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Accurate estimation of battery state of charge (SOC) is of great significance to improve battery management and service life. An unscented Kalman filter (UKF) method is used to increase the accuracy of SOC estimation in this paper. Firstly, a battery model that the parameters are identified by using the least squares algorithm is established, which is foundation of the two-order RC equivalent circuit model. Secondly, SOC is estimated by UKF. In order to validate the method, experiments have been carried out under different operating conditions for LiFePO4 batteries. The obtained results are compared with that of the extended Kalman filter. Finally, the comparison shows that the UKF method provides better accuracy in the battery SOC estimation. Its estimation error is less than 2%, which is better than EKF algorithm. An effective method is provided for state estimation for battery management system.
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1 INTRODUCTION
As the power source of electric vehicle, power battery plays a core role in electric vehicle. Its performance is closely related to the braking energy recovery rate, driving range and acceleration performance of the whole vehicle. The key role of power battery in electric vehicles is to provide electric vehicles with strong climbing ability, acceleration ability and endurance ability. The specific power of the battery determines the starting, acceleration, climbing performance and the maximum speed performance of the electric vehicle. Power battery is the core component of electric vehicle energy storage system. Lithium-ion batteries have been widely used in electric vehicles because of its obvious advantages in performance, capacity, service life and so on (Chen et al., 2019; Shuzhi et al., 2021). Lithium-ion batteries include ternary material batteries, lithium-iron phosphate batteries and lithium manganese acid batteries (Li et al., 2017). Lithium-rich oxides have been considered as promising cathodes for the next generation power batteries (Yang et al., 2020). Lithium-iron phosphate batteries are widely used in electric vehicles because of their non-toxic, pollution-free, good safety performance. However, the accidents caused by fire, combustion and explosion of power batteries at home and abroad in recent years fully illustrate that once the hidden danger of battery safety breaks out, its harmfulness is difficult to measure. And strong measures must be taken to prevent the accidents that may be caused by the hidden danger of battery safety. Therefore, the significance of efficient management of battery system for electric vehicles is highlighted and has attracted much attention. It has become a hot issue in scientific research in related fields, and it is also a difficulty in technical development.
The model of power battery is to describe the mathematical relationship between voltage, current, state of charge (SOC) and other parameters in the working process (Gao et al., 2018; Zheng et al., 2018). At present, there are four kinds of commonly used battery models: neural network model, electrochemical model, AC impedance model and equivalent circuit model. Equivalent circuit model plays an important role in battery state estimation. SOC estimation of lithium-ion power battery is one of the important links in battery management system. SOC is one of the parameters characterizing the working state of power battery, which can provide basis for battery management. (Singh et al., 2020; Yang et al., 2020; Zuo et al., 2022).
The electrochemical model of power battery mainly reflects the internal electrochemical reaction process, and uses mathematical formulas to describe the battery characteristics (Li et al., 2020; Zuo et al., 2020). The model is closely related to battery materials, formulas and processes, and the calculation of parameters is complex. The simplified electrochemical model can predict the change of voltage and residual electricity. The classical electrochemical simplified models mainly include single particle model (SPM) and single particle model incorporating electrolyte physics (SPMe) (Wu et al., 2021). Neural network model can accurately describe the dynamic characteristics of power battery, and takes a large number of battery test data as training data (Yang et al., 2019; Feng et al., 2020; Shen et al., 2020). But the neural network also has some shortcomings. It needs a lot of training data to increase the accuracy of the model, and the model error is easily affected by the training data and training methods. The AC impedance model is established based on the AC impedance characteristics and dynamic frequency characteristics of the battery. Zhu established the AC impedance model by using the battery impedance spectrum (Zhu et al., 2020). The battery model can accurately describe its impedance and electrochemical characteristics. However, the AC impedance spectrum and battery impedance are directly affected by the temperature and frequency. At the same time, the calculation of parameters in the model is complex. The equivalent circuit model is a circuit network composed of circuit elements (Tran et al., 2020). Such as resistance, capacitance and constant voltage source to describe the external characteristics of the battery. The physical meaning of the equivalent circuit model is clear. Considering the external characteristics such as voltage, current and temperature, it has good adaptability to the power battery under different working conditions. So it is widely used in power battery state estimation and battery management system.
At present, there are four main categories of SOC estimation methods proposed by domestic and foreign scholars (Zhao et al., 2018; Jiao et al., 2020): estimation methods based on A hour integral, estimation methods based on measured values of battery characterization parameters, estimation methods based on empirical equations and mathematical models, and estimation methods based on battery equivalent circuit model. Ampere hour integral is also called Coulomb counting method. This method is usually used as the reference SOC in the single discharge process of battery, which is common in practical application. The parameters such as residual capacity and open circuit voltage of power battery have a certain relationship with SOC (Kwak et al., 2019). These parameters are usually used to characterize battery SOC. SOC estimation methods based on empirical equation and mathematical model mainly include linear model method, neural network method, fuzzy logic method, support vector machine and so on (She et al., 2019; Cheng and Tingloang, 2020; Guo et al., 2021). The estimation methods based on battery equivalent circuit model mainly include Kalman filter, observer and particle filter (Peng et al., 2019). The observer method can increase the accuracy and robustness of SOC estimation, but the performance of this method will be greatly affected by the noise. Unscented Kalman filter (UKF) is the combination of unscented transform (UT) and standard Kalman filter system. Through the lossless transform, the nonlinear system equation is suitable for the standard Kalman system under linear assumption. The UKF uses statistical linearization technology which is called linearization method unscented transformation. This technology linearizes the nonlinear function of random variables mainly through the linear regression of n points collected in a priori distribution. Considering the expansion of random variables, this linearization is more accurate than Taylor series linearization. This method has better accuracy than EKF in estimating SOC and error covariance.
2 Modeling of lithium-ion battery
2.1 Battery model
The equivalent circuit model is a circuit network composed of circuit elements such as resistance, capacitance and constant voltage source. The model is usually used to describe the relationship between the external characteristics such as terminal voltage, charge discharge current and working temperature of the battery. It is widely used in the research of power battery. Lithium-ion battery model should better reflect the dynamic characteristics of the battery and it can’t be too complicated. Besides, the model should be easily used in engineering. Taking these factors into account, the two-order RC equivalent circuit model is established as the model of lithium-ion battery, as shown in Figure 1.
[image: Figure 1]FIGURE 1 | The two-order RC equivalent circuit model.
In Figure 1, U0 is the terminal voltage of the battery, Uocv is the battery open-circuit voltage, R iss the battery internal resistance, R1, C1 are diffusion resistance and diffusion capacitance respectively, R2, C2 are concentration polarization resistance and concentration polarization capacitance respectively. According to Figure 1, the battery equivalent circuit mathematical model can be obtained as follows:
[image: image]
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Where I represents the load current (negative for charge, positive for discharge).
By defining [image: image] and according to Eq. 1, the transfer function of the battery impedance can be written by Eq. 3.
[image: image]
A bilinear transformation method shown in Eq. 4 is employed foe the discretization calculation of Eq. 3, and the result is given by Eq. 5.
[image: image]
Where the z is the discretization operator and the Ts is the sampling period with an interval of 1s.
[image: image]
Then the parameters of the battery model can be solved by Eq. 6.
[image: image]
Eventually, the auto-regressive exogenous (ARX) form of the battery can be rewritten by
[image: image]
where the [image: image] and the [image: image] denote the data matrix and the parameter matrix respectively.
[image: image]
2.2 Model parameter identification method
In this paper, the least square algorithm with forgetting factor (FFRLS) is used to realize the dynamic identification of model parameters. The detailed implementation process is shown in Table 1, where denotes the forgetting factor.
TABLE 1 | Implementation process of the FFRLS algorithm.
[image: Table 1]2.3 Space state equation of battery model
SOC denotes the state of remaining electrical capacity stored in a battery. It can be expressed as:
[image: image]
The relationship between SOC and open-circuit voltage of battery can be expressed as:
[image: image]
Where SOC is the state of charge of the battery. k0, k1, k2, k3, k4 are the parameters that needs to be identified. The two-order RC equivalent model of lithium-ion battery is
[image: image]
Where
[image: image]
3 UNSCENTED KALMAN FILTER
The basic idea of UKF is Kalman filter and lossless transformation. It can effectively overcome the problems of low accuracy and poor stability of EKF estimation. Because the high-order term does not need to be ignored, the calculation accuracy of nonlinear distribution statistics is high.
When EKF is used to estimate the battery state, the state space model of the battery need to be linearized since the state space model of the battery is nonlinear. The Jacobian matrix will be calculated during the linearization process, which makes the computation complex and reduces the estimation accuracy. The UKF uses the sigma point for nonlinear transformation directly instead of linearizing the battery model, which improves the estimation accuracy.
Step1. sigma points are set by the mean and variance of the state variables by calculating in accordance with certain rules.
Step2. sigma points will be operated by the state-space model to get the new sigma point set.
Step3. the excellent estimate of state variable is obtained by weighting the new set of point.
Step4. repeat the previous operation process to iterate.
For a nonlinear system, the state and measurement equations with additional noise are:
[image: image]
Where k is the current time, f () is the nonlinear system state transition equation, g () is the nonlinear measurement equation, the [image: image] and the [image: image] are process noise and measurement noise respectively. Assumed that the [image: image] and the [image: image] are uncorrelated zero-mean white Gaussian noise, and covariance matrixes are respectively. The specific algorithm of UKF is as follows:
[image: image]
The sigma point is set as follows:
[image: image]
Time update equation is as follows:
[image: image]
The measurement update equation is as follows:
[image: image]
It is seen from the above formulas that as long as the initial conditions and are given, the optimal estimate value of the state at time k can be estimated depending on the state value at time k−1, the input value and the observed value at time k.
4 EXPERIMENTAL
The test object is LiFePO4 batteries with the nominal capacity of 6.2 Ah and the nominal voltage of 3.2 V. To verify the accuracy of the two-order model and the effectiveness of battery state estimation algorithm, a battery test bench has been established, as shown in Figure 2. Constant discharge current is 0.5°C. The experimental environment temperature is 25°C. R1, C1, R2 and C2 were identified which is shown in Table 2. And the SOC initial value of the battery is 0.9 while the SOC value is 0.1 when the experiment reached the discharge cut-off condition. Then the SOC and open circuit voltage can be fitted as shown in Figure 3. Battery’s measured terminal voltage and estimated voltage curves are shown in Figure 4. The error is shown in Figure 5, and it is can been seen that the maximum error is less than 0.08 V. From the above experimental results, we can see that the battery model is accurate.
[image: Figure 2]FIGURE 2 | Battery test bench.
TABLE 2 | The identification result of R1,R2,C1,C2.
[image: Table 2][image: Figure 3]FIGURE 3 | Open circuit voltage and SOC fitting.
[image: Figure 4]FIGURE 4 | Open circuit voltage and SOC fitting.
[image: Figure 5]FIGURE 5 | Model voltage and true voltage udder constant current test.
In this paper, the SOC is estimated by the EKF and the UKF, which are validated through the experiments under different conditions. Figures 6–9 show that the two algorithms are accurate and reliable to estimate SOC. The maximum errors of two algorithms are less than 4 and 1.4% respectively. It can be seen that the UKF algorithm is more accurate than EKF algorithm on SOC estimation. The UKF algorithm is more stable than the EKF algorithm for the EKF’s error is within 2.5% while the error of UKF is less than 0.5% when the SOC is in the range of 90–20%. During the discharge end when SOC is less than 20%, the errors of these two algorithms are both larger since the battery works in a highly non-linear region. The error of EKF is nearly 4%, while the peak error of UKF is less than 1.4% which is still relatively small. In summary, UKF algorithm is more stable and accurate than EKF algorithm.
[image: Figure 6]FIGURE 6 | SOC estimate results under constant current condition.
[image: Figure 7]FIGURE 7 | Comparison of SOC estimate error under constant current discharge.
[image: Figure 8]FIGURE 8 | SOC estimate results under UDDS condition.
[image: Figure 9]FIGURE 9 | Comparison of SOC estimate error UDDS condition.
5 CONCLUSION
As the main power source of electric vehicle, the performance of power battery directly affects the economy, power and reliability of the vehicle. In order to ensure the safe and stable operation of electric vehicles in complex driving environment, it is necessary to effectively manage the power battery system and prolong the battery life. In the complex and changeable environment, the accurate modeling and accurate state estimation of power battery can ensure the safe and reliable operation of battery management system. The equivalent model of power battery has important significance for SOC estimation. By employing the UKF, the battery SOC was estimated using the two-order RC model. However, the modeling is not accurate enough and the battery state can not be accurately estimated in real time. These problems have always been recognized as difficult problems in academic and industrial circles. The UKF is proposed to estimate the SOC in this paper. To verify the performance of the UKF method, experiments were conducted on battery test bench. The obtained results have demonstrated that the UKF algorithm has provided better performance in comparison with the extended Kalman filter.
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