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Abstract 

The Battery Management System (BMS) is a key component in an electric vehicle (EV) or 

hybrid electric vehicle (HEV). Its task is to ensure that the battery pack is managed in a safety 

way and in conditions that can guarantee a long lifetime for all the cells. At the same time the 

BMS has to ensure that the battery is able at every moment to deliver the requested power and 

energy. The software part of a BMS is an algorithm able to deliver the actual condition of the 

battery pack, in order to decide in the next step the best strategy to manage the battery. 

The aging of the battery causes reduction of the actual capacity and increase of the internal 

resistance. In a scenario “Vehicle to grid” (V2G), one of the tasks of a BMS is to predict the 

possible aging effect of the battery pack, when the vehicle is connected to the net, while different 

load profiles may be requested. In this way the BMS has to be able to choose the profile that can 

guarantee the most limited aging effects on the battery pack. 

The aim of the work has to design and implement an algorithm for lithium iron phosphate 

(LiFePO4) batteries using MATLAB/Simulink©, which has been able to predict the aging effect 

in terms of capacity fade and internal resistance increase. Since the state of health of the battery 

(in term of capacity and resistance) was normally also estimated from the BMS, the aging 

prediction model can be recalibrated based on the estimated values, in order to consider the not 

avoidable differences in the cell production. These estimated values are not always available, so 

the BMS has to be able to use these new values whenever they are accessible.  

At the end, the model was validated with the help of different driving profiles at different 

ambient temperatures. Linear and non-linear modeling with window-based approach, non-linear 

model without window-based approach and self-adapting characteristic map using lookup table 

was also used; non-linear window as the most appropriate and selected candidate for a longer 

validation (8 months) with real driving profile was chosen. For longer validation the error was 

7.3% for capacity and 13.2% for resistance without recalibration which was further reduced to 

0.16% for capacity and 0.5% for resistance after recalibration. 

Key words: Lithium-ion battery, battery model, aging prediction, empirical modeling, aging 

model recalibration, vehicle to grid (V2G). 
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1 Introduction 
 

1.1 Background 
 

The major difference between Electric Vehicles (EVs) and conventional vehicles 

is the presence of batteries: in an EV the battery pack provides power to drive, while 

conventional vehicles use a combustion engine, which on one hand reduces their cost 

effectiveness, on the other hand creates issues for the environment. Because of this, in the 

last decades, EVs and Plug-in Hybrid Electric Vehicles (PHEVs) have become popular, 

and lots of researches are focused on them. Due to their high energy densities, long 

lifetimes, and high efficiencies in comparison with other battery types, like lead-acid and 

nickel-based batteries [1], recently lithium-ion batteries have been chosen as the best 

candidates for portable and mobile application such as EVs and PHEVs. Li-ion cells have 

exceptional performance compared to other chemistries, but only if treated well 

(protection from overcharge, over discharge, and short circuit conditions) [2]. 

Despite of advantages of lithium-ion batteries, these batteries still have short life due to 

particular aging processes inside the batteries, which become strong evident under 

defined conditions. Short calendar life of lithium-ion, which is the major challenge and 

still nowadays the major price contributing factors, still limit them on the breakthrough of 

EV industry [3]. 

Because of the still high market cost and short calendar life, it is important for 

manufacturers and researchers to investigate the aging processes in lithium-ion cells, to 

determine the aging effects that occur and the factors that cause a rapid decrease in their 

lifetimes, in order to counteract these. To deal with these issues different chemistries of 

lithium-ion have been developed, each having some pros and cons. The suitability of the 

batteries for some specific application depends on the characteristics of the batteries 

itself. 

Nowadays, Lithium iron phosphate (LiFePO4) based batteries are considered to be one of 

the most valuable lithium-ion batteries in the market, because of their high energy 
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density, lack of memory effect, lower self-discharge, long lifetime, large cycle life 

number, inherently safe cathode structure under critical conditions, and non-polluting 

characteristics [4]. Despite this, also this kind of lithium cells still show some accelerated 

aging effects under particular conditions. 

The lack of an efficient aging prediction method is the main hurdle for battery 

researchers, and extensive investigations are being conducted to identify the factors that 

can affect the battery lifetime under storage and cycling conditions. To optimize it, it is 

essential to use an intelligent algorithm able to control the battery parameters that affect 

aging. 

As already mention before, the aging of lithium-ion batteries limit the cell performances, 

in terms of energy (capacity fade) and power (resistance increase) at storage (when the 

lithium-ion battery is not used or no current is drawn) and cycling (when the lithium-ion 

battery is used because of charging and discharging). Different from the storage condition 

(where the aging effects are known with a certain precisions), aging prediction under 

cycling condition is still a difficult and crucial task, because uncertain changes in the 

capacity and resistance are observed under specific conditions, e.g., battery cycling after 

a rest period. 

In order to be able to predict accurately the battery aging in all the working range of the 

cells, aging models are required in a BMS. The BMS has to be able to choose the most 

optimal profile while requesting different load profiles from the grid that can guarantee 

the limited aging on the lithium-ion battery. Different models have been developed in 

order to characterize the aging of batteries, but not all models are practically applicable 

for EV and PHEV. Since most of the physical models that could describe the actual 

behavior of the battery in almost all operating points are normally complex enough for 

the implementation on BMS. The battery models can be grouped into 3 categories: 

analytical, electrochemical and electrical circuit models or a combination of these model 

types. To obtain the most optimal model for a BMS, a trade‐off must therefore be found 

between complexity and accuracy. In order to consider all internal phenomena of the 

battery at all operating points and also by considering complexity issue; the empirical and 
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semi-empirical modeling approach could be considered as one of the most suitable to 

model the dynamic behavior of LiFePO4 cells. 

1.2 Problem Definition 
 

The lithium-ion battery ages rapidly at storage condition, (when there is no 

current drawn from it) if the lithium-ion battery remains at a higher state of charge (SOC) 

for a longer period of time. In a V2G scenario, most of the time vehicles are connected to 

the grid, in this scenario; storage aging can be reduced by supplying electricity to the grid 

for power regulation. In this way the SOC of the battery can be decreased, aging at 

storage can be reduced, user can earn money by supplying electricity to the grid and also 

beneficent for the power utility companies because they will use the stored power in the 

batteries of the car during peak load for power regulation. In this scenario, additional 

aging have observed because of cycling. To deal with the issue of aging, the aging 

prediction models are required in the BMS to predict the aging effects at different 

operational conditions. Since the lithium-ion battery ages differently at storage and 

cycling condition, so aging at both these conditions need to be quantized.  

1.3 Thesis Objective 
 

 In an EV and PHEV, the aging of the lithium-ion battery causes reduction of the 

actual capacity and at the same time increases of the internal resistance due to internal 

chemical processes. In a vehicle to grid (V2G) scenario, when the vehicle is connected to 

the net; it communicates with the grid through intermediate system operator (ISO) to sell 

services by delivering electricity into the grid or by regulating their charging. In this 

scenario one of the most important tasks of a BMS is to predict possible aging effects on 

lithium-ion battery pack, while different load profiles may be requested from the gird for 

power regulation. In this way the BMS has to be able to choose the most optimum profile 

that can guarantee the limited aging effects on the battery pack. 

As an end of life (EOL) criterion it is normally accepted a capacity fade of 20 % or a 

doubling of the internal resistance with respect to the initial value [5,6]. Afterwards the 

battery is considered as replaceable. 
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The objective of the thesis is to develop a semi-empirical aging prediction model for 

LiFePO4 batteries that can be able to predict possible aging effects in terms of capacity 

fade and internal resistance increase. The lithium-ion battery age differently at storage 

and cycling conditions so different models at both these conditions has to be considered 

and further their cumulative results has been used. The model has to be implemented in a 

BMS and must be precise enough to reproduce the actual behavior of battery at all 

operating points. The model will be accurate for relative values so to achieve the 

accuracy for absolute values; recalibration has to be performed, in order to consider the 

not avoidable differences in the cell production.  

In order to obtain precise models, the parameterization of empirical or semi-empirical 

model is of a great concern. The offline estimated parameters often partially lose their 

validity, due to the unsure and often not regular behavior of the batteries during the 

operation conditions. To deal with the uncertain change in the behavior of the battery, the 

online or recursive estimation methods are often employed, even if are much cost, time 

intense and difficult enough to be implemented on a cheap microcontroller if the model is 

complicated (many parameters). 

Because of this, in order to allow an implementation of empirical and semi-empirical 

models, recalibration of states has to be necessary whenever variations will be detected 

based on the actual values (estimated values of capacity and resistance from other blocks 

of the BMS) as can be seen from figure 3 in section 2.3. In this way an efficient 

prediction has possible by using recalibration without complex system. 

The implemented models have to be validated with the help of different driving profiles 

at different ambient temperatures to observe the real behavior of the model at real 

operating conditions. The lithium-ion battery age differently at different temperatures so 

during validation the range of the temperature has to be selected under which the lithium-

ion battery might be exposed during real operating conditions. In this way by using the 

real temperature trends and real driving profiles, the model has to be validated at real 

operating conditions. 
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2 BMS for lithium-ion battery in a V2G system 
 

2.1 Development of Li-Ion Batteries 
 

Li-ion cells show nowadays higher energy and power density compared to other 

cells commercially available in the market such as lead-acid, nickel cadmium, nickel 

metal hydride and have become the best choice for many portable devices [2].  

Compared to other chemistries, LiFePO4 based batteries have light weight, do not show 

evident memory effects, moderate cost and longer life span makes it suitable for portable 

applications [7] as explained in the section 1.1. 

Each different type of lithium-ion cells have some pros and cons, while selecting batteries 

some of these factors need to be considered (e.g. power and energy density, cost, safety 

and life span, performance etc.), depending upon the requirement of the specific 

application. While selecting batteries, compromises between some of these factors have 

to be found, as it can be observed from figure 1 (The further the shapes extended 

outwards on the axis, the better the battery will be). 

Figure 1 compares different batteries in terms of cost, specific power W/kg (the ability to 

deliver high current on demand), specific energy Wh/kg (capacity), performances (the 

ability to function at different temperatures) and life span (number of cycles delivered as 

well as calendar life). In order to meet the demand of new generation of EVs, the 

following battery characteristics may be required: high power capability (requested 

mainly for the HEVs), high capacity/energy (mainly for EVs), low cost, low self-

discharge rate and low maintenance, capability to operate in a wide temperature range 

(between -30°C to 60°C) [9]. 
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Figure 1: Performances comparison of different chemistries of Li-ion cells [1, 8] 

 

In table 1 a comparison for lithium-ion chemistries based on composition and their usage 

is given [1]. 

 

Table 1: Comparison among Li-ion cells 

Name Material Abbreviation Short form Usage 

Lithium Cobalt 

Oxide 

LiCoO2 

(60% Co) 
LCO Li-cobalt 

High capacity; for cell 

phones, laptops, 

cameras 

Lithium 

Manganese Oxide 
LiMn2O4 LMO Li-manganese Most safe; lower 

capacity than Li-cobalt 

but high specific 

power and long life. 

Used for EV, e-bikes, 

medical. 

Lithium Iron 

Phosphate 
LiFePO4 LFO Li-phosphate 

Lithium Nickel 

ManganeseCobalt 

Oxide 

LiNiMnCoO2 

(10-20% Co) 
NMC NMC 

Lithium Nickel 

CobaltAluminum 

Oxide 

LiNiCoAlO2 

(9% Co) 
NCA NCA 

Gaining importance in 

electric power train 

and grid storage. 
Lithium Titanate Li4Ti5O12 LTO Li-titanate 

 

In lithium-ion based batteries the differences lies mainly in the composition of cathode 

material. On the anode side, innovations are also appearing to replace or to modify the 
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material. Lithium cobalt oxide (LCO) based batteries is a popular choice for the portable 

devices e.g. laptops or cell phones, because of their high capacity. LCO offers high 

specific energy but offers only moderate performance specific power, safety and lifespan 

[1]: because of this, this chemistry seems to be not suitable for vehicular applications. 

The most popular choice for EVs is Lithium manganese oxide, LiFePO4 and Lithium 

Nickel Manganese Cobalt Oxide, as can be evident from table 1.  

In the next section, the basic of the V2G system has to be discussed. 

 

2.2 Vehicle to Grid (V2G) System 
 

In the future, most of the time vehicles will remain at parked state and connected 

to grid: in this scenario, the BMS must have the capability to decide whether the vehicle 

is suitable to supply electricity in response to peak load demands to the grid or not. The 

software part of the BMS has some pre-defined set of rules to communicate with the grid 

and to decide when the vehicle can sell electricity in a favorable way. 

Most vehicles are connected to the grid for an average day time of 95%, so their batteries 

could easily be used to let electricity flow from the car to the power lines and back, with 

a value to the utilities around $4000/year per car [10]. V2G operation is beneficent to the 

power utility companies; since they can use stored the energy in the batteries of the EVs 

during peak hours. 

As the rates of electricity are not constant throughout the day and have more expensive 

per unit rate in the peak hours, the software part of the BMS should have capability to 

decide which time is suitable to charge batteries and gave priority to charge batteries at 

off-peak load when the cost of electricity will be comparatively limited. BMS will 

instruct the charger to charge at off-peak load and supply electricity to the grid at peak 

load to meet the requirement of grid power demand. As shown in figure 2, the grid 

communicates with the vehicle through the so called independent system operator (ISO) 

whenever energy supply to the grid is required. 
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Figure 2: Vehicle to grid (V2G) operation [11] 

During each charge and discharge cycle the life of the battery is affected up to some 

extent and no BMS at the moment have the capability to predict possible aging of the 

batteries during operation and to decide about the best strategy by selecting the optimum 

profile when the vehicle is connected to the net. In this way aging of the battery can be 

reduced and the user can earn money by selling electricity to the grid in response to peak 

load demand. 

In the next section, the basic of BMS and the BMS for V2G scenario has to be discussed.  

 

2.3 BMS for V2G 
 

In an EV, the BMS has to include the following functionalities [2]: 

 Protect the battery. 

 Monitor the battery. 

 Communicate with external systems for data logging. 

The BMS protects the battery doing the following tasks: 

 Preventing the voltage of any cell from exceeding to their limits. 

 Preventing the temperature of any cell from exceeding to their limits. 

 Preventing the charging/discharging current from specified limit. 
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The BMS continuously monitors the battery and take appropriate action if any change in 

the parameters discussed above will be detected. 

The performance of the lithium-ion batteries is totally dependent on the temperature; the 

behaviors of lithium-ion batteries vary with the variation of the temperature. From the 

battery’s accelerated aging test data (discussed in the next chapters), it is evident that 

batteries have more aging effects at high temperature (<40 °C) compared to low 

temperature which is according to the postulates of the Arrhenius law (the reaction rate 

doubles by the increase of every 10 °C). 

Without an efficient BMS it is not possible for the cells in a battery pack to work 

efficiently and if the BMS is not capable enough to detect if a cell is over charged or it is 

operating at high temperature, then the effects on the safety (short term) and lifetime 

(long term) of the cells can be of big concern. 

Therefore the BMS systems can play a vital role to improve the performance and to 

enhance the life time of lithium-ion batteries. All the portable and battery powered 

devices are equipped with a BMS, in order to control the lithium-ion battery’s state and to 

manage the cells safely. The sophistication level of the BMS depends on the application. 

For EVs and PHEVs normally a very efficient and sophisticated BMS is required, in 

order to reduce and limit the aging effects. 

Since the factors that could affect the life of the battery are known, by using aging model 

inside BMS, the aging of the battery can be limited in a V2G scenario while selecting 

optimum profile. But until now no one have tried to predict the possible aging of the 

battery and also EOL of the lithium-ion battery based on the past information in a V2G 

scenario by selecting the optimum profile while different load profiles maybe requested 

from the grid.  
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Figure 3: Possible simplified schema of BMS 

 

In order to predict the aging effects in V2G, an aging model is required inside the BMS 

as shown in Figure 3; the aging models must have the capability to predict the capacity 

fade and resistance increase due to the cycling and storage operation. In order to achieve 

this, different models for storage and cycling condition must be used. 

Whenever a new value of actual capacity or resistance will be available from the other 

BMS blocks (Internal Resistance Estimation and Capacity Estimation Block, as shown in 

figure 3), then the BMS has to be equipped with algorithms able to recalibrate the aging 

prediction model based on the new values, when the predicted values diverges 

substantially from the estimated ones). The estimated values of capacity and resistance 

are not always available because these are slow varying factors and small variation can be 

observed specially for capacity, but the BMS must be capable of recalibrating whenever 

new values of capacity or resistance will be available. If actual battery states are not 

available till certain instance, then the aging model keep on predicting the values of 

capacity and resistance based on the past available information. 
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In the next sub-chapter, the literature review of the aging effects in li-ion cells has to be 

discussed. 

 

2.4 Aging phenomena in Li-Ion Batteries – literature Review 

 

In the past many researchers have conducted experiments on different lithium-ion 

battery chemistries, and almost all of them agree on the factors responsible of the aging 

phenomena e.g. current, voltage, temperature, time, Ah throughput, depth of discharge 

(DOD) and state of charge (SOC) etc. Battery also degrades at storage conditions and 

some researcher have noticed that the aging phenomena has been more prominent at 

storage condition because of T,V and t, rather than cycling condition: this means that the 

life of the battery continuously degrades even if no current is drawn from it, due to the 

continuous chemical reactions within the battery. At cycling conditions I, DOD, Ah 

throughput are the dominating factors of aging.   

For large commercial LiFePO4 based cells it is observed that at high temperature, cells 

degrade more quickly, also applicable for other lithium-ion cells (postulate of Arrhenius 

law) as mentioned in the next chapter. At elevated temperature the formation of solid-

electrolyte inter-phase (SEI) layer in the negative electrode is more evident and also one 

of the major reasons for the aging.  

K.Amine et al.[3] in Factors Responsible for Impedance Rise in High Power Lithium-Ion 

Batteries have explained the factors responsible for impedance increase and highlighted 

the fact that the interfacial resistance at positive electrode was the main reason for the 

impedance rise. Short calendar life of lithium-ion batteries, which is 3-5 years at the 

moment, is the major challenge which prevents these batteries for use in EVs and HEVs. 

Furthermore, the author concluded that the power fade is greater at 60% SOC rather than 

40 % SOC, the lithiated graphite are less stable at high SOC and the fade process is fast 

at high temperature, as the temperature decreases the life of the cells increases, At 

moderate temperature of 40 °C the life of the cells increased to further 6 month. 
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According to the author, the power fade and fade rate was found to be dependent on 

storage temperature and SOC, and impedance rise of high power 18650 lithium-ion was 

specifically due to increase in charge transfer resistance at positive electrode. 

I. Bloom et al [12] in An Accelerated Calendar and Cycle Life Study of Li-Ion cells have 

conducted accelerated tests on sixty 0.9Ah, 18650 cells and concluded that area specific 

impedance and power respectively increases and decreases with temperature and time. 

The life of cell decreases with increasing SOC, for calendar test while for cycle test the 

life decreases with ΔSOC. 

R.Spotniz et al. [13] in Simulation of capacity fade in lithium-ion batteries, have 

explained that the capacity loss occur during calendar and also in cycling, reversible 

capacity loss can easily be recovered by charging, while the irreversible capacity loss 

cannot be recovered as is associated with degradation of battery and this type of loss is 

dependent on the type of application. After conducting some investigations, the author 

agreed that capacity loss increases with increasing SOC and temperature; when stored at 

40 °C and 100% SOC the loss of battery’s capacity is 30 % approx. of its initial capacity 

in 1 year. 

The aging process can be estimated from the effect of previous battery history or battery 

test data. For lithium-ion batteries, the storage time, temperature, and SOC during the 

storage can be related to the loss of capacity. Temperature during charging/discharging 

has been identified as a major aging accelerator for batteries [14]. Aging can also be 

detected through a comparison between two discharge cycles and this method is 

commonly used by engineers studying battery aging effects, due to the assumption that at 

each cycle the life of the battery degrades to some degree [15]. 

Time versus voltage for different discharge cycles and current rates (C-rates) were being 

provided by most of the battery manufacturers and ideally cells would follow these 

curves when discharging but an aged battery normally drops in voltage quickly, this is 

because of increased in internal impedance due to internal chemical reaction inside the 

battery.  
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If the SOC is considered as the total charge available until the cut-off terminal voltage is 

reached, then the capacity of an aged battery normally tend to be lower in comparison 

with new one [12]. 

The voltage difference between the cells at different aged state can be noticeable for 

partially-discharged conditions, e.g. SOC = 70%, it is possible to detect SOH by only 

partially charging or discharging the battery using the coulomb counting method in order 

to determine the SOC. Major cell failures can also be detected by using this method but 

not considered as a reliable method to estimate actual capacity and also not applicable for 

all chemistries [16]. 

In the literature several aging prediction methods have been proposed based on 

impedance measurements [17, 18]. 

Osaka et al describes lithium-ion batteries aging using impedance spectroscopy, by fitting 

the test data from impedance spectroscopy to their equivalent circuit model. The author 

have concluded that the aging process in mainly due to an increase in cathode impedance 

and anode capacity loss [19]. 

Sauer et al [20] also describes different methods for the aging prediction of lead acid 

batteries. The methods are: physical-chemical processes model, Amp-hour counting 

model and pattern recognition. 

Other sources in the literature discussed methods for predicting the aging process for 

lithium-ion and Ni-MH batteries, using the same idea as discussed in this section [21, 

22]. 

In the next section, aging prediction model in a BMS for V2G operation has to be 

discussed. 

2.5 Aging Model for BMS 
 

In a V2G operation, in-order to allow the prediction of the battery aging at all 

operating points, it is essential to have accurate aging model prediction implemented in 

the BMS. 
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For the determination of lithium-ion batteries short and long term behavior, models are 

required. Short terms behavior represents useable capacity, SOC and voltage response 

where as long term behavior it is meant capacity fade and increase of internal resistance: 

the supervision of these two factors represents the so called state of health (SOH) of the 

battery.  As already mentioned before, the main goal of this work is concentrated on the 

long term behavior of the battery: find and design a precise aging prediction model, 

enough simple so that it can easily be implemented inside the BMS, but enough 

complicated so that it can predict precise the battery SOH. 

In literature many battery models have already been developed, each of them with some 

merits and drawbacks. The models can be divided into different categories: 

 Electrochemical Models 

 Impedance based Models 

 Black and Gray box Models 

Since it is not possible to model all internal behavior of the batteries in an easy way, a 

compromise among different parameters has to be found; for example most of the 

electrical models do not accounted the effect of the solid electrolyte interface (SEI) layer 

growth in LiFePO4 batteries [27]. 

Electrochemical models are accurate but very complex and each chemical process has to 

be modeled with their own set of equations; however, the equations must be enough 

accurate to show and reproduce the behavior of the whole internal chemical processes. 

For impedance based models the experimental data of impedance is essential: these data 

can be obtained from electrical impedance spectroscopy (EIS) measurement over a range 

of frequencies to obtain an AC-equivalent impedance model in the frequency domain and 

further uses a complicated equivalent circuit (obtained with the combination of passive 

elements and  ZARC elements) to fit the impedance obtained spectra. The fitting in this 

case is difficult and complex.  

The black box models are also referred to as pure empirical models and they solely 

depend on the test data obtained from the battery: these models do not reflect generally 
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physical nature of the process. These types of model are used when complete 

understanding of physical process is not required. Sometimes physical models are 

combined with empirical models (grey box model), in order to have systems able to 

capture and reproduce only the needed internal electrochemical behavior of the lithium-

ion batteries. Semi-empirical modeling approach in this work is considered appropriate 

for the aging prediction model for capacity and resistance prediction because this model 

is following physical laws (e.g. Arrhenius law) and have physical meaning in-spite of 

pure empirical model.  

In the next chapter, accelerated aging test for capacity and resistance at storage and 

cycling conditions has to be discussed. 
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3 Accelerated aging test  

The term “accelerated aging” is referred to a testing methodology that uses 

exacerbated conditions (for example of temperature, SOC or current rate) to speed up the 

normal aging processes that take place during the lifetime of the battery, so that the long 

term aging effects (normally visible in window time of 10 years) can be observed within 

a period of 5-6 months. Usually the tests are carried out in a laboratory under controlled 

environment. Accelerated testing is used to estimates life-time of a lithium-ion battery 

under storage and cycling conditions, where for storage condition is intended to see the 

behavior of lithium-ion battery when there is no current drawn from it whereas cycling 

condition is intended to observe the behavior during operation (charging and 

discharging).  The goal of the tests is to observe the long term behavior of LiFeP04 during 

storage and cycling at exacerbated conditions and to quantify the effect of aging at both 

storage and cycling individually. 

 Accelerated aging tests may be used for several purposes: 

 Predict the long term effect. 

 To study basic processes of a specific battery.  

Aging prediction of lithium-ion batteries under real operating conditions is a major 

requirement for market induction of EVs and HEVs. Accelerated aging tests are normally 

time intensive and resources used for testing are also big, even though they are 

considered very powerful tool for the development of aging models. 

In the literature different prediction models have already been implemented, while aging 

simulation in a V2G scenario normally lacks a robust empirical foundation. A major 

contribution of this research is the parameterization of the aging model by experimental 

data, obtained from accelerated aging tests and further used to optimize the life of the 

lithium-ion battery by selecting the best profile while requesting from the grid which 

normally lacks in the literature.  

Accelerated aging tests at storage and cycling conditions had already been performed by 

Andrea Marongiu according to the test matrix in table 2 and 3 respectively. In this work, 
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only analysis of the accelerated aging test results at storage and cycling have discussed 

which provides base for the model building. 

3.1 Experimental 

In this work high power LiFePO4 cylindrical cells were tested and aged with the 

above mentioned methodology: the cell has a nominal capacity of 8 Ah, with a nominal 

voltage of 3.2V as can be seen from appendix A.1. As active material the anode consists 

of graphite, while the cathode of LiFePO4. 

An accelerated aging test has been performed at different SOC, temperature and current. 

Cells at both storage and cycling condition were used; in-order to get the relevance statics 

the three cells with same characteristics has been used. Cells were stored under storage 

conditions in-spite of floating condition (constant voltage). Cells used for storage 

condition with open circuit shows self-discharging trend with the passage of time, which 

means no power was drawn from cells under storage conditions. For storage conditions 

the effect of T and SOC are quantized. 

At storage condition, each of the condition reported in the test matrix of table 2; test data 

of approx. 12 months have been collected, with a checkup (or parameterization test) 

carried out approximately each month and afterwards same procedure was repeated by 

changing the temperature and checkup was made. For each of the checkup the values has 

been recorded for the 12 months to observe the long term aging effects at storage 

condition. 

For a temperature of 30 °C three tests have been conducted at 20, 50 and 80% SOC, each  

one by using three cells of same characteristics; moreover three tests have been 

conducted at 50% SOC with a temperature of 30, 40, 50 and 70 °C. 

During the storage period, the cells were stored in a climate chamber in order to maintain 

the ambient temperature constant. The climate chamber artificially replicates the 

conditions under which batteries might be exposed. Climate chambers are normally used 

to accelerate the effects of temperature exposure, sometimes at extreme conditions that 

are not normally expected (e.g.70 °C). 
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Table 2: Test matrix for calendar aging tests performed on 8A high power LiFePO4 cells. 

Temp/ΔSOC 20% 50% 80% 

30°C X X X 

40°C  X  

50°C  X  

70°C  X  

 

For cycling; I and ΔSOC are considered dominating factor on aging and their effects are 

quantized as can be seen from the test matrix from table 3. The cell cycled with 50% 

DOD are first brought to 25% DOD using the coulomb counting method, then cycled 

between 25 and 75% continuously with a constant temperature of 30 °C. 

The checkup (or parameterization test) carried out approximately each month and 

afterwards same procedure was repeated by changing the current and checkup was made. 

For each of the checkup the values has been recorded for the 12 months to observe the 

long term aging effects at storage condition. 

 

Table 3: Test matrix for cyclic aging tests performed on 8A high power LiFePO4 batteries. 

I/ΔSOC 10% 50% 80% 

1C X X X 

3C X X X 

6C X X X 

  

All tests were performed at ISEA-RWTH Aachen and all checkup tests were performed 

as defined by VDA (German association of automotive industry) [23]. 
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For the model parameterization almost 12 month data are available: these amount of data 

can be considered enough for efficient parameterization of the predicted model, since the 

data contains the complete aging trends in term of capacity and resistance from the 

beginning of life (BOL when cell was new) till the end of life (EOL  capacity fade of 

20 % or a doubling of the internal resistance with respect to the initial value) of the cells. 

By analyzing the data it can be known how the cells age and what are the effects of the 

different parameters on battery capacity and resistance. Some of similar investigation can 

be found in the literature [12, 14, 15, 24]. 

In the next sub-chapter, the result of capacity and resistance at storage has to be 

discussed. 

 

3.1.1 Storage aging results 

 

This section summarizes the most important results of storage aging data and 

discusses them. 

Accelerated calendar aging tests have been performed by storing the cells at different 

temperature and SOC according to test matrix in table 2. For each point in the table, three 

cells have been tested (as discussed before), in order to observe the differences in the cell 

aging effects, and to consider at the end the mean value between the three samples to 

compensate the effect due to the differences in cells productions.  

In this chapter, in order to highlight the effect of constant temperature, only results at 30 

°C with SOC of 20% and 80% are discussed. Furthermore to highlight the effect of 

constant SOC, only results for a SOC of 50% for a temperature of 30 °C and 70 °C are 

discussed. 

Figure 4 shows the results of capacity and resistance at T=30 °C, SOC=20%. Almost 530 

days of data have been collected using different check-up points for three cells of the 

same characteristics. 
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                       Figure 4: Capacity and resistance trend during the calendar test for T=30°C and SOC=20% 
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electro-chemical processes, but as can be seen from the plot on figure 4 it is evident that 

initially it is registered a capacity increase within the first 194 days, and vice-versa for the 

resistance. The initial SEI layer formation and internal chemical processes are the main 

cause of this behavior. The reason for this behavior is the loss of lithium to the SEI, 
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which typically forms at the negative electrode during recharging. Initially, SEI 

formation protects the electrode against solvent decomposition at large negative voltage, 

but with the passage of time it leads to a capacity fade as the thickness of SEI layer 

increases. After around 194 days, the cells are following almost a linear trend till the last 

checkup point. 

 

 

 

                        Figure 5: Capacity and resistance trend during the calendar test for T=30°C and SOC=80% 

0.8

0.85

0.9

0.95

1

1.05

0 48 102 154 187 216 250 279 308 339 369 398 430 452 487 517

R
el

at
iv

e 
C

ap
ac

it
y 

[A
h

] 

Time [Days] 

Relative Capacity - T=30 °C - SOC=80% - Storage 

Cell 1 Cell 2 Cell 3

0.90

0.95

1.00

1.05

1.10

1.15

1.20

1.25

1.30

1.35

0 48 102 154 187 216 250 279 308 339 369 398 430 452 487 517

R
el

at
iv

e 
R

es
is

ta
n

ce
 [

m
O

h
m

] 

Time [Days] 

Relative Resistance - T=30 °C - SOC=80% - Storage 

Cell 1 Cell 2 Cell 3



22 
 

The figure 5 show the trend of aging for capacity and resistance at storage condition, 

temperature kept at 30 °C while SOC was 80% and data have been collected for 517 

days.  

 

 

 

Figure 6: Capacity and resistance trend during the calendar test for T=30°C and SOC=50% 
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The capacity remain for the three cells almost constant (small increase) for the first 6
th 

checkup (216 days) with an exception of 4
th

 checkup point (154 days), afterwards the 

capacity decreased continuously till the last checkup was made at around 517 days. The 

gradual increase of capacity till 216 days is because of internal electro-chemical 

processes or the initial SEI layer as discusses before. 

The figure 6 show the results of the calendar test for capacity and resistance at an ambient 

temperature of 30 °C and a SOC of 50%; data have been collected for 518 days. The 

capacity slightly has increased till the 2
nd

 checkup, and then remained almost constant till 

the 6
th

 checkup; then a capacity fade has been registered for the rest of the collected data, 

and vice-versa for the resistance. The reason for the initial increase of capacity and 

decrease of resistance are the initial SEI layer as discussed before. 

The figure 7 shows the results of the calendar test for capacity and resistance at an 

ambient temperature of 70 °C and a SOC of 50%; data have been collected for 191 days. 

From figure 7 it is evident that at 70 °C the aging effects on the cells are very fast, and 

the lithium-ion batteries reached the EOL criterion after only 103 days. From these 

results we can see that the temperature have a dominating effect on the battery aging, and 

this means if a battery will be storage at a higher temperature, it will age more compared 

to battery stored at lower temperature. The dependence of the battery aging on 

temperature was according to the postulates of Arrhenius law (The reaction rate doubles 

at every increase of 10 °C). From these results we can see that at storage condition, SOC 

also influences the aging. The lithium-ion cells stored at higher SOC ages more compared 

to the cells stored at moderate SOC of around 50%. From the above results we conclude 

that at higher temperature and at higher SOC, the lithium-ion batteries ages rapidly. 
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                      Figure 7: Capacity and resistance trend during the calendar test for T=70°C and SOC=50% 

In the next section, the result of capacity and resistance at cycling condition has to be 
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Cycling evaluation tests were performed according to the test matrix in Table 3. In this 

section only results for a current rate of 1C at DOD of 10% and 80% are shown, in order 

to discuss the effects of change of the DOD by keeping constant the current rate.  

 

 

 

Figure 8: Capacity and resistance trend during the cycling test for DOD=10% and I=1C 
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The figure 8 shows the results of the cycling test of capacity and resistance at an ambient 

temperature of 30 °C and a DOD of 10%; data have been collected for 1664 equivalent 

full cycles. Three cells of the same characteristics have been used (as explained before). 

The relative values of capacity and resistance are plotted corresponding to equivalent full 

cycles. As can be seen from the figure 8 that cell 3 was following different trend 

compared to cell 1, and 2 respectively. The reason of this behavior was because of the 

unavoidable differences in the production of the cells. Three cells were used to overcome 

this behavior while using the average value which was more prominent in cycling 

compared to storage. The three cells were cycled at 10% DOD by cycling the cells 

between 45-55% ∆DOD. During the cycling the temperature remained constant at 30 °C 

while current remained at 1C rate. 

In order to observe effect of change of DOD, observation can be made by keeping current 

to 1C and changing SOC to 80% as in figure 9. The three cells were cycled at 80% DOD 

by cycling the cells between 10-90% ∆DOD. During the cycling the temperature 

remained constant at 30 °C while current remained at 1C rate.  

More variations can be observed in the resistance from all three cells, it is more difficult 

to model resistance at cycling conditions because of this behavior. Cycling at ΔDOD of 

10% with 1 C-rate reaches early to EOL criterion compared to ΔDOD of 80% with 1 C-

rate at constant T of 30 °C, as can be seen from figure 8 and 9. 
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Figure 9: Capacity and resistance trend during the cycling test for DOD =80% and I=1C 
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cells. More variations can be observed for the resistance same as for all the previous 

cases.  

 

 

 

Figure 10: Capacity and resistance trend during the cycling test for DOD =10% and I=6C 
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We can compare results of 1C with 10% DOD by 6C rate in-order to observe the effect of 

aging by changing C-rate. To observe the effect of change of C-rate with constant ΔDOD 

of 10%, figure 8 and 10 were compared. It can be seen from both of the figures that for 1 

C-rate with ΔDOD of 10%, cells ages faster compared to 6 C-rate with ΔDOD of 10%. 

From the above results of cycling, it can be seen that the cells cycled at DOD of 10% at a 

constant temperature and current ages faster compared to cells cycled at DOD of 80% at 

the same conditions of current and temperature. By cycling the cells at constant DOD of 

10% while changing current from 1C rate to 6 C rate, it can be seen that the cells at 1 C 

rate ages faster compared to cells at 6 C rate  at a constant temperature of 30 °C. 

In the next sub-chapter, analysis of accelerated aging tests for capacity and resistance at 

both storage and cycling condition has to be discussed. 

 

3.1.3 Analysis of Accelerated Aging test Results 

Aging tests at real operating conditions are very cost intensive and time 

consuming: because of this, accelerated aging tests were used in order to allow 

extrapolating and predicting the aging of the battery in the real operating conditions 

based on the results obtained in extreme conditions. The impact of temperature, SOC, I 

and DOD on internal resistance and total battery capacity has been quantified, taking into 

account for the storage condition the effect of T and SOC, and for the cycling condition 

the effect of current and DOD. 

By analyzing the results at storage conditions, the cells degrades more compared to 

cycling at severe conditions: cells stored at 70 °C with SOC of 50% reaches EOL early 

compared to cells stored at 30 °C with same SOC. Cells stored at 30 °C with SOC of 80% 

ages faster compared to cells stored with SOC of 20% at same temperature. From these 

results it is concluded that at higher SOC at a given temperature, the life of the lithium 

ion battery decreases rapidly; the same happens increasing the temperature and keeping 

constant the SOC. 
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For cycling condition, the effect of DOD and current rate was quantified while keeping 

temperature constant. From the analysis of the cycling results for capacity and resistance, 

the cells cycled at 1C rate with 10% DOD ages faster compared to the cells cycled with 

80% DOD at the same current rate at constant temperature of 30 °C. The cells cycled 

with 6C rate at a DOD of 10% ages faster compared to the cells cycled at 80% DOD at 

the same current rate while temperature remained constant at 30 °C. 

More variation was observed for the resistance during cycling compared to the storage 

conditions. Because of this behavior, it is more difficult to accurately model the 

resistance at cycling condition and difficult to achieve the best fit (R
2
=1, SSE=0 ideally) 

criteria during fitting process. 

In the next chapter, the implementation of the proposed approaches has to be discussed. 

For the implementation and model building, the analysis of results of accelerated aging 

test data at storage and cycling conditions are used. From the above discussion, it is clear 

that battery ages differently at storage and cycling conditions and also factors that affect 

at both these conditions are also quantified so are further used for the implementation.  
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4 Implementation of the Algorithm 

The selection of precise model is one of the most important tasks for the 

reproduction of the battery behavior at all operating points. An efficient model must be 

capable enough to reproduce the actual behavior of the battery, however many battery 

models that describe the cell electrical behavior are either not precise or too complex with 

a high number of parameters, thus not suitable for real time based applications. At the 

end, while selecting a model a compromise between accuracy and complexity has to be 

made. 

In this work, semi-empirical modeling approach was considered to be a very powerful 

method and the most suitable for the previously mentioned scope: differently from the 

empirical approach, semi-empirical models follow some physical laws, therefore these 

models are capable enough to reproduce the behavior of battery accurately through 

extrapolation of conditions that are not included in the test data (beyond the data used for 

training). 

During the selection and parameterization of battery models (for storage and cycling) 

some features have to be taken into accounts which are based on the analysis of 

accelerated aging test data and from literature: 

 Effects of aging on battery characteristics depend on the conditions used (for high 

power cells, more variation in capacity compared to resistance). 

 The behavior of battery is affected by more variables than can be considered for 

cycling (I, DOD, Ah) and storage (T, V, time) only variables having dominating 

effects on aging at storage and cycling conditions is considered. 

 Aging parameters (Capacity and Resistance) shows non-monotonous change along 

the input variables. 

As discussed previously and evident from the literature and analysis of accelerated aging 

test data, lithium-ion batteries  age  both at storage and cycling conditions, therefore to 

reproduce the cell behavior, individual model (for storage and cycling) can be considered. 



32 
 

 

Figure 11: Hierarchy for Model Selection 

 

The parameters that affect the aging of battery are current, voltage, temperature, time, 

depth of discharge, and Ah throughput. Since all of these parameters are affecting aging 

so all these parameters have taken into account for aging prediction model. 

 The prediction model was divided into storage and cycling conditions to observe the 

prediction independently and each measured data have different effects during storage 

and cycling (as can be evident from accelerated aging test data from the previous 

chapter). In order to made prediction model simple; only those parameters (pre-

processing data) were used which have dominating effects in specified condition (storage 

and cycling) as can be seen from figure 11.  

For the storage conditions, the effect of time (t), temperature (T) and Voltage (V) are 

considered to be the dominating factors of aging for both capacity and resistance, as 

shown in equation 1. 
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For the cycling conditions, the effect of ampere-hour throughput (Ah throughput), current 

rate (I) and depth of discharge (DOD) are considered to be the dominating factors of 

aging for both capacity and resistance, as shown in equation 2. 

           (         )     (2) 

 where, 

 Cstor = Capacity at cycling conditions and Rcyc = Resistance at cycling conditions. 

The parameterization of the model has been carried out by using the Curve-fit toolbox of 

MATLAB©, with a combination of a fitting toolbox build by Mr. Andrea Marongiu at 

ISEA-RWTH.  

For the estimation of the parameters, least squares (LS) method was used. Since the 

behavior of the battery is non-linear while following exponential trends, non-linear least 

squares (NLLS) method was used instead of the linear least square (LLS) method. NLLS 

method is based on approximate a non-linear model in the working point with a linear 

one and further to improve the parameters by consecutive iterations.  

Two different approaches have been used while selecting the model: 

 Non-linear model 

 Linear Model 

Since the behavior of battery is non-linear in the long term but having slow changing 

behavior can be considered linear in the short term, the assumption to use a linear 

approach in the proximity of the working point can be assumed as correct. 

As discussed before, a lithium-ion battery ages with the passage of time and models with 

a fixed parameterization lose their ability to reproduce the actual behavior of the battery 

in real time applications. In this situation, it seems meaningful to have models in which 

the parameters can be adapted depending on the actual conditions. For the 

parameterization of the model two approaches have been used: 

 Conventional approach (Fixed Parameters). 

 Window-Based approach (Adapting parameters to new conditions). 
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After successful selection and parameterization, the obtained aging prediction model will 

be implemented in the BMS, ready to communicate and exchange information with the 

other present algorithms: if difference between the predicted values and estimated ones 

(in terms of capacity and resistance) are detected, then a recalibration of the predicted 

values will be performed, as it is shown in figure 12. For recursive recalibration, different 

filtering methods (e.g Kalman filter, Extended Kalman filter ,Partical filter etc) could be 

used but all these methods are complicated and having more computational cost, because 

of this reason, these methods were not considered fit for this work. 

For the recalibration concept, the following two approaches have been proposed: 

 Normalized Least-Mean Squares Filter (NLMS). 

 Self-Adaptive Characteristics Map using Lookup Table. 

 

 

Figure 12: Complete BMS with recalibration concept 
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For the recalibration of conventional non-linear model, linear and non-linear with 

window based approach, NLMS filer was used. The self-adaptive characteristics map 

uses a smoothing function for the recalibration as explained in the next sections. The 

summary of the implemented algorithms can be seen from the table 4. 

 

Table 4: Summary of implemented algorithms 

Implemented Algorithms 

1 Non-linear Model (conventional) + NLMS filter 

2 Non-Linear Model with window-based + NLMS filter 

3 Linear model with window-based + NLMS filter 

4 Adaptive characteristic map using look-up table 

 

 In the next section, non-linear modeling approach has to be discussed.  

 

4.1 Non-Linear Model  

Accurate and precise model parameterization is always necessary in order to 

reproduce the actual behavior of battery during the real operating conditions. In figure 17 

the bar represents the test data used for parameterization from BOL till EOL.  

 
Figure 13: Offline parameter estimation 

The parameters estimated offline as shown in figure 17, and further used for real time 

applications, will be accurate only for the relative values and not for absolute values. So 

BOL EOL 
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the conditions must remain the same as used during parameterization, then model can be 

able to reproduce the behavior accurately.  

For the selection of non-linear model, different non-linear equations have been tested 

during the fitting process (based on the analysis of test data) and the best fit equation 

(R
2
=1, SSE=0 ideally) has been selected. For storage and cycling condition, as already 

mentioned before, individual models have been selected for capacity and resistance. 

The following models have been finally selected. 

For the storage condition, regarding the capacity: 

                 √      (3) 

where 

          
( 
  

 
)   (    )    (4) 

For the storage condition, regarding the resistance: 

                   √     (5) 

where 

          
( 
  

 
)  (             )   (6) 

 

For the cycling condition, regarding the capacity: 

                 √        (  )     (7) 

where 

         
( 
  

 
)   (    )    (8) 

and 

         
                                   (9) 

For the cycling condition, regarding the resistance: 
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                   √        (  )   (10) 

where 

           
( 
  

 
)  (              )   (11) 

and 

         
                                          (12) 

The storage models are dependent on the time while cycling models depends on Ah as 

can be seen form the above equations. 

The chosen model of capacity and resistance was following Arrhenius law while 

following the exponential behavior in order to reproduce the behavior accurately.  

According to Arrhenius law, the reaction rate of a process doubles for every 10 °C 

increase in temperature for many chemical reactions at room temperature [26]. The 

theorem is completely explained by the following equations: 

     
  
         ( 13) 

where  

k = rate constant of chemical reaction(
   

 
), A = pre-exponential factor(   ), T = 

temperature [K], Ea = activation energy (KJ/mol) and R = universal gas 

constant(         ). 

The equation can also be expressed as: 

        (   )     ( 14) 

where 

kb = boltzmann constant (    ) and Eb = energy units (energy/mole). 

Concerning the effect of temperature on aging, the postulates of Arrhenius law and 

following the exponential dependencies of reaction rate on temperature can be applied to 

model the effect of temperature on aging during storage and cycling conditions (as 

discussed in the preceding sections). 
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In the next subchapter the fitting of the model (to estimate the parameters) for capacity 

and resistance has to be discussed at storage and cycling condition.  

 

4.1.1 Model Fitting 

To find the parameters of the selected models, fitting techniques based on NLLS 

method are used. To parameterize the capacity model at storage condition, equation 3 are 

fitted, see appendix B.1. For the fitting, initially 2D fitting has been performed by fitting 

time, voltage and temperature individually. First fitting for t has been performed and the 

results were further used for fitting of V and T individually. After 2D fitting, 3D fitting 

has been performed by using the complete model equation. The corresponding results of 

the 3D fitting process can be found in table 5, where it can be seen that the model fitted 

very well with residual norm ≈ 0 and R
2 

= 0.91. Figure 14 is showing the results of the 

3D fitting. 

Table 5: Capacity model estimated parameters at storage condition 

Fitting Equation 
        ( 

  

 
)   (    )  √  

Value a1 a2 a3 Residual Norm R
2
 

Results 0.000016 257.9 3.315189 0.00003 0.91 

 

 
Figure 14: Plot of the capacity model fitted at storage condition 
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To parameterize the resistance model, equation 5 is fitted for each variable (t, T, V) 

individually, see appendix B.2. Fitted parameters of resistance of final model can be 

found in table 6, while the results of the 3D fitting process can be observed from figure 

14. 

Table 6: Resistance model estimated parameters at storage condition 

Fitting Equation 
          (  

  

 
)  (              )√  

Value a1 a2 a3 a4 a5 Residual Norm R
2
 

Results -0.02703 20.119 0.624 -1.327 -3.314 0.002 0.6 

 

By analyzing the estimated parameters from table 6 it can be seen that residual norm ≈ 0 

but R
2 

= 0.6. The variation in resistance are more often and more rapid compared to 

capacity as can be evident from accelerated aging test data because of this behavior it is 

difficult to achieve best fit criteria. From the analysis of the fitting results, only capacity 

fits well, the resistance was not fitted well but accepted like this because this was the best 

possibility. 

 

 

Figure 15: Plot of the resistance model fitted at storage condition 
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To parameterize the capacity model at cycling condition, equation 7 was fitted for pure 

cycling, see appendix B.3. Cycling condition is more critical for battery modeling 

because at cycling the conditions of battery changes abruptly compared to storage, as it 

has already been explained in chapter 3. 

Table 7: Capacity model estimated parameters at cycling condition 

Fitting Equation                                         
    (  ) 

Value a1 a2 a3 a4 a5 a6 Residual 

Norm 

R
2
 

Results 0.272 -3.328 0.059 0.0008 -.2027 11.39 12.533 0.9471 

 

The parameters of capacity model for cycling condition can be found in table 7. The 

model of capacity at cycling conditions fits appropriately, as can be seen from the 3D plot 

in figure 15. 

Resistance at cycling condition is most critical among all other conditions because 

resistance changes most often during cycling compared to resistance at storage and to 

capacity. The chosen model fits well and fitting parameters of resistance model can be 

found in table 8.  

 

Figure 16: Plot of the capacity model fitted at cycling condition 
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By analyzing the 3D plot of resistance at cycling condition (figure 15) and the results 

from table 8, it can be concluded the model deliver acceptable fitting results. 

 

Table 8: Resistance model estimated parameters at cycling condition 

Fitting 

Equation 

                                     
        (  ) 

Value a1 a2 a3 a4 a5 a6 Residual 

Norm 

R
2
 

Results 0.1104 -1.0436 0.0221 -0.0006 0.008 2.010 9.589 0.82 

 

 

Figure 17: Plot of the resistance model fitted at cycling condition 

Since all models at storage and cycling for capacity and resistance are considered 

acceptable, these models with the obtained estimated parameters will be used and 

implemented in the BMS.  

In the next subchapter, non-linear model with window based approach has to be 

discussed. 
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4.2 Non-Linear Model with Window-Based Approach 

The parameters estimated offline, lose their validity due to differences in the cells 

production and because model was parameterize for relative values and not for absolute 

values (as already explained). If the conditions remain the same as used during 

parameterization, then model can be able to reproduce the behavior accurately but if the 

conditions are not the same as used during parameterization then the model lose its 

validity and need to be recalibrated.  

Parameters must be adapted with changing conditions of battery in order for the model to 

be able to predict accurately. Since accurate online estimation techniques are cost and 

time intensive and difficult to be implemented on a cheap microcontroller. In order to 

achieve high level of accuracy without compromising the complexity issue, a window 

based approach was introduced. In a window based approach complete test data is 

essential at all operating conditions. If battery characteristics at all operating points till 

the EOL are known, then window based approach can easily be implemented on a cheap 

micro-controller without the issue of complexity. The idea of the window based approach   

was to find some trends in the selected parameters by dividing the data in chunks (the 

division of windows are discussed in the next section) and further fitting the model for 

individual chunk so that the recalibration could be possible by just changing the 

parameters let them follow the observed trend, as the estimated parameters in chunks can 

be seen from figure 18.  

 

 

Figure 18: Parameter estimation for individual window using chunk data 

If the obtained parameters are following some specific trend, then the onboard 

recalibration of the model can take place just letting the parameter follow the observed 

BOL EOL 



43 
 

online trend through a defined coefficient. From the Beginning of life (BOL) the 

parameters of first window are used and when the conditions changes but the 

recalibration is not needed, then the parameters are adapted based only on specific online 

trend. Majority of the parameters was not following any trend and their behavior was 

uncertain (as can be seen from parameter trends). For the implementation point of view, 

if the parameters of all the windows are following uncertain trend, then the parameters 

calculated for individual window are passed to the model upon specific condition, as can 

be seen from figure 19. 

 

Figure 19: Adaptation of parameter upon change in condition 

In this way the drawback of offline estimation (adaptability issue) can be reduced, and 

the possibility of using online information can be used without complicating the system. 

Since no extensive computation was necessary, the model can be easily implemented in a 

real time environment.  

The model used in this approach at storage and cycling condition for resistance and 

capacity was the same as discussed before in section 4.1. 

In the next sub-chapter, the model fitting of the final selected model of capacity and 

resistance has to be discussed. 

 

4.2.1 Model Fitting 

To parameterize the model of capacity and resistance at storage and cycling 

condition for each window, individual fitting process was performed as shown in figure 

18. At storage condition the windows are divided in days (The length of the first window 

was around 2 month and was around 3 month for each of the further individual window), 
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as the pass of the time is the factor that influences this case, for both capacity and 

resistance. For the fitted results of capacity model at storage condition, see appendix B.4. 

 

Table 9: Capacity model estimated parameters at storage condition for all the windows 

Fitting Equation 
        ( 

  

 
)   (    )  √  

Value a1 a2 a3 Residual Norm R
2
 

Window1 0.000072 257.9818 2.7627 0.0001 0.72 

Window2 0.0826 257.995 0.6512 0.0001 0.734 

Window3 0.000228 257.9854 2.4759 0.00007 0.81 

Window4 0 226.315 4.794 0.00001 0.64 

 

The final parameters from the capacity model at storage conditions can be found from 

table 9 for each of the windows. The parameters for all windows are fitted well; hence the 

parameters in table 9 are used for the implementation of window based approach for 

capacity model at storage condition. 

 

Table 10: Resistance model estimated parameters at storage condition for all the windows 

Fitting Equation 
          (  

  

 
)  (              )√  

Value a1 a2 a3 a4 a5 Residual Norm R
2
 

Window1 -496.126 376.204 39.022 -256.8 422.65 0.0001 0.9 

Window2 -455.94 383.24 35.86 -236 388.41 0.0001 0.9 

Window3 -0.0162 6.811 0.979 -2.445 -3.493 0.0029 0.3 

Window4 0.092 168.199 -0.724 3.242 0.915 0.00009 0.5 
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For the fitting results of resistance model for window based approach at storage condition 

can be seen from appendix B.4. The final results of estimated parameters for resistance 

model at storage condition for all windows can be found in table 10. 

From the analysis of fitted parameters from table 8, 9 it is clear that majority of the 

parameter are not following monotonic trend some of the plots of trends can be seen from 

appendix B.4, since all parameters are not following any monotonic trend so it was not 

possible to calculate any coefficient for all parameters in order to calculate the relation 

between parameter of each window. For the implementation, parameters are passed to the 

model for each window upon successfully fulfilling the criteria or when the condition 

changes (as explained before). 

For the cycling conditions, the division of windows was based on Ah-throughput (divided 

in equal length of 10000 Ah or 0.01 mega-Ah for all subsequent windows). Whenever 

new condition/change is detected, then the adaptation of parameters starts. For fitted 

results of capacity and resistance for cycling, see appendix B.5. Final estimated 

parameters of capacity model at cycling condition can be found in table 11. 

 

Table 11: Capacity model estimated parameter at cycling condition for all the windows 

Fitting 

Equation 

                                     
        (  ) 

Value a1 a2 a3 a4 a5 a6 Residual 

Norm 

R
2
 

Window1 0.3464 -4.980 0.095 0.0025 -0.461 15.984 105.08 0.83 

Window2 0.7936 -7.877 0.0845 0.0011 -0.239 14.416 16.77 0.96 

Window3 0.3203 -4.376 0.0671 0.0004 -0.195 12.988 6.706 0.97 

Window4 0.4763 -5.490 0.078 0.0010 -0.246 13.724 8.471 0.924 

Window5 -0.726 3.871 0.129 0.0045 -0.728 1.976 0 1 
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From the analysis of the individual parameters from table 11 for each of the window, it is 

clear that no monotonic behavior can be observed in any parameter; the plots of the 

parameters are not shown in this work, only values are reported in table 11. 

 

Table 12: Resistance model estimated parameter at cycling condition for all the windows 

Fitting 

Equation 

                                     
        (  ) 

Value a1 a2 a3 a4 a5 a6 Residual 

Norm 

R
2
 

Window1 0.1327 -1.6055 0.0308 0.0015 -0.211 5.284 28.285 0.710 

Window2 0.1888 -1.805 0.0256 0.00093 -0.1285 3.7396 9.4311 0.861 

Window3 0.1547 -1.605 0.0186 0.00036 -0.0792 3.9051 0.7711 0.96 

Window4 0.2288 -2.0466 0.0250 0.00015 -0.0651 3.6485 0.826 0.95 

Window5 -0.4567 2.164 0.1354 0.00235 -0.5925 1.1076 0 1 

 

As already happened for the capacity, also the parameters related to the resistance model 

at cycling condition are not monotonic as can be clear seen from table 12; also in this 

case, only the values of the parameters are shown here for simplicity. 

As it can be concluded, none of the model parameters at storage and cycling condition are 

following some monotonic trend; in this way it was not possible to use this kind of 

behavior to recalibrate the coefficient for onboard operating functionality. The obtained 

results are however used, shifting model to new window upon change in condition. The 

nonlinear model with window based approach was implemented on 

MATLAB\Simulink© (appendix C.1).  

In the next sub-chapter, the linear model with window based approach has to be 

discussed. 
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4.3 Linear Model with Window-Based Approach 

The behavior of a lithium-ion battery in the long term is highly non-linear, but 

change in battery capacity and resistance can be considered linear in the short term. Due 

to slow varying behavior it can be assumed that the model can be linearize in the short 

term, making it simple with less number of parameters. 

 

 

Figure 20: Linear model fitting of capacity 

As can be seen from figure 20, the three lines (for three cells) are the example of linear 

model fitting. By using the same approach for each test, different linear empirical 

equations are fitted (based on the analysis of accelerated aging test data) and the most 

optimum model for capacity and resistance at storage and cycling conditions can be 

selected. 

The following models have been finally selected. 

For the storage condition, regarding the capacity: 

           (                  )        (15) 

For the storage condition, regarding the resistance: 
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           (                  )        (16) 

For the cycling condition, regarding the capacity: 

                             (17) 

where 

                          (18) 

and 

                    (     )      (19) 

For the cycling condition, regarding the resistance: 

                               (20) 

where 

                          (21) 

and 

                    (     )      (22) 

While selecting the model for storage and cycling condition, the same hypothesis 

explained in equation 3, 4 are used. For the estimation of parameters, NLLS method was 

used. The window-based approach is the same as discussed in section 4.2.  

In the next sub-chapter, model fitting of final selected models has to be discussed. 

 

4.3.1 Model Fitting 

The estimation of parameters for all windows was performed through a fitting 

process. The fitting results of linear model with window-based approach are reported in 

appendix B.6. The estimated results for all windows for capacity at storage condition can 

be found from table 13. The divisions of the windows are the same as discussed in 

section 4.2.1 
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Table 13: Linear capacity model estimated parameter at storage condition for all the windows 

Fitting Equation     (                  )       

Value a1 a2 a3 Residual Norm R
2
 

Window1 0.00006873 0.000838 -0.005859 0.000003 0.5 

Window2 0.0000501 -0.000882 0.000752 0.00165 0.5 

Window3 0.0412 -0.000288 -0.000748 0.00000086 0.6 

Window4 0.000013 0.0015 -0.0056 0 0.6 

 

The experimental data used for the parameterization of both linear and non-linear model 

are the same. By comparing the fitted parameters of non-linear capacity model from table 

13 and fitted parameters of linear capacity model from table 9 it is evident that the non-

linear model shows a better fitting compared to the linear model. For the analysis and 

plots of estimated parameter, see appendix B.6. Also in this case, the parameters are not 

following monotonic trend as they have uncertain random behavior. 

The estimated parameters of linear resistance model at storage condition for all of the 

windows can be found from table 14. 

 

Table 14: Linear resistance model estimated parameter at storage condition for all the windows 

Fitting Equation     (                  )       

Value a1 a2 a3 Residual Norm R
2
 

Window1 0.0002233 -0.00827 0.01703 0.00003 0.54 

Window2 0.0001473 -0.00616 0.01408 0.00001 0.6 

Window3 0.0001138 -0.004978 0.01176 0 0.6 

Window4 0.00002872 -0.0001303 -0.000442 0 0.5 
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By comparing the linear model fitted results from table 14 with non-linear model fitted 

results from table 10; it is evident that non-linear model fits better, as in the case of 

capacity. By analyzing the plots of estimated parameters trend for all windows it can be 

seen that some parameters have monotonic behavior and follow specific trend in respect 

of all previously estimated parameters, but also in this case not all the parameters are 

monotonic as can be seen from appendix B.6. 

For the implementation point of view, since most of the previously estimated parameters 

were not monotonic, for simplicity the obtained results are used for onboard prediction 

passing the new parameters to the model for adaptation upon change of condition.  

 

Table 15: Linear capacity model estimated parameter at cycling condition for all the windows 

Fitting Equation     (                (     )    )     

Value a1 a2 a3 a4 Residual 

Norm 

R
2
 

Window1 -2.501 -0.2318 0.09571 10.11 132.9 0.78 

Window2 -2.197 -0.1387 0.08452 6.37 66.2 0.88 

Window3 -2.083 -0.1551 0.06713 9.737 14.61 0.93 

Window4 -1.819 -0.1304 0.06617 7.988 22.7 0.7958 

Window5 -1.708 -0.1917 0.08583 7.01 20.12 0.82 

 

Estimated parameters for capacity and resistance at cycling condition can be found from 

table 15 and table 16 respectively, results can be seen from appendix B.7. Both estimated 

parameters of capacity and resistance are not following any trend or anyway not a 

monotonic one. All previously estimated parameters were not monotonic except few 

parameters of linear resistance model at storage.  

By comparing all fitting results of linear and non-linear model with window-based 

approach at storage and cycling conditions, it is clear that model having non-linear 
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behavior and following physical law (Arrhenius law with exponential behavior) fits better 

compared to empirical linear model at all conditions, but since the objective of linear 

model was to linearize it by compromising the accuracy and to make it simple with less 

number of parameters, by considering this hypothesis the linear model can also be used 

for implementation. 

 

Table 16: Linear resistance model estimated parameter at cycling condition for all the windows 

Fitting Equation     (                (     )    )     

Value a1 a2 a3 a4 Residual 

Norm 

R
2
 

Window1 -9.644 -0.887 0.3597 36.64 3934 0.62 

Window2 -6.289 -0.552 0.2633 19.09 1138 0.79 

Window3 -4.041 -0.3497 0.1368 16.8 120.1 0.87 

Window4 -2.016 -0.2556 0.1236 7.94 129.7 0.76 

Window5 -6.739 -1.487 0.5327 23.34 112.2 0.96 

 

The linear model with window based approach was implemented on 

MATLAB\Simulink© (Appendix C.2). 

In the next sub-chapter, recalibration through self-adaptive characteristic map using 

lookup table has to be discussed. 

 

4.4 Self-Adaptive Characteristics-map using Look-up Table 

Characteristic maps play an important role in real time battery monitoring 

systems. However the models that describe the behavior of battery are either inaccurate 

or complex enough with high number of parameters, thus the use of characteristics maps 

is not always suitable for real time based applications. The examples of characteristics 
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map in a battery monitoring systems are the cranking capability as function of time and 

voltage [25]. 

With the passage of time characteristics of the battery changes significantly; due to aging 

the static characteristic maps parameterized offline for a new cell lose their validity. To 

deal with this issue; characteristic map need to be adapted with the battery lifetime. 

The mathematical description can be obtained by the equation 

 ( )   (        )    (23) 

where 

  ,   , …….    are the input dimension (for example time, SOC, voltage, current rate 

etc.) and y is the function or model that characterize the battery behavior (e.g. capacity or 

resistance). 

If at any instant, the real actual characteristic value    (e.g. capacity or resistance) are 

available at the point   , then the error between stored characteristic and real 

characteristic can be calculated as: 

  (  )      (  )    (24) 

To update the stored characteristics-map in a lookup table, a smoothing function was 

used, which affect more the vicinity of the operating point than the distant regions in the 

input space. A function that meets the above requirements is a Gauss distribution function 

defined by the formula: 

    ( )  
 

 √  
 
 
(   ) 

        (25) 

The smoothing function can be defined as: 

  (    )    ( 
 (

       
  

)
 

   
 (

       
  

)
 

     
 (

       
  

)
 

 )  (26) 

The factor   is the height of the curve at specified operating point which defined the 

strength of the low pass filter (LPF). The value   defines the width of the gauss error 
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distribution curve (bell shaped curve); these values were normalized to the input range 

for each of the input dimension. 

For  =0 no adaptation would occur while for  =1 characteristics would be set to the 

locally measured values. These values depend on the application, for fast adaptation large 

  is admissible, while for normal operation small values were admissible. The values of 

  could be changed during real time operating conditions. 

   
  

   (  )     (  )
     (27) 

By multiplying the smoothing function with the error and adding to the original 

characteristics, the updated characteristics can be written as: 

       ( )   ( )    (  )   (    )     (28) 

 

 

Figure 21: Hierarchy of adaptive characteristic-map 
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For the implementation point of view, the model used for the capacity and resistance are 

the same as used in section 4.1. For each capacity and resistance, a 2D lookup table was 

used having break points corresponding to temperature and voltage at storage and cycling 

conditions. Lookup table was continuously updated corresponding to each break point (T, 

V). Whenever an actual value of capacity or resistance will be available, error was 

calculated between the stored characteristics and the actual values. A smoothing function 

of Gauss distribution corresponding to each input dimension is multiplied with the error 

and further added to the    and   , where    and    are the cumulative effect of 

parameters. A generalized form of capacity at cycling condition is shown in equation 29. 

     √       (29) 

                           

where   is the cumulative effect of parameters. The same method can be followed  is the 

case of the resistance, valid for both storage and cycling. Afterwards the initial lookup 

table was updated with the new value of capacity and resistance corresponding to each 

input dimension. Entire lookup table was updated when error will be detected. Also in 

this case, the algorithm was implemented in MATLAB/Simulink© (appendix C.3). 

In the next sub-chapter, recalibration through normalized least mean squares filter has to 

be discussed. 

 

4.5 Recalibration – Normalized Least Mean Square (NLMS) filter 

As already discussed before, the obtained aging model is accurate for relative 

values but not for absolute values, as the fitting process is carried out in relative terms. In 

this way, differences can appear between the predicted and estimated values: that was 

why the prediction model needs to be recalibrated. Window-based approach was 

introduced to adapt the parameters with changing conditions of battery. Since window-

based approach improves the performance of the model, but recalibration was not directly 

possible, a NLMS filter was introduced. Whenever actual values of capacity and 

resistance will be available from other blocks of the BMS, recalibration could be 
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performed. Whenever there will be a difference between predicted values from model 

and estimated ones, weights/coefficients are calculated at that point through NLMS 

algorithm. The calculated weights are further used to reduce the error.  

 

 

Figure 22: Normalized least mean square (LMS) filter algorithm 

The algorithm is defined as follows: 

 ( )    (   ) ( )    (30) 

where y(n) are the corrected values. 

The error between estimated (actual values) and predicted values (from model) can be 

calculated through the following relation: 

 ( )   ( )   ( )     (31) 

    ( )    (   )   ( ( )  ( )  )   (32) 

where 

 ( ( )  ( )  )    ( )
  ( )

    ( ) ( )
   (33) 
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In equation 32,   is the step size for the filter weight calculation, for large    weights may 

change by a large value (for the convergence of NLMS, the step size should be within 0 

and 2), and   is the leakage factor (the values of   lies between 0 and 1). The weights are 

calculated till the instant whenever actual values are available, previous weights will be 

used as long as no updated actual values are available; moreover it was assumed that the 

error remains the same for the next future events till the values are available for the 

calculation of new weights. 

By using the recalibration algorithm, the highest level of accuracy can be achieved 

without complicating the system, as discussed already before. The recalibration algorithm 

was implemented on MATLAB/Simulink© (appendix C.4), for embedded MATLAB 

function of NLMS see appendix C.5. 

In the next chapter, simulation results of all the implemented approaches have to be 

discussed. 
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5 Simulations Results 

The final selected models of capacity and resistance at storage and cycling for all 

the approaches have been implemented on MATLAB/Simulink©. Furthermore all 

approaches are validated with real driving profiles. The data used for the validation are 

different in respect of the one used for the parameterization of the model. The data used 

for the validation have been collected at ISEA at different operational conditions, to make 

it more realistic. For the validation data, two new cells and one aged cells have been used 

for testing. The cells already aged have only been used for further evaluation. The trends 

of temperature used for the validation data are actually the real trend of temperature of 

Italy and are used to make it more realistic and to observe how model behaves at real 

operating conditions. For checkups, the data have been collected by cycling the battery 

with real driving profile at a constant temperature and after one month a checkup has 

been made, same procedure have been repeated while changing the temperature and data 

have been collected. 

For the validation different driving profiles have been used to observe the behavior of 

model at real operating conditions. For the validation only profiles with aged cells have 

been discussed here (as already explained). Initially profile of around 40 days have been 

used for all approaches to compare their accuracy and afterwards selected the optimal 

approach which performs best and validated with a profile of approx. 8 month. 

The predicted values of model capacity and resistance are compared with test data. The 

data for comparison have been collected by cycling the battery with real driving profile at 

constant T and afterwards checkup was made and for further checkups, same procedure 

was repeated by changing the T. 

From figure 23 the validation results of non-linear model (conventional) can be seen. For 

the validation of non-linear model, 80 days (1920 hours) of real driving profile have been 

used which was enough in the opinion of the author to observe the behavior of the 

battery. In figure 23 the plot on the top is the simulation without recalibration and the plot 

on the bottom simulate the recalibration process. Time (days) is represented on the x-axis 

and relative values (capacity and resistance) on the y-axis. The green line represents the 
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predicted values of resistance from model and pink line represents the predicted values of 

capacity model. Results obtained from the checkup test, as already mentioned above: 

these data are used to simulate the estimated values of capacity and resistance calculated 

from the other BMS blocks. Since only the aged cells data was used, that is why model is 

not starting from the reference value 1. 

Initially till 26 days, the temperature of the test was 25 °C afterwards till 51 days the 

temperature changed to 40 °C and after that it again changed to 35 °C. So the effect of 

change of temperature was considered by selecting the profiles having effect of change of 

temperature. 

 

 
Figure 23: Non-linear model validation results 
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From the figure 23 we can observe that the resistance of the predicted values has more 

variation compared to the capacity without recalibration: because of this, it is more 

difficult to model the actual behavior of the battery resistance. 

Concerning the recalibration, initially a value of capacity or resistance was passed to the 

recalibration mechanism, simulating the estimated value of the other BMS block, as can 

be highlighted from circle. At that point, the coefficient or weight of the filter was 

calculated and further used for model correction for both capacity and resistance. 

Assumption is done, that the BMS is not calculating often new values of capacity and 

resistance: in this case the calculated error remains the same till new estimated values are 

received. Again after the change of temperature a new value was passed at around 27 

days (highlighted in 2
nd

 circle). We can observe that after passing new value the filter 

calculates a new coefficient, therefore the model shifts to a new position and start 

predicting by using new coefficient till it again receive a new value. Again around 51 

days a new value was passed after change of temperature. The model will not diverge 

even if no new value will be available for a long period of time. 

 The model is compared after around 70 days for capacity and resistance, with and 

without recalibration. Initially the error without recalibration for resistance was 1.6% 

which is reduced to 0.8% after recalibration, while for capacity the error was 0.76 

without recalibration which is reduced to 0.17% after recalibration. From these results we 

can see that the recalibration works well for both capacity and resistance model and it 

will work even better if we receive more estimated values. 

Figure 24 show the validation results of nonlinear model with window based approach. 

This approach was selected most appropriate among all other approaches as candidate for 

the long simulation: 8 months driving profile was used to observe the long term behavior 

while temperature changed periodically, as can be seen from the plots. Without 

recalibration the resistance part has more error compared to the capacity, because more 

variation in predicted values of resistance compared to estimated values has been noted, 

as already explained. 
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Figure 24: Non-linear model window-based validation results 
  

The portion is highlighted with arrows to show the change in temperature. For the long 

simulation only the capacity model is working properly, while the resistance one is 

diverging rapidly. Because of this recalibration can take place appropriately: the same 

approach was used as discussed for non-linear model (conventional). This model works 

well compared to conventional (offline) approach, because fitting has delivered better 

results. 

Without recalibrating the model, it can be seen that the error is going to increase with the 

passage of time, especially for the resistance model. The same recalibration simulation 

approach was used as discussed in non-linear model. From the longer simulation we can 

see that the model was not diverging even after 8 months. The error was reduced to a 

large extent for both capacity and resistance. The error in resistance model was reduced 
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(13.2% without recalibration) to 0.5 after recalibration. The error of capacity was 7.3% 

without recalibration, and it was reduced to 0.16%. From these comparisons it is evident 

that this model works well with the recalibration even for long simulation. From the plot 

can be observed that whenever a new value will be passed, some spikes can be detected. 

At that time the filter calculates the new weight coefficient, so the spikes represent the 

behavior of the filter and can be suppressed in the model by setting some boundary 

conditions: the filter calculates the new coefficient instantly that was why these spikes are 

not being suppressed. If there will more variation in the predicted values then these 

spikes could increase. The behavior of the capacity and resistance was not highly non-

linear, so there was no need to suppress this behavior in the filter. 

 

 

Figure 25: Linear model window-based validation results 
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changed to 40 °C. The model showed small error for both capacity and resistance even 

without recalibration. 

The model used for linear approach was an empirical one and does not follow any 

physical law. Since more variation during the aging test was observed in the resistance 

part, this model could create some divergence problem in some specific conditions, e.g. 

when the temperature changes abruptly. The assumption to hold the coefficient till new 

value for the recalibration works well for the capacity model, as the error was decreased 

after recalibration. This type of model has only a mathematical explanation, but most of 

time some physical law must be taken into account, or function to take account uncertain 

behavior at some specific conditions, which can be ignored by the empirical model. 

Moreover, on the author opinion, the linear approach works well for smaller simulation 

but could create some divergence issue for longer simulation; this was the reason why 

this approach was not used for longer simulation.  

 

 

                             

Figure 26: Characteristic map validation results 
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27 days for both capacity and resistance for the recalibration. After 27 days the model of 

capacity and resistance jumps to a new position because of operation of the smoothing 

function, as discussed already previously. The lookup table starts updating corresponding 

to the point when new value was received and updated continuously. Afterwards the 

whole table was updated based on the last error: the whole table step wise was updated, 

and this was the reason for the sudden change of model position which was more evident 

in resistance part as can be seen from the figure 26. From the figure 26 the 3D plots of 

only capacity are shown. The left side plot represents the initial table before the 

recalibration; the right side 3D plot represents the updated table. From the up gradated 

table we can see that the smoothing function effect more to the region near to the point, 

and less the distant region. For simplicity only 3D plot of capacity is show (after and 

before adaptation). This approach can work well if enormous differences between 

estimated and predicted values are not registered, as can be seen from capacity model. 

Table 17: Comparison of validation results 

Comparison  of results after recalibration 

 

C (40 days) R (40 days) C (8 month) R (8 month) 

Non-linear 0.26% 0.62% 

  

Non-linear 

(window) 

0.18% 0.61% 

7.3% (without 

recalibration) 

0.16%, (with 

recalibration) 

13.2% (without 

recalibration) 

0.5%, (with 

recalibration) 

Linear 

(window) 

0.26% 0.35% 

  

Adaptive 

map 
0.26% 0.26% 
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For the comparison point of view, all models are compared at the same time period of 40 

days (960 hours) in, table 16, where the error of capacity and resistance for all 

approaches is shown in percentage. By comparing all models at 40 days, it seems that all 

are working well for simulation time; for a longer simulation only best method among all 

has been selected, which is on the author opinion non-linear window-based approach. For 

the longer simulation of non-linear model with window-based approach the error of 

resistance was initially 13.2% without recalibration which was further reduced to 0.5% 

after recalibration; the error for capacity was 7.5% initially without recalibration, which 

was further reduced to 0.16% after recalibration. The results for both capacity and 

resistance are satisfactory after recalibration because error was reduced evidently for both 

capacity and resistance.  
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6 Conclusions and Future Work 

6.1 Conclusion 

In a V2G scenario aging prediction model was used in a BMS for economical and 

optimal use of the batteries. In this scenario storage aging can be reduced by supplying 

power to the grid if the batteries are at a higher SOC (i.e. high amount of energy inside 

the battery pack). In a V2G scenario, additional cyclic aging effects are present due to the 

power regulation operation. To reduce these additional aging effects, aging prediction 

model was used to select the most optimum net profile that can guarantee least aging on 

the battery pack. In this way aging effects can be reduced and the user can earn money by 

supplying the power to the grid for regulation.  

The model must have to be simple enough with less number of parameters so that it can 

easily be implemented in a BMS. To obtain the most optimal model for a BMS, a trade‐

off must therefore be found between complexity and accuracy. Different modeling 

scenarios (non-linear with and without window based, linear with window based) have 

been used in order to compare and to search for most optimum approach.  

The parameters estimated offline often lose their validity if conditions other than the 

conditions used for parameterization, so parameters need to be adapted. As the model 

will only be accurate for relative values therefor model was recalibrated based on the 

estimated values. For recalibration, window based approach and normalized least mean 

square filter was used, the idea of window based approach was to find the trend of the 

parameters (if they are monotonic or following some specific trend) then the parameters 

were adapted by following that specific trend). Window-based approach was simple and 

can be implemented on a cheap microcontroller so the issue of complexity and time 

intensiveness can be solved with this approach. By using normalized least mean squares 

filter, the states were recalibrated (capacity and resistance) based on the estimated values 

(from other block of BMS). The idea was to reduce the error between the predicted 

values from model and estimated values by calculating a filter coefficient whenever a 

new value will be available. 
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For the window based approach, most of the parameters were not following any specific 

trend or they were not monotonic so the idea to adapt the parameters while following 

specific trend was not applicable. So for the implementation, the estimated parameters of 

individual windows were passed to the model upon change of condition. The normalized 

least mean square filter was producing excellent results even for the longer simulation of 

around 8 month. The assumption of the filter that error remains the same even no new 

estimated value will be available hold well even for long simulation of 8 month and was 

not diverging if no new value will be available for a longer period of time. The aging 

prediction model with non-linear (semi-empirical) model approach works well compared 

to linear model. Since non-linear model was following physical law (Arrhenius) and 

having exponential behavior and it can reproduce the actual behavior of battery precisely 

compared to linear model. 

For validation of 8 months by using non-linear window based approach, the error was 

7.3% for capacity and 13.2% for resistance without recalibration for non-linear model 

with window based approach which was further reduced to 0.16% for capacity and 0.5% 

for resistance after recalibration.  

 

6.2 Future Work 

There is an extraordinary scope of work for improvements in the area of battery 

modeling and parameterization. For online parameterization it is difficult to adapt all the 

parameters when we have complicated or best fit model with more number of parameters, 

so one possibility is to adapt only those parameters that do not depend directly or have 

less influence on the input variables by using any filtering method. The example model 

parameters can be seen from equation 34 and 35 respectively. 

             ( 
   
    

   
 )√     ( 34) 

                
   
 [   

        ]√    ( 35) 
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In equation 34, the parameter a1 and from equation 35, the parameter a5 are not directly 

dependent on the input variables or having less influence. So these parameters can be 

adapted as already discussed. 

Another possibility is to investigate some methodology to adapt more than one 

parameters correctly based on one variable, since the main idea of the work is to make 

the model parameterization simple so that it can easily be implemented on a cheap 

microcontroller and it can be able to reproduce the actual behavior of the battery 

precisely at all operating points. 
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Appendices 

Appendix A.1: Technical Data for LiFePO4 cell 
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Appendix B.1: Fitting results of capacity at storage condition 

Fitting results of capacity model at storage condition. In appendix B.1, only results of 2D fitting 

are shown here. 

Table B 1: Fitting results of capacity model for t 

Equation  C=1-a_t*sqrt(time) 

Test a_t Residual Norm R2 

L30/50C20 0.001593 0.074276 0.213347 

L30/50C50 0.002535 0.098836 0.290704 

L30/50C80 0.003473 0.112229 0.362188 

L40C50 0.000963 0.008982 0.355545 

L50C50 0.008231 0.040204 0.829575 

L70C50 0.021994 0.002108 0.989609 

 
Table B 2: Fitting results of capacity model for T 

Fitting Equation a_t=a1*exp(-a2/T) 

Value a1 a2 Residual Norm R2 

Results 0.39328 201.271163 0.000004 0.986099 

 

Table B 3: Fitting results of capacity model for V 

Fitting Equation a_t = a1*exp(a2*V) 

Value a1 a2 Residual Norm R2 

Results 0.00E+00 10.457128 0.00E+00 0.969169 
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Appendix B.2: Fitting results of resistance at storage condition 
Fitting results of resistance model at storage condition. In appendix B.2, only results of 2D fitting 

are shown here. 

Table B 4: Fitting results of resistance model for t 

Equation 1 R=1+a_t*sqrt(time) 

Test a_t Residual Norm R2 

L30/50C20 0.005972 0.24863 0.428853 

L30/50C50 0.006217 0.318761 0.402191 

L30/50C80 0.005655 0.327746 0.354873 

L40C50 0.004647 0.055197 0.592355 

L50C50 0.019693 0.152924 0.852629 

L70C50 0.061847 0.066975 0.957248 

 
Table B 5: Fitting results of resistance model for T 

Fitting Equation a_t=a1*exp(-a2/T) 

Value a1 a2 Residual Norm R2 

Results 1.297789 212.84206 0.000006 0.997568 
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Table B 6: Fitting results of resistance model for V 

Fitting Equation a_t = a1*(V^2)+a2*V+a3 

Value a1 a2 a3 Residual Norm R2 

Results -0.3468 2.2785 -3.7358 0 1.0000 

 

Appendix B.3: Fitting results at cycling condition 
 

2D fitting results of capacity and resistance are shown here.  

 
Table B 7: Fitting results of capacity model for t 

Equation  C=1-[a_t*sqrt(Ah)] 

Test a_t Residual Norm R2 

Z01C10 1.045 0.02296 0.8003 

Z01C50 0.6784 0.01434 0.7697 

Z01C80 0.2214 0.006915 0.5768 

Z03C10 0.8646 0.4941 0.3807 

Z03C50 -0.5128 0.1753 0.3755 

Z03C80 1.639 0.1846 0.7404 

Z06C10 0.5711 0.00201 0.9107 

Z06C50 2.098 0.31 0.7121 

Z06C80 2.546 0.0354 0.8996 
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Table B 8: Fitting results of resistance model for t 

Equation 1 R=1+[a_t*sqrt(Ah)] 

Test a_t Residual Norm R2 

Z01C10 1.286 0.08852 0.4918 

Z01C50 0.575 0.04385 0.1489 

Z01C80 -0.1962 0.008387 0.4047 

Z03C10 1.546 3.753 0.2224 

Z03C50 0.4574 0.9604 0.1394 

Z03C80 2.256 2.205 0.3802 

Z06C10 0.1056 0.006635 -0.4039 

Z06C50 7.1 27.46 0.3339 

Z06C80 5.914 3.216 0.1145 



75 
 

Appendix B.4: Storage fitted results of non-linear window-based approach 
 2D Fitting results of non-linear model for capacity and resistance with window based approach is shown here.  

 
Table B 9: Fitted results of capacity for time at storage condition 

Evaluation using chunk data 

        √  

Window size/ days (0 - 60) Window size/days (60 - 150) Window size/days (150 - 350) Window size/days (350 - 550) 

a_t Residual  
Norm 

R2 a_t Residual  
Norm 

R2 a_t Residual 
 Norm 

R2 a_t Residual  
Norm 

R2 

-0.0023 0.0000 0.9947 -0.0021 0.0001 0.4309 -0.0007 0.0057 -0.1693 0.0030 0.0143 0.2603 

0.0030 0.0143 0.2603 -0.0016 0.0003 -0.2685 -0.0002 0.0081 -0.0417 0.0043 0.0162 0.3192 

-0.0006 0.0000 0.7659 -0.0011 0.0004 0.3427 0.0011 0.0189 0.1247 0.0056 0.0130 0.3423 

-0.0018 0.0000 0.9795 -0.0006 0.0003 -1.0760 0.0002 0.0006 0.1229 0.0014 0.0031 0.2446 

-0.0013 0.0001 -0.6576 0.0033 0.0044 0.3740 0.0072 0.0107 0.6466 0.0091 0.0046 0.6040 

0.0199 0.0002 0.9927 0.0218 0.0013 0.9446 0.0222 0.0008 0.8249 null null null 

 
 

Table B 10: Fitted results of capacity for temperature at storage condition 

        √  

        
( 

  

 
)
 

Chunk 1 Chunk 2 

a1 a2 Residual Norm R2 a1 a2 Residual Norm R2 

18568.0943 962.5539 0.000014 0.954681 3.390331 353.124148 0.000004 0.988698 

 Chunk 3 Chunk 4 

a1 a2 Residual Norm R2 a1 a2 Residual Norm R2 

0.572315 227.134258 0.000004 0.9863 0.306577 179.150053 0.000017 0.438684 
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Table B 11: Fitted results of capacity for V at storage condition 

        √  

             

a1 a2 Residual Norm R2 a1 a2 Residual Norm R2 

0 11.5685 1.50E-05 0.002907 -6.19E+02 -3.908173 0.00E+00 0.661636 

 

 
Table B 12: Fitted results of resistance for time at storage condition 

Evaluation using chunk data 

        √  

Window size/ days (0 - 60) Window size/days (60 - 150) Window size/days (150 - 350) Window size/days (350 - 550) 

a_t Residual 
Norm 

R2 a_t Residual 
Norm 

R2 a_t Residual 
Norm 

R2 a_t Residual 
Norm 

R2 

-0.0050 0.0000 0.9882 -0.0020 0.0020 -0.9006 0.0019 0.0385 0.1230 0.0088 0.0161 0.4959 

0.0088 0.0161 0.4959 -0.0030 0.0158 -0.4027 0.0021 0.0582 0.1036 0.0093 0.0155 0.5089 

-0.0053 0.0001 0.9588 -0.0024 0.0020 -0.4659 0.0013 0.0561 0.0820 0.0093 0.0280 0.3483 

-0.0095 0.0002 0.9633 -0.0009 0.0135 -0.2236 0.0038 0.0087 0.3906 0.0054 0.0102 0.3491 

0.0020 0.0005 0.3532 0.0127 0.0224 0.5492 0.0191 0.0342 0.6955 0.0203 0.0750 0.2442 

0.0613 0.0006 0.9977 0.0634 0.0271 0.8448 0.0612 0.0584 0.2411 null null null 

 
Table B 13: Fitted results of resistance for temperature at storage condition 

        √  

a_t=a1*exp(-a2/T) 

Chunk 1 Chunk 2 

a1 a2 Residual Norm R2 a1 a2 Residual Norm R2 

881.287406 670.08231 0.000168 0.942977 4.894325 304.106719 0.000024 0.991685 
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Chunk 3 Chunk 4 

a1 a2 Residual Norm R2 a1 a2 Residual Norm R2 

1.345343 216.1034 0.000008 0.996442 0.158199 107.611434 0.000057 0.528867 

 
 

Table B 14: Fitted results of resistance for voltage at storage condition 

        √  

a_t = a1*(V^2)+a2*V+a3 

Chunk 1 Chunk 2 

a1 a2 a3 Residual Norm R2 a1 a2 a3 Residual Norm R2 

-12.6405 83.2081 -136.9232 0 1.0000 0.7503 -4.9454 8.1457 0 1.0000 

Chunk 3 Chunk 4 

a1 a2 a3 Residual Norm R2 a1 a2 a3 Residual Norm R2 

-0.3848 2.5241 -4.1366 0 1.0000 -0.2573 1.7015 -2.8032 0 1.0000 

 

Plots of individual Parameter trend (For capacity at storage) 
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Plots of individual Parameter trend (For resistance at storage) 
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Appendix B.5: Cycling fitted results of non-linear window-based model 
2D fitting results of non-linear model for capacity and resistance at cycling conditions is shown here. 

Table B 15: Fitted results of capacity for Ah at cycling condition 

R=1-[a_t*sqrt(Ah)] 

Window size,  ( 0 - 9500 ) Ah Window size,  ( 9500 - 15000 ) Ah Window size,  ( 15000 - 25000 ) Ah 

a_t Residual Norm R2 a_t Residual Norm R2 a_t Residual Norm R2 

0.0003663 4.68E-05 0.9589 0.0006612 0.002291 0.5016 1.068 0.009871 0.5303 

0.347 0.000587 0.7668 0.4272 0.0002574 0.4004 0.6082 0.002543 0.5189 

0.02411 0.0001888 0.07294 -1.81E+04 3.09E+08 -0.06718 0.1661 0.001167 0.1867 

0.5619 0.002705 0.4357 0.3773 0.004429 -0.293 0.4837 0.01283 0.06791 

0.3555 1.45E-05 0.9897 0.3557 1.76E-05 0.8982 0.3626 0.000224 0.2507 

0.1637 0.0005034 0.4704 0.9063 0.028 0.4398 1.082 0.03703 0.5177 

0.6086 4.59E-19 1 0.6097 4.51E-08 0.9971 0.6334 4.89E-05 0.8574 

0.6322 0.0005484 0.8749 0.9494 0.008174 0.2693 1.53 0.0176 0.5006 

2.705 0.0001738 0.9982 2.775 0.01041 0.1385 2.481 0.02074 0.3089 

 

R=1-[a_t*sqrt(Ah)] 

Window size  ( 25000 - 40000 ) Ah Window size  ( 40000 -  60000) Ah Window size  ( 60000 - 80000 ) Ah 

a_t Residual Norm R2 a_t Residual Norm R2 a_t Residual Norm R2 

1.138 0.002082 -15.56 null null null null null null 

0.8204 0.0003255 0.852 null null null null null null 

0.277 0.001688 0.3482 null null null null null null 

0.4851 0.02239 -0.01519 0.9832 0.2279 0.1761 1.734 0.01659 -0.08814 

0.336 0.001425 0.05823 0.3492 0.002698 0.2762 0.7797 0.08122 0.2031 

1.428 0.01585 0.5377 2.032 0.01599 0.5904 null null null 

0.637 7.38E-05 0.637 0.5759 0.0001546 0.4131 0.5356 3.59E-05 0.6359 

2.159 0.01935 0.582 2.768 0.006656 0.6904 null null null 

null null null null null null null null null 
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Appendix B.6: Storage fitted results of linear window-based approach 
Table B 16: Fitted results of capacity for time at storage condition 

C=1-a_t*(time) 

Window size/ days (0 - 60) Window size/days (60 - 150) Window size/days (150 - 350) Window size/days (350 - 550) 

a_t Residual 
Norm 

R2 a_t Residual 
Norm 

R2 a_t Residual 
Norm 

R2 a_t Residual 
Norm 

R2 

-0.0003 0 0.9947 -0.0002 0.0004 -1.1204 -3.7E-05 0.0064 -0.326 0.000148 0.0102 0.4743 

-0.0003 0.0001 0.797 -0.0001 0.0005 -1.3416 -4E-06 0.0082 -0.0632 0.000208 0.0102 0.5734 

-0.0001 0 0.7659 -0.0001 0.0003 0.5678 0.000041 0.0092 0.1541 0.000268 0.0079 0.6024 

-0.0002 0.000004 0.979506 -0.00004 0.000349 -1.87625 0.000016 0.000515 0.242536 0.000068 0.00222 0.451212 

-0.0001 0.000123 -0.65762 0.00042 0.000482 0.143846 0.000447 0.003341 0.889761 0.000426 0.004887 0.576609 

0.00279 0.000276 0.990387 0.00205 0.005989 0.745442 0.001681 0.00453 0.045219 null null null 

 
Table B 17: Fitted results of capacity for temperature at storage condition 

a_t=a1*T+a2 

0-60 days 60- 150 days 150- 350 days 350- 550 days 

a1 a2 Residual 
Norm 

R2 a1 a2 Residual 
Norm 

R2 a1 a2 Residual 
Norm 

R2 a1 a2 Residual 
Norm 

R2 

0.0001 -0.0033 0.0014 0.7 5.65E+03 0 2.64E-04 0.9135 4.45E-02 0 1.52E-04 0.919 0.00001 -0.0002 0 0.3 

 
Table B 18: Fitted results of capacity for voltage at storage condition 

C=1-a_t*(time) 

a_t = (a1*Voltage)+a2 

0- 60 days 60 -150 days 150- 350 days 350 - 550 days 

a1 a2 Residual 
Norm 

R2 a1 a2 Residual 
Norm 

R2 a1 a2 Residual 
Norm 

R2 a1 a2 Residual 
Norm 

R2 

0.0031 -0.01043 4.97E-09 0.8 0.0014 -0.0048 2.13E-09 0.6 0.0012 -0.0038 3.84E-13 0.9 0.0018  -0.005649  4.31E-
11 

0.9 
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Table B 19: Fitted results of resistance for time at storage condition 

Resistance=1+a_t*(time) 

a_t Residual 
Norm 

R2 a_t Residual 
Norm 

R2 a_t Residual 
Norm 

R2 a_t Residual 
Norm 

R2 

-0.0007 0.0000 0.9882 -0.0002 0.0029 -1.7525 0.000133 0.0329 0.2485 0.0004 0.0081 0.7480 

-0.0017 0.0029 0.7609 -0.0002 0.0191 -0.6918 0.000146 0.0511 0.2123 0.0005 0.0069 0.7813 

-0.0008 0.0001 0.9588 -0.0002 0.0028 -0.9821 0.000060 0.0309 0.1125 0.0004 0.0176 0.5900 

-0.0013 0.000236 0.96329 0.000005 0.014058 -0.270891 0.000236 0.005595 0.609428 0.000259 0.0071 0.5471 

0.00028 0.000493 0.353193 0.001262 0.007581 0.847393 0.00117 0.039927 0.644855 0.000955 0.087245 0.12035 

0.00886 0.000598 0.997801 0.006041 0.103394 0.407974 0.004693 0.097714 -0.269602 null null null 

 
Table B 20: Fitted results of resistance for temperature at storage condition 

R=1+a_t*(time) 

a_t=a1*T+a2 

0-60 days 60- 150 days 150- 350 days 350- 550 days 

a1 a2 Residual 
Norm 

R2 a1 a2 Residual 
Norm 

R2 a1 a2 Residual 
Norm 

R2 a1 a2 Residual 
Norm 

R2 

0.0003 -0.011 0.0083 0.8 0.0002 -0.0060 0.0023 0.91 0.0001 -0.0042 0.0013 0.9 0.022 -0.0003 0 0.4 

 
Table B 21: Fitted results of resistance for voltage at storage condition 

R=1+a_t*(time) 

a_t = (a1*Voltage)+a2 

0 - 60 days 0 - 150 days 150- 350 days 350 - 550 days 

a1 a2 Residual 
Norm 

R2 a1 a2 Residual 
Norm 

R2 a1 a2 Residual 
Norm 

R2 a1 a2 Residual 
Norm 

R2 

-0.0002 -0.0003 6.07E-07 0.0002 -0.0008 0.0024 8.68E-10 0.6 -0.0011 0.0039 1.32E-09 0.6 -0.0001 0.0009 6.63E-09 0.006 
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Plots of individual Parameter trend of linear model (For capacity at storage) 
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Plots of individual Parameter trend of linear model (For resistance at storage) 
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Appendix B.7: Cycling fitted results of linear window-based approach 
 

Table B 22: Fitted results of capacity for Ah at cycling condition 

C=1 - a1*(Ah) 

Window size, ( 0 - 9500 )Ah Window size,  ( 9500 - 15000 ) Ah Window size,  ( 15000 - 25000 ) Ah 

a1 SSE R2 a1 SSE R2 a1 SSC R2 

4.066 4.38E-05 0.962 6.032 9.71E-04 0.789 7.544 2.72E-03 0.767 

2.378 3.08E-09 1.000 3.642 1.73E-04 0.596 4.259 8.83E-04 0.833 

-0.205 1.02E-04 0.012 0.906 6.56E-04 0.360 1.125 1.05E-03 0.190 

6.528 3.62E-03 0.244 -3.435 4.03E-03 -0.064 3.367 1.30E-02 0.053 

3.388 1.45E-05 0.990 2.748 1.48E-04 0.142 2.503 4.74E-04 0.315 

1.553 5.03E-04 0.470 6.714 1.31E-02 0.737 7.285 0.016 0.797 

5.22E-06 3.73E-26 1.000 5.40E-06 9.93E-06 0.978 4.42E-06 3.27E-04 0.300 

6.452 5.49E-04 0.875 9.502 8.45E-03 0.645 10.820 8.64E-03 0.755 

28.450 3.79E-04 0.996 25.410 2.18E-02 -0.805 17.09 0.05854 -0.9503 

 

Window size  ( 25000 - 40000 ) Ah Window size  ( 40000 -  60000) Ah Window size  ( 60000 - 80000 ) Ah 

a1 SSC R2 a1 SSC R2 a1 SSC R2 

6.26 0.007184 -56.15 null null null null null null 

4.499 1.26E-04 0.943 null null null null null null 

1.487 1.75E-03 0.532 null null null null null null 

2.647 2.45E-02 -0.119 4.113 1.45E-01 0.298 6.255 6.25E-02 0.450 

1.834 1.87E-03 -0.238 1.529 2.23E-03 0.146 2.897 7.20E-02 0.386 

8.103 0.005609 0.8364 9.238 0.003246 0.9168 null null null 

3.38E-06 0.001391 -4.41 2.45E-06 0.0008793 -1.488 2.05E-06 0.0007061 -4.278 

11.96 0.004181 0.9097 12.93 0.0002977 0.9862 null null null 

null null null null null null null null null 
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Table B 23: Fitted results of resistance for Ah at cycling condition 

R=1 + a1*(Ah) 

Window size,  ( 0 - 9500 ) Ah Window size,  ( 9500 - 15000 ) Ah Window size,  ( 15000 - 25000 ) Ah 

a1 SSE R2 a1 SSE R2 a1 SSC R2 

9.658 3.22E-06 0.9995 9.369 8.80E-03 0.105 11.720 0.014 0.610 

8.848 3.57E-04 0.909 4.212 5.44E-03 0.037 5.820 0.007 0.525 

-0.229 0.003 0.003 -0.848 0.005 0.053 -1.587 0.001 0.605 

31.230 0.143 0.099 4.252 0.016 0.041 3.713 0.059 -0.068 

3.88E-08 3.66E-19 nan 0.660 0.001 0.172 0.931 0.003 0.185 

2.07E-08 1.58E-19 nan 4.508 0.013 0.592 5.392 0.02501 0.6128 

5.68E-06 4.01E-27 1 1.25E-05 0.009 0.346 3.09E-06 0.018 -0.348 

9.165 2.89E-04 0.964 16.270 0.037 0.490 13.900 0.112 0.132 

112.500 0.038 0.976 81.520 0.981 -1.548 34.72 2.057 -0.647 

 

Window size,  ( 25000 - 40000 ) Ah Window size,  ( 40000 - 60000 ) Ah Window size,  ( 60000 - 80000 ) Ah 

a1 SSC R2 a1 SSC R2 a1 SSC R2 

6.17 0.06018 -1.015 null null null null null null 

1.944 0.0091 -0.716 null null null null null null 

-1.143 0.0015 -0.692 null null null null null null 

1.752 0.0633 -0.154 7.928 1.1300 0.235 13.820 0.4165 0.439 

0.202 0.0033 -0.073 0.050 0.0002 0.044 4.042 0.4212 0.225 

7.037 0.0755 0.4063 16.92 0.4904 0.4503 null null null 

8.98E-07 0.002991 -0.697 4.25E-07 0.0002626 -1.11 3.15E-07 0.0001263 -0.9129 

25.97 1.702 0.3209 68.36 1.166 0.6208 null null null 

null null null null null null null null null 
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Appendix C.1: Implementation of non-linear window based model on MATLAB/Simulink© 

Detailed implementation of the approach is not shown here. 
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Calculation of the two separate contribute

of storage and cycling aging.
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Storage aging calculation for capacity and resistance,

according to the following equations:

deltaC = [a1*exp(-a2/Temp)*exp(a3*Volt)]*sqrt(time)

deltaR = [a1*exp(-a2/Temp)*[a3*Volt^2+a4*Volt+a5]]*sqrt(time)
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Storage aging calculation for capacity and resistance,

according to the following equations:

deltaC = [a1*I^2+a2*I+a3*I*DOD+a4*DOD^2+a5*DOD+a6]*(Ah)

deltaR = [a1*I^2+a2*I+a3*I*DOD+a4*DOD^2+a5*DOD+a6]*sqrt(Ah)
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Appendix C.2: Implementation of linear window based model on MATLAB/Simulink© 
Detailed implementation of the approach is not shown here. 
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Cycling Calculation: 
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Appendix C.3: Implementation of adaptive characteristic-map on MATLAB/Simulink© 
Detailed implementation of the approach is not shown here. Only the implementation at storage condition is shown here.  
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For storage condition:
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   Calculation for storage: 
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   Calculation for storage: 
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Appendix C.4: Implementation of Recalibration-NLMS on MATLAB/Simulink© 

Detailed implementation of the approach is not shown here. 
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Appendix C.5: NLMS filter code for embedded MATLAB© function 
 
function [y1,e1] = fcn(model,desired) 
%#codegen 
% clear all 
% close all 
sysorder = 5 ; 
inp=model; 
d =desired; 
totallength=length(d); %size(d,1); 
 %taking 60 points for training 
M=60 ;   
%beginning of algorithm 
w = zeros (sysorder, 1); 
e = zeros (60, 1); 
%y = zeros (sysorder, 1); 
u = zeros (sysorder, 1); 
e2 = zeros (629, 1); 
y2 = zeros (629, 1); 

  
for k = sysorder : M  
    index = k; 
     for i = 1:sysorder 

          
       if index >= k-sysorder+1 
          u(i) = inp(index); 
          index = index-1;         
       end 
     end 

            
       y= w' * u; 
       e(k-4) = d(k-4) - y ; 
       mu=0.95*2/(5*(0.001+var(u))); 
       w = w + mu/ (0.001+u'*u) * u * e (k-4);  
end  

 
%checking of results 

  
for p =  M+1 : totallength 
    index = p; 
    for i = 1:sysorder 
       if index >= p-sysorder+1 
          u(i)  = inp(index); 
          index = index-1; 

                        
       end 
    end  

   
    y2(p) = w' * u; 
    e2(p) = d(p) - y2(p) ; 
end 


