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Abstract  

 

An accurate state-of-charge (SOC) estimation ensures the reliable and efficient operation of a lithium-ion battery management 

system. On the basis of a combined electrochemical model, this study adopts the forgetting factor least squares algorithm to 

identify battery parameters and eliminate the influence of test conditions. Then, it implements online SOC estimation with high 

accuracy and low run time by utilizing the low computational complexity of the unscented Kalman filter (UKF) and the rapid 

convergence of a particle filter (PF). The PF algorithm is adopted to decrease convergence time when the initial error is large; 

otherwise, the UKF algorithm is used to approximate the actual SOC with low computational complexity. The effect of the 

number of sampling particles in the PF is also evaluated. Finally, experimental results are used to verify the superiority of the 

combined method over other individual algorithms. 
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I. INTRODUCTION  

Lithium-ion batteries with high energy and power density 

are widely used in many applications, such as in electric 

vehicles (EVs) and energy storage systems. Battery state- 

of-charge (SOC) estimation plays an essential role in battery 

management systems to ensure safe and reliable operation. 

However, the SOC of lithium-ion batteries cannot be measured 

directly and has to be estimated based on measurable variables, 

such as voltage, current, and temperature.  

Existing theses have proposed many SOC estimation 

algorithms, including the ampere–hour integral method [1], 

[2], the open-circuit voltage (OCV) method [3], [4], the 

Kalman filter (KF) algorithm [5], the extended KF (EKF) 

algorithm [6]-[8], the unscented KF (UKF) algorithm [9], the 

neural network algorithm [10], and the fuzzy algorithm [11]. 

The ampere–hour integral method is simple and easy to 

implement; it is widely used in battery management chips 

[12]. The OCV method requires a long standing time, and 

thus, it is unsuitable for online measurement and estimation. 

The KF algorithm is a closed-loop algorithm that can 

gradually modify estimation results through iterations. 

However, a lithium-ion battery is a nonlinear system; hence, 

KF estimation generates an evident error. The EKF 

algorithm uses a first-order Taylor series to transform a 

nonlinear system into a linear system. However, if the 

nonlinear system is a high-order system, then a large error 

will be produced. Meanwhile, the accuracy of the EKF 

algorithm depends on model parameters. The neural network 

algorithm is a type of machine learning language that can be 

applied to simulate the complex dynamic characteristics of a 

battery and estimate its SOC. However, the performance of 

this algorithm depends on model training data and methods. 

Furthermore, the computational complexity of this method is 

high and its learning time is extremely long. Thus, the neural 

network algorithm is unsuitable for online estimation. The 

UKF algorithm introduces unscented transformation (UT) to 

nonlinear estimation. Although the accuracy of UKF is high, 

it is characterized by slow convergence and poor robustness. 

Other improved algorithms have been proposed in recent 

years, such as the dual EKF (DEKF) [13], the iterated EKF 

(IEKF) [14], the strong tracking KF (STKF) [15], the square 

root UKF (SRUKF) [16], and the sliding mode observer [17]. 

In [13], DEKF provided a bootstrapping procedure for 

combined state and parameter estimation using two parallel 

EKFs. This method improves the accuracy of SOC estimation. 

In [14], IEKF was used to enhance accuracy. Reference [15] 
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showed that STKF provides a more accurate SOC estimation 

than EKF; STKF also exhibits the advantages of tracking 

variables and adjusting error covariance online. Reference 

[16] proposed a new SOC estimation method based on 

SRUKF using spherical transform (Sqrt-UKFST) with a unit 

hyper sphere; this method achieves a lower error than EKF. 

Reference [17] proposed a novel sliding mode observer SOC 

estimation algorithm with improved accuracy and robustness. 

Reference [18] compared the merits and demerits of EKF and 

UKF in terms of convergence rate and estimation accuracy 

based on the existing literature. A conclusion was drawn that 

UKF is considerably better, with faster convergence and 

higher accuracy than EKF.  

In recent years, the PF algorithm has gradually attracted 

the attention of researchers and has been applied to the SOC 

estimation of lithium-ion batteries [18], [19]. The PF 

algorithm can solve the nonlinear non-Gaussian estimation 

problem and requires less iteration to converge with high 

accuracy. However, its computational complexity is high.  

These improved algorithms mainly focus on one 

performance aspect and have respective merits and demerits. 

In the current study, the forgetting factor least squares (FFLS) 

algorithm is used to identify the model parameters of 

lithium-ion batteries online. Then, the combination of the 

UKF and PF algorithms is applied to implement an online 

SOC estimation with high accuracy and low runtime. The PF 

algorithm is adopted to decrease estimation error, whereas the 

UKF algorithm is used to obtain actual SOC with short 

iteration time. The experimental results verify the validity of 

the combined method.  

The remainder of this paper is organized as follows. 

Section II introduces the battery model and online parameter 

identification. Section III presents the UKF and PF 

algorithms and then proposes the switch strategy for the 

combination. In Section IV, the superiority of the combined 

method is verified using the experimental data. The estimation 

results of EKF, UKF, PF, and the combined method are 

compared. The conclusion is presented in Section V. 

 

II. BATTERY MODEL 

A. Model Structure 

The lithium-ion battery model plays a pivotal role in 

ensuring the accuracy and complexity of SOC estimation; this 

model is mainly classified as an electrochemical, electrical, or 

mathematical model [20]–[22]. The combined electrochemical 

model is based on three first-order simple electrochemical 

models and can accurately describe the internal 

electrochemical reaction of lithium-ion batteries [6], [28].  

Then, the state equation of the lithium-ion battery combined 

model is expressed as 

0

( )
SOC( ) SOC(0)

t

c

i t
t dt

Q

η
= + ∫ ,             (1) 

where SOC(t) is the SOC value at time t; SOC(0) is the initial 

value; i(t) is the current at time t, charging is positive and 

discharging is negative; η is the energy conversion efficiency, 

which is set to 1; and Qc is the electric charge of the 

lithium-ion battery.  

The measurement equation of the lithium-ion battery 

combined model is expressed as 

        
2

0 1 3

4 0

( ) ( ) ln( ( ))
( )

ln(1 ( )) ( )

K
U t K K SOC t K SOC t

SOC t

K SOC t R i t
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where U(t) is the terminal voltage at time t; K0, K1, K2, K3, and 

K4 are the identified parameters; and R0 is the internal 

resistance of the lithium-ion battery.  

 

B. Model Parameter Identification 

The parameters of the battery model are closely related to 

the electrochemical reaction and are affected by the 

temperature and the depth of charge and discharge [27]. The 

accuracies of the voltage and current sensors also affect the 

identification of the combined model [19], [23]. Conventional 

off-line identification algorithms cannot accurately follow the 

variations of battery parameters [24]; thus, FFLS is used in this 

study to identify the battery model online. FFLS eliminates 

data saturation and accurately reflects system characteristics by 

assigning different weights to new and old data. In addition, 

FFLS exhibits the advantages of rapid convergence and 

powerful tracking capability [25].  

The measurement equation, i.e., Eq. (2), is rewritten as 

follows: 

                  ( ) ( ) ( )U t C t X t= ,               (3) 

where 

    
1

( ) [1, ( ), , ln( ( )), ln(1 ( )), ( )]
( )

C t SOC t SOC t SOC t i t
SOC t

= − − − , (4) 

      0 1 2 3 4 0
( ) [ , , , , , ]TX t K K K K K R= .           (5) 

Then, the sampling period T, SOC(0), U(0), estimated 

parameter X(0), and covariance matrix P(0) are initialized.  

From the estimated value X(t−1) of time t−1, the estimated 

value X(t) at time t is calculated as 

     [ ]( ) ( 1) ( ) ( ) ( ) ( 1)X t X t K t U t C t X t= − + − − ,       (6) 

where U(t) is the measured voltage. 

Gain K(t) and covariance matrix P(t) are calculated as   

1

( ) ( 1) ( ) ( ) ( 1) ( )T
K t P t C t C t P t C tλ

−

⎡ ⎤= − + −⎣ ⎦ ,       (7) 

    
1

( ) ( ) ( ) ( 1)T
P t I K t C t P t

λ
⎡ ⎤= − −⎣ ⎦ ,            (8) 

where C
T
(t) is the transposition of C(t); and λ is the forgetting 

factor, which is set to a value between 0.95 and 1. 

In this manner, the electrochemical model parameters can be 

identified using an iteration process. 

 

C. Battery Modeling Results 

A LiFePO4 cell, which has a nominal capacity of 12.5 Ah, is  
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longer than that of PF. However, given that AET is not 

dependent on the initial SOC, PF will require longer runtime 

for the entire process as shown in Fig. 12. Therefore, the 

combined method provides a more balanced performance than 

the other algorithms. 

 

V. CONCLUSIONS 

A combined method for the SOC estimation of lithium-ion 

batteries is proposed in this study. This method combines the 

advantages of the PF and UKF algorithms. To improve the 

accuracy of the battery model, the FFLS algorithm is used to 

identify model parameters. A small RMSE of voltage is 

obtained (approximately 0.0661 V). Then, the switch criterion 

for PF and UKF is proposed. This criterion is based on the 

measured and estimated voltages of the battery. Compared with 

the individual EKF, UKF, and PF algorithms, the combined 

method provides a good trade-off among MAE, RMSE, and 

AET. Hence, the combined method will be beneficial for a 

real-time and accurate battery management system. 
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