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Abstract: Lithium batteries are widely used due to their advantages such as high energy density, stable 

performance, low pollution, and long recyclable life. Accurate SOC estimation is important for the use of 

lithium batteries. To address the problem of low accuracy of SOC estimation by traditional methods, this paper 

proposes a joint method of fractional order robust unscented Kalman filter (FORUKF) and robust unscented 

Kalman filter (RUKF) to estimate SOC. The method is based on a fractional order model (FOM) that combines 

the unscented transformation (UT) technique, the H∞ observer and the joint estimator. Specifically, an adaptive 

genetic algorithm (AGA) was first used to identify the parameters of the FOM for lithium batteries and to verify 

the accuracy of the model. Estimation and updating of the ohmic resistance 𝑅଴ and the capacity 𝑄ே in the 

model in real-time by RUKF and then estimation of the SOC by FORUKF. Finally, the accuracy of FORUKF-

RUKF was verified under the Federal Urban Driving Schedule (FUDS), US06 Highway Driving Schedule and 

Beijing Dynamic Stress Test (BJDST). According to the results, the FORUKF-RUKF estimated SOC was found 

to have better accuracy and robustness than the RUKF, FOUKF and EKF. 

Keywords: state-of-charge; lithium battery; fractional order robust unscented Kalman filter; 

adaptive genetic algorithm 

 

1. Introduction 

Due to factors such as energy shortages and the deterioration of the global environment, 

countries are gradually starting to pay attention to the environmental attributes of their products. 

And electric cars are gradually replacing petrol cars because of their energy-saving and emission-

reducing features. Lithium batteries have high-power density, long service life and mature 

production technology, therefore being the energy storage device in most electric vehicles [1]. 

Accurate SOC estimation has always been one of the main focuses of battery research because it helps 

the user to understand the true condition of the vehicle and to use the battery more scientifically and 

efficiently. 

After years of research, researchers have proposed a variety of SOC estimation methods. For 

example, the open-circuit voltage (OCV) method [2], which estimates the SOC based on the 

correspondence between the open-circuit voltage (𝑈ை஼) and the SOC. However, the battery must be 

left for a long time before accurate OCV measurements can be made. This may cause further problems 

with the use of the battery. The ampere-hour integration method [3] is a method of integrating the 

current to estimate the SOC. However, this method tends to gradually accumulate errors in the 

integration process, eventually leading to large errors in the results. There is also a category of model-

based approaches which include: the electrochemical model [4], the “black-box” model [5-9] and the 

equivalent circuit model [11,12]. The electrochemical model uses mathematical equations to describe 

the chemical reactions within the battery to estimate the SOC, but the variety and complexity of the 

chemical reactions that occur within the battery during operation makes it difficult to describe 

accurately by equations and is computationally intensive. The “black-box” models include the neural 

network method [5-7], fuzzy-logic based method [8] and support vector machine method [9]. The 
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"black-box" approach requires extensive experimentation and then training the model on the 

experimental data. The accuracy of the final model depends on the accuracy of the data and the 

algorithm. The equivalent circuit model reflects the internal conditions of the battery by creating a 

circuit model with components such as resistors and capacitors, combining high accuracy with low 

complexity. The Kalman filtering algorithm [13,14] provides optimal estimates in the sense of 

minimum variance with low computational effort and high accuracy. 

Capacitors used in integer-order equivalent circuit models are often assumed to be ideal 

capacitors, which do not correspond to the actual operation of the battery and can cause dispersion 

phenomena [15]. In recent years, researchers have gradually started to use constant phase element 

(CPE) to replace the ideal capacitor in the integer order model (IOM) [18] and to build the FOM [16,17] 

to estimate SOC. Xiong et al. [19] proposed FOUKF to estimate SOC. Verification that SOC estimation 

with FOM has good reliability. Chen et al. [21] proposed the fractional-order square root unscented 

Kalman filter (FSR-UKF). Its method inherits the advantages of SR-UKF and provides high accuracy 

in SOC estimation. Zeng et al. [22] proposed a new fuzzy UKF method to jointly estimate the SOC 

and SOH, and it was shown that the joint estimation was more reliable than estimating the SOC using 

UKF alone. 

Zhuang et al. [23] proposed the H∞ extended filter (HEF) by adding an H∞ observer [24] to the 

EKF, and this method improves the estimation accuracy of the traditional EKF method. Ramazan et 

al. [25] proposed the adaptive RUKF (ARUKF) based on HEF, which is more accurate than both UKF 

and EKF in estimating SOC. Xiong et al. [26] proposed real-time estimation of battery capacity was 

achieved using a multi-scale EKF (MIEKF), and finally the SOC was estimated. Ma et al. [27] proposed 

estimated the SOC using a multi-innovations UKF (MIUKF) and then used the UKF for SOH 

prediction to update the actual capacity of the SOC estimator, and the experiments showed that the 

estimated SOC remained highly accurate over multiple tests cycles. 

This paper uses FOM and AGA to identify the parameters of the lithium battery model. 

Combining the H∞ observer with a joint estimator, we propose FORUKF-RUKF to estimate SOC. 

According to the simulation results, the approach has a higher estimation accuracy. The specific steps 

of FORUKF-RUKF are: (1) Build FOM and use AGA to identify model parameters. (2) Real-time 

estimation of ohmic resistance 𝑅଴ and capacity 𝑄ே in lithium battery FOM using RUKF and use 𝑄ே 

to calculate the SOH curve (3) Real-time updated 𝑅଴ and 𝑄ே are used in FORUKF to estimate SOC. 

2. Battery Modeling 

2.1. Fractional Order Calculus 

The fractional-order second-order RC model is often used as a model for lithium batteries and 

the CPE is used to replace the two capacitors in the integer order second order RC model. The state 

space model of the model can be obtained by applying the definition of fractional order calculus. The 

G-L definition is the most commonly used method and is calculated as follows. 
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2.2. Fractional Order Model 

Using a fractional second order RC model [16] as a battery model to describe the dynamic 

characteristics of the battery is more accurate than using the IOM. The FOM for lithium batteries is 

shown in 0. 
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Figure 1. Lithium battery FOM structure. 

As shown in 0. 𝑈ை஼  is the open circuit voltage, 𝑈௅  is the terminal voltage, 𝑅଴  is ohmic 

resistance, reflecting the instantaneous 𝑈௅ of charging and discharging, 𝑅ଵ and 𝑅ଶ is resistance，𝐶𝑃𝐸ଵ and 𝐶𝑃𝐸ଶ represent the constant phase element. 

The state space equation of the FOM are as follows: 
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SOC is defined as: 
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+ = −  (5) 𝑄௡௘௪ is the rated capacity of the battery. 

Converting the integrals of equations (1)-(5) into discrete form gives the discretized state space 

equations for the FOM: 
1

1 1
1

0 ,

k

k k k j k j

j

k k k oc k

x Ax BI K x

y Cx R I U

+

+ + −
=


= + −


 = − +


 (6) 

where 

1 1

2 2

0 0

0 0

0 0 1

S

S

T

RC

T
A

R C

α

β

 −
 
 
 −

=  
 
 
 
  

,

1

2

S

S

S

N

T

C

T
B

C

T

Q

α

β

α

 
 
 
 

=  
 
 
 −
  

,

1
1

0
C

− 
 = − 
  

,

1

2x
U

U

SOC

 
 =  
  

,

0 0
0 0
0 0 0

j

j jK

α

β

ω

ω

 
 

=  
  

,

( 1)j
j

α β
ω

 
= −  

 
and Ly U= . 

3. Parameter Identification 

3.1. Description of the Experimental Data 
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The data used in this article is based on the INR 18650-50R battery with a capacity of 2000mAh. 

The data is from the CALCE Battery Research Group and uses four operating conditions at 25 °C: 

DST, FUDS, US06 and BJDST. 

For the subsequent estimation of SOC, the relationship between 𝑈ை஼  and SOC must first be 

determined. The fitted curve of 𝑈ை஼ and SOC is shown in 0 . 

 

Figure 2. 𝑈ை஼-SOC fitting curve. 

3.2. Model Parameter Identification 

The genetic algorithm can find the global optimal solution for battery parameter identification 

by following the evolutionary rule of “natural selection, survival of the fittest” in nature. However, 

the traditional genetic algorithm easily falls into a local optimal solution, leading to inaccurate final 

results. The adaptive genetic algorithm (AGA) can continuously update the crossover and mutation 

probability and has a better global search function. In this paper, AGA is used to determine the FOM 

parameters of batteries under DST conditions. 

The initial population is generated randomly by the AGA. Each individual in the population 

consists of seven genomes (𝑅଴、𝑅ଵ、𝑅ଶ、𝐶ଵ、𝐶ଶ、α、β), and each gene is binary coded. The fitness 

of each individual is checked, the individuals with high fitness are crossed and mutated to generate 

a new population, and the cycle continues until the optimal solution with the required fitness is 

obtained. 

 

Figure 3. AGA algorithm flow. 
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Parametric identification of IOM and FOM of a battery under DST conditions with AGA at 25°C 

3.3. Model Accuracy Verification 

The parameters in 0 are used to determine if the parameters are accurate under the DST 

conditions. 

Table 1. Parameters of FOM and IOM. 

Model 𝑹𝟎/Ω 𝑹𝟏/Ω 𝑹𝟐/Ω 𝑪𝟏/F 𝑪𝟐/F α
 

β  

IOM 0.0830 0.1597 0.2550 7,947 41,280 \ \ 

FOM 0.0767 0.0298 0.0376 5,021 134,639 0.9232 0.9485 

 

 
(a) (b) 

Figure 4. Validation of the model accuracy: (a) voltages; (b) voltage error. 

As shown in 0, although FOM and IOM can be used as models, the voltage using the FOM is 

closer to the measured value, so FOM is used as a model for estimating SOC. 

Table 2. Voltage errors under FOM and IOM. 

Method MAE/mV RMAE/mV 

FOM-AGA 6.5 7.9 

IOM-AGA 11.3 14.8 

4. Battery SOC estimation 

4.1. FORUKF 

The optimization performance of UKF is determined by the process and noise. The H∞ filter 

provides the optimal error estimate that minimizes the influence of the worst disturbance on the 

estimate. The SOC is calculated in this paper using the FORUKF algorithm. FORUKF is implemented 

using UT technique and H∞ filtering based on the fractional order model. H∞ filtering reduces the 

effects of worst-case noise and inaccurate initial state. Ramazan et al. [25] gives the H∞ extended filter 

(HEF): 
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where 𝑥ො௞ି  is the prediction of the state value, 𝑃௞ି  is the prediction of the error covariance, 𝐾௞ is 

the filter gain, I is the identity matrix, and 𝐹௞ and 𝐻௞ are Jacobi matrices. 

For a non-linear system, the equation of state is: 
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The procedure of FORUKF is as follows: 

(1) Initialization 

Initialize covariance 𝑃଴, initial state quantity 𝑥ො଴, process noise covariance 𝑄଴ and observation 

noise covariance 𝑅଴ 

(2) Select Sigma sampling point and weight value 
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The weight value is calculated as follows: 
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(3) The time is updated to move the sample point from k-1 to k by the state function 
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(4) Prior estimation, calculate the result of 𝑥ො௞ି  and 𝑃௞ି  
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(5) Calculate output forecast 
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(6) Calculation of the measurement estimate 𝑦ො௞ି  and the covariance 𝑃௞௬𝑃௞௫௬ 
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(7) Using the extended H∞ filter,𝐾௞ can be obtained: 
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(8) Update the mean and covariance of the state 
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4.2. SOH estimation strategy 

As lithium batteries are used over time, they are constantly being charged and discharged and 

the rated capacity of the battery gradually decreases. When the capacity drops to the point where the 

battery can no longer be used properly, it needs to be replaced. And the ohmic resistance also 

increases. Both of these are slowly changing state variables that correspond to the values of SOH. 

Updating 𝑄ே and 𝑅଴ in real-time in the calculation can improve the accuracy of the estimate and 

obtain SOH. 

Based on the definition of SOH, the end-of-life criteria for batteries are: 

new2
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R R
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=
 (30) 

where 𝑄௡௘௪ is the rated capacity, 𝑅௡௘௪ represents the ohmic resistance and 𝑅௘௢௟ is the ohmic 

resistance of the battery when it reaches the end-of-life standard. 

This paper uses the rated capacity to estimate the SOH of the battery, expressed as: 

N

new

Q
SOH

Q
=  (31) 𝑄ே is the current capacity size of the battery. 

The equation of estimation 𝑅଴ is: 
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 (32) 𝑈ை஼,௞  in the observation equation of 𝑅଴  is related to the SOC value. The estimation of the 

internal resistance is completed by the SOC estimation at the k-1 moment and the RUKF algorithm 

to obtain the 𝑅଴ value, which changes in real-time. 

The state space model is established with the capacity as the state variable: 

, , 1 1

, 1
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t k
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I T
d SOC SOC
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η
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33) 

The expected value of 𝑑௞ in the formula is 0. The relationship between 𝑄ே and I is established 

using the ampere-hour integration method and 𝑄ே at time k is estimated using RUKF based on this 

state space model. 
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After obtaining the real-time 𝑅଴ and 𝑄ே, the SOH curve is calculated using 𝑄ே. Calculate the 

expression for the SOH curve as: 

, 100%N k

k

new

Q
SOH

Q
= ×  (34) 

4.3. FORUKF-RUKF Estimated SOC 

The main process of FORUKF-RUKF is: the SOC value can be calculated by FORUKF under the 

state space model of equation (3-4), and then the SOH, 𝑅଴, 𝑄ே can be estimated by RUKF algorithm 

under the space model of equations (32)-(34), and the real time changing 𝑅଴, 𝑄ே will be fed back to 

the estimation process of SOC, and the continuous cycle finally achieves estimating the SOC. 

 

Figure 5. Main flow chart of FORUKF-RUKF. 

5. Result and Discussion 

The results of the algorithm are validated using FUDS, BJDST and US06 conditions. As this open-

source data only provides SOC from 0.8 to 0, and as a battery charge below 10% can damage battery 

life, this paper uses SOC from 0.8 to 0.1. 

This paper sets the initial value of SOC to 1 and observes whether the algorithm can converge 

the SOC to 0.8. Comparison of selected EKF, FOUKF and FORUKF algorithms to verify the 

performance of FORUKF-RUKF. The black line is the measured value, the red line is FORUKF-RUKF, 

and the blue, green and yellow lines represent EKF, FOUKF and FORUKF respectively, and these 

four lines are compared to the measured value; the closer to the measured value, the higher the 

accuracy of the algorithm estimation. 

The SOC error and voltage error for the four methods under FUDS conditions are shown in 0. 

The estimated curves and errors of the four methods for estimating SOC and voltage are shown in 0. 

A comparison of the data shows that FORUKF estimates both SOC and voltage more accurately than 

EKF and FOUKF, but that the accuracy of FORUKF-RUKF is slightly better than that of FORUKF. 

The real time varying 𝑅଴  and 𝑄ே  values of the FORUKF-RUKF estimates under the FUDS 

conditions are shown in 0, and the varying SOH values are obtained by equation (34) and 𝑄ே values 

as shown in 0(c). 

Table 3. Errors of the four algorithms under the FUDS conditions. 

Algorithm SOC Error Voltage Error 
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MAE(%) RMSE(%) RMSE(mV) 

EKF 1.32 1.53 12.5 

FOUKF 0.93 1.28 10.4 

FORUKF 0.76 1.08 9.3 

FORUKF-RUKF 0.67 0.91 7.9 

 

(a) (b) 

(c) (d) 

Figure 6. Comparison under the FUDS conditions: (a) SOC; (b) errors of SOC; (c) voltage; (d) errors 

of voltage. 
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(a) (b) 

 
(c) 

Figure 7. Curve obtained by the FORUKF-RUKF algorithm under the FUDS conditions (a) 𝑅଴; (b) 𝑄ே; (c) SOH. 

As can be seen from the comparison of simulations under FUDS conditions is shown in 0, the 

results estimated by FORUKF-RUKF maintain a high level of accuracy throughout. After setting the 

wrong initial value, FORUKF-RUKF is the fastest of the four algorithms to approach the measured 

value. However, when the SOC drops below approximately 30%, the advantages of FORUKF-RUKF 

are no longer apparent. This is because when the battery drops to a lower SOC, the battery condition 

also changes significantly and the parameter values obtained using the offline identification of the 

AGA are no longer suitable for the battery at that point, which is one of the disadvantages of offline 

parameter identification. 

The comparison of the four algorithms for the US06 and BJDST conditions is shown in 0 and0. It 

can be seen that after setting the wrong initial value of SOC, all four algorithms can gradually 

approach the measured value, but FORUKF-RUKF converges to the measured value the fastest. In 

addition, the FORUKF-RUKF algorithm maintains good accuracy throughout the estimation of the 

SOC. As shown in 0-00, the FORUKF-RUKF algorithm maintains the highest accuracy throughout 

the estimation of the SOC, and that FORUKF also outperforms the EKF and FOUKF overall. The 

variation curves of 𝑅଴, 𝑄ே, and SOH estimated in real time are shown in 0, which are informative for 

understanding the current state of the battery. This paper uses equation (34) to calculate SOH, the 

value of SOH is related to 𝑄ே, so the curve of SOH is exactly the same as 𝑄ே is greater than the rated 

capacity of 2Ah and the SOH is also greater than 1. This is because the battery has not been used 

much and the battery still has a long service life. 
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Table 4. Errors of the four algorithms under the US06 conditions. 

Algorithm 
SOC Error Voltage Error 

MAE(%) RMSE(%) RMSE(mV) 

EKF 1.32 1.48 11.9 

FOUKF 0.92 1.19 9.5 

FORUKF 0.79 1.03 8.7 

FORUKF-RUKF 0.57 0.77 7.4 

 

(a) (b) 

(c) (d) 

Figure 8. Comparison under the US06 conditions: (a) SOC; (b) errors of SOC; (c) voltage; (d) errors of 

voltage. 
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(a) (b) 

 
(c) 

Figure 9. Curve obtained by the FORUKF-RUKF algorithm under the FUDS conditions (a) 𝑅଴; (b) 𝑄ே; (c) SOH. 

Table 5. Errors of the four algorithms under the BJDST conditions. 

Algorithm 
SOC Error Voltage Error 

MAE(%) RMSE(%) RMSE(mV) 

EKF 1.33 1.49 11.8 

FOUKF 0.81 1.09 9.4 

FORUKF 0.69 0.93 8.7 

FORUKF-RUKF 0.67 0.84 6.3 
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(a) (b) 

(c) (d) 

Figure 10. Comparison under the BJDST conditions: (a) SOC; (b) errors of SOC; (c) voltage; (d) errors 

of voltage. 
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(c) 

Figure 11. Curve obtained by the FORUKF-RUKF algorithm under the FUDS conditions: (a) 𝑅଴; (b) 𝑄ே; (c) SOH. 

As can be seen from the SOC estimation results, FORUKF-RUKF, which incorporates the H∞ 

observer and the joint estimation method, can quickly approximate the observed SOC value with an 

incorrect initial value of SOC, and the root mean square error of SOC remains minimal in the overall 

estimation process. The SOH curve, obtained from the estimated 𝑄ே  curve, is also useful in 

determining the remaining life of the battery. 

The stability of the FORUKF-RUKF algorithm is then checked by increasing the variance of the 

measurement noise. Simulation of large errors in experimental measurements by increasing the 

variance of the observed noise to verify the robustness of the algorithm. Finally, the data from the 

FUDS conditions was selected to verify the accuracy of the algorithm. The estimation results of the 

method under the FUDS conditions are shown in 0. 

(a) (b) 

Figure 12. Estimation results after increasing the variance of the observed noise: (a)SOC; (b)errors of 

SOC. 

As shown in 0, the method can still maintain high stability after increasing the variance of the 

observation noise. This indicates that the method has a strong resistance to interference and is more 

suitable for practical production. 
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To further verify the robustness of FORUKF-RUKF, the convergence speed of the algorithm is 

verified in this paper. The SOC in the experimental data starts at 0.8, and we set the initial value of 

SOC to 1. The MAE and RMSE of the measured SOC in the first 500 seconds versus the measured 

value. The results are compared with EKF, FOUKF and FORUKF. Smaller errors indicate faster 

convergence and greater robustness of the algorithm. The comparison of the convergence of the four 

algorithms under the FUDS, US06 and BJDST conditions are shown in 0-0.  

As shown in 0-0, the FORUKF-RUKF algorithm converges to the measured value faster than the 

EKF, FOUKF, and FORUKF, and then fluctuates up and down around the measured value. An 

analysis of 0-0 shows that the FORUKF-RUKF algorithm has a smaller error in the first 500 seconds 

than the other three algorithms. The algorithm quickly converges to the measured value, even if the 

initial SOC value has a large error due to equipment influence. The FORUKF-RUKF algorithm is 

more stable and robust. 

Table 6. Errors of each algorithm in the first 500 seconds of the FUDS conditions. 

Algorithm 
SOC Error 

MAE(%) RMSE(%) 

EKF 1.72 1.53 

FOUKF 2.59 1.28 

FORUKF 1.53 1.08 

FORUKF-RUKF 0.49 0.95 

 

(a) (b) 

Figure 13. Convergence of each algorithm in the first 500 seconds of the FUDS conditions: (a)SOC; 

(b)errors of SOC. 

Table 7. Errors of each algorithm in the first 500 seconds of the US06 conditions. 

Algorithm 
SOC Error 

MAE(%) RMSE(%) 

EKF 1.27 1.48 

FOUKF 2.09 1.19 

FORUKF 1.28 1.03 

FORUKF-RUKF 0.28 0.80 
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(a) (b) 

Figure 14. Convergence of each algorithm in the first 500 seconds of the US06 conditions: (a)SOC; 

(b)errors of SOC. 

Table 8. Errors of each algorithm in the first 500 seconds of the BJDST conditions. 

Algorithm 
SOC Error 

MAE(%) RMSE(%) 

EKF 1.26 1.49 

FOUKF 2.07 1.09 

FORUKF 1.30 0.93 

FORUKF-RUKF 0.39 0.84 

 

(a) (b) 

Figure 15. Convergence of each algorithm in the first 500 seconds of the BJDST conditions: (a)SOC; 

(b)errors of SOC. 

6. Conclusions 

This paper proposes the FORUKF-RUKF algorithm to estimate the SOC of lithium batteries, 

which incorporates the H∞ observer and the joint estimation method. Offline parameters of the 

battery's FOM were obtained by using the AGA for parameter recognition of the battery's data under 
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DST conditions. The RUKF in the algorithm estimates the ohmic resistance 𝑅଴ and the capacity 𝑄ே 

of the battery in real-time, and the battery SOC is estimated together with the FORUKF. The 

algorithm was validated under the FUDS, US06 and BJDST conditions and it was found that 

FORUKF-RUKF could converge faster to the measured value and the accuracy of the estimated SOC 

was better than FORUKF, FOUKF and EKF, with the root mean square error stabilizing within 1%. 

After setting an incorrect initial value of SOC, the algorithm can still quickly converge to the 

measured value and its robustness is better than other traditional algorithms. In the future, we will 

use different batteries and different temperatures to simulate the complex environment of the battery 

in practical application to further validate the robustness of the algorithm. 
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