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 Accurate and fast estimation of the state of charge is important for the 

battery management system of electric vehicles. This paper proposes a 

method to estimate the state of charge of Lithium-ion batteries by the 

variable forgetting factor recursive least square (VFFRLS) – unscented 

Kalman filter (UKF) algorithm in real-time without the off-line battery 

testing data. Since the state observation requires an accurate model, an 

equivalent circuit model was constructed. Then, the VFFRLS algorithm is 

used to identify online the battery model parameters based on voltage and 

current measurements. An advantage of this algorithm is that it requires less 

initial information and shorter identification time than offline parameter 

identification. After the model parameters are well identified, the unscented 

Kalman filter estimates the state of charge and minimizes noise 

characteristics and uncertainty in the parameter identification process. The 

VFFRLS algorithm applied in this paper has shown a good result with the 

model output error of less than 1%, and the identification achieves real-time 

response. The state of charge obtained by the UKF algorithm has shown 

satisfactory estimation results with fast convergence speed and small errors. 

The UKF filter provides the results with a 1.5% error from the reference and 

converges after 10 cycles. 
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1. INTRODUCTION 

Currently, electric vehicles (EVs) are increasingly popular because they are environmentally 

friendly [1]. The performance of EVs is highly dependent on the energy storage system in the vehicle. 

Among current energy storage technologies, Lithium-ion batteries (LIBs) are preferred because they have 

many outstanding advantages as high energy density, long life cycle, and low self-discharge. However, LIBs 

still have disadvantages such as sensitivity to the short discharge of the output circuit, sensitivity to 

overheating when charging, and easily causing explosions when left unchecked [2]–[4]. Therefore, a battery 

management system (BMS) is needed for LIBs on EVs. The functions of the BMS system include charging 

and discharging control, battery cell balancing, battery temperature control, and estimating the state of charge 

(SOC). The SOC estimation is a crucial function of BMS, defining the battery's remaining capacity as a 

percentage of its maximum capacity. SOC is a quantity that can only be estimated and cannot be measured 

directly [5]–[10]. 

https://creativecommons.org/licenses/by-sa/4.0/
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The literature suggests that SOC estimation methods include coulomb counting, data-driven, and 

model-based methods. While the coulomb counting method is simple to implement in BMS, it has a higher 

possibility of SOC estimation errors due to cumulative measurement errors [11], [12]. Data-driven methods 

need a lot of training data set under different operating conditions and take a long time to develop [13], [14]. 

Currently, model-based methods are extensively employed for SOC estimation due to their high accuracy. 

Several algorithms have been developed for model-based SOC estimation as the Kalman filter and its 

derivative algorithm method. Kalman filter algorithm can automatically adjust the original SOC error online 

and reduce the measured noise impact [15]–[18]. However, the error resulting from the linearization and 

calculation of the Jacobian matrix causes the accuracy of the Kalman filter algorithm to decrease [19]. The 

unscented Kalman filter (UKF) algorithm, built upon the unscented transform, is developed to solve the 

above problems [20]–[23]. The UKF algorithm provides an approximation of the probability density 

distribution for a nonlinear function. Due to the advantages of the model-based estimation method, including 

high accuracy and low computational complexity, the UKF algorithm has been selected for use in this paper. 

Accurate determination of pin model parameters is crucial in model-based SOC estimation methods. 

Typically, battery model parameters are determined offline based on data collected in the laboratory. To 

acquire this testing data, various testing procedures like the open circuit voltage test, the hybrid pulse power 

characterization test, and others must be performed, requiring the establishment of complex battery test 

workbenches, which can be costly and time-consuming. Moreover, the data obtained may only be suitable for 

the particular battery under test and possibly limited to a specific state of the battery. Over time, as the 

battery is used extensively, its parameters may change, taking the SOC estimation error [24]–[26]. To solve 

this problem, a variable forgetting factor recursive least square (VFFRLS) algorithm is proposed to identify 

the parameters of the battery model in real-time. The VFFRLS algorithm is an adaptive variant of the 

conventional recursive least square algorithm that added a varying forgetting factor. In this way, batteries can 

be directly integrated into EVs, and battery model parameters can be obtained automatically [27].  

This paper proposes an online battery SOC estimation method using the VFFRLS-UKF algorithm 

on EVs. First, battery parameters are identified online based on the VFFRLS algorithm. Then, the UKF 

algorithm is used to estimate the SOC and minimize noise characteristics and uncertainty in the parameter 

identification process. Finally, the hardware implementation of the algorithm is detailed, and the 

experimental results are analyzed and evaluated. 

 

 

2. BATTERY PARAMETER IDENTIFICATION 

2.1.  Equivalent circuit model of Lithium-ion battery 

The equivalent circuit model of a LIB is expressed in Figure 1. The circuit contains the open circuit 

voltage (OCV) 𝑈𝑂𝐶𝑉, the battery's internal resistance 𝑅0 connects in series with 𝑅1 − 𝐶1 branch that 

demonstrates the dynamic properties of the LIB.  

 
 

 
 

Figure 1. Battery equivalent circuit model 

 

 

The Thevenin model is built to determine the components of the circuit in a continuous domain: 

 

{
𝑠𝑈1(𝑠) =

𝐼(𝑠)

𝐶1
−

𝑈1(𝑠)

𝑅1𝐶1

𝑈𝑏(𝑠) = 𝑈𝑂𝐶𝑉(𝑠) − 𝑈1(𝑠) − 𝑅0𝐼(𝑠)
 (1) 

 

The difference between the output voltage and open-circuit voltage: 
 

𝑈𝑏(𝑠) − 𝑈𝑂𝐶𝑉(𝑠) = −𝐼(𝑠) (𝑅0 +
𝑅1

1+𝑅1𝐶1𝑠
) (2) 

 

The transfer function is represented as in (3). 

 
R0

R1

C1

i(t)

Ub(t)+ u1(t) -
UOCV(t)
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𝐺(𝑠) =
 𝑈𝑏(𝑠)−𝑈𝑂𝐶𝑉(𝑠)

𝐼(𝑠)
=

𝐸𝐿(𝑠)

𝐼(𝑠)
= −

𝑅0+𝑅1+𝑅0𝑅1𝐶1𝑠

1+𝑅1𝐶1𝑠
 (3) 

 

where 𝐸𝐿(𝑠) = 𝑈𝑏(𝑠) − 𝑈𝑂𝐶𝑉(𝑠). 

Convert to the discretized domain using the Tustin method. Replace 𝑠 =
2

𝑇

1−𝑧−1

1+𝑧−1 , obtain: 

 

𝐺(𝑧−1) =
𝑎2+𝑎3𝑧−1

1−𝑎1𝑧−1  (4) 

 

where 𝑎1 = −
𝑇−2𝑅1𝐶1

𝑇+2𝑅1𝐶1
;  𝑎2 = −

𝑅0𝑇+𝑅1𝑇+2𝑅0𝑅1𝐶1

𝑇+2𝑅1𝐶1
;  𝑎3 = −

𝑅0𝑇+𝑅1𝑇−2𝑅0𝑅1𝐶1

𝑇+2𝑅1𝐶1
. Equation (3) and (4) is rewritten 

after discretization, with 𝑘 = 1,2,3 …. 

 

𝐸𝐿(𝑘) = 𝑎1𝐸𝐿(𝑘 − 1) + 𝑎2𝐼(𝑘) + 𝑎3𝐼(𝑘 − 1) (5) 

 

The open-circuit voltage value is affected by the SOC in working temperature (Te) and aging conditions of 

battery H, which is described by (6). 

 

 
𝑑𝑈𝑂𝐶𝑉

𝑑𝑡
=

𝜕𝑈𝑂𝐶𝑉

𝜕𝑆𝑂𝐶

𝜕𝑆𝑂𝐶

𝜕𝑡
+

𝜕𝑈𝑂𝐶𝑉

𝜕𝑇𝑒

𝜕𝑇𝑒

𝜕𝑡
+

𝜕𝑈𝑂𝐶𝑉

𝜕𝐻

𝜕𝐻

𝜕𝑡
 (6) 

 

Since the sample time is much smaller than the full discharge or full charge time of the battery, in one sample 

period it is possible to consider the remaining capacity (SOC) unchanged or 
𝜕𝑆𝑂𝐶

𝜕𝑡
≈ 0. The rate of 

temperature change is almost constant over a small sample period, 
𝜕𝑇𝑒

𝜕𝑡
≈ 0. In a short period, the aging of the 

battery is negligible, 
𝜕𝐻

𝜕𝑡
≈ 0. Equation (6) is rewritten as (7). 

 
𝑑𝑈𝑂𝐶𝑉

𝑑𝑡
=

𝑈𝑂𝐶𝑉(𝑘)−𝑈𝑂𝐶𝑉(𝑘−1)

𝑇
≈ 0 (7) 

 

△ 𝑈𝑂𝐶𝑉(𝑘) = 𝑈𝑂𝐶𝑉(𝑘) − 𝑈𝑂𝐶𝑉(𝑘 − 1) ≈ 0 (8) 

 

The voltage between two battery terminals is defined as follows using (5) and (8): 

 

𝑈𝑏(𝑘) = (1 − 𝑎1)𝑈𝑂𝐶𝑉(𝑘) + 𝑎1𝑈𝑏(𝑘 − 1) + 𝑎2𝐼(𝑘) + 𝑎3𝐼(𝑘 − 1) =  𝜙(𝑘)𝜃(𝑘) (9) 

 

where: 𝜙(𝑘) = [1, 𝑈𝑏(𝑘 − 1), 𝐼(𝑘), 𝐼(𝑘 − 1)] (10) 

 

𝜃(𝑘)  = [(1 − 𝑎1)𝑈𝑂𝐶𝑉(𝑘), 𝑎1, 𝑎2, 𝑎3]𝑇 (11) 

 

Vectors 𝜃 can be determined by a series of recursive formulas to be able to calculate the values 𝑎1, 𝑎2, 𝑎3 and 

thereby determine the 𝑅0, 𝐶1, 𝑅1 values of the LIB model. 

 

2.2.  Online parameters identification of battery using VFFRLS 

In this paper, the VFFRLS algorithm was combined with blocking conditions to estimate online the 

parameters of the LIB model. These blocking conditions are used to prevent the estimation algorithm from 

calculating non-physical parameters. The VFFRLS algorithm is an adaptive variant of the conventional 

recursive least square (RLS) algorithm. VFFRLS proposes in this study to solve this problem by adding a 

varying forgetting factor (VFF). The model parameter estimations are continually updated during the sampling 

interval by combining the quantity measured at time 𝑘 and the previous estimates at the time (𝑘 − 1). The LIB 

model above can be presented as follows. The estimated output value of the LIB model is represented: 

 

𝑦(𝑘) = 𝜙(𝑘)𝜃(𝑘) + 𝑒(𝑘) (12) 

 

The error between the output voltage value of the model and the actual measurement value at time 𝑘: 

 

𝑒(𝑘) = 𝑈𝑏(𝑘) − 𝜙(𝑘)�̂�(𝑘 − 1) (13) 

 

In RLS algorithms in general, the parameter vector 𝜃𝑘 is the sum of the old value 𝜃𝑘−1 and the specified 

component 𝐾𝑘𝑒𝑘. In which, 𝐾𝑘 is the corrective coefficient calculated to minimize the target function:  
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𝐽𝑘 = 𝐸(𝜆𝑘𝑒𝑘
𝑇𝑒𝑘) = 𝑇𝑟𝑃𝑘. The target function 𝐽𝑘 is the trace of the variance matrix 𝑃𝑘 . Calculate the gain 𝐾𝑘 

so that it 𝐽𝑘 is the smallest at each update step. 

- Gain of VFFRLS: 

 

𝐾(𝑘) =
𝑃(𝑘−1)𝜙𝑇(𝑘)

𝜆(𝑘−1)+𝜙𝑇(𝑘)𝑃(𝑘−1)𝜙(𝑘)
 (14) 

 

- The model's estimated parameter vector: 

 

�̂�(𝑘) = �̂�(𝑘 − 1) + 𝐾(𝑘)𝑒(𝑘) (15) 

 

- Update the covariance of estimated and actual values: 
 

𝑃(𝑘) =
𝑃(𝑘−1)−𝐾(𝑘)𝜙𝑇(𝑘)𝑃(𝑘−1)

𝜆(𝑘−1)
  (16) 

 

- Update the VFF forget factor: 

 

𝜆(𝑘) = 1 −
𝑒2(𝑘)

1+𝐾𝑇(𝑘)𝑃(𝑘)𝐾(𝑘)
 (17) 

 

where �̂�(𝑘) is the estimate of vector 𝜃(𝑘); 𝑒(𝑘) is the estimation error of the terminal voltage 𝑈𝑏(k). The idea 

of the forgetting factor 𝜆(𝑘) can be easily noticed in (17). When the system changes suddenly, the error of 

model output values, then 𝜆(𝑘) decreases. In other words, the weight of the previously estimated values 

decreases, the weight of the new measurement cycle (when the system has just changed) increases, and the 

parameters update results respond quickly to such changes in the system. On the other hand, when the dynamics 

of the system slow down, or the system has reached a new working point, this time the estimation error 

decreases, and 𝜆(𝑘) increases close to 1. Then, the algorithm returns to the form of the normal RLS, ensuring 

stability in the estimation process. The flow chart of the VFFRLS algorithm is presented in Figure 2. After 

determining the lithium battery model parameters, the next step is to estimate SOC using the UKF method. 

 

 

 
 

Figure 2. The VFFRLS algorithm flowchart 
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3. UNSCENTED KALMAN FILTER FOR SOC ESTIMATION 

The state equations of the battery model shown in Figure 1 are presented as (18). 

 

[
𝑆𝑂𝐶𝑘

𝑈1,𝑘
] = [

1 0

0 𝑒𝑥𝑝 (−
△𝑡

𝜏
)

] [
𝑆𝑂𝐶𝑘

𝑈1,𝑘
] + [

−
𝜂△𝑡

𝑄𝑐

𝑅1 (1 − 𝑒𝑥𝑝 (−
△𝑡

𝜏
))

] 𝐼𝑘−1 + [
𝑤1,𝑘−1

𝑤2,𝑘−1
] (18) 

 

𝑈𝑏,𝑘 = 𝑈𝑂𝐶𝑉(𝑆𝑂𝐶𝑘) − 𝑈1,𝑘 − 𝑅0𝐼𝑘 + 𝑣𝑘 (19) 

 

where 𝑈𝑂𝐶𝑉 is a function dependent on the SOC and SOC achieved by the Coulomb counting method,  

𝜏 = 𝑅1𝐶1, 𝜂 is the discharge coefficient of the battery. Set the state variable 𝑥𝑘 = [𝑆𝑂𝐶𝑘, 𝑈1,𝑘]
𝑇
, the input 

variable 𝑢𝑘 = 𝐼𝑘. 𝑤𝑘 = [𝑤1(𝑘) 𝑤2(𝑘)]𝑇 and 𝑣𝑘 are correspondingly the process noise and measurement 

noise (both independent white noises subject to Gaussian law) in which their covariances 𝑄𝑘 and 𝑅𝑘. The 

general state equation system is described as (20). 

 

{
𝑥𝑘 = 𝑓(𝑥𝑘−1, 𝑢𝑘−1) + 𝑤𝑘−1

𝑦𝑘 = ℎ(𝑥𝑘 , 𝑢𝑘) + 𝑣𝑘
 (20) 

 

The estimation process by UKF consists of two steps time update and measurement update. UKF is 

initialized as (21). 

 

�̂�0
+ = 𝐸(𝑥0)

𝑃0
+ = 𝐸[(𝑥0 − �̂�0

+)(𝑥0 − �̂�0
+)𝑇]

 (21) 

 

3.1.  Time update 

Select sigma points for unscented transformation: 

 

𝑥(𝑖) = �̅� + �̃�(𝑖),                  𝑖 = 1,2, … ,2𝑛    

�̃�(𝑖) = (√𝑛𝑃𝑘−1
+ )

𝑖

𝑇
,             𝑖 = 1,2, … , 𝑛      

�̃�(𝑛+𝑖) = −(√𝑛𝑃𝑘−1
+ )

𝑖

𝑇
,      𝑖 = 1,2, … , 𝑛     

 (22) 

 

Unscented transformation of sigma points through the transition function: 

 

�̂�𝑘
(𝑖)

= 𝑓(�̂�𝑘−1
(𝑖)

, 𝑢𝑘) (23) 

 

Estimation of priori state: 

 

�̂�𝑘
− =

1

2𝑛
∑ �̂�𝑘

(𝑖)2𝑛
𝑖=1  (24) 

 

Estimation of priori variance with process noise is considered: 

 

𝑃𝑘
− =

1

2𝑛
∑ (�̂�𝑘

(𝑖)
− �̂�𝑘

−)(�̂�𝑘
(𝑖)

− �̂�𝑘
−)

𝑇
+ 𝑄𝑘−1

2𝑛
𝑖=1  (25) 

 

3.2.  Measurement updates 

Selecting sigma points of priori state based on 𝑃𝑘
−: 

 

𝑥(𝑖) = �̅� + �̃�(𝑖), 𝑖 = 1,2, … ,2𝑛

�̃�(𝑖) = (√𝑛𝑃𝑘
−)

𝑖

𝑇
, 𝑖 = 1,2, … , 𝑛

�̃�(𝑛+𝑖) = −(√𝑛𝑃𝑘
−)

𝑖

𝑇
, 𝑖 = 1,2, … , 𝑛

 (26) 

 

Unscented transformation of sigma points through the output function: 

 

�̂�𝑘
(𝑖)

= ℎ(�̂�𝑘
(𝑖)

, 𝑢𝑘) (27) 
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Estimated output value 

 

�̂�𝑘 =
1

2𝑛
∑ �̂�𝑘

(𝑖)2𝑛
𝑖=1  (28) 

 

Estimated output covariance: 

 

𝑃𝑦 =
1

2𝑛
∑ (�̂�𝑘

(𝑖)
− �̂�𝑘)(�̂�𝑘

(𝑖)
− �̂�𝑘)

𝑇
+ 𝑅𝑘

2𝑛
𝑖=1  (29) 

 

Estimated priori covariance and output: 

 

𝑃𝑥𝑦 =
1

2𝑛
∑ (�̂�𝑘

(𝑖)
− �̂�𝑘

−)(�̂�𝑘
(𝑖)

− �̂�𝑘)
𝑇

2𝑛
𝑖=1  (30) 

 

Posterior updates  

 

𝐾𝑘 = 𝑃𝑥𝑦𝑃𝑦
−1

�̂�𝑘
+ = �̂�𝑘

− + 𝐾𝑘(𝑦𝑘 − �̂�𝑘)

𝑃𝑘
+ = 𝑃𝑘

− − 𝐾𝑘𝑃𝑦𝐾𝑘
𝑇

 (31) 

 

Note that the state space model of the battery includes two states; in (26)-(31), n equals 2. By taking these 

steps, the SOC value is obtained from the state estimation. Figure 3 presents the SOC estimation flowchart. 

 

 

 
 

Figure 3. The SOC estimation flowchart 
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4. EXPERIMENTS AND VALIDATION 

4.1.  Experimental scenarios 

The goal of the experiment is to demonstrate the effectiveness of the proposed estimation algorithm. 

Identifying the parameters of the battery equivalent circuit in real-time (online identification) using the 

VFFRLS algorithm. The determination of online parameters only requires measuring the current and voltage 

of the battery during operation. When the parameter is collected at each time step, the updated model is used 

to estimate the SOC value using the UKF. The structure of the SOC estimation process is indicated in  

Figure 4. The experimental model is set up as in Figure 5. The subject of analysis is a typical 18650 LIB cell. 

The installation parameters are as in Table 1. 

 

 

 
 

Figure 4. Structure of SOC estimation process 

 

 

 
 

Figure 5. The experimental system model for SOC estimation 

 

 

Table 1. Battery discharge/charging process information 
Discharge process Charging process 

Total discharge time 5500 s Total charging time 8500 s 

Discharge resistive load 2 Ω Constant current 2 A 
Initial voltage (SOC=100%) 4.18 V Initial voltage (SOC=20%) 3.4 V 

End of cycle voltage (SOC=0%) 3.0 V End of cycle voltage (SOC=100%) 4.19V 

Connection time to load 100 s Charger ImaxB6 

 

 

 To achieve the above goal, the working condition of the battery is established in two cases: 

Discharge with constant resistive load as shown Figure 6(a) and CC-CV charging method as shown in 

Figure 6(b). The result of parameter identification is evaluated by comparing the voltage of the model output 

and the measured. SOC estimation results are evaluated by comparing them with the Coulomb counting 

method under experimental conditions. 
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Figure 6. The current and voltage on the battery (a) discharging with constant resistive load and (b) charging 

with the CC-CV mode 

 

 

4.2.  Parameter identification results 

Figure 7 shows the results of parameter identification during the discharging process. The OCV is 

also homogeneous and larger than the battery's 2-pole voltage. It is true in practice because the battery 

terminal voltage tends to increase when the load is disconnected. In addition, the internal resistance of the 

battery is about 80 mΩ in SOC is 100% and linearly reduces to 65 mΩ when SOC drops to 10%, at the last 

10% of SOC, the resistance increases rapidly to 80 mΩ. Figure 8 shows the results of parameter 

identification during the charging process. OCV is also homogeneous and lower than the battery's 2-pole 

voltage. The internal resistance during charging and discharging is consistent with the information in the 

datasheet battery. 

For further evaluation of parameter identification results, the voltage of the model output and 

measured are compared. Figures 9 and 10 show the voltage of the model output and measure during 

discharging/charging. The results indicate that the estimated voltage converges to the measured voltage for 

10 seconds after connecting the load. This verifies the rapid convergence of the model as soon as the battery 

switches from a resting state to an active state. Errors in model output voltage and measurement voltage are 

assessed in Table 2 and Table 3. 

 

 

 
 

Figure 7. Battery model parameters identification during discharging 
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Figure 8. Battery model parameters identification during charging 

 

 

  
 

Figure 9. The voltage of model output and measure during discharging 

 

 

  
 

Figure 10. The voltage of model output and measure during charging 
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Table 2. Battery output voltage error during 

discharging 

 
Voltage error (mV) 
MAE RMSE 

Overall 1.653 4.794 

Before connecting to the load 9.488 25.01 

After connecting to the load 1.491 3.290 
 

Table 3. Battery output voltage error during  

charging 

 
Voltage error (mV) 
MAE RMSE 

Overall 1.272 1.982 

Constant current charging process 1.203 1.983 

Constant voltage charging process 1.311 1.982 
 

 

 

4.3.  SOC estimate by UKF 

The SOC estimated value of the VFFRLS-UKF proposed algorithm is compared with the Coulomb 

counting, the results of which not only demonstrate that UKF performs well under different noise 

uncertainties in measurements, but also verify that the model parameters are well identified.  

Figures 11 and 12 present the SOC estimation results during discharge and charge, respectively. The SOC 

estimation results obtained through the UKF algorithm show an over-adjustment time of 15 seconds and an 

error rate of less than 1%. Additionally, the static error drops to zero after 100 seconds. 

 

 

  
 

Figure 11. SOC estimation during discharging 

 

 

  
 

Figure 12. SOC estimation during charging 
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Table 4. SOC estimation errors during the discharging 
Noise level SOC error 

MAE RMSE 

0 1.995 × 10−3 2.864 × 10−2 

1 × 10−5 1.932 × 10−3 2.713 × 10−2 

1 × 10−4 2.846 × 10−3 2.626 × 10−2 

1 × 10−3 5.366 × 10−3 1.853 × 10−2 

1 × 10−2 8.481 × 10−3 1.445 × 10−2 

 

 

Table 5. SOC estimation errors during charging 
Noise level SOC error (CC-CV) 

MAE RMSE 

0 7.840 × 10−4 1.580 × 10−2 

1 × 10−5 8.008 × 10−4 1.583 × 10−2 

1 × 10−4 1.096 × 10−3 1.558 × 10−2 

1 × 10−3 1.240 × 10−3 1.568 × 10−2 

1 × 10−2 2.886 × 10−3 1.564 × 10−2 

 

 

By adding noise into the measurement data of current and voltage on the battery through 

MATLAB/Simulink simulation model, the effect of different noise characteristics is considered. The white 

gaussian noise was used with different power spectral density (PSD). The results of SOC estimation using the 

UKF during the discharging and charging cycles are presented in Tables 4 and 5, respectively. 

 

4.4.  Comments and comparisons 

4.4.1. Parameter identification 

Wei et al. [28] used an offline parameter determination method with the least squares algorithm 

generated errors of about 10 mV (MAE) but the estimated speed was slow. In [29] recursive least squares 

algorithm with a fixed forgetting factor is used to identify the parameters of one cell battery model with the 

model voltage error compared with voltages measured during a fixed current discharge of 37.6 mV (MAE) 

and 5.9 mV (RMSE), Ali et al. [30] achieved voltage errors of around 18.9 mV (MAE) and Rahimi-Eichi  

et al. [31] with moving window LS of about 16 mV (MAE). Meanwhile, VFFRLS presented in this paper 

voltage model errors and measuring voltages of only 1.653 mV (MAE) and 4.794 mV (RMSE) during 

discharge and 1.272 mV (MAE) and 1.982 mV (RMSE) during charging in Tables 2 and 3. 

 

4.4.2. SOC estimation 

UKF observer used in the article gives good results. Specifically, VFFRLS-UKF gives SOC 

estimates errors of 0.19% (MAE) and 1.5% (RMSE) compared with the RLS-UKF method mentioned in [32] 

with 1.52% (MAE) and 1.52% (MAE) and 1.5% (RMSE) 1.8% (RMSE). The results of the proposed method 

were also significantly better than the results in [30] with 6% SOC error and 30 seconds convergence time. 

Comparing the two stages of the proposed method we can see VFFRLS-UKF in the paper gives good 

estimated results compared to the overall studies that went before and converged in a shorter period. 

 

 

5. CONCLUSION 

The online SOC estimation method using the VFFRLS-UKF algorithm proposed in this paper has 

high accuracy. Specifically, the VFFRLS parameter identification algorithm has given the ability to 

effectively initialize the physical parameters of the model with an output voltage error of less than 0.1% of 

the nominal voltage. Besides, the UKF filter provides the results with a 1.5% error from the reference and 

converges after 10 cycles. These are acceptable results, confirming the accurate estimate ability of UKF and 

parameter identification. As such, the proposed method of combining online parameter identification and 

state observer using UKF shows high efficiency in SOC estimation of the nonlinear system such as Lithium-

ion battery that other state observers difficult to achieve.  
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