

 

Fig 6.3: Derivative of cell’s terminal voltage for a new cell and an aged cell (discharged with 1C at room 

temperature) 
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Resistors in hybrid electrical model are function of SOC according to following equations: 

𝑅𝑜(𝑆𝑂𝐶) =  𝑏1𝑆𝑂𝐶4 + 𝑏2𝑆𝑂𝐶3 + 𝑏3𝑆𝑂𝐶2 + 𝑏4𝑆𝑂𝐶 + 𝑏5         (6.6) 

𝑅𝑠(𝑆𝑂𝐶) = 𝑐1𝑒−𝑐2𝑆𝑂𝐶 + 𝑐3 + 𝑐4𝑆𝑂𝐶                                            (6.7) 

 𝑅𝑙(SOC) = 𝑔1𝑒𝑔2𝑆𝑂𝐶+𝑔3 + 𝑔4𝑆𝑂𝐶                                                (6.8) 

where b1-b5, c1-c4 and g1-g4 are constant coefficients which would be found with methods 

presented in chapter 5. Among those constant values, b5, c3 and g3 have the most effect on Ro, 

Rs and Rl values. Assuming all parameters to be constant except for b5, c3 and g3 in the aging 

process of the battery, the variable ones are updated using the proposed optimization algorithm.  

 In this algorithm, equation (6.9) is minimized at each reference points (SOC equal to 15% 

and 92%) by the optimization method: 

𝑉𝑡 − 𝑉𝑜𝑐 − 𝑉𝑡𝑟𝑎𝑛𝑠 − 𝑅𝑜𝐼𝐿                              (6.9) 

The cell’s terminal voltage and current are necessary parameters for the optimization problem in 

equation (6.9).  In this equation, Vt and Voc are associated with the aged cell discharged with 1C. 

There are three unknown parameters with two known SOCs. This equation is minimized at both 

15% and 92% SOC values. In other words, there are three overall unknown parameters in two 

equations. As presented in Fig 6.4, the objective function in two reference points has plenty of 

local minima and thus optimization algorithms can easily get trapped. To overcome this problem 

and for finding new model for an aged cell, a brute-force approach is used. This algorithm is an 

enumerating method in which all of the feasible candidate solutions for the objective function are 

calculated and the minimum/maximum of the whole set is found. For our problem, limitations 

presented in equation (6.10) is used in optimization method. 

. 9𝑅𝑜,𝑖𝑛𝑖𝑡𝑖𝑎𝑙 < 𝑅𝑜 < 1.8𝑅𝑜,𝑖𝑛𝑖𝑡𝑖𝑎𝑙                        

. 9𝑅𝑠,𝑖𝑛𝑖𝑡𝑖𝑎𝑙 < 𝑅𝑠 < 1.8𝑅𝑠,𝑖𝑛𝑖𝑡𝑖𝑎𝑙     (6.10) 

. 9𝑅𝑙,𝑖𝑛𝑖𝑡𝑖𝑎𝑙 < 𝑅𝑙 < 1.8𝑅𝑙,𝑖𝑛𝑖𝑡𝑖𝑎𝑙                   

 

where Ro, initial, Rs, initial and Rl, initial are the corresponding values of Ro, Rs and Rl for a brand new 

cell or the latest values of EKF model.  
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Fig 6.4: Mean error for the optimization equation for two reference points 

 

 In the optimization algorithm, parameters b5, c3 and g3 are incremented within the 

assigned range and the objective value is calculated for each set of values. The set in which the 

mean value of error has the minimum value, is selected for placing in the new model. Algorithm 

for updating Cusable will be explained in next section. Based on the foregoing explanations, this 

method can be summarized in the following steps: 

 1) Discharge the cell with constant current measuring cell’s terminal voltage. 

 2) Calculate derivative of the voltage measured in step one. 

 3) Assign SOC 92% and 15% as two reference points to voltage derivative. 

 4) Run optimization algorithm to obtain updated model. 

 5) Insert updated model to the EKF. 
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These steps has been reviewed in Fig 6.5: 

Fig 6.5: Implementation flowchart of the model adaptive EKF algorithm. 

 

6.2.1 MAEKF sensitivity to reference SOCs 

 The optimization algorithm in MAEKF method uses the cell’s measured terminal voltage 

derivative to allocate 92% and 15% SOCs to two points in the Vcell (SOC) equation. A new 

model is produced based on these assigned SOCs and the old model, though it is possible that 

real SOCs for these two points are different from the assigned SOCs. This inaccuracy will 

produce an error in estimated SOC. To find out how sensitive the MAEKF’s estimation is to 

reference points, a sensitivity analysis on a degraded cell is performed and its result is shown in 

Fig 6.6. 

 For a degraded cell, 92±4% and 15±4% values are assigned as reference SOCs in 

MAEKF algorithm and the mean for SOC estimation error is calculated. In this sensitivity graph, 

X and Y axes are assigned SOCs instead of 92% and 15% in optimization algorithm for the 

MAEKF, respectively. This result demonstrates that the mean error of the estimated SOC is 

higher if assigned values for the upper reference point are different than 92%. Thus, the accuracy 

of the SOC estimation is more sensitive to the accuracy of assigned SOC at 92% rather than 

assigned SOC at 15%. Moreover, the estimation accuracy of updated model is better in the case 

that the assigned SOCs to the updated model are greater than real cell SOCs compared with 

being less than real cell SOC. This confirms that the proposed method is more practical since the 

aged cell has less SOC value than its assigned SOC at both 92% and 15%. 
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Fig 6.6: Sensitivity analysis for the two assigned points in the optimization algorithm. 

 

6.2.2 Experimental results for MAEKF on a single cell 

 The proposed method is tested at room temperature on an A123 Systems’ APR18650m1 

LiFePO4 battery with a 1.1 Ah nominal capacity. A new electrical model is founded after 

applying an optimization algorithm on an aged cell. Later on, MAEKF estimates SOC. The 

observed SOC and estimated SOC, using EKF and MAEKF methods for a single aged cell are 

shown in Fig 6.7. Discharging current for this test is constant and equal to 1C. It is apparent from 

Fig 6.7 that the SOC estimated by MAEKF is more accurate than SOC estimated by EKF for an 

aged cell. 
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Fig 6.7: SOC estimated with EKF and MAEKF for an aged cell (discharging current=1C). 

 

 For next test, a degraded cell and an aged cell charged/discharged with the current profile 

presented in Fig 6.8a. SOC estimation for both cells is shown in Figs 6.8b and 6.8c. For this test, 

the mean and variance of the SOC estimation error are given in Table 6.1. The reference SOC in 

this comparison is calculated through the coulomb counting method. 

 

Table 6.1: SOC estimation error of differently pre-aged cells in the profile plotted in Fig 6.8. 

SOC/ % Mean of error Variance of error 

Degraded Cell .06 1.15012 

Old Cell -.12 1.1588 
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Fig 6.8: SOC estimation for a degraded (b) and an aged cell (c) with the current profile presented in (a) 
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6.3 Improved extended Kalman filter approach 

 In this section we will introduce improved extended Kalman filter and it would be used 

for SOC estimation after showing its advantage over EKF in batteries. 

 In the EKF, the Kalman gain, Kk, represents the relative importance of the error, with 

respect to prior estimated �̂�𝑘 in equation (6.11). Basically, the gain controls how much trust is 

there for the measurements over the estimation. 

�̂�𝑘 = �̂�𝑘 + 𝐾𝑘(𝑦𝑘 − 𝐶�̂�𝑘
−)            (6.11) 

 The EKF doesn’t have accurate estimation of states at first steps. The Kalman gain 

guarantees that measurements are reliable source of updating estimations. After 200-300 steps, 

when there is almost a good estimation of the states, its value does not alter significantly. Based 

on these explanations, the IEKF for SOC estimation in applications like EVs where battery packs 

has been used is presented. The linearized system expressed mathematically based on equations 

(5.28) and (5.29) for IEKF is presented in Fig 6.9. 
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Fig 6.9: System with the estimation of the improved extended Kalman filter (IEKF). 
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 Fig 6.9 presents a system with the estimation of the improved extended Kalman filter. In 

this figure 𝐾𝑘 stands for Kalman gain and blocks containing  𝑧−1 are single time step delay 

boxes.  

For estimating states, the Kalman gain’s effect for first 250 steps follows equation (6.11). In the 

next steps, since there is a good estimation of Li-ion battery’s states, effect of residual is 

alleviated by reducing Kalman gain’s effect on equation (6.11). It is achieved by raising the 

Kalman gain to the power of 2.5 as shown in equation (6.12).  

�̂�𝑘 = �̂�𝑘 + (𝐾𝑘. ^2.5)(𝑦𝑘 − 𝐶�̂�𝑘
−)            (6.12) 

 

6.4 SOC definition for Li-ion cells connected in a pack 

 
 Assuming that cells in the battery pack have similar capacities and have the same level of 

SOH, the next equation is used to define reference SOC for the battery pack consist of cells 

connected in series [112]:  

𝑆𝑂𝐶𝑝𝑎𝑐𝑘 =
∑ 𝐶𝑢𝑠𝑎𝑏𝑙𝑒,𝑖𝑆𝑂𝐶𝑖

𝑛𝑠
𝑖=1

∑ 𝐶𝑢𝑠𝑎𝑏𝑙𝑒,𝑖
𝑛𝑠
𝑖=1

                     (6.13)            

where ns is the number of cells in series and SOCi denotes SOC for the ith cell. Cusable,i  represents 

usable capacity, which indicates the available capacity of the battery. This capacity decreases as 

the battery ages [109] and is a criterion for battery SOH. In [113], authors discussed a method for 

updating this capacity based on coulomb counting method. The same method is employed to 

calculate each battery’s usable capacity in the first step of our proposed algorithm. This 

procedure is explained further in the next paragraph. 

Based on [113], the usable capacity of each single battery is calculated by: 

𝐶𝑢𝑠𝑎𝑏𝑙𝑒 =
∫ 𝐼𝑑𝑡

𝑡+𝑡0
𝑡

∆𝑆𝑂𝐶
                                 (6.14) 

where “I” denotes discharging current, and t0 represents time interval for calculating ∆𝑆𝑂𝐶. 

Exact value of ∆𝑆𝑂𝐶 is needed in equation (6.14) for calculating Cusable. To overcome this 

difficulty, estimated SOC derived by EKF is used while discharging the battery in the first step 

of the proposed method in MAEKF algorithm.  
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In that case, estimated Cusable is equal to: 

�̂�𝑢𝑠𝑎𝑏𝑙𝑒 =
∫ 𝐼𝑑𝑡

𝑡+𝑡0
𝑡

∆𝑆𝑂�̂�
                               (6.15) 

In our experiments, t0 is set to 100, defining the window size for equation (6.15) to 100 steps and 

this window is moved at each time step. For instance, the discharging time for a full-brand new 

single battery with 1.101 Ah capacity is about 3605 seconds. However, due to EKF nature, 

estimated capacity at each time step has steep fluctuations shown in Fig 6.10a. To tackle this 

problem, estimated capacities are filtered using derivative of calculated capacities and removing 

those capacities lying outside [0.75- 1.25] derivative interval. Estimated capacities before and 

after filtering is presented in Fig 6.10b. The final estimated capacity for each of the batteries used 

in equation (6.15) is the average of filtered results. As an example, estimated capacity for a 

single battery with 1.101Ah capacity is about 1.091Ah. 

Fig 6.10: Estimated capacities with EKF (a) before filtering, (b) after filtering. 
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6.5 Single unit cell model for the battery pack 

 The single unit cell model for the pack is similar to the model introduced in Fig 4.8 with 

following equations for the parameters of battery model: 

 

𝑅𝑜,𝑝𝑎𝑐𝑘 = 𝑏1𝑆𝑂𝐶4 + 𝑏2𝑆𝑂𝐶3 + 𝑏3𝑆𝑂𝐶2 + 𝑏4𝑆𝑂𝐶 +
∑ �̃�5,𝑖

𝑛𝑠
𝑖=1

𝑛𝑠
   (6.16) 

𝑅𝑠,𝑝𝑎𝑐𝑘 = 𝑐1𝑒−𝑐2𝑆𝑂𝐶 +
∑ 𝑐̃3,𝑖

𝑛𝑠
𝑖=1

𝑛𝑠
                                                                (6.17) 

𝑅𝑙,𝑝𝑎𝑐𝑘 = 𝑔1𝑒−𝑔2𝑆𝑂𝐶 + 𝑔4𝑆𝑂𝐶 +
∑ �̃�3,𝑖

𝑛𝑠
𝑖=1

𝑛𝑠
                                              (6.18) 

𝐶𝑠,𝑝𝑎𝑐𝑘 =
𝐶𝑠

𝑛𝑠
                                                                                                       (6.19) 

𝐶𝑙,𝑝𝑎𝑐𝑘 =
𝐶𝑙

𝑛𝑠
                                                                                                    (6.20) 

where ns is the number of cells in series and �̃�5,𝑖, �̃�3,𝑖 and �̃�3,𝑖 are the identified values for the ith 

cell of the pack obtained in model adaptive approach as discussed before. About Cs and Cl, since 

it is assumed that those capacitors are constant and equal for all cells, Cs,pack and Cl,pack are 

calculated from equations (6.19) and (6.20).  

 IEKF approach is used for SOC estimation of the pack. Since the pack’s terminal voltage 

is measured at each time step, equations (6.11) and (6.12) are replaced with equations (6.21) and 

(6.22), respectively. 

Equivalently, �̂�𝑘 is calculated using the following equations obtained from IEKF: 

 

𝑘 ≤ 250:  �̂�𝑘 = �̂�𝑘
− +

𝐾𝑘

𝑛𝑠
(𝑦𝑘 − 𝑛𝑠𝐻�̂�𝑘

−)                     (6.21) 

𝑘 > 250:  �̂�𝑘 = �̂�𝑘
− +

(𝐾𝑘.^2.5)

𝑛𝑠
(𝑦𝑘 − 𝑛𝑠𝐻�̂�𝑘

−)             (6.22) 

Fig 6.11 presents a relation of model estimation for each cell and SOC estimation for the pack. 
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Fig 6.11: Relation of model estimation for each cell and SOC estimation for the pack. 

 

6.6 Experimental results on battery packs 

The proposed method is tested at room temperature on a battery pack consisting of 120 

LiFePO4 cells, connected in series. These cells are A123 Systems’ APR18650m1 LiFePO4 

batteries with 1.1Ah nominal capacity. The environment temperature and thus the initial 

temperature of cells is assumed to be 25°C. For each cell of the pack, a new electrical model is 

found after applying proposed optimization algorithm on the aged battery pack. Construction of 

the whole platform for this test is presented in Fig 6.11. In this platform, pack’s voltage and 

charging/discharging current fed to proposed algorithm which has single cell model to estimate 

packs SOC. 

In the first test, to show advantages of model adaptive-IEKF, the battery pack is 

charged/discharged with current profile presented in Fig 8a. Voltage error estimation and SOC 

error estimation of this approach and model adaptive-EKF presented in Fig 6.12b and Fig 6.12c, 

respectively. Model adaptive-EKF benefits from the same approach and equations, except that 

during the whole test, equation (6.21) is only used to estimate states instead of applying 

equations (6.21) and (6.22). It is clear that model adaptive-IEKF method is more reliable. 
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Fig 6.12: a. Current profile for the test. b. Voltage estimation error based on EKF and IEKF discharged with current 

profile presented in Fig 6.11a. c. SOC estimation error based on EKF and IEKF discharged with current profile 

presented in Fig 6.11a. 
 
 For next two tests/simulations, we picked the normalized New European Driving Cycle 

(NEDC) and the United States Federal Test Procedure (FTP‐75) [114] charging/discharging 

currents as current profile. These two current profiles has been explained in detail in appendix A. 

As mentioned above, for next test the normalized New European Driving Cycle (NEDC) case 

study is used to evaluate model adaptive IEKF method on battery packs. This driving cycle 

consists of four urban driving profiles followed by another Extra Urban Driving Cycle (EUDC) 

profile [114]. Based on equation (6.13), the pack’s initial SOC is 96%. The current profile is 
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consecutive without resting time till the pack’s estimated SOC reaches 10%. In Fig 6.13a the 

current profile of one simulation cycle is depicted. Fig 6.13b shows difference between measured 

voltage variation for the pack and estimated voltage by model adaptive-IEKF. SOC estimation 

error is presented in Fig 6.13c. In this figure, SOC estimated by model adaptive-IEKF is 

compared with observed SOC calculated by the coulomb counting method. This test stops as 

soon as estimated SOC for the pack reaches 10%. At the end of experiment, the weakest cell of 

the pack has 9.8% SOC, which it is still safe and is not considered as over discharged. Mean 

error of SOC estimation is 0.4%. 

 

 

 

 
Fig 6.13: a. Normalized NEDC current profile. b. Voltage estimation error based on IEKF discharged with Fig 6.12a 

current profile. c. SOC estimation error based on IEKF discharged with Fig 6.12a current profile. 
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 For next test, a similar analysis with normalized United States Federal Test Procedure 

(FTP-75) is designed. FTP-75 is a more realistic driving cycle compared to the NEDC. The FTP-

75 is known as a transient driving cycle and represents a driving in an urban environment with 

frequent stops [114]. The current profile is shown in Fig 6.14a. Initial SOC for this test based on 

equation (6.13) is 95%. The test is continued with the same current profile till the pack’s 

estimated SOC reaches 10%. Fig 6.14b shows voltage estimation error using the proposed 

approach. SOC estimation error obtained from model adaptive-IEKF is depicted in Fig 6.14c. 

When the test is stopped by reaching 10% of estimated SOC for the battery pack, the weakest 

cell in the branch still has 9% SOC. The mean error of SOC estimation is 1.1%. Based on tests 

results, it is clear that presented approach has more reliability besides its accuracy. By reliability, 

we mean that none of the cells in the pack will be over discharged using the presented method in 

SOC estimation. 

Based on these experimental results, the concluding remarks can be made below: 

1) The model adaptive-IEKF approach uses an equivalent electrical battery model for describing 

the electrical behavior of battery pack. This model describes the battery pack’s electrical 

behavior. 

2) Brute-force search method is used as an optimization algorithm for finding electrical model 

for each new cell in the battery pack. 

3) In presented method, as each cell’s impedance and usable capacity in the battery pack is 

estimated, SOH for each cell can be predicted as well. 
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Fig 6.14: a. Normalized FTP-75 current profile. b. Voltage estimation error based on IEKF discharged Fig 6.13a 

current profile. c. SOC estimation error based on IEKF discharged Fig 6.13a current profile. 

 
6.7 Conclusion and chapter summary 

 SOC estimation using EKF for Li-ion cells, requires a model in which the parameters are 

adaptively updated during aging. A sensitivity analysis is performed on cells to find out which 

elements of the electrical model have the most impact on SOC estimation. This analysis shows 

that resistors on battery model have the most sensitivity for SOC estimation as cell ages. Based 

on the obtained results, an algorithm called MAEKF is proposed to update the battery’s electrical 
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model during aging. This algorithm benefits from an optimizing method for updating electrical 

model coefficients during aging. The whole algorithm can be explained in the following five 

steps: 

 1) Discharge the cell with constant current measuring cell’s terminal voltage. 

 2) Calculate derivative of the voltage measured in step one. 

 3) Assign SOC 92% and 15% as two reference points to voltage derivative. 

 4) Run optimization algorithm to obtain updated model. 

 5) Insert updated model to the EKF. 

 

 Another sensitivity analysis is done to show how much error is possible if assigned SOCs 

on 3rd step of MAEKF are different than 15% and 92% .This algorithm is tested on SOC 

estimation for an aged cell with different current profiles. Following this algorithm, IEKF is 

introduced to improve its accuracy on SOC estimation. Moreover, a new method is introduced to 

estimate aged Li-ion cells capacity. It can be also used for other chemistries of rechargeable 

batteries as well. The last section of this chapter presents single unit cell model for the battery 

pack for fast and online SOC estimation of packs. Experiments are done on a battery pack 

consisting of 120 LiFePO4 cells, connected in series with different current profiles including 

FTP-75 and NEDC. This experiment approves accuracy of improved MAEKF for SOC and 

voltage estimation using single cell model for the battery pack from new to old. 
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7. Fuzzy- improved extended Kalman filter for accurate state of charge 

estimation of battery pack 

  
 In the previous chapter, a new method based on model adaptive- IEKF methods is 

introduced to deal with higher power characteristics of Li-Ion battery packs. In spite of its high 

accuracy for SOC estimation for battery packs, this model is unable to estimate SOC in initial 

steps. Moreover, this algorithm assumes that initial SOC starts from a low value which leads to 

some errors in EKF estimation in later steps. Therefore, if the battery’s BMS relies solely on this 

method, there will be a confusion on obtained error in different estimation steps. In this chapter, 

a new SOC estimation method is proposed, denoted as fuzzy-IEKF for SOC estimation which 

not only covers new cells but also considers aged cells [115]. In the proposed approach, a fuzzy 

method with a new class of membership function is introduced to make approximate initial SOC 

estimations. This function takes the last value saved in BMS for battery pack’s SOC as an initial 

SOC for use in coulomb counting method used jointly with IEKF. Later on, IEKF method is 

applied for SOC estimation in which the unit single model is considered for the battery pack. 

Using this method a battery pack’s SOC would be estimated from initial moment till off time 

with very low error on SOC estimation. 

 

7.1 Fuzzy operator for SOC estimation 

 
 If we use model adaptive-IEKF method to estimate a battery pack’s SOC, the estimation 

error for initial minutes would be big and will lead to confusion [111]. To overcome this 

drawback and to have an accurate SOC estimation for the whole duration of 

charging/discharging process, in this section, a new fuzzy operator under Dombi class [116] is 

introduced. This operator combines IEKF’s estimation method with coulomb counting approach. 

This fuzzy operator is discussed in detail in the following paragraphs.  

 Fuzzy logic is based on multiple-valued logic [117-118]. It is a problem-solving 

methodology that provides a simple way to arrive at a definite conclusions based upon vague, 

ambiguous, imprecise, noisy or missing input information. This term was introduced by Zadeh at 

1965 with proposal of fuzzy set theory [119-120].   

 In mathematics, fuzzy set includes elements having degrees of membership [120]. Fuzzy 

set theory permits the gradual assessment of the membership of the elements in a set; which is 
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described with the aid of membership functions valued in interval [0-1]. For two fuzzy sets “A” 

and “B”, these membership functions are presented by µ𝐴(𝑥) and µ𝐵(𝑥) respectively [118]. 

 A fuzzy set operation is an operation on fuzzy sets. These operations are generalizations 

of crisp set operations. They are divided in two main categories: standard fuzzy set operations 

and aggregation operations [121]. Fuzzy components, fuzzy intersections and fuzzy unions are 

standard operations and the rest are aggregation operations. Aggregation operation on fuzzy sets 

are operation by which several fuzzy sets are combined in a desirable way to produce a single 

fuzzy set [122]. 

Aggregation operation on n fuzzy set (2 ≤ 𝑛) is defined by function h: 

ℎ: [0,1] → [0,1]                                            (7.1) 

There are three axioms for aggregation operations in fuzzy sets: 

1) Boundary condition: 

ℎ(0,0, ⋯ ,0) = 0, ℎ(1,1, ⋯ ,1) = 1           (7.2) 

 

2) Monotonicity: For any pair < 𝑎1,𝑎2, … . , 𝑎𝑛 > and < 𝑏1, 𝑏2, … , 𝑏𝑛 > of n-tuples such that 

𝑎𝑖, 𝑏𝑖 𝜖 [0,1] for all i 𝜖 𝑁𝑛, if 𝑎𝑖 ≤ 𝑏𝑖 for all i 𝜖 𝑁𝑛, then ℎ(𝑎1, 𝑎2, … , 𝑎𝑛) ≤ ℎ(𝑏1, 𝑏2, … , 𝑏𝑛) ; 

that is, h is monotonic increasing in all its arguments. 

3) Continuity: 

h is a continuous function.  

Here we are introducing an aggregation operation which we would use for SOC estimation at 

initial steps. Since this operator has some similarity with Dombi s-norm, we call it Dombi 

aggregation operator. 

 

ℎ: [0,1] ∗ [0,1] → [0,1]                                                                                 (7.3) 

1
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1
1

1
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1

1
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ba

bah              (7.4) 

where a and b are membership functions and λ1 and λ2 are constant values chosen from [0,∞).  
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Assuming 𝜆1 = 10 and 𝜆2=5 in this work, the used operator will be: 

10

1
510

5,10

1
1

1
1

1

1
),(




































ba

bah                   (7.5) 

In what follows, we prove that the operator satisfies properties given in (7.1), (7.2) and (7.3). 

 Boundary condition: 

 

ℎ(0,0) = 1
∞⁄ = 0    𝑎𝑛𝑑    ℎ(1,1) =

1

1+0
= 1                     (7.6) 

 Monotonicity: 

If 𝜆1 = 10 and 𝜆2=5 and assuming two pairs < 𝑎1, 𝑎2 > and < 𝑏1, 𝑏2 > where first pair is 

smaller than the second one and 𝑎𝑖, 𝑏𝑖 𝜖 [0,1] for 𝑖 = 1,2. Since pair (𝑎1, 𝑎2) belongs to interval 

[0,1], 
1

𝑎𝑖
 is a number in the interval [1,∞) and (

1

𝑎𝑖
− 1) is a number in the interval [0,∞). In other 

words, as 𝑎𝑖 increases, the denominator of the fraction at the above equation decreases. As a 

result, h (𝑎1, 𝑎2) is less than h (𝑏1, 𝑏2) which satisfies monotonicity condition. 

 Continuity: 

For proving the continuity property of the presented fuzzy operator, fuzzy operator is plotted for 

a 𝜖 [0, 1] and b 𝜖 [0, 1] in Fig 7.1. 
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Fig 7.1: Graph of operator (7.5) for a ϵ [0, 1] and b ϵ [0, 1]. 

 

 
 In our method, member function “a” is replaced by 𝑆𝑂𝐶𝑐𝑐 , which is calculated SOC by 

coulomb counting method. And in coulomb counting method, SOC(0) is the latest SOC of the 

battery pack saved in BMS when the EV/HEV is turned off and I(t) presents 

charging/discharging current of the pack. Membership function “b” comes from IEKF 

estimation. Equation (7.7) is the final SOC estimator formula for 500 initial steps: 

 

𝑆𝑂𝐶(𝑡) = ℎ(𝑆𝑂𝐶𝐶𝐶(𝑡), 𝑆𝑂𝐶𝐼𝐸𝐾𝐹(𝑡)) =
1

1+[(
1

𝑆𝑂𝐶𝐶𝐶
−1)

−10

+(
1

𝑆𝑂𝐶𝐼𝐸𝐾𝐹
−1)

−5

]

−
1

10

        (7.7) 

 In the first 500 initial steps, SOC value is calculated from the first sentence in equation 

(7.8) which is output of the proposed fuzzy operator. The second sentence of this equation is 

valid for the rest of estimation steps. Equation (7.8) presents our SOC estimators for the battery 

pack form the beginning of charging/discharging of the battery pack until SOC packs reaches 

10%. 

 

𝑆𝑂𝐶(𝑡) = {
ℎ(𝑆𝑂𝐶𝐶𝐶(𝑡), 𝑆𝑂𝐶𝐼𝐸𝐾𝐹(𝑡)) 𝑘 ≤ 500

𝑆𝑂𝐶𝐼𝐸𝐾𝐹(𝑡) 𝑘 > 500
               (7.8) 
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 If the SOC value cannot be retrieved from BMS, IKEF methodology is deployed to 

calculate its estimated value using the following equation: 

𝑆𝑂𝐶(𝑡) = 𝑆𝑂𝐶𝐼𝐸𝐾𝐹(𝑡)                                                            (7.9) 

Assuming that our batteries have similar capacities and have the same level of SOH, as 

mentioned in previous chapter, the next equation is used to define reference SOC for the battery 

pack: 

𝑆𝑂𝐶𝑝𝑎𝑐𝑘 =
∑ 𝐶𝑢𝑠𝑎𝑏𝑙𝑒,𝑖𝑆𝑂𝐶𝑖

𝑛𝑠
𝑖=1

∑ 𝐶𝑢𝑠𝑎𝑏𝑙𝑒,𝑖
𝑛𝑠
𝑖=1

                                              (7.10)    

7.2 Experimental results 

 The proposed method is tested at room temperature on a battery pack consisting of 120   

LiFePO4 cells, connected in series. These cells are A123 Systems’ APR18650m1 LiFePO4 

battery with 1.1Ah nominal capacity. The environment temperature and thus the initial 

temperature of cells is assumed to be 25°C. For each cell of the pack, a new electrical model is 

found after applying proposed optimization algorithm on the aged battery pack. Construction of 

the whole platform for this test is presented in Fig 7.2. In this platform, the pack’s voltage and 

charging/discharging current fed to proposed algorithm which has single cell model to estimate 

pack’s SOC. 

 Our first experiments goal is to show why we do need a fuzzy SOC estimator for initial 

moments of battery packs charging/discharging. For this goal, we identified a single cell unit 

model for the new battery pack which consist of 120 cells connected in series. Later on, with our 

proposed algorithm in previous chapter a new model has been identified for the same battery 

pack after it was subject for aging. The impedance parameters in table 7.1 are updated based on 

aging phenomenon and listed table 7.2. 
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Fig 7.2: Construction of the whole platform for experimental tests. 

 

TABLE 7.1. Impedance parameters for single unit model for a new battery pack 

 

 

 

 

a1 -6.001E-1 b3 2.263E-1 d2 -1.011E3 h1 2.099E6 

a2 22.1 b4 -7.210E-2 d3 1.407E3 h2 -5.980E6 

a3 3.416 b5 8.976E-2 d4 3.885E2 h3 5.986E6 

a4 1.105E-1 c1 1.079E-2 g1 2.936E-1 h4 -2.948E6 

a5 -1.615E-1 c2 -10.99 g2 -19.93 h5 5.984E5 

b1 1.300E-1 c3 1.827E-2 g3 4.722E-2 h6 -3.102E4 

b2 -2.902E-1 d1 1.683E2 g4 -2.420E-2 h7 2.231E3  

As mentioned in previous page, this unit model is updated and the very next table presents 

updated new model: 

TABLE 7.2. Differed impedance parameters for an aged battery pack as ages 

 
b5 1.375E-1 c3 1.845E-2 g3 4.769E-2 

 

The SOC estimation error obtained without using fuzzy operator for the aged battery pack is 

depicted in Fig 7.3. Single cell unit model used for the battery pack, enables us to track SOC for 

the pack in real time, thanks to very low computational burden of IEKF for SOC estimation.  The 

charge/discharge current profile of this test is shown in Fig 7.4. 
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Fig 7.3: SOC estimation error for a battery pack by improved extended Kalman filter (without using fuzzy 

estimation for initial minutes). 

Fig 7.4: Current profile used for charging/discharging the battery pack on test for Fig 7.3. 

 In the current profile, the maximum value for charging current is 2.3A and the minimum 

value for discharging current is 0.7A. This test was performed at room temperature. Initial SOC 

for the pack is 66% and estimation for SOC starts from 1%. As we can see from SOC error graph 

depicted in Fig 7.3, estimation error is large and not useful for BMS calculations in initial 

moments of the test. In the first four minutes of the test, SOC estimation mean error is about 

20%. To overcome this drawback and to have an accurate SOC estimation for the whole duration 

of charging/discharging process, a new fuzzy operator under Dombi class [115,123-124] is 

introduced and will be used for the rest of tests. 
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 The next test is implemented to show fuzzy-IEKF excellence over a similar method 

called compound method. In the compound method, SOC estimation for initial steps is calculated 

using coulomb counting method. Later on, IEKF method is used for SOC estimation. In the test, 

initial SOC of the pack is 67%. Assuming that, this value is retrieved from BMS memory in the 

beginning of the test. Fig 7.5 presents SOC estimation error for charging/discharging current 

profile of Fig. 7.4. It is clear from Fig 7.3 that our proposed method outperforms in SOC error in 

the first 500 initial steps compared with compound method. Mean error for the compound 

method and the proposed method are about 0.723% and 0.584% respectively. Since the proposed 

fuzzy operator is not more than a formula and easy to be used in BMS, the proposed method is 

preferred to compound method. Moreover, compound method would lead to confusing if BMS 

doesn’t have initial SOC. 

Fig 7.5: SOC estimation error for proposed method and compound method. 

For the next test, the normalized New European Driving Cycle (NEDC) current profile is 

used to evaluate the proposed method. Fig 7.6a shows the current profile for one cycle. This 

current profile is continuous without resting time till the pack’s estimated SOC reaches 10%. Fig 

7.6b shows reference SOC for the pack and estimated SOC by the proposed method. SOC 

estimation error is presented in the same figure. In this test, our criteria to stop the test is when 

estimated SOC reaches 10%. At this time, the SOC for the weakest cell of the pack is about 9.8% 

and highest SOC for pack’s cells is 12.4%. These SOCs are still safe and are not considered as 

over discharged for pack’s cells. Mean error for SOC estimation in this test is about 0.39%. Fig 



CHAPTER 7 
 

105 
 

7.6c presents SOC estimation error starting from different initial SOCs (89%- 55%- 39%) for the 

first hour of charging/discharging based on current profile presented in Fig 7.6a. For all of initial 

SOC values in Fig 7.6c, estimation error converges zero from the first step. Fig 7.7 presents 

estimated voltage’s error for the battery pack when packs SOC starts from 89%. It is clear that 

our proposed algorithm for estimating SOC improves estimated voltage for the battery pack as 

well.  

 

 

Fig 7.6: a. Normalized NEDC current profile. b. Observed SOC and estimated SOC for the pack by proposed 

method. c. SOC estimation error for different initial values. 
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Fig 7.7: Estimated voltage error of the battery pack for about 2 hours before and after applying proposed method 

discharging with NEDC current profile from initial 89% SOC. 

 

For last test, a similar analysis with normalized United States Federal Test Procedure 

(FTP-75) is designed. FTP-75 is a more realistic driving cycle compared to the NEDC. As 

previous test, the current profile is consecutive without resting time till the pack’s estimated SOC 

reaches 10%. Current profile of one simulation cycle is shown in Fig 7.8a. Test is continued with 

the same current profile till the pack’s estimated SOC reaches 10%. The pack’s initial SOC is 

76% which we assume it is the latest estimated SOC saved in the BMS. Estimated SOC and SOC 

estimation error obtained from model adaptive fuzzy-IEKF is depicted in Fig 7.8b. The test is 

stopped when the pack’s SOC reaches 10%. At the stopping moment, the SOC for the weakest 

cell of the pack is about 9.6% and highest SOC of all cells is 12.2 %, which means we can trust 

the estimated SOC for the pack without having concerns about weakest cell in the pack. Mean 

error for SOC estimation in this test is about 0.71%. Fig 7.8c presents SOC estimation error 

starting from different initial SOCs (89%- 57%- 42%) for the first hour of tests. Fig 7.9 shows 

voltage estimation error for the battery pack before and after applying proposed algorithm.  
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Fig 7.8: a. Normalized FTP-75 current profile. b. Observed SOC and estimated SOC for the pack by proposed 

method. c. SOC estimation error for different initial values. 

 

Fig 7.9: Estimated voltage error of the battery pack for about 2 hours before and after applying proposed method 

discharging with FTP-75 current profile from initial 89% SOC. 
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7.3 Conclusion and chapter summary 

 Introduced model adaptive- IEKF method can deal with higher power characteristics of 

Li-ion battery packs. However, this method is unable to estimate SOC in initial steps. To 

overcome this problem, a fuzzy method with a new class of membership function is introduced 

to make approximate initial SOC estimations. It is proved that the new fuzzy operator is under 

Dombi class. A new SOC estimation method is proposed using defined fuzzy membership 

function. It is denoted as fuzzy-IEKF for SOC estimation which not only covers new cells but 

also considers aged cells. This function uses the last value saved in BMS for battery pack’s SOC 

as an initial SOC in coulomb counting method used jointly with IEKF. Later on, IEKF method is 

applied for SOC estimation in which the unit single model is considered for the battery pack. By 

this method, a battery pack’s SOC can be estimated with high accuracy. The accuracy of the 

method is shown with normalized NEDC and FTP-75 current profiles. 
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8. Conclusion  

8.1 Summary 

 Rechargeable batteries as an energy source in electric vehicles (EVs), hybrid electric 

vehicles (HEVs) and smart grid are receiving more attention with the worldwide demand for 

greenhouse reduction. In all of these applications, the battery management system needs to have 

an accurate online estimation of state of charge of the battery pack. This estimation is difficult, 

especially after substantial aging of batteries. In order to overcome this problem, this work 

addresses SOC estimation of Li-ion battery packs using fuzzy- improved extended Kalman filter 

(fuzzy- IEKF) from new to aged cells. First we introduced a model adaptive method to update 

Li-ion batteries electrical model. After presenting single cell unit model for battery packs and 

improving EKF’s accuracy on SOC estimation, a fuzzy method with a new class of membership 

function has been introduced and used to make the approximate initial value to estimate SOC. 

Later on, the IEKF method, considering the unit single model for the battery pack, is applied to 

estimate the SOC for the long working time of the pack. A LiFePO4 battery pack consists of 120 

cells connected in series with a nominal voltage 432V is used to implement the experiments to 

verify the SOC estimation method’s accuracy. 

8.2 Contributions 

 Hybrid electrical model for Li-ion batteries 

 A new Hybrid electrical model for Li-ion batteries has been presented. This 

model consists of two parts: Energy balance side which benefits from EKF to estimate 

SOC. Voltage response circuit side which consists of electrical components including 

open circuit voltage source, an internal resistance and two RC branches. 

 Model adaptive method for updating the proposed hybrid electrical 

model  

 Model adaptive method is a solution to update hybrid electrical model of the 

battery as it ages. Using this method enables us to estimate SOC for aged batteries. 
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 Estimating available capacity for aged batteries 

 Another reaction which happens inside battery as it ages is decreasing usable 

capacity. We have presented a unique filter to estimate usable capacity for new and aged 

batteries after identifying the electrical model. 

 Single cell unit model for battery packs 

 Single cell unit model for battery packs introduced which is similar to the hybrid 

electrical model of single cells. This model increases componential time for SOC 

estimation of battery packs. Meanwhile it enables inline SOC estimation for new and 

aged battery packs. 

 Fuzzy- IEKF method for SOC estimation of battery packs 

 A new fuzzy operator under Dombi class was introduced and used to make the 

approximate initial value to estimate SOC. Later on, the IEKF method, considering the 

unit single model for the battery pack, was applied to estimate the SOC for the long 

working time of the pack. Experimental results approved this method’s high accuracy on 

SOC estimation for new and aged Li-ion battery packs. 

 

8.3 Future works 

 In this work, a new hybrid electrical model is introduced. C-rate effect has been neglected 

on hybrid electrical model. This model is obtained from many experiments with small Li‐ion 

cells, and validity of the models has to be confirmed for large cells. Moreover, in this work all 

experiments and tests have been done at room temperature. To make the model more universal, 

C-rate and temperature effect can be investigated on hybrid electrical model. Their effect on 

Model adaptive algorithm can be another subject for more research.  

 Large battery packs introduce additional issues in the SOH estimation due to effects of 

cell imbalance. This problem is also effected by thermal management of the whole pack. 

Thermal management issue can be addressed with a sophisticated 3D‐thermal model on pack 

level modeling the uniformity of the cell temperature and the heating influence of neighboring 

cells. 

 



 

111 
 

Appendix A 

NEDC and FTP-75 driving cycles 

 
In this work, two following driving cycles are used to evaluate accuracy of SOC estimation of the 

proposed algorithm on battery packs:  

1) New European Driving Cycle (NEDC)  

2) The United States Federal Test Procedure (FTP‐75) 

The NEDC is depicted in Fig. A.1a. The NEDC consists of four urban driving profiles followed 

by one Extra Urban Driving Cycle (EUDC) profile [114]. From the speed profile the power 

requirement P from the battery cell are calculated with the equations from [48]: 

𝑃 =
(𝑚𝑎+.5𝜌𝑣2𝐶𝑑+𝐶𝑟𝑟𝑚𝑔)𝑣+𝑃𝑢𝑡

ƞ𝑏𝑤ƞ𝑛𝑎𝑡
           (A.1) 

g is the standard gravity and ρ the air density. The drag coefficient Cd is assumed to be 0.28 and 

frontal area A 2.7 m2 [48]. The rolling resistance coefficient Crr is 0.01, battery‐to‐wheel 

efficiency ηbw 0.8, battery discharge efficiency ηbat 0.9 (square root of the battery round trip 

efficiency) [125]. We assumed that our battery pack is testing on EV which it’s mass 2580Kg. A 

constant power load Put is taken as 500W for the power requirement of the electronics, radio and 

lights in the EV [125]. Assuming each cell delivers an equal amount of power and assuming that 

each cell’s voltage during charging/discharging is equal to nominal voltage, we came to 

normalized NEDC current profile presented in Fig A.1b.  In this current profile and for normalizing 

it, we assumed that the main battery pack consist of 20 branches.  
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Fig. A1: a) The NEDC used in the SOC estimation [114] b) The normalized current profile of one simulation cycle 

 

The FTP‐75 is a more realistic driving cycle compared to the NEDC. The FTP‐75 is known as a 

transient driving cycle and represents a driving in an urban environment with frequent stops [114]. 

The FTP‐75 is depicted in figure A.2a. From the speed profile the associated normalized current 

profile is calculated in the same way as in previous paragraph, which is shown in figure A.2b. 

 

Fig. A2: a) The FTP-75 used in the SOC estimation [114] b) The normalized current profile of one simulation cycle 
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Appendix B 

Sample programs 

 

Sample program for measuring Voc: 

 
clear all 
clear volt; 
clear current; 
s = daq.createSession('ni'); 
s.Rate = 5000; 
s.NumberOfScans = 16384; 
s.DurationInSeconds = .6925; 
cha=s.addAnalogInputChannel('Dev2', 0, 'Voltage'); 
cha.TerminalConfig='Differential'; 
cha1=s.addAnalogInputChannel('Dev2', 1, 'Voltage'); 
cha1.TerminalConfig='Differential'; 
ch=s.addCounterOutputChannel('Dev2', 1, 'PulseGeneration'); 
ch.Frequency=150; 
ch.InitialDelay = 0; 
tic 
%========= 
ch.DutyCycle=.01; 
[data, time] = s.startForeground(); 
volt(1,:)=mean(data); 
Vref=volt(1,2) 
s.removeChannel(3) 
er=0; 
err=0; 
ii=0; 
iii=0; 
m=0; 
Qin=4090; 
A(1)=186; 
B(1)=5400+186; 
for cnt=2:40 
A(cnt)=B(cnt-1)+186; 
B(cnt)=A(cnt)+5400; 
end 
id=0; 
kd=0; 
tic 
for cnt=1:2000000 
    if A(1)<cnt && cnt<B(1) 
        if m==0 
        else 
            s.removeChannel(3) 
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            err(1,:)=0; 
        end 
        m=1; 
    elseif A(2)<cnt && cnt<B(2) 
        if m==0 
        else 
           s.removeChannel(3) 
           err(1,:)=0; 
        end 
        m=1; 

         
    elseif A(3)<cnt && cnt<B(3) 
        if m==0 
        else 
           s.removeChannel(3) 
           err(1,:)=0; 
        end 
        m=1; 
    elseif A(4)<cnt && cnt<B(4) 
        if m==0 
        else 
            s.removeChannel(3) 
            err(1,:)=0; 
        end 
        m=1; 
    elseif A(5)<cnt && cnt<B(5) 
        if m==0 
        else 
           s.removeChannel(3) 
           err(1,:)=0; 
        end 
        m=1; 
    elseif A(6)<cnt && cnt<B(6) 
        if m==0 
        else 
           s.removeChannel(3) 
           err(1,:)=0; 
        end 
        m=1; 
    elseif A(7)<cnt && cnt<B(7) 
        if m==0 
        else 
           s.removeChannel(3) 
           err(1,:)=0; 
        end 
        m=1; 
    elseif A(8)<cnt && cnt<B(8) 
        if m==0 
        else 
            s.removeChannel(3) 
            err(1,:)=0; 
        end 
        m=1; 
    elseif A(9)<cnt && cnt<B(9) 
        if m==0 
        else 
            s.removeChannel(3) 
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            err(1,:)=0; 
        end 
        m=1; 
    elseif A(10)<cnt && cnt<B(10) 
        if m==0 
        else 
           s.removeChannel(3) 
           err(1,:)=0; 
        end 
        m=1; 
    elseif A(11)<cnt && cnt<B(11) 
        if m==0 
        else 
           s.removeChannel(3) 
           err(1,:)=0; 
        end 
        m=1; 
    elseif A(12)<cnt && cnt<B(12) 
        if m==0 
        else 
           s.removeChannel(3) 
           err(1,:)=0; 
        end 
        m=1; 
    elseif A(13)<cnt && cnt<B(13) 
        if m==0 
        else 
            s.removeChannel(3) 
            err(1,:)=0; 
        end 
        m=1; 
    elseif A(14)<cnt && cnt<B(14) 
        if m==0 
        else 
           s.removeChannel(3) 
           err(1,:)=0; 
        end 
        m=1; 
    elseif A(15)<cnt && cnt<B(15) 
        if m==0 
        else 
           s.removeChannel(3) 
           err(1,:)=0; 
        end 
        m=1; 
    elseif A(16)<cnt && cnt<B(16) 
        if m==0 
        else 
           s.removeChannel(3) 
           err(1,:)=0; 
        end 
        m=1; 
    elseif A(17)<cnt && cnt<B(17) 
        if m==0 
        else 
           s.removeChannel(3) 
           err(1,:)=0; 
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        end 
        m=1; 
    elseif A(18)<cnt && cnt<B(18) 
        if m==0 
        else 
           s.removeChannel(3) 
           err(1,:)=0; 
        end 
        m=1; 
    elseif A(19)<cnt && cnt<B(19) 
        if m==0 
        else 
           s.removeChannel(3) 
           err(1,:)=0; 
        end 
        m=1; 
    elseif A(20)<cnt && cnt<B(20) 
        if m==0 
        else 
           s.removeChannel(3) 
           err(1,:)=0; 
        end 
        m=1; 
    elseif A(21)<cnt && cnt<B(21) 
        if m==0 
        else 
           s.removeChannel(3) 
           err(1,:)=0; 
        end 
        m=1; 
    elseif A(22)<cnt && cnt<B(22) 
        if m==0 
        else 
           s.removeChannel(3) 
           err(1,:)=0; 
        end 
        m=1; 
   elseif A(23)<cnt && cnt<B(23) 
        if m==0 
        else 
           s.removeChannel(3) 
           err(1,:)=0; 
        end 
        m=1; 
   elseif A(24)<cnt && cnt<B(24) 
        if m==0 
        else 
           s.removeChannel(3) 
           err(1,:)=0; 
        end 
        m=1; 
    else 

         
        m=0; 
    end 
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    %% 
    s.DurationInSeconds = .6925; 
    if m==1 
        er=0; 
    end 
    if m==0 
        if cnt==B(1) || cnt==B(2) || cnt==B(3) || cnt==B(4) || cnt==B(5) || 

cnt==B(6) || cnt==B(7) || cnt==B(8) || cnt==B(9) || cnt==B(10) || cnt==B(11) 

|| cnt==B(12) || cnt==B(13) || cnt==B(14) || cnt==B(15) || cnt==B(16) || 

cnt==B(17) || cnt==B(18) || cnt==B(19) || cnt==B(20) || cnt==B(21) || 

cnt==B(22) || cnt==B(23) || cnt==B(24) 
        else 
            ch=s.addCounterOutputChannel('Dev2', 1, 'PulseGeneration'); 
            ch.Frequency=150; 
            ch.InitialDelay = 0; 
        end 
     end 
   if m==0 
    ch.DutyCycle=(1+.39*er+.009*ii)*1.1/Vref*1.26; 
   end  
    [data, time] = s.startForeground(); 
    volt(cnt,:)=mean(data); 
    current=volt(cnt,1)/1.01 
    if current<0 
        current=0; 
    end 

         
    iii=iii+current; 
    SOC(cnt)=1-iii/Qin; 
    Vref=volt(cnt,2); 

  
    err(cnt)=(1.1-current); 
    err(err>1.1) = []; 
    er=mean(err); 

             
    ii=ii+er; 
    if rem(cnt,40)==0 
        ii=0; 
    end 
    if m==0 
        s.removeChannel(3) 
    end 
if m==1 
    ch=s.addCounterOutputChannel('Dev2', 1, 'PulseGeneration'); 
    ch.Frequency=150; 
    ch.InitialDelay = 0; 
end 
    if volt(cnt,2)<2 
        break; 
    end 
end 
s.stop; 
s.release(); 
delete(s); 
toc 
save Voctest 



 

118 
 

Sample program for curve fitting of Voc: 
 

 

S=[.99999 .9506 .9003 .8499 .7996 .7492 .6988 .6485 .5982 .5477 .4973 .4469 

.3965 .3461 .2957 .2452 .1948 .1443 .0938  .0432  .01]; 
Voc=[3.408 3.3483 3.3408 3.3379 3.3367 3.3319 3.3057 3.2997 3.2967 3.2955 

3.2946 3.2936 3.2922 3.2779 3.2629 3.2517 3.2354 3.2145 3.2017  3.0910   

2.55]; 
F=@(x,xdata)x(1)*exp(-x(2)*xdata)+x(3)+x(4)*xdata+x(5)*exp(-.0009./(1-

xdata))+x(6)*xdata.^2; 
x0=[-0.38683       21.294       3.2891     0.097283    -0.053623     0.024191  

]; 
[x,resnorm,~,exitflag,output] = lsqcurvefit(F,x0,S,Voc); 
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Sample program for validating the model with real data: 
 

S=[.99999 .9506 .9003 .8499 .7996 .7492 .6988 .6485 .5982 .5477 .4973 .4469 

.3965 .3461 .2957 .2452 .1948 .1443 .0938  .0432  .01]; 
Voc=[3.408 3.3483 3.3408 3.3379 3.3367 3.3319 3.3057 3.2997 3.2967 3.2955 

3.2946 3.2936 3.2922 3.2779 3.2629 3.2517 3.2354 3.2145 3.2017  3.0910   

2.55]; 
F=@(x,xdata)x(1)*exp(-x(2)*xdata)+x(3)+x(4)*xdata+x(5)*exp(-.0009./(1-

xdata))+x(6)*xdata.^2; 
x0=[-0.38683       21.294       3.2891     0.097283    -0.053623     0.024191  

]; 
[x,resnorm,~,exitflag,output] = lsqcurvefit(F,x0,S,Voc); 
x1=x; 

 
S=[.9506 .9011 .8516 .8022 .7529 .7034 .654 .6047 .5553 .506 .4566 .4072 

.3578 .3085 .259 .2095 .16 .1106 .061 .0114]; 
Ri=[.1397 .1389 .1357 .1388 .1424 .1353 .1383 .1357 .1389 .1421 .1388 .1393 

.1384 .1421 .1436 .1394 .1359 .1397 .1398 .1435]; 
F=@(x,xdata)x(1)*xdata.^4+x(2)*xdata.^3+x(3)*xdata.^2+x(4)*xdata+x(5); 
x0=[.1298   -.2892  .2273 -.07 0.08 .1307 ]; 
[x,resnorm,~,exitflag,output] = lsqcurvefit(F,x0,S,Ri); 
x2=x; 

 
Rs=[.0188 .0197  .0208 .0221 .0205 .0173 .0167 .0175 .0193  .0208 .0214 .0223 

.0222 .0216 .0224 .0234 .0244 .0275 .0302 .0512]; 
F=@(x,xdata)x(1)*exp(-x(2)*xdata)+x(3)+x(4)*xdata; 
x0=[.001 11.5  .2273 -.007 1]; 
[x,resnorm,~,exitflag,output] = lsqcurvefit(F,x0,S,Rs); 
x3=x; 

 
S=[.9506 .9011 .8516 .8022 .7529 .7034 .654 .6047 .5553 .506 .4566 .4072 

.3578 .3085 .259 .2095 .16 .1106 .061 .0114]; 
Cs=[1.0638e3 1.0152e3  1.0577e3 1.0407e3 1.122e3 1.185e3 1.1976e3 1.1429e3 

1.0881e3 1.0577e3 1.0748e3 1.0314e3 990.9910 972 937.5 897 860.65 763 695 

410]; 
F=@(x,xdata)x(1)*xdata.^3+x(2)*xdata.^2+x(3)*xdata+x(4); 
x0=[200 -1000  1500 -500 1]; 
[x,resnorm,~,exitflag,output] = lsqcurvefit(F,x0,S,Cs); 
x4=x; 

 
Rl=[.0129 .0119 .0127 .0175 .0221 .0075 .0073 .0078 .0095 .0116 .0144 .0182 

.0132 .0103 .0116 .0106 .01 .0155 .0755 .1   ]; 
F=@(x,xdata)x(1)*exp(-x(2)*xdata)+x(3)+x(4)*xdata; 
x0=[.2 15  .03 -.007 1]; 
[x,resnorm,~,exitflag,output] = lsqcurvefit(F,x0,S,Rl); 
x5=x; 

 

S=[ .9606 .90180 .8027 .7038 .6048 .5850 .4068 .3077 .21 .1097  .0518 .0107 

]; 
Cl=[1.7821e+4 1.4615e+4 9.7122e+3 1.5089e+4 1.8133e+4  1.1442e+4 8625 

1.0146e+4  10000 1.0588e+4  10000 5.0336e+3]; 
F=@(x,xdata)x(1)*xdata.^6+x(2)*xdata.^5+x(3)*xdata.^4+x(4)*xdata.^3+x(5)*xdat

a.^2+x(6)*xdata+x(7); 
x0=[2.706e+06  -6.3734e+06   5.0019e+06  -1.2843e+06       -92099        

67517       5340.1  2]; 
[x,resnorm,~,exitflag,output] = lsqcurvefit(F,x0,S,Cl); 
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x6=x; 

 
Qin= 3.9934e+03; 
iiii=0; 
% This command loads measured data from saved 'mat' file 
load cell6t1 
 

 

for cnt=1:3654 
 current(cnt)=volt(cnt,1)/1.01; 
 iiii=iiii+current(cnt); 
 SOC(cnt)=1-iiii/Qin; 
 OC(cnt)=x1(1)*exp(-x1(2)*SOC(cnt))+x1(3)+x1(4)*SOC(cnt)+x1(5)*exp(-

 .0009/(1-SOC(cnt)))+x1(6)*SOC(cnt)^2; 
 Rii=x2(1)*SOC(cnt)^4+x2(2)*SOC(cnt)^3+x2(3)*SOC(cnt)^2+x2(4)*SOC(cnt)+x

 2(5); 
 Rs=x3(1)*exp(-x3(2)*SOC(cnt))+x3(3)+x3(4)*SOC(cnt); 
 Cs=x4(1)*SOC(cnt)^3+x4(2)*SOC(cnt)^2+x4(3)*SOC(cnt)+x4(4); 
 Rl=x5(1)*exp(-x5(2)*SOC(cnt))+x5(3)+x5(4)*SOC(cnt); 
 Cl=x6(1)*SOC(cnt).^6+x6(2)*SOC(cnt).^5+x6(3)*SOC(cnt).^4+x6(4)*SOC(cnt)

 .^3+x6(5)*SOC(cnt).^2+x6(6)*SOC(cnt)+x6(7); 
 Vcellc(cnt)=OC(cnt)-Rii*current(cnt)-Rs*current(cnt)*(1-exp(-

 cnt/(Rs*Cs)))-Rl*current(cnt)*(1-exp(-cnt/(Rl*Cl))); 
end 
figure 
plot(SOC,Vcellc,'g') 
hold on 
plot(SOC,volt(:,2),'r') 
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Sample program for SOC estimation of a battery 3s1p pack  
 

dbstop if error 
format long e 
clear all 
close all 
cell_initial_values 
T=295; 
ns=3; 
for cnt=1:ns 
    SOC(cnt,1)=.99+rand(1)/40; 
    aa(cnt)=0; 
end 
deltaCus=0; 

  
Ic=1.1; 
for cnt=1:ns 
    Cus(cnt)=(Qnom-eps)*exp(k1*(1/(T-k2)-1/(Tref-k2)))*3600;               

%initial capacity of each cell that is available at that temperature 

dimension: Amper-millisecondend 
    Voc(cnt,1)=a1*exp(-a2*SOC(cnt,1))+a3+a4*SOC(cnt,1)+a5*exp(-a6/(1-

SOC(cnt,1)));  

%Voc voltage which is just dependent on SOC- Voc value is temperature 

independent 
    II(cnt)=0; 
    Iint(cnt)=0; 
end 
t0=0; 
Pk=[.1^2 0 0; 0 .1^2 0; 0 0 .05^2];                                      

% Pk is covariance Matrix for error (This one is initial value) 

  
%Xhatk is matrix for system states (Xhatk(1,1) is for first pair of R&C, 

Xhatk(2,1) is for for second pair of R&C, Xhatk(3,1) is our guess for SOC) 
%in this case our guess for initial SOC is 60% or .6 
Ic=1.1; 

  
Xhatk=[.2;.3;.5]; 

  
for cnt=1:50000000 
    Vcellt(cnt)=0; 
    Vcellte(cnt)=0; 
end 

  
cn=1; 
while XX(cnt)<.01 || SOC(cells,cnt)>1.01 || Vcellt(cnt)<2.6 
    if rem(cnt,100)==0 
       Ic=.75*(.25+rand(1)); 
    end 
%     Ic=1.1; 
    ICCC(cnt)=Ic; 
    for cells=1:ns 

             

  
             if rem(cnt,1000)<1001 
                Icrate=Ic/1.1; 
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                temperature_effects_variableshighTemp 
                

Ro(cells,cnt)=b1d*SOC(cells,cnt)^4+b2d*SOC(cells,cnt)^3+b3d*SOC(cells,cnt)^2+

b4d*SOC(cells,cnt)+b5d;                             %value for electrical 

elements while discharging for high T(more than 20C) 
                Rs(cells,cnt)=c1d*exp(-

c2d*SOC(cells,cnt))+c3d+c4d*SOC(cells,cnt); 
                

Cs(cells,cnt)=d1d*SOC(cells,cnt)^3+d2d*SOC(cells,cnt)^2+d3d*SOC(cells,cnt)+d4

d; 
                Rl(cells,cnt)=g1d*exp(-

g2d*SOC(cells,cnt))+g3d+g4d*SOC(cells,cnt); 
                

Cl(cells,cnt)=h1d*SOC(cells,cnt)^6+h2d*SOC(cells,cnt)^5+h3d*SOC(cells,cnt)^4+

h4d*SOC(cells,cnt)^3+h5d*SOC(cells,cnt)^2+h6d*SOC(cells,cnt)+h7d; 
                RoT(cells,cnt)=Ro(cells,cnt); 
                RsT(cells,cnt)=Rs(cells,cnt); 
                CsT(cells,cnt)=Cs(cells,cnt); 
                RlT(cells,cnt)=Rl(cells,cnt); 
                ClT(cells,cnt)=Cl(cells,cnt); 
                ZZ(cells,cnt)=RoT(cells,cnt)+RsT(cells,cnt)*(1-exp(-

cnt/(RsT(cells,cnt)*CsT(cells,cnt))))+RlT(cells,cnt)*(1-exp(-

cnt/(RlT(cells,cnt)*ClT(cells,cnt)))); 
                Vbar1(cells)=RsT(cells,cnt)*exp(-(cnt-

t0)/(RsT(cells,cnt)*CsT(cells,cnt))); 
                Vbar2(cells)=RlT(cells,cnt)*exp(-(cnt-

t0)/(RlT(cells,cnt)*ClT(cells,cnt))); 
                Voc(cells,cnt)=a1*exp(-

a2*SOC(cells,cnt))+a3+a4*SOC(cells,cnt)+a5*exp(-a6/(1-SOC(cells,cnt))); 
                Vcell(cells,cnt)=Voc(cells,cnt)-Ic*ZZ(cells,cnt); 
                Iint(cells)=Iint(cells)+Ic; 
                Q(cnt)=Iint(cells); 
                cnt1=cnt+1; 
                SOC(cells,cnt1)=SOC(cells,1)-(1/Cus(cells))*(Iint(cells)); 
                td=cnt; 
            else 
                RoT(cells,cnt)=RoT(cells,cnt-1); 
                RsT(cells,cnt)=RsT(cells,cnt-1); 
                CsT(cells,cnt)=CsT(cells,cnt-1); 
                RlT(cells,cnt)=RlT(cells,cnt-1); 
                ClT(cells,cnt)=ClT(cells,cnt-1); 
                Voc(cells,cnt)=Voc(cells,cnt-1); 
                SOC(cells,cnt+1)=SOC(cells,cnt); 
                Iint(cells)=Iint(cells); 
                Vbar1(cells)=Vbar1(cells)*exp(-(cnt-

td)/(RsT(cells,cnt)*CsT(cells,cnt))); 
                Vbar2(cells)=Vbar2(cells)*exp(-(cnt-

td)/(RlT(cells,cnt)*ClT(cells,cnt))); 
                Vcell(cells,cnt)=Voc(cells,cnt)-Vbar1(cells)-Vbar2(cells); 
                t0=cnt; 

                 
             end 
             Vcellt(cnt)=Vcellt(cnt)+Vcell(cells,cnt); 
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            %% 

             
%              
%             if Vcell(cells,cnt)<2.6 || SOC(cells,cnt)<.1 || 

Voc(cells,cnt)>4.2 || SOC(cells,cnt)>1.01 
%                 break 
%             end 

  

                
    end 
      %% 
            if rem(cnt,1000)<1001 
                Icc=Ic; 
                

Roe(cnt)=ns*(b1d*Xhatk(3,1)^4+b2d*Xhatk(3,1)^3+b3d*Xhatk(3,1)^2+b4d*Xhatk(3,1

)+b5d);                             %value for electrical elements while 

discharging for high T(more than 20C) 
                Rse(cnt)=ns*(c1d*exp(-c2d*Xhatk(3,1))+c3d+c4d*Xhatk(3,1)); 
                

Cse(cnt)=1/(ns)*(d1d*Xhatk(3,1)^3+d2d*Xhatk(3,1)^2+d3d*Xhatk(3,1)+d4d); 
                Rle(cnt)=ns*(g1d*exp(-g2d*Xhatk(3,1))+g3d+g4d*Xhatk(3,1)); 
                

Cle(cnt)=1/(ns)*(h1d*Xhatk(3,1)^6+h2d*Xhatk(3,1)^5+h3d*Xhatk(3,1)^4+h4d*Xhatk

(3,1)^3+h5d*Xhatk(3,1)^2+h6d*Xhatk(3,1)+h7d); 
                RoTe(cnt)=Roe(cnt); 
                RsTe(cnt)=Rse(cnt); 
                CsTe(cnt)=Cse(cnt); 
                RlTe(cnt)=Rle(cnt); 
                ClTe(cnt)=Cle(cnt); 
                A=[exp(-1/(RsTe(cnt)*CsTe(cnt))) 0 0;0 exp(-

1/(RlTe(cnt)*ClTe(cnt))) 0;0 0 1]; 
                B=[RsTe(cnt)*(1-exp(-1/(exp(RsTe(cnt)*CsTe(cnt))))) 

;RlTe(cnt)*(1-exp(-1/(exp(RlTe(cnt)*ClTe(cnt))))) ;-1/(.95*Cus(1))]; 
                D=[-RoTe(cnt)]; 
                Xperior=A*Xhatk+B*Icc+[randn/1000;randn/1000;randn/10000]; 
                Pperior=A*Pk*A'+[.0005 0 0;0 .0004 0; 0 0 .02]; 
                C=[-1 -1 (a1*exp(-

a2*Xperior(3,1))+a3+a4*Xperior(3,1)+a5*exp(-a6/(1-

Xperior(3,1))))/Xperior(3,1)]; 
                K=Pperior*C'/(C*Pperior*C'+[.01  .001  .01]*.001*[.01  .001 

.01]'); 
                KKK(cnt)=K(3,1); 
                Voce(cnt)=ns*(a1*exp(-

a2*Xhatk(3,1))+a3+a4*Xhatk(3,1)+a5*exp(-a6/(1-Xhatk(3,1)))); 
                ZZe(cnt)=RoTe(cnt)+RsTe(cnt)*(1-exp(-

cnt/(RsTe(cnt)*CsTe(cnt))))+RlTe(cnt)*(1-exp(-cnt/(RlTe(cnt)*ClTe(cnt)))); 
                    Xhatk=Xperior+1/ns*K*(Vcellt(cnt)-(Voce(cnt)-

ZZe(cnt)*Icc)); 
                    KKK(cnt)=K(3,1); 

  
                XX(cnt)=Xhatk(3,1); 

  
                Pk=(eye(3)-K*C)*Pperior; 
            else 
                Voce(cnt)=Voce(cnt-1); 
                XX(cnt)=Xhatk(3,1); 
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                ZZe(cnt)=ZZe(cnt-1); 

                 
            end 
            Vcelle(cnt)=Voce(cnt)-ZZe(cnt)*Ic; 

             
    SS1=0; 
    S1=0; 
    SS=0; 
    S=0; 
    for cells=1:ns 
        SS1=SS1+Cus(cells)*SOC(cells,cnt); 
        S1=S1+Cus(cells); 
    end 
    SOCt(cnt)=SS1/S1; 

    
end 
%% 
figure 
plot(SOCt(1,1:cnt)) 
hold on 
plot(XX(1,1:cnt),'r') 

  
figure 
plot((SOCt-XX)*100) 
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