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 The usage of batteries in recent years has become widespread in many fields 
e.g. in electric vehicles, energy renewable and stand-alone systems which 
require a robust approach for estimation of the state of charge (SOC). The SOC 
represents an important factor to guaranty safe operations. A lot of methods 
have been used to predict the state of charge. The coulomb counting method 
is the famous and widely used among them, but have limitation due to its 
accuracy. Another used approach is the Kalman Filter, which improves the 
estimation efficiency, to reach a good performance in SOC prediction. 
The version of adaptive extended Kalman filter (AEKF) technique is applied 
in this paper. This paper presents an experimental performance of technique 
of Kalman filter, for solving the problem of accurate SOC. The method is used 
to compute the terminal voltage in such a way to estimate the SOC. 
The proposed algorithm is based on preselected Thevenin model after the 
identification of its parameters. It has been used to predict the SOC based on 
nonlinear equations, and evaluation of the approach is verified with the 
experimental results. The final results signify that the estimation matched with 
the proposed model and the algorithm is performed optimally, thus the 
maximum soc estimation error is the finest.
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1. INTRODUCTION  

In recent years, applications of the battery become widespread because it is friendly to the 
environment. Many advantages are available in energy transforming from battery, which provides benefits in 
stakeholders and integration of renewable sources including solar and wind. The main objective of renewable 
sources is to take advantages of a question of reliability of the systems supply, bring vitality to the demand 
response of electric storage, and also addressing the issues of eco-friendly and economic [1, 2]. 

Due to the modern technologies used in making the batteries and the interest in energy storage 
techniques and trying to lower the price of the solar panels, the reliability of the electronic energy can be 
improved by the usage of the energy of the battery. In addition, the battery storage devices response in a short 
period of time. Hence, they can be distributed in various sizes and also can be evaluated by fast control  
systems [3].  

In batteries, the electrical energy come from generating a direct current through chemical reactions. 
The cell acts as a storage device since it is influenced by the internal and external factors such as temperature 
and the electronic load. A mathematical model of the battery is necessary to match the chemical reaction into 
electrical behaviour which makes the battery simple to use in embedded systems, thereby for more robust in 
estimation [4].  
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In the literature, various methods are proposed for SOC estimation. Each technique is different in 
accuracy than others but, the most are complicated or expensive. The main goal of this paper is to design a 
system capable to estimate the SOC of a battery, simple and costless. SOC estimation method using 
spectroscopy of the impedance [5] is a very expensive approach, because it needs impedance meter, a discharge 
test under controlled conditions. The open circuit voltage (OCV) [6-12] or the internal resistance [13] method 
require a relaxation period of time to reach the equilibrium voltage after disconnecting from the system in each 
step, and the estimation due according to the relationship between the OCV and the SOC. The coulomb 
counting [14-16] is the most popular method. It uses the current integral over time, is simple and needs fewer 
complex computations. However, this method has the disadvantage of cumulating the errors due to  
uncertain disturbances. In literature exist a lot of algorithms of intelligence, such as artificial neural networks 
(ANN) and fuzzy logic [17-19] which have been also employed to estimate the SOC. These methods do not 
require an initial knowledge about the battery; thus, they support all types of batteries. They have been applied 
and gave excellent estimation. However, it is time consuming and impossible the training data cover all the 
possible loading conditions. 

Numerous efforts have been concentrated on model-based for estimation, including The Kalman filter 
(KF) [20-23] and sliding mode observer [24, 25]. These methods are self-correcting and require a high 
computation. They are more popular, suitable for tracking, and applicable for online estimation. There are a lot 
of versions of the Kalman filter, to expand for nonlinear systems the extended KF (EKF) [26-28], unscented 
KF (UKF) [29-32] or the adaptive extended KF (AEKF) [33, 34] have been developed. The AEKF algorithm 
is an algorithm strongly depends on the predetermined variables of the model battery, such as system noise, 
covariance matrix. It is updating iteratively the process and measurement noise covariance. 

The present paper is based on the first order equivalent circuit model of an AEKF algorithm to predict 
the SOC. A Lead Acid battery is carried out for the experimental data. To evaluate the performance of the 
estimation, the battery tested with various C-rate pulse discharges and a simple discharge that result in 
estimation and model based stochastic observer to enhance the estimated SOC against the errors and challenge 
of reduce the error covariance. The obtained results prove that tracking accuracyof AEKF-based model for the 
terminal voltage and the estimation of the SOC are excellent. 

In this paper, an adaptive algorithm (AEKF) based on combined battery equivalent circuit has been 
proposed for SOC estimation. The main advantage of the AEKF is that the accuracy of estimation is ensured 
in the presence of modeling errors and parameters uncertainties. This is achieved by dynamically adjusting the 
covariance of measurement and error while guaranteeing the prediction of states, thereby enhancing the SOC 
estimation robustness.  

The rest of this paper is outlined as follows: In the coming section, an overview of the battery model 
selected, and then we explain the parameterization of the proposed model. In section three, the description of 
the SOC estimation based on AEKF where the algorithm clarified. A discussion of the experimental results is 
then illustrated in section four. Finally, the conclusions of the paper are given in the last section. 
 
 
2. BATTERY MODEL  

There are several factors that affect the operation of a battery, the main aim of modelling the cell is to 
predict the behaviour of it by setting that factors in consideration. There are a wide of variety of models with 
differences degree of complexity, the simplest models are the mathematical models based on simple relations. 

To estimate the SOC, the battery is considered as a nonlinear system which has its own dynamics, can 
be represented by a state space form, their parameters can be calculated as follows: 
 

𝑥 𝑓 𝑥, 𝑢 𝑤 
𝑦 𝑔 𝑥, 𝑢 𝑣 (1) 

 
where 𝑥 represents the state vector such a SOC, it affected by the system input 𝑢 , which significant the current 
operation of the system. And 𝑦  is denoting the measurable output of the system. Also, the 𝑤  is representing 
the noise which affects on the system state, in opposition, the 𝑣 does not affect on the system but it reflects in 
the output measurements. In different way, 𝑤  and 𝑣  are the white Gaussian  noise with zero mean and 
covariance 𝑄  and 𝑅 respectively , 𝑓 𝑥, 𝑢   and 𝑔 𝑥, 𝑢  are two functions links the model to the cell 
specification, moreover the dynamics of the system and the static effects illustrated in (1). 
 
2.1.  Soc definition  

State of charge is a percentage expressing the charge stored in the battery, as a gauge changes in the 
extent of 0<SOC<1. It is calculated by the relativity of instance capacity and the sum of upcoming and 
incoming Amperes, the ratio of available capacity is given by:  
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𝑆𝑂𝐶  𝑆𝑂𝐶 𝐼 𝑑𝜏 (2) 

 
where 𝑆𝑂𝐶  and 𝑆𝑂𝐶  are the present SOC and the initial value of SOC respectively, 𝐼  is the load current 
(considered positive for discharge and negative for charge), 𝐶  is the nominal capacity depending on the ageing 
of the battery and which may differ from the rate of discharge. The (2) also can transform into discrete time as 
follow:  
 

𝑆𝑂𝐶 𝑆𝑂𝐶 ,  
 (3) 

 
where, Δt  is the sampling time in predefined period, the (3) gives a basis to calculate the SOC with known 
inputs and outputs at sampling time Kth in state equation format, which is an additional component in the state 
vector used to build the model of the battery.  
 
2.2.  State space model  

Physical explanation can be expressed by electrical circuit components and include also the dynamics 
effects of the battery, various models used to fit the real experiment results, due to the chemical reaction and 
the effects of relaxation, all models required precision and suitable behaviour. To build an accurate model 
which fit all the data of experiment and the several changes, the first order equivalent circuit model (Thevenin 
Model) is illustrated in Figure 1.  
 
 

 
 

Figure 1. Schematic of the first order model 
 
 

The battery model selected is formed by a branch of parallel resistor and capacitor combination 𝑅 , 
𝐶  respectively simulate the polarization and the transient dynamics, an OCV is the battery open circuit voltage, 
and a resistor 𝑅  represent the ohmic resistance of the electrolyte and electrode, finally 𝑉  is the battery terminal 
voltage. The schematic equivalent circuit can be expressed be equations as followsb (4) and (5):  

 
𝑉 𝑂𝐶𝑉 𝑅 𝐼 𝑉  (4) 
 

𝑉  (5) 

 
The model can suit a good quality if the parameters are calculated accurately from the test data. To 

identify the parameters, a specific test conducted. 
In order to apply the battery model selected in AEKF algorithm, the battery equations converted as 

state-space equations, in this transformation, the SOC and the voltage across the branch 𝑅 𝐶  are chosen as 
the state variable. SOC is expressed as (2). The final state equation for first order equivalent circuit model can 
be formulated as represented in (6) and (7). 

 
𝑥 𝑆𝑂𝐶 𝑉  (6) 
 

𝑥
0 0
0 𝑥 𝐼  (7) 

 
After the transformation to the state-space equation at time step 𝑘, the governing equations of the 

whole system can be denoted as (8) and (9) by involving the interval of time ∆t: 
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𝑥
1 0
0 1

∆ 𝑥

∆

∆ 𝐼 ,  (8) 

 

𝑉 ,       1 𝑥 𝑅 𝐼 ,  (9) 

 
2.3.  Parameters extraction  

For the first order equivalent circuit model indicated in Figure 1, the value of parameters {𝑅 , 𝑅 , 𝐶 } 
and the relation between OCV and SOC must be determined first. In order to identify these parameters, some 
experience carried out in a lead-acid battery. In this paper, 12V, 22 Ah lead acid battery is used. An electronic 
load with specific amperage and power is used to discharge the battery. An Arduino mega 2560 was used as a 
data acquisition card to collect and store the measurement data to the computer. Matlab/Simulink has utilized 
the battery data obtained from Arduino (Figure 2). The sampling rate is set to 1 second; a higher sampling rate 
is not preferable because of the memory space. 

In this paper, the battery tested is conducted for the modeling purpose firstly, thereby the first test is 
the pulse discharge experiment. The test is settled in order to extract the transient response and the behavior of 
the battery. The pulse discharge test involves sequences of discharging current and rest period of time as 
presented in Figure 3. 

A battery testing bench is constructed to settle the experiment, and it consists of a power supply, 
electronic loads and switches for safety. The testing platform is illustrated in Figure 2. The testing prototype 
can control charging / discharging battery, the data sampling stored into PC host via interface program designed 
by using the MATLAB/Simulink software. 

At the beginning of the experiment, the battery is fully charged, and then the battery is discharged 
with a specific constant current 1C to reduce 10% of the state of charge. After that, the battery is taken to rest 
for a period of time to reach its equilibrium voltage before the next discharge. The cycle of discharge-rest 
repeated until the battery voltage drop to 10.5V. Various currents of C-rate are used to test the dynamic 
behaviour of the battery. 
 
 

 
 

Figure 2. Schematic structure of the experiment  
 

 

 

 

Figure 3. Voltage and current profiles for the pulse discharge test 
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2.4.  OCV-SOC relationship 
At the equilibrium state, the terminal voltage defined as the open circuit voltage of the battery. The 

value of SOC is related to the value of OCV. In this work, the OCV is defined from the test pulse discharge 
when the battery has a relaxation time. The relationship between OCV and SOC is presented in Figure 4. As 
shown in the illustration has a curve within the SOC range. 

By using the curve fitting toolbox in Matlab, a polynomial of the sixth-order equation can be expressed 
that relationship as denoted in (10) and its parameters are listed in Table 1. 

 
𝑂𝐶𝑉 𝑝 𝑆𝑂𝐶 𝑝 𝑆𝑂𝐶 𝑝 𝑆𝑂𝐶 𝑝 𝑆𝑂𝐶 𝑝 𝑆𝑂𝐶 𝑝  (10) 
 
 

Table 1: Parameters of (10) 
Coefficients Value

p1 
p2 
p3  
p4  
p5   
p6

10.897 
-18.852 
13.692 

-10.089 
6.9317 
9.9758

 
 

 
 

Figure 4. The relationship between open circuit voltage and state of charge 
 
 

2.5. Series resistance and RC branch  
The transient voltage response for pulse discharge and rest are presented in Figure 5. The series 

resistance can be calculated in the pulse discharge, when the current flow into the battery. And there are a shut 
down on the potential from the open circuit voltage as shown in Figure 5(a). The equation can be  
expressed as (11) [24]: 

 

𝑅 𝑚𝑜𝑦   (11) 

 
when we compare the obtained value of 𝑅  with the value given by the manufacturer, we observe that the value 
is changed and there is a difference than the fresh battery. The comparison between them helps us to know the 
state of health of the cell. 

To obtain the more accurate model, the parameters must all predefined offline. The identification of 
the branch parallel RC can be improved by metaheuristic algorithms or by genetic algorithm. In this paper,  
a Firefly algorithm [35] is used to find the optimal τwith the objective function:  

 
min 𝑓 𝑥

𝑓 𝑥 ∑ 𝑉 , 𝑉 , 𝑥
 (12) 

 
where x is the predicted value of the current population at x  generation at g and j is the current position of the 

individual. Moreover, Nis the estimation length. V , represent the estimated value of the terminal voltage. 
Where,  τ . Or we can choose to estimate the capacitance as:x  τ/R . As illustrated in Figure 5(b). 
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(a) (b)
 

Figure 5. Transient voltage response; (a) for pulse discharge, (b) pulse of discharge Current. 
 
 
3. AEKF ESTIMATION APPROACH  

The Kalman filter is a mathematical function provides estimating states with iterative steps, in a way 
to minimize the mean squared error. This technique has been providing performance efficiency in the field of 
estimation parameters and the state transition. It has been used in multiple tracking domains. 

The state space model of the battery noted in (10) and (11) are used to predict the SOC. Since the EKF 
has been a designed for nonlinear system as expressed in (14), where the k is the time sampling, x  is the 
nonlinear state,u  and y  are the input and the output respectively. 

 
𝑥 𝑓 𝑥 , 𝑢 𝑤

𝑦 𝑔 𝑥 , 𝑢 𝑣
 (13) 

 
where, the 𝑤  and 𝑣  are discrete processnoise with covariance matrices Q and R respectively. 

In this paper, the nonlinear state is denoted as (8), the battery current has been defined as the input, 
and the terminal voltage has been defined as the output. For nonlinear system the Jacobean matrix of partial 
derivatives is applied on function 𝑓and𝑔 , state space equations are transformed as (16). 

 
𝒙𝒌 𝟏 𝐴 𝒙𝒌 𝐵 𝑢 𝑤

𝒚𝒌 𝐶 𝒙𝒌 𝐷 𝑢 𝑣  (14) 

 
And the matrices 𝐴 ,𝐵 ,𝐶  and 𝐷  are:  
 

⎩
⎪⎪
⎨

⎪⎪
⎧𝐴  

,

𝐵  ,

𝐶  
,

𝐷  ,

 (15) 

 
As expressed in (10) and (11), the matrices can be rewritten as represented in (16) - (19) respectively. 
 

𝐴
1 0
0 1

∆  (16) 

 

𝐵

∆

∆  (17) 
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𝐶     1  (18) 

 
𝐷 𝑅  (19) 

 
𝐴  and 𝐶  are the derivative matrices of the function 𝑓 𝑥, 𝑢  and 𝑔 𝑥, 𝑢  respectively to the state 

vector. 𝐵  and 𝐷  are the derivative matrices of the system input of the two function respectively. a good fitting 
of the Kalman filter is depending on the 𝑄  and 𝑅  matrices covarianceof processand measurements noises. 
So, bad initial noise information will cause a fail performance and badestimation. 

The initialization of AEKF algorithm is expressed in follow:  
 

K=0; 
𝑥 𝐸 𝑥  
𝑃 𝐸 𝑥 𝑥 . 𝑥 𝑥  (20) 
𝑥 𝑥 𝑥 ∆𝑡 

 
the computation of AEKF consists of six steps.  
(i) Innovation: 
 

𝑒 𝑦 𝑔 𝑥 , 𝑢  (21) 
 
(ii) Adaptivelaw: 
The covariance has been iteratively updating. 𝑄  and 𝑅  have been estimated respectively. 
 

𝐻 ∑ 𝑒 𝑒  (22) 

 
𝑅 𝐻 𝐶 𝑃 𝐶  (23) 

 
(iii) State estimation covariance  

 
𝑃 𝐼 𝐴 ∆𝑡 𝑃 𝐼 𝐴 ∆𝑡 𝑄  (24) 

 
(iv) Kalman gain  
 

𝐾 𝑃 𝐶 ∗ 𝐶 𝑃 𝐶 𝑅  (25) 
 
(vi) State estimate update 
 

𝑥 𝑥 𝐾 𝑒  (26) 
 
(vii) Update state covariance  
 

𝑄 𝐾 𝐻 𝐾  (27) 
 
𝑃 𝐼 𝐾 𝐶 𝑃 𝐼 𝐾 𝐶 𝐾 𝑅 𝐾  (28) 

 
where I is identity matrix. In this step, error covariance is estimated and updated. The computing is then 
repeating again from (i) to (vii) until reach all the collected data. 
 
 
4. RESULTS AND VALIDATION  

In this section, the sate space equations for the first order equivalent circuit model are applied for the 
prediction of SOC. The validation of AEKF state of charge estimation is checked by the comparison of the 
experimental SOC and the estimated SOC. In this part, the experiment SOC is measured by counting coulomb 
method as denotedin (3). The method is tested with predefined value of SOC. 
 
4.1.  Initial condition and noise covariance  
 The initial value of the state (𝑥 ) has been shown randomly, the error covariance (𝑃 ), and process 
noise covariance (Q). Also, the sensor error covariance (R), all are chosen as cited in follow:  
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⎩
⎪
⎨

⎪
⎧

𝑥 60 0

𝑃 100 0
0 0.01

𝑄 0.001 0
0 0.001

𝑅 0.02

 (29) 

 
4.2.  Validation of AEKF state of charge estimation  

A discharge test has been carried out to evaluate the performance of the designed AEKF SOC 
estimation. The experiment values of the SOC are checked to the estimated illustrated in Figure 6 (a). 
Moreover, the initial SOC for the algorithm has deflected to the real SOC. The algorithm is already able to 
estimate the accurate value of SOC in a short time. In addition to, the model output from the AEKF prediction 
is also excellent in tracking and suit the measurement value of the battery terminal voltage as presented  
in Figure 8(a). 

The AEKF technique furthermore validates the pulse discharge tests. The comparative analysis shows 
the good tracking and matching between experiment and simulated results. The results of simulation and 
experiment for the pulse discharge test are shown in Figure 6(b), Figure 6(c), Figure 6(d) respectively to the 
rate of discharge of 0.4C, 0.5C and 1C. 
 
 

(a) (b)

(c) (d)
 

Figure 6. Comparison between experimental SOC and AEKF estimated SOC; (a) discharge test, (b) 0.4C 
pulse discharge test,(d) 0.5C pulse discharge test, and (d) 1C pulse discharge test. 

 
 

The results we obtained with AEKF SOC estimation very excellent and appears clearly that the 
estimation close to the real measurement of the SOC. The algorithm gives a better performance, and the results 
are very interesting as illustrated in Figure 7, the error is less than 2%. Moreover, it is very accurate towards 
the measurements noise and poor initialisation of the SOC. 
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Figure 7. The error of estimation of the SOC for a pulse discharge of 0.5C 
 
 

By comparing these two results of tracking the output of experiment and the algorithm, we find that 
the AEKF can reach almost the same asthe experiment and are very close to each other. As presented in Figure 
8(b), Figure 8(c) and Figure 8(d). By comparing these two results of tracking the output of experiment and the 
algorithm, we find that the AEKF can reach almost the same asthe experiment and are very close to each other. 
As presented in Figure 8(b), Figure 8(c) and Figure 8(d). By comparing these two results of tracking the output 
of experiment and the algorithm, we find that the AEKF can reach almost the same asthe experiment and are 
very close to each other. As presented in Figure 8(b), Figure 8(c) and Figure 8(d). 
 
 

(a) (b)

(c) (d)
 

Figure 8. Comparison between experimental and simulated terminal voltage; (a) discharge test,  
(b) 0.4C pulse discharge test, (d) 0.5C pulse discharge test, and (d) 1C pulse discharge test. 
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The importance of this model that is evident under dynamic condition. And the battery operates always 
under a dynamic condition of current or temperature. In fact, the adoption of this algorithm proposed with 
Thevenin model allows us to predict the terminal voltage with better accuracy, actually the error of estimation 
about 4%, as presented in Figure 9. 
 
 

 
 

Figure 9. Error of estimation of the terminal voltage for pulse discharge 0.5C current 
 
 
5. CONCLUSION  

This paper presents a brief performance of the AEKF algorithm for solving the optimal estimation of 
the state of charge problem for battery tracking terminal voltage with the objective of improving the output 
voltage prediction. The technique of estimation and the extraction of the model parameters operates with 
nonlinear equations in the way to use the first order equivalent circuit model. 

In order to obtain a robust model for control. From many techniques cited in literature, the proposed 
technique is simple and could be applied to predict and update the parameters of the model. Thus, the possibility 
to get a strong model fit the experimental data, deal with dynamic conditions, costless and easy to implement. 

The algorithm has been tested and performed, showing good suitable results.The simulation results 
approaching to the experimental data which validate the method. Moreover, the simulation of SOC error always 
less than 2% which demonstrate that the purposed method has been used for the estimation well robust and 
accurate, in addition, adopted as self-correction capability to initial errors. 
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