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Abstract— This paper proposes a method to accomplish the SoC estimation mechanism based on extended Kalman filtering 
(EKF), which adapts to the change in cell characteristics. Therefore it provides accurate estimation over the lifetime of the 
pack on a lead-acid battery. The changes in the behavior of the battery are considered in the proposed SoC estimation 
method which makes it suitable for hybrid electric vehicle (HEV) applications. 
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I. INTRODUCTION 

 
The increasing restrictive automobile standards and 
growing fuel cost force the automobile manufacturers 
to design new vehicles such as hybrid, or electric 
vehicles. The hybrid electric vehicle industry is 
employed with different chemistries and assembling 
techniques to provide higher power and energy 
density. This is achieved through advanced battery 
technology. The efficiency, safety and reliability of 
the battery function can be improved through these 
technologies. The battery’s status need to be updated 
and controlled accurately by the algorithms that are 
designed to perform the functions of battery 
management system (BMS). 
 
The HEV BMS can communicate with the vehicle 
controller. It measures the physical quantities of cell, 
such as cell voltage, current and temperature, and 
manages cell balancing. The energy capability of a 
battery depends on discharge/charge current, 
Columbic efficiency losses, temperature, battery age, 
cut-off voltage, and service history (previous charge 
and discharge). Therefore, many techniques have 
been proposed to update the SoC of a cell or battery. 
The battery’s life time can be predicted by estimating 
its capacity. The adaptive parameter-updating 
approach is discussed in to estimate the battery 
capacity. This algorithm increases the accuracy to 
less than 5% error. Modified OCV–SoC relationship 
is discussed in to estimate the State-of-charge and 
capacity of lithium-ion battery. Kalman filter 
algorithm has been implemented in to obtain the 
relationship of Lithium ion battery SOC and OCV. 
The brief description about adaptive extended kalman 
filter is explained in. Health-conscious power 
management in PHEVs through electrochemical 
modeling and stochastic control is presented in. The 
cell balancing and other application using SoC 
estimation is explained in. The modeling of lithium 
polymer battery is discussed in. The SoC estimation 

of lithium polymer battery using extended kalman 
filter is explained in. 
 
This paper covers the dynamic estimation of SoC 
using extended kalman filter in lead acid battery.  
 
II. ATTERY MODEL 
 
A brief overview of the RC battery model is 
presented in this section. RC model consists of a Bulk 
Capacitor  to characterize the ability of the battery to 
store charge, Surface Capacitor to model surface 
capacitance and diffusion effects within the battery, 
Terminal Resistance, Rt, Surface Resistance, Rs and  
End Resistance, Re. 
 
Initial parameters of the cell are pre-calculated using 
open-circuit voltage (OCV) test that is performed 
upon successive discharges of the battery. The RC 
model voltages below are used for Extended Kalman 
filter calculation. 
 
Vt – Terminal voltage 
Vcs- voltage across Bulk Capacitor   
Vcb- voltage across Surface Capacitor 
 
Voltages and currents describing the characteristics of 
RC model of lead acid battery, shown in Fig. 2.1, are 
given by 
 
Vt=IRt +IbRe + Vcb    (1a) 
Vt=IRt+IsRs+Vcs   (1b) 
 
Equating (1a) and (1b) 
    IbRe= IsRs+Vcs- Vcb  (2) 
 
From Kirchoff’s laws, 
Ib(Re+Rs) = IsRs+Vcs- Vcb  (3a) 
Ib=V̇  C    (3b) 
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Fig.1.1 RC battery model 

 
Differential equations of the RC model shown in Fig. 
2.1 are calculated using the equation (3b) and is given 
in equation (4a), (4b) and (4c). 
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Here an extra state α=1/Cbulk is added into the model 
state space. We assume that the rate of change of 
Cbulk, over a sampling interval, is negligible, ie. dα/dt 
= 0. Therefore, we have new state-space description 
of the network as 
 
 X = F(x, u) Y = C(x) 
  X =[V  V  V  α]         
F(x,u)= [f  f  푓  푓 ]T 
where x is the state vector 
퐶(푥) = 푉 , u= I,   
푥1= 푉   푥2=푉      푥3=푉    푥4=α   α= 

 
  

 
푓   =  +  +                                                      
(5a) 
 
푓  =  +  +                            

(5b) 
 
푓  =   [ +  ]  +  [ +  ]  

    + [ + −    ]                             

(5c) 
푓 = 0 (5d) 
 

The equations (5a), (5b), (5c) and (5d) are calculated 
to form the Jacobian matrix. 
 
III. IMPLEMENTATION 
 
The functional block diagram of Battery Management 
System is shown in fig.2.1 

 
Fig.2.1Block diagram for BMS 

 
When the vehicle is turned on, the voltage and current   
values gets initialised. 
   
Fig.3.2 represents the application of extended kalman 
filter in improving the battery performance by 
accurately estimating the state of charge 

 
Fig.2.2 Block diagram for improvement of battery 

performance 
 

In order to estimate the SoC using EKF, Jacobian 
matrix is formed to linearize to the current operating 
point x0 and u0. 
 
훿̇ =퐴  훿 + 퐵 훿   (6a) 
 
훿 = 퐶 훿  (6b) 
 
From the equations (5a), (5b), (5c) and (5d), jacobian 
matrix is formed and is given in equation (7) 
 

A=
푎 ⋯ 푎
⋮ ⋱ ⋮
푎 ⋯ 푎

        (7) 

 
  
Where 
푎 =−  푎 =     푎 =0 푎 =  
 
푎  =   푎 =     푎 =0  푎 =0 

 
 푎 =   +  푎 =0 푎 =    –  

 
 푎 =  
 
 푎 =0 푎 =0 푎 =0 푎 =0 
 
and 
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퐵 = [      b   0]T            
 (8) 
Where 
 b =   

 
 -    +  

 
 

 
Ultimately, C= [0 0 1 0] 
    
The recursive EKF algorithm is implemented with the 
predictor/corrector stages and is shown in fig.3.3 
 

 
Fig. 3.3 Recursive EKF algorithm 

  
The procedure of Extended Kalman filtering 
algorithm can be of two parts: 
1. Prediction 
2. Correction  
From the battery terminal voltage, the covariance 
matrix of the measurement noise can be estimated. 
From the square of the root-mean-square (rms) noise 
at each cell the variance is obtained. And this is 
assumed to be independent and have Gaussian 
distribution. As each battery has different 
characteristics the initialization of the covariance 
matrix describing the disturbances on the plant (Q) is 
complicated as there are limitations in model 
inaccuracies and system disturbances. A sharp choice 
of Q is obtained from experimental studies under the 
assumption that there is no correlation between the 
noise present and the elements of σk on each 
battery’s voltage transducers, which leads to a 
diagonal Q. The initial covariance matrix P0 together 
with Q and R are   chosen to be 
 

 
 

IV. SIMULATION RESULTS 
 
A. Extended Kalman Filter  
 Initial parameters used for the simulation are given 
in the table.1 

 
Table 1 Initial parameters for battery model 

PARAMETER VALUE 
Cbulk 2100F 
Csurface 0.5F 
Rt 0.0625ohm 
Rs 0.375ohm 
Re 0.375ohm 

             
The recursive nature of extended kalman filter allows 
for efficient real-time processing. Therefore, 
extended kalman filter will continue to play a very 
important role in Battery Management Systems. The 
SoC estimation using extended kalman filter is 
simulated and is shown in fig.4.1 and fig.4.2 
 
The fig.4.2 (a), (b) and (c) represent the state of 
charge, current and voltage of the battery calculated 
by MATLAB. The fig 4.2(d) and (e) represent the 
open circuit voltage and SoC as found using extended 
kalman filter in MATLAB. 
 

 
Fig.4.1. SoC estimation using EKF 

 

 
Fig.4.2 output of EKF 

   
  Using coulomb counting, the SoC is calculated by 
measuring and integrating the battery current with the 
time. The simulation for the estimation of SoC using 
coulomb counting in MATLAB is given in Fig.4.3. 
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Fig.4.4 represents the output of state of charge using 
coulomb counting. 

 
Fig. 4.3. SoC using Coulomb counting. 

 

 
 

Fig.4.4. Output of Coulomb counting. 
 

 The result of Extended kalman filter is compared 
with the standard Coulomb counting. Fig.4.5 
represents the comparison of extended kalman filter 
with coulomb counting. Fig.4.6 represents the error 
percentage and it is found to be less than 2%, where 
the adaptive parameter-updating approach has the 
error of 5% [1].  

 
Fig.4.5. Comparison of EKF and coulomb counting 

 

 
 

Fig.4.6. percentage error. 

The battery performance can be improved by charge 
scheduling and cell balancing technique. Hybrid 
vehicle charges and discharges the battery based on 
the SoC present in the battery. The life time of the 
battery pack can be extended significantly by 
effective scheduling of battery charge, discharge, and 
rest activities. The charge scheduling is shown in 
fig.4.7. If the SoC exceeds 25%, discharging is 
allowed and if it falls down 25%, discharging is 
terminated.  Here two cases are considered: Case (i): 
with SoC 50 %; Case (ii): with SoC 20%. 
 
Fig.4.8 represents the graph for SoC 20%. Since the 
SoC is below 25%, discharging is terminated and the 
SoC remains the same. 
 
Fig.4.9. represents the graph for 50%. Since the SoC 
is above 25%, discharging is allowed and the SoC 
decreases as the discharging takes place. 
 
The perfect charging and discharging schedule 
increases the life-time of the battery. Over-charging 
and over-discharging are very dangerous. Therefore, 
battery performance can be improved by charge 
scheduling. 

 
Fig.4.7 Charge scheduling 

 

 
Fig.4.8 output when SoC is 20%. 

 

 
Fig. 4.9 output when SoC is 50% 
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B. Cell Balancing 
  
Cell balancing is requied for better utilization of the 
stored energy in Lead acid battery. Fig.4.10 clearly 
explains the need for cell balancing. 
 

 
 

Fig.4.10. balanced and unbalanced cells. 
    
The cell balancing can be done by active or passive 
method. The simulation for active cell balancing is 
shown in fig.4.11. Cells with high SoC are discharged 
by a resistor. Reduntant  charge is dissipated as heat. 
This is simulated using PSIM. Fig.4.12 represents the 
SoC of both balanced cell and unbalanced cell.  The 
SoC of unbalanced cell is balanced by discharging the 
over charge.  
 

 
Fig.4.11 simulation for cell balancing in lead acid battery 

 

 
Fig.4.12. output for cell balancing 

 
 
 
 
 
 

 
 
 
 

CONCLUSION 
 
In this paper, RC model for lead-acid batteries has 
been presented, and then an EKF-based algorithm has 
been developed to estimate SoC The proposed 
method can accurately model the dynamic behavior 
of the battery which improves the battery 
performance in HEV application 
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