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ABSTRACT - Lead-acid batteries are widely used in conventional internal combustion 

engine vehicles, and some electric vehicles.  In order to improve the longevity, performance, 

reliability, density, and economics of batteries, a precise state of charge (SOC) estimation is 

required.  Kalman filtering is one of the techniques used to determine the SOC.  For a 

nonlinear battery model, nonlinear Kaman filters such as an extended Kalman filter and a 

sigma point Kalman filter are used.  However, these nonlinear Kalman filters that are used in 

other studies are very complicated to apply to lead-acid batteries due to the complex nonlinear 

model of the battery.  In this study, we represent a battery model with simple nonlinear 

equations, which can represent the battery dynamics for a non-zero battery current.  Then, we 

applied an extended Kalman filter (EKF) method to estimate the SOC of the battery.  As a 

result of that, we proved that the EKF can effectively estimate the SOC using the simple 

nonlinear battery model. 

 

TECHICAL PAPER 

 

I. INTRODUCTION 

 

Lead-acid batteries, invented in 1859, are the oldest type of rechargeable battery [1].  Lead-

acid batteries are still widely used in electrical systems such as conventional internal 

combustion engine vehicles and some electric vehicles.  To improve the longevity, 

performance, reliability, density, and economics of batteries, an accurate state of charge 

(SOC) estimation is necessary [3].  For these reasons, several methods for SOC estimation 

have been developed including coulomb counting, open circuit voltage methods, impedance 

spectroscopy, electro-motive-force methods, fuzzy logic, and Kalman filters [1].  Among 

these SOC estimation techniques, a Kalman filter can estimate the SOC dynamically using a 

battery model [2].  For a nonlinear battery model, nonlinear Kalman filters have been applied 

such as an extended Kalman filter (EKF) [3-6] and a sigma-point Kalman filter [7, 8]. 

 

However, the nonlinear battery models have complex nonlinear equations in SOC estimation 

methods using the nonlinear Kalman filter [4-8].  For this reason, the SOC estimation 

algorithm cannot be easily implemented in practice.     

 

In this study, a nonlinear battery model is represented by simple nonlinear equations.  This 

simple nonlinear battery model can effectively show the battery behavior.  By using this 

nonlinear battery model, the SOC of the battery was determined by the EKF with an 

estimation error of ± 5%.  Therefore, the simple nonlinear battery model and the SOC 

estimation algorithm using the EKF can be implemented in practice.   

     



II. BATTERY MODEL 

 

Battery Model Structure 

 

In order to apply the EKF to the SOC estimation, a nonlinear battery model is required.  In 

this study, the zero-state hysteresis model structure was used for a discrete lead-acid battery 

model [4, 5].  Equations (1-2) represents the zero-state hysteresis model structure. 
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Where, s is the SOC state, i is the battery current, y is the battery terminal voltage, R is the 

battery internal resistance, H is the hysteresis value, and h is a hysteresis constant to represent 

the sign of the hysteresis effect according to the current.  For some ε sufficiently small and 

positive, 
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In addition, ηi is the columbic efficiency (ηi = 1 for discharge, and ηi ≤ 1 for charge), T is the 

sampling period, C is the nominal capacity, and  w and v are independent, zero-mean, 

Gaussian noises for process and measurements, respectively. OCV(sk), the open-circuit 

voltage as a function of  SOC, can be computed as 
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Experiments 

 

A lead-acid battery with a nominal voltage of 8 V and a nominal capacity of 100 Ah was 

tested.  For this test, an electronic load was used at room temperature.  This electronic load 

can consume the battery current with an accuracy of ±0.3%.  The battery terminal voltage and 

current were measured by a DAQ system, using Labview
®
 from National Instruments. 

 

The battery was tested on two types of current profile.  These current profiles are shown in 

Fig. 1 and 2.  In the each type of current profile, the battery was discharged or charged based 

on the constant current pulse and rest sequences.  For the discharge, the battery was 

discharged from 100 down to 10 A.  For the charge, the battery was charged from 100 down 

to 10 A.  The positive current means the discharge, and the negative current means the charge.  

According to the discharge and charge current profiles, the battery terminal voltage was 

decreased and increased, respectively.  These battery terminal voltage profiles are shown in 

Fig. 3 and 4.  Furthermore, SOC profiles of battery were obtained by Ah counting method.  

Figure 5 and 6 show these SOC profiles of battery based on the discharge and charge current 

profiles. 
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Fig. 1  Discharge current 
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Fig. 2 Charge current 
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Fig. 3 Discharge voltage 
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Fig. 4 Charge voltage 
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Fig. 5 Discharge SOC 
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Fig. 6 Charge SOC 

 

Model Parameter Identification  

 

Model parameters were determined by applying the least-square method.  For using the least-

square method, the battery model output equation can be represented as a regression model as 

shown in Eq. (5). 
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Here, i
+
 and i

-
 are the discharge and charge currents, respectively, where ik

+
 is equal to ik if ik 

> 0, ik
-
 is equal to ik if ik < 0. Otherwise, i

+
 and i

-
 are zero.  Likewise, R

+
 and R

-
 are the battery 

internal resistances for discharge and charge, respectively.  For N number of observations, Eq. 

(5) can be written as 
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where Y = [y1, y2,…, yN]
T
 and Ф = [φ1

T
, φ2

T
,…, φN

T
]

T
.  As a result, the parameters can be 

obtained from θ = (Ф
T
Ф)

-1
Ф

T
Y for a non-singular (Ф

T
Ф).  For this determination of 

parameters, each observation in which the current was not zero was considered, because the 

zero-state hysteresis model cannot represent the slow variation of the effect of the time 

constant when the battery current is zero.  Table 1 shows the values of the parameters used.  

For these parameters, the modelling results for discharge and charge are shown in Fig. 7 and 8, 

respectively.  In Fig. 7 and 8, the battery model predicts the battery output voltages with 

respect to the discharge and charge currents, respectively, whose values are not zero. 

 
Table 1 Battery modelling parameters 

K0 K1 K2 K3 K4 R
+
 R

-
 H 

6.8143 6.4382×10
-5

 3.0301 0.045671 0.076233 -2.3626×10
-2

 -2.5436×10
-2

 -0.56082 
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Fig. 7 Modelling result under discharge 
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Fig. 8 Modelling result under charge 
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Fig. 9 The operation of the extended Kalman filter 

 



 

III. SOC ESTIMATION 

 

Extended Kalman Filtering 

 

Kalman filters are widely used in estimation problems [9].  For the nonlinear battery model in 

this study, the EKF was applied to estimate the SOC of the battery.  The operation of the EKF 

is shown in Fig. 9 [10, 11].  First, the initial state and state error covariance are determined.  

Then, the state and state error covariance are predicted using the model.  After that, the state 

and error covariance are corrected by using the output measurement.  This prediction and 

correction sequence is repeated at every time step except when the battery current is zero.   

The equations in the operation of the EKF are shown in Tables 2 and 3 where  Ak and Ck are 

defined by the following equations: 
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From the battery model in Eq. (1, 2), the EKF time and measurement update equations can be 

computed as follows. 
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SOC Estimation Results 

 

From the experimental data and the EKF model, the SOC of the battery was estimated.   In 

this estimation, the initial values of the state and the state error covariance, the process noise 

covariance, and the measurement noise covariance used are shown in Table 4.  The SOC 

estimation results are displayed in Figs. 10 and 11.  As shown in Figs. 12 and 13, the SOC 

estimation errors quickly converge into the ± 5% error bound.   

Table 2 EKF time update equations 
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Table 3 EKF measurement update equations 
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Table 4 Simulation condition of the SOC estimation 

0ŝ  ,0sCov  
wCov  

vCov  

50 % 1 1 1 
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Fig. 10 SOC estimation result under discharge 
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Fig. 11 SOC estimation result under charge 
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Fig. 12 SOC estimation error under discharge 
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Fig. 13 SOC estimation error under charge 

 

CONCLUSION 

 

In this study, a lead-acid battery was modeled by a simple nonlinear equation.  This nonlinear 

battery model represented the battery output voltage according to the battery current input 

when the current was not equal to zero.  For this simple nonlinear battery model, the SOC of 

the battery was estimated using the EKF.  Consequently, the simple nonlinear battery model 

and the EKF algorithm, which does not consider zero battery current, can effectively estimate 

the SOC. 
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