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Abstract 

In this paper, a novel scheme for the condition monitoring of lithium polymer batteries is proposed, based on the sigma-point 
Kalman filter (SPKF) theory. For this, a runtime-based battery model is derived, from which the state-of-charge (SOC) and the 
capacity of the battery are accurately predicted. By considering the variation of the serial ohmic resistance (Ro

 

) in this model, the 
estimation performance is improved. Furthermore, with the SPKF, the effects of the sensing noise and disturbance can be 
compensated and the estimation error due to linearization of the nonlinear battery model is decreased. The effectiveness of the 
proposed method is verified by Matlab/Simulink simulation and experimental results. The results have shown that in the range of a 
SOC that is higher than 40%, the estimation error is about 1.2% in the simulation and 1.5% in the experiment. In addition, the 
convergence time in the SPKF algorithm can be as fast as 300 s. 
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I.  INTRODUCTION 

 Recently, the development and utilization of renewable 
energy has received a great deal of attention due to 
environmental problems and a lack of fossil resources. As 
renewable energy is increasingly used, the interest in battery 
technologies is also increasing. Batteries are used in the energy 
storage systems for photovoltaic power generation, wind power 
generation, etc., and as an energy source for electric vehicle 
drives and uninterruptible power supplies (UPS) [1]-[4]. 

 For For extending battery lifetime and preventing 
permanent damage, a battery management system (BMS), 
which monitors the parameters and maintains the battery 
performance at an optimal level, is usually needed. The two 
important parameters are the state-of-charge (SOC) and the 
state-of-health (SOH), where the SOC is defined as the ratio of 
the charged energy in a battery to the total energy that can be 

stored in the battery, while the SOH represents the ability of a 
battery to store energy. 
 Direct measurement of the battery SOC is very difficult 
since the SOC is related to chemical states inside the battery. 
Therefore, the appropriate estimation method is usually used. 
For estimating the SOC, several methods have been proposed 
in [5]-[7]. In the current integration method (or ampere 
counting method), the charging or discharging currents are 
integrated [5]. This method is simple, but the estimation error 
is high due to a large accumulation of measurement errors. In 
addition, selecting an initial value accurately is hard. The open-
circuit voltage (OCV) method gives very good performance [6], 
[7]. However, the open-circuit voltage test should be performed 
during the steady state of the battery. Therefore, online 
measurement is impossible. In the impedance measurement 
method [8], instruments for measuring the impedance of a 
battery are required, in which the on-line measurements are 
also difficult. The state estimation method using a Kalman 
filter includes the current integration method and the OCV 
method [9]. In this method, the sensing noise and disturbance 
are considered, so that the recursive algorithm can estimate the 
battery parameters more accurately. The drawback of this 
method is that an exact model is needed for accurate estimation. 

Manuscript received Mar. 25, 2012; revised Jun. 22, 2012 
Recommended for publication by Associate Editor Woo-Jin Choi. 

†Corresponding Author: dclee@yu.ac.kr  
Tel: +82-53-810-2582, Fax: +82-53-810-4767, Yeungnam University 

*LG Electronics, Inc., Changwon, Korea 
**Dept. of Electrical Eng., Yeungnam University, Korea 

***Dept. of Electrical and Computer Eng., Ajou University, Korea 
****School of Electrical Eng., Pusan National University, Korea 



                          Condition Monitoring of Lithium Polymer Batteries Based on …                       779 
 

 

 Although a lot of research results have been presented for 
estimating the SOC, studies for estimating the SOH or the 
available capacity of a battery are not common. The SOH is 
related to the replacement of a battery, in which the SOH 
indicates its aging and deterioration conditions. Studies on 
SOH can be classified into two groups. One group is based on 
the measurement of the battery capacity through the 
discharging test and using the impedance or conductance of the 
battery in comparison with the reference values [10]-[12]. The 
other group is based on the state estimation of a battery using 
an estimation algorithm [13]-[15]. 

 In this paper, the SOC and capacity of a lithium polymer 
battery are estimated, based on a sigma-point Kalman filter. 
First, the parameters of the battery are obtained by tests. Then, 
a battery model with nonlinear characteristics is derived. For 
this model, the SPKF is applied to estimate the state variables 
of the SOC and the capacity. The advantage of this algorithm is 
that the SPKF compensates for the error of the battery model 
and the effect of noise, and reduces the linearization error in 
comparison with the EKF. The effectiveness of the proposed 
method is verified by simulation and experimental results, 
which show that the convergence time of 300 s in the SPKF 
algorithm is faster than that of 500 s in the EKF method. 

II.  MODEL AND STATE EQUATIONS OF LITHIUM 
BATTERIES 

A.  Lithium Battery Models 

 For analyzing battery performance, different types of 
battery models have been developed. First, the electrochemical 
model is appropriate for optimizing the physical aspects and 
investigating the internal dynamics of batteries [16]. On the 
other hand, the mathematical model is not appropriate for 
representing physical characteristics [17]. The circuit-based 
model has often been used [18]-[21] since the battery 
characteristics are represented adequately and it is easy to use 
for analysis and simulation. For the battery model with 
nonlinear characteristics, the calculation time for the estimation 
algorithm increases and the real-time implementation is 
complex. 
  In this paper, the runtime-based battery model is adopted, 
which is shown in Fig. 1 [22]. This model is composed of two 
parts. Firstly, the battery lifetime part consists of a capacitance 
(Ccapacity) and a current source depending on the 
discharging/charging current, which models the capacity of the 
battery. Secondly, the Thevenin-equivalent circuit is composed 
of Voc(Vsoc) which represents the relationship between the SOC 
and the OCV (open-circuit voltage), Ro which represents the 
equivalent resistance, and the R1C1

 

 parallel circuit which 
represents the diffusion and polarization effects. The 
identification of each parameter is described in Section IV. 

B.  State Equations of a Battery 
 From Fig. 1, the terminal voltage of a battery is expressed 

  

 as: 

( ) 1= - -t o boc VsocV V R I V                  (1) 

where Vt is the terminal voltage of the battery, V1 is the voltage 
across the R1C1 parallel circuit, Ib is the discharging/charging 
current, and Voc(Vsoc)

 From the battery lifetime part, the derivative of the open-
circuit voltage is derived as: 

 is the open-circuit voltage. 

( ) = - b
oc Vsoc

capacity

I
V

C


.                   (2) 

The discharging current Ib consists of IR1 and IC1 , which flow 
through R1 and C1

1 1= +b R CI I I

, respectively. Hence: 

.                       (3) 

Then, the relationship between the voltage and current of the 
diffusion capacitor gives: 

1 1
1

1
= CV I

C
 .                        (4) 

 From (2)-(4), the derivative of the voltage across the 
diffusion capacitance is rewritten as: 

1 1
1 1 1

1 1
= - + bV V I

R C C
 .                (5) 

 From (2) and (5), the state equation can be expressed as: 

( ) ( )

1
1
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b
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x f x u
V

V I
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where ( ) 1
T

oc Vsocx V V =    is a state vector and bu I=  is 

an input. The output y can be expressed as: 

( ) ( ) 1, t o boc Vsocy h x u V V R I V= = = − − .          (7) 
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C1

Ib

VtIb Voc(Vsoc)Ccapacity
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Battery Lifetime Thevenin Equivalent Circuit Model
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Fig. 1. Runtime-based battery model. 
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III.  PROPOSED APPROACH 

A.  Sigma-point Kalman Filter Algorithm 
 The SPKF is one of the Kalman filter algorithms, which is 
suitable for nonlinear system applications [23]-[24]. In the 
SPKF, scalar scaling parameters are used for selecting several 
sigma points, which are a set of weighted samples capturing 
the true mean and covariance of prior random variables. The 
sigma-points are propagated through true nonlinear functional 
evaluations to generate a posterior sigma-point set. The 
transformed mean and covariance are calculated by the 
transformed sigma points. In this computation progress, the 
SPKF does not include a linearization process like the first-
order Taylor series expansion in the EKF method. In summary, 
the SPKF has some advantages when compared with the EKF: 

1) The linearization error of the system is reduced 
since the linearization process is not needed.  

2) In the EKF method, the calculation of a Jacobian 
matrix is required. Thus the model becomes more 
complex and its implementation is more difficult. 

Therefore, in this paper, the SPKF is used for estimating the 
SOC and capacity of batteries. 
 In general, the state equations for estimation are expressed 
as [25]: 

( )-1 -1 -1= , +k k k kx f x u w                  (8) 

( )-1 -1= , +k k k ky h x u v                     (9) 

where f is a process model, h is a measurement model, x is the 
selected state vector, u is the input vector, y is the measurable 
output vector, w is the process noise and v is the measurement 
noise. 

 The SPKF algorithm is described as follows [23]-[24]: 

1) Initialization: The initial values of the state x0 and the 
covariance Po

[ ]0 0x̂ E x=

 are selected as: 

                           (10) 

( )( )0 0 0 0ˆˆ T
oP E x x x x = − − 

             (11) 

where “^” denotes the estimated value and E indicates the 
expected value.  
 The augmented state vector ax  and the covariance aP  
are used for increasing the accuracy of the SPKF. 

a T T Tx x w v =                       (12) 

[ ]0 0 0ˆˆ 0 0 Ta ax E x E x = =               (13) 

( )( )
0

0 0 0 0 0

0 0
ˆˆ 0 0

0 0

Ta a a a a
v

n

P
P E x x x x R

R

 
  = − − =    
  

    (14) 

where the dimension n of the augmented state vector ax  is the 
sum of the dimensions of the states, the process noise w and the 
measurement noise v. 

2)  Calculating the sigma points and weights: The number of 
sigma points, aχ , is 2n+1 and each sigma point is calculated 
as follows: 

0 1ˆa a
kxχ −=                             (15) 

( )1 , 1ˆ , 1,...,a a a
i k x k

i
x h P i nχ − −= + =          (16) 

( )1 , 1ˆ , 1,..., 2a a a
i k x k

i
x h P i n nχ − −= − = +      (17) 

where h is a scaling parameter for the SPKF, which is  
positive. The weights ω  for calculating the transformed mean 
and covariance are computed as: 

2

0 2

h n
h

ω −
=                           (18) 

2

1 , 1,..., 2
2i i n

h
ω = = .                  (19) 

3)  Update of the state estimation: The estimated mean ˆkx−  

and the covariance 
kxP−  are calculated by using the predicted 

values of kth
1

a
k kχ −

  through the process model f as: 

( )1 1 11 , ,a x v
k k kk k f uχ χ χ− − −− =                 (20) 

2

, 1
0

ˆ
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a
k i i k k

i
x ω χ−

−
=

= ×∑                      (21) 

( )( )
2

, 1 , 1
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ˆˆ
k

n T
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i

P x xω χ χ− − −
− −

=

= × − −∑ .    (22) 

4)  Measurement update: From the estimated values of kth

1
a
k kχ −

 
 and the measurement model h, the predicted 

measurement values ˆky−  and the corresponding covariance 

are calculated as: 

( )11 1,
x n

kk k k kY h χ χ −− −=                       (23) 

2
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For correcting the estimated mean and the covariance, the 
Kalman gain kK  is used, which is expressed as: 

 

1
k k kk x y yK P P−= .                      (27) 

Finally, the measurement update and the corresponding 
covariance matrix are calculated as: 

( )ˆk k k k kx x K y y− −= + −                 (28) 

     
k k k

T
x x k y kP P K P K



−= −  .                 (29) 
 

B.  Estimation of the SOC and Capacity Using SPKF 
 The available capacity of the battery is modeled as a full-
capacity capacitor, Ccapacity

( ) ( )1 23600 .capacity initialC Capacity f cycle f temp= ⋅ ⋅ ⋅

, as shown in Fig. 1, which 
represents the entire charge stored in the battery. The capacity 
of the battery is denoted in terms of Farad (F), which is 
expressed as: 

 
(30) 

where Capacityinitial refers to the nominal capacity, f1(cycle) 
represents a reduction ratio of the capacity due to the charging 
and discharging cycles, and f2(temp.) denotes a capacity 
reduction ratio according to temperature variations. In this 
paper, f2(temp.) is assumed to be unity since the experiment is 
performed at about 25 o

 

C. Therefore, the available battery 
capacity can be rewritten as: 

( )13600capacity initialC Capacity f cycle= ⋅ ⋅ .
       (31) 

 

Then, from (31), the available battery capacity can be estimated. 
The augmented state equation is arranged as follows: 
 

( )
( )

1 1
1 1 1

1 1,

1 0( )

b

capacity
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b
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I
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V
x f x u V V I

C R C
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•
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= = = − +  
  
  
  

   







    (32) 

 
( ) ( ) 1, t o boc Vsocy h x u V V R I V= = = − −         (33) 

 

where the state vector is ( ) 1
1

T

oc Vsoc
capacity

x V V
C

 
=  
  

, the 

input is bu I= , and the output is ty V= . 

By estimating the state variable ( )oc VsocV , the SOC can 

be obtained from the relation between the open-circuit 
voltage and the SOC, which is described in the following 
section. 

IV.  PARAMETER IDENTIFICATION OF LITHIUM 
BATTERIES 

A. Setup for Test 

 In order to identify the battery parameters, a battery test 
system has been set up as shown in Fig. 2, where a Kokam 
HEP06S01Pl lithium polymer battery was adopted. The 
nominal capacity of the battery is 3.6 Ah and its nominal 
voltage is 22.2 V. 
 The discharging test is performed up to a nominal end-
discharged voltage of 18 V. The measured discharging voltage 
and current are used for the estimation. The discharging test is 
done through a resistive load for ease of analysis, which is 
selected as 10 Ω. 

B. Battery Terminal Voltages 
 During the discharging tests, the curves of the battery 
terminal voltage have been investigated for five battery packs, 
as shown in Fig. 3. It can also be seen that each battery 
terminal voltage for discharging is slightly different and greatly 
decreased after 3,200 s. In this paper, the fifth battery pack is 
chosen for investigations. 

C. V
 The OCV reflects the electrochemical characteristics 
of the active electrode materials in the battery, which depend 
on the SOC. In order to indentify the open-circuit voltage, first, 
the terminal voltage is measured for the battery in the fully 
charged state, which is the terminal voltage at 100% of the 

oc(Vsoc) 

 

Fig. 2. Experimental setup. 
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Fig. 3. Terminal voltages of five battery packs during discharging. 
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SOC. Next, the battery is discharged by up to 90% of the 
nominal capacity. Then, it remains in the open-circuit condition. 
The terminal voltage can be considered as the open-circuit 
voltage after 3,600 s when the battery reaches the steady state, 
where the change of the terminal voltage is negligible. 
Repetitively, the open-circuit voltages at other SOC values of 
the battery are obtained. Fig. 4 shows the relationship between 
the OCV and the SOC. A nonlinear equation of the OCV 
resulting from curve fitting, which is a function of the SOC, is 
used for the SPKF algorithm. 
 

D. Ro, R1, C

 The parameters for the battery model can be calculated 
with a help of Fig. 5, in which the voltage behavior is 
illustrated during discharging. At the beginning of the 

discharging process, the difference between the OCV and the 
terminal voltage is applied across the equivalent resistance R

1 

0 
since the initial voltage of the diffusion capacitor is zero. The 
diffusion resistance R1 is calculated from the discharging 
current and its voltage V1. Meanwhile, the diffusion 
capacitance C1 is computed from the exponential voltage drop 
when the capacitor reaches the steady state. The identified 
parameters for the Kokam HEP06S01P lithium battery are 
shown in Table I. 

Fig. 6 shows that the equivalent resistance Ro depends on the 
SOC values. This resistance varies a little over the range of 
40% of the SOC to the full change condition, and then 
increases rapidly during further discharging. Due to the 
variation of R0 with regard to the SOC values, the estimation 
error is increased if R0 is treated as a constant for the 
estimation algorithm. 

Fig. 7 shows a comparison of the two cases of the constant 
and variable of R0. Fig. 7(a) shows the actual terminal voltage 
and its values for the model in the two different cases. Fig. 7(b) 
shows the errors between them, in which the error in the case 
of the variable R0 is lower than that in the case of the constant 
R0
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Fig. 4. Open-circuit voltage versus SOC (measured data). 
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Fig. 5. Parameter identification. 
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TABLE I 
PARAMETERS OF BATTERY MODEL 
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Parameters Values 
R 41.9[mΩ] o 
R 22.3[mΩ] 1 
C 228.7[F] 1 
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Fig. 7. Comparison of estimation performance with a 
constant and variable of R0 . (a) Terminal voltage. (b) Errors. 
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Fig. 8. Discharging test. (a) Terminal voltage. (b) Current. 
 

 

Fig. 9. Performance of estimated SOC. (a) SOC values. (b) Errors. 
 
  

V.  SIMULATION RESULTS 
 To verify the effectiveness of the proposed method, 
simulations using Matlab/Simulink have been carried out, in 
which the test system, as shown in Fig. 2, is modeled. The 
battery parameters are also the same, as identified in section IV. 
The sampling time for the measured voltage and current is 
chosen as 1 s. 

 Fig. 8 shows the discharging test with a resistive load of 10 
Ω. For this, the terminal voltage is decreased as shown in Fig. 
8(a). In addition, the discharging current is decreased due to a 
constant load, as shown in Fig. 8(b). 
 Fig. 9 shows the estimated performance of the SOC using 
the SPKF, in which the two cases of using the constant and the 
variable Ro are considered. Fig. 9(a) shows the SOC values 
during the discharging process with the SPKF algorithm and 
with the current integration method. The estimated errors in the 
cases of using the SPKF algorithm with a constant R0 or a 
variation R0, are shown in Fig. 9(b), in which the SOC value 
resulting from the current integration method is a reference. 
The estimation error begins to increase after 2000 s and the 
maximum error of 2.5% in the case of variable R0 is lower than 
the 5% maximum error in the case of a constant R0. 
 The comparison of the estimation performance of the SOC 
with the EKF and SPKF algorithms is shown in Fig. 10. In this 
investigation, the variable Ro values in the battery model are 
applied to the SPKF algorithm, and the measured relationship 
of the SOC versus the OCV is used for the EKF algorithm [9]. 
The estimation errors for the EKF and SPKF methods are 
acceptable at less than about 2.5%, as shown in Fig. 10(b). 
However, the convergence time in the SPKF algorithm is about 
300 s which is shorter than that of the EKF algorithm with 
about 500 s, as shown in Fig. 10(a). In addition, it can be seen 
from the estimation error in Fig. 10(b) that the performance in 
the case of using the SPKF algorithm is better than that in the 
case of using the EKF for 40~100% of the SOC. 

 

Fig. 10. Comparison of SOC estimation methods. (a) Estimated 
SOCs. (b) Estimation errors. 
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 Fig. 11 shows the estimated Ccapacity in Farad. Note that the 
instantaneous estimation is not required for predicting the 
battery capacity. Thus the average value of the estimated 
Ccapacity

VI.  EXPERIMENTAL RESULTS 

 during 500 s is adopted, which is much larger than the 
sampling time of 1 s for measuring the voltage and current in 
the case of the SOC estimation. The estimation accuracy refers 
to the integral calculation of the discharging current which is 
3.14 Ah during the discharging process. By the proposed 
method, the maximum estimated capacity is 3.24 Ah and the 
minimum is 3.09 Ah, where the estimation error is about 5%. 

 The validity of the proposed method has also been 
demonstrated by experimental tests. The same test system as 
the one shown in Fig. 2 was used. The battery parameters used 
are shown in Table I. A TMS320VC33 digital signal processor 
was used for implementing the estimation algorithm. The 
discharging current and the terminal voltage were measured, 
and a sampling time of 1 s was used. 

 Fig. 12(a) and (b) show the results for estimating the SOC 
and its error, respectively, in which the two cases of using the 
constant and the variable Ro are considered for the SPKF 
algorithm. The current integration method was also 
implemented to estimate the SOC for comparison. As can be 
seen in Fig. 12(b), the estimation error is increased after 2000 s 
due to the variation of R0. In addition, the maximum error 
(3.5%) in the case of a variable R0 is lower than 6% in the case 
of a constant R0

 The estimated SOCs and the estimation errors for the 
current integration method using the EKF and SPKF 
algorithms are shown in Fig. 13(a) and (b), respectively. The 
convergence time in the SPKF algorithm is about 350 s which 
is faster than the about 500 s in the EKF algorithm, as shown in 
Fig. 13(a). In addition, it can be seen from Fig. 13(b) that the 
performance of the SPKF algorithm is better than that of EKF, 

. 

 
Fig. 11. Estimated Ccapacity. 

 
Fig. 12. Performance of estimated SOC (experiment). (a) SOC 
values. (b) Errors. 
 

 
Fig. 13. Comparison of SOC estimation methods (experiment). 
(a) Estimated SOCs. (b) Estimation errors. 

 
Fig. 14. Estimated Ccapacity. 
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where the estimation error with the SPKF method is lower than 
that of the EKF method. 
 The estimated Ccapacity

VII.  CONCLUSIONS 

 is shown in Fig. 14, which is the 
same as in the simulation case. The maximum and minimum 
estimated values are 3.26 Ah and 3.09 Ah, respectively, which 
is about a 5% error when compared with the actual value. 

 In this paper, a new estimation method for the SOC and the 
capacity of lithium polymer batteries using the SPKF has been 
proposed for the condition monitoring of batteries. With this 
algorithm, the measurement noise and disturbance can be 
compensated. In addition, the error of simple battery modeling 
is compensated by applying a variable series resistance Ro
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