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Abstract 

Because of the problem that the traditional unscented Kalman filter algorithm (UKF) may terminate 

the iteration due to the non-positive definite error covariance matrix during state of charge (SOC) 

estimation of lithium-ion battery, considering the unknown noise and current mutation during the 

actual operation of the battery, an SOC estimation method based on covariance adaptive singular 

value decomposition unscented Kalman filter (CA-SVDUKF) algorithm was proposed. Based on the 

singular value decomposition traceless Kalman filtering algorithm, the proposed CA-SVDUKF 

algorithm introduced an adaptive method of covariance matching to improve the algorithm’s anti 

interference capability to unknown noise. Accordingly, an error covariance matrix adaptive method 

with adaptive scaling factor was proposed, which could reduce the influence of current mutation 

exerting on the estimated convergence rate. Taking lithium battery as the research object, the second-

order RC equivalent circuit model of the lithium battery was firstly built, and then the online 

parameters of the battery were identified. Finally, the CA-SVDUKF algorithm was used to complete 

the SOC estimation. The algorithm was simulated and verified under three working conditions: 

ordinary pulse condition, DST working condition and US06 working condition. The experimental 

results showed that the algorithm had higher accuracy and stability comparing with the traditional 

extended Kalman filter algorithm (EKF) and UKF algorithm. The maximum absolute error was less 

than 0.6%, and the root mean square error was less than 0.3%, which could verify effectiveness and 

superiority of the algorithm. 

Keywords: Lithiumi-ion battery; SOC estimation; unscented Kalman filter algorithm;  

covariance matching 

 

1. Introduction 

The vigorous development of electric vehicles (EVs) is a key measure for achieving the “dual-

carbon” strategy. However, the driving range and safety of EVs remain major factors hindering their 

widespread adoption. The battery management system (BMS) ensures the safe and reliable operation 

of batteries and EVs, among which state of charge (SOC) estimation is a critical and challenging 

research focus [1]. Accurate SOC estimation enables drivers to clearly understand the remaining 

battery capacity, thereby maintaining the battery within an appropriate SOC range, facilitating 

rational planning of charging, discharging, and operating schedules [2]. Moreover, precise SOC 

estimation is of great significance for extending battery lifetime, optimizing the battery system, and 

ensuring the safe operation of EVs. 

SOC cannot be directly measured but must instead be inferred from measurable quantities such 

as voltage and current, and it is typically expressed as a percentage [3]. Existing SOC estimation 

methods can be classified into four categories: ampere-hour integration, look-up table methods, data-

driven approaches, and model-based methods. The ampere-hour integration method may 

accumulate errors when the initial SOC is unknown [4]. In addition, battery aging and temperature 

variations can cause deviations in rated capacity and coulombic efficiency, thereby reducing 

estimation accuracy. The look-up table method estimates SOC by mapping characteristic parameters, 
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such as open-circuit voltage (OCV), electrochemical impedance spectrum, and internal resistance, to 

SOC, offering a simple and intuitive approach [5]. However, its primary drawback lies in the 

requirement for long rest periods to stabilize internal electrochemical reactions, which limits the 

accuracy of measured parameters. Consequently, this method is unsuitable for online and high-

precision SOC estimation. Commonly used data-driven methods include neural networks (NN), 

fuzzy logic, genetic algorithms (GA), and support vector machines (SVM) [6]. Although these 

methods do not require the construction of an accurate equivalent battery model, their main 

disadvantages are high computational cost, long processing time, and strong dependence of 

estimation accuracy on the quality and quantity of training data [7]. Model-based methods generally 

employ filtering algorithms, such as Kalman filters, particle filters, and H∞ filters [8]. Among these, 

Kalman filter-based approaches are widely adopted due to their simplicity and relatively high 

accuracy. To address the limited estimation accuracy of the extended Kalman filter (EKF)—which 

neglects higher-order terms beyond the second order in the Taylor expansion—Gao Jin et al. [9] 

proposed an unscented Kalman filter (UKF)-based SOC estimation strategy, showing improved 

accuracy in simulations compared with EKF. Further, An Zhiguo et al. [10] integrated the Sage–Husa 

adaptive filtering algorithm with UKF to develop an adaptive UKF (AUKF), which demonstrated 

enhanced accuracy and adaptability. Similarly, Zou Lin et al. [11] Proposed a dual unscented Kalman 

filter (DUKF) for parameter identification and SOC estimation, with experimental results confirming 

improved accuracy and stability compared with the standard UKF. Nevertheless, conventional EKF 

suffers from low accuracy due to the omission of higher-order terms, and UKF may encounter non-

positive definite error covariance matrices, leading to algorithm termination. Deng et al. [12] 

proposed a lithium battery SOC estimation algorithm based on the forgetting factor recursive least 

squares method (FFRLS), Thevenin equivalent circuit model, and singular value decomposition—

unscented Kalman filter (SVD-UKF). This method aims to overcome the linearization error of the 

Kalman filter and the shortcomings of the non-positive definite covariance matrix.Tejas et al. [13] 

used a third-order resistance-capacitance equivalent circuit model to simulate the dynamic behavior 

of lithium-ion batteries. The parameters of this model were estimated using the extended Kalman 

filter, and a recurrent neural network model using long short-term memory networks was introduced 

to estimate the SOC and health status.Xing et al. [14] proposed a joint fractional-order multi-

innovation unscented Kalman filter (FOUKF-FOMIUKF) algorithm for online prediction of the 

battery’s SOC. This method uses the fractional-order unscented Kalman filter to online identify the 

parameters of the model and then transmits these parameters to the fractional function sequential 

multi-innovation unscented Kalman filter to calculate the SOC of the battery.Wang et al. [15] 

proposed the LM-IEKF algorithm, which can effectively estimate the SOC of lithium-ion batteries, 

especially suitable for the estimation of electric vehicles. This method uses the Levenberg-Marquardt 

method to optimize the error covariance matrix of IKEF.Li et al. [16] to reduce the influence of noise 

on the estimation of the battery’s state of charge, a covariance matching link was introduced, and the 

adaptive extended Kalman filter (AEKF) algorithm was used to estimate the electric SOC. 

In summary, current SOC estimation research emphasizes accuracy and stability. In this study, 

a second-order RC equivalent circuit model of the battery is established, and model parameters are 

identified using the forgetting-factor recursive least squares (FFRLS) method. Since UKF provides 

higher accuracy than EKF, this paper designs the SOC estimation algorithm based on UKF. To 

address the issue of non-positive definite error covariance matrices that may cause UKF iteration 

failure, singular value decomposition (SVD) is introduced to replace Cholesky decomposition. 

Furthermore, because the prior statistical characteristics of noise in real EV operation are typically 

unknown, a covariance matching technique is incorporated to enhance the algorithm’s robustness 

against disturbances. Considering that sudden current variations frequently occur during practical 

battery operation, an adaptive error covariance matrix adjustment method with a scaling factor is 

also proposed to improve algorithm stability. Based on the above analysis, this paper proposes a 

covariance-adaptive SVD-UKF (CA-SVDUKF) approach for SOC estimation. The accuracy and 
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stability of the proposed method are validated under three operating conditions: standard pulse 

condition, dynamic stress test (DST), and US06 condition. 

2. Development of the Lithium-Ion Battery Equivalent Model 

The Materials and Methods should be described with sufficient details to allow others to 

replicate and build on the published results. Please note that the publication of your manuscript 

implicates that you must make all materials, data, computer code, and protocols associated with the 

publication available to readers. Please disclose at the submission stage any restrictions on the 

availability of materials or information. New methods and protocols should be described in detail 

while well-established methods can be briefly described and appropriately cited. 

2.1. Second-Order RC Equivalent Circuit Model 

Commonly used battery models include electrochemical models, data-driven models, and 

equivalent circuit models. Among them, electrochemical models exhibit high complexity and pose 

significant challenges for parameter identification, making them rarely employed in practical 

applications. Data-driven models require large amounts of experimental data to train and generally 

suffer from long computation times, which limit their real-time applicability. In contrast, equivalent 

circuit models achieve relatively high accuracy with simpler modeling procedures and more 

convenient parameter identification, and thus are widely adopted in battery modeling and state 

estimation. An n-order RC equivalent circuit model typically consists of two or more RC networks to 

characterize the dynamic and static behaviors of the battery. Increasing the number of RC networks 

improves model accuracy, but simultaneously increases the difficulty of parameter identification. 

When the number of RC networks exceeds three, the computational burden grows rapidly while the 

accuracy improvement remains marginal [17]. Considering the trade-off between computational 

accuracy and model complexity, this study employs a second-order RC equivalent circuit model as 

the battery model. The structure of the second-order RC equivalent circuit model is illustrated in 

Figure1. 
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Figure 1. Second-Order RC Equivalent Circuit Model. 

In the figure, ocU  represents the open-circuit voltage of the battery, and 0R  denotes the ohmic 

internal resistance. 1R  and 1C  correspond to the electrochemical polarization resistance and 

capacitance, respectively, which are used to model the electrochemical polarization process during 

charging and discharging. Similarly, 2R  and 2C  represent the concentration polarization 

resistance and capacitance, respectively, which are used to model the concentration polarization 

process during charging and discharging. 1U  denotes the voltage across the parallel branch of 1R  

and 1C ,while 2U  denotes the voltage across the parallel branch of 2R  and 2C . I  epresents the 
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circuit current, and LU  denotes the terminal voltage. In this study, the discharge current direction 

is defined as positive, whereas the charging current direction is defined as negative. 

2.2. State-Space Equations of the Battery 

According to Kirchhoff’s laws in circuit theory, the mathematical expressions of the model in 

Figure 1 can be derived as follows： 

1 1
1

1

2 2
2

0 2

2

1ocL

dU U
I C

dt R

dU U
I C

dt R

U U IR U U


= +




= +

 = − − −



                      （1） 

According to the definition of SOC, the calculation formula of SOC during discharge can be 

expressed as:  

       
( )

1 100%t

N

kI dt
SOC

Q
= − 


                     （2） 

Equation (2) can be discretized as follows： 
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( 1) ( )
N

t I k
SOC k SOC k
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+ = −                 （3） 

By selecting SOC , 1U  , and 2U  as the state variables, solving and discretizing the equations 

in (1), and combining them with Equation (3), the state-space equations of the battery can be obtained. 
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Observation equations: 
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Where kx  represents the state variables, ( )SOC k  denotes the state of charge of the lithium-

ion battery at time step k , 1( )U k
 represents the electrochemical polarization voltage at time step k

, and 2( )U k
 represents the concentration polarization voltage at time step k . ( )I k  denotes the 

system input, i.e., the circuit current of the battery, and 
( )k Ly U k=

 represents the terminal voltage 

at time step k , i.e., the measured output. NQ  denotes the nominal capacity of the battery. 

( ( ))ocU SOC k
 is the open-circuit voltage obtained from the mapping relationship between SOC and 

OCV, which can also be derived from pulse charge and discharge experiments. t  represents the 

sampling interval, which is taken as 1 s in this study. 

3. Online Parameter Identification of Battery Model 

3.1. Identification Method Based on FFRLS Algorithm 

During operation, a power battery behaves as a complex, time-varying nonlinear system. Offline 

identification methods, however, are time-consuming and relatively less accurate, making it difficult 

to identify battery parameters in real time. To enable real-time updating of battery parameters during 

operation, this study introduces an online identification method. The online identification approach 

only requires real-time sensor measurements as inputs to the identification algorithm, allowing 

parameters to be updated in real time and thereby improving model accuracy. 

The recursive least squares (RLS) method is a commonly used online parameter identification 

technique that can iteratively update parameter estimates. However, as the volume of data increases, 

the algorithm may experience a “data saturation” effect, which can reduce accuracy or even halt the 

iteration process. To address this issue, this study employs the forgetting-factor recursive least 

squares (FFRLS) method. 

Assume the system can be expressed as follows: 

( ) ( ) ( ) ( )y k k k e k= +                          （6） 

The recursive procedure of the FFRLS algorithm is as follows: 

1
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
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  = − + − −  


 = −   −  +  

  = −  − 

             （7） 

Here, ( )y k  represents the output variable of the system at time step k , ( )k represents the 

input variable of the system at time step k , ( )k  represents the parameter vector to be identified at 

time step k , and ( )e k  represents the sampling error of the system at time step k . P  denotes the 

error covariance matrix, K denotes the algorithm gain, I  denotes the identity matrix, and   

denotes the forgetting factor, which is generally set between 0.95 and 1. If  =1, the algorithm 

reduces to the standard recursive least squares method. In this study,   is set to 0.985. 
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The specific procedure of the FFRLS algorithm is as follows: 

(1) Initialize the system parameters:
(0)SOC

, 
(0)ocU ； 

(2) Input measured current and voltage values; 

(3) Set the initial values of ̂  and P ; 

(4) Calculate the current 
( )SOC k

 using the real-time integration method; 

(5) Obtain the current 
( )ocU k

 using the OCV-SOC fitting formula; 

(6) Calculate  1 2 3 4 5

T
a a a a a =  according to Eq. (3-16); 

(7) Calculate the second-order RC circuit parameters 0R , 1R , 1C , 2R , 2C according to Eq. (3-25); 

(8) Repeat steps (4) ~ (7) to complete the parameter identification process. 

3.2. Analysis of Online Identification Results 

In this study, a specific type of 18650 ternary lithium-ion battery was selected as the research 

object, and the reliability of the online identification method was verified through experiments. To 

better reflect the actual operating conditions of electric vehicles and to enhance the credibility of the 

model and parameter identification, a Dynamic Stress Test (DST) was employed to validate the 

battery model and parameters. The duration of a single DST cycle is 360 s. The current profile for a 

single DST cycle is shown in Figure 2. 

 

Figure 2. Current Profile of a Single DST Cycle. 

The FFRLS algorithm was implemented in MATLAB/Simulink to perform parameter 

identification of the battery. The current and voltage values under the DST profile were used as 

inputs for online identification. By substituting the online identification results into the battery 

model, the comparison between the model-predicted terminal voltage and the experimental terminal 

voltage, as well as the terminal voltage error, can be obtained, as shown in Figures 3 and 4. 

As shown in Figures 3 and 4, apart from relatively larger voltage errors observed at the 

beginning and the end of the discharge process, where the maximum absolute error is approximately 

20 mV, the voltage error at other times remains essentially within ±5 mV. These results demonstrate 

that the online identification method based on FFRLS exhibits high accuracy and can effectively 

capture the real-time state of the battery. Furthermore, they validate the high accuracy of the second-

order RC equivalent circuit model. In the subsequent SOC estimation, the parameter identification 

results obtained from the FFRLS algorithm are employed to improve estimation performance. 
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Figure 3. Comparison of Terminal Voltage under DST Profile with Online Identification. 

 

Figure 4. Terminal Voltage Error under DST Profile with Online Identification. 

4. CA-SVDUKF Algorithm 

4.1. Standard UKF Algorithm Procedure 

In the Extended Kalman Filter (EKF), only the first-order terms are retained during the Taylor 

series expansion, while higher-order terms are neglected. As a result, the EKF may introduce 

significant errors when applied to highly nonlinear state-space models. To address this issue, the 

Unscented Kalman Filter (UKF) integrates the standard Kalman filtering framework with the 

unscented transformation. Assuming that the nonlinear system is discretized, the state-space 

equations can be expressed as follows. 

State equation: 

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

Observation equations: 

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

Let kx  denote the system state variable at time k  , ky  the system observation output at time 

k , and ku  the system input at time k . The function 
( ),k kf x u

 represents the state transition 

model of the system, while 
( ),k kh x u

 denotes the measurement model. The terms kw  and kv  
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correspond to the process noise and measurement noise of the system, respectively. Both are assumed 

to follow zero-mean Gaussian distributions and are mutually uncorrelated, with 
( )~ 0,k kw N Q

 

and 
( )~ 0,k kv N R

. Here, kQ  is the covariance matrix of the process noise, 
( )Tk k kQ E w w=

, and 

kR  is the covariance matrix of the measurement noise, 
( )Tk k kR E v v=

. 

The Unscented Kalman Filter (UKF) algorithm proceeds as follows: 

1) Initialize the system state variables and the error covariance matrix. 

( ) ( )( )0 0 0 0 0 0 0
ˆ ˆ ˆ,

T

x E x P E x x x x= = − −                  （10） 

2) Apply the Unscented Transformation (UT) to obtain 2n+1 sigma points along with their 

corresponding weights. 
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1 1

1
ˆ , 0

ˆ ( ) , 1,2, ,n

ˆ ( ) , 1, 2, ,2n
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x n P i

x n P i n n
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− −


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
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

           （11） 

The weights of the sigma points are given by: 

( )
0

2

0 0

/ ( )

1

1 / [2( )], 1...2

m

c m

c m

i i

n

n i n

  
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  

 = +


= + − +


= = + =

               （12） 

3) Substitute Eq. (11) into the state transition equation to compute the one-step predicted values 

of the sigma point set. 

( ), | 1 , 1 1,i k k i k kx f u− − −=                        （13） 

4) Perform a weighted summation of the one-step predicted sigma points obtained in Eq. (13) 

with their corresponding weights to derive the prior estimate of the system state variables, and 

compute the estimate of the error covariance matrix. 

2

| 1 , | 1

0

ˆ
n

m

k k i i k k

i

x x− −

=

=                        （14） 
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k k i i k k k k i k k k k k

i

P x x x x Q− − − − − −

=

= − − +             （15） 

5) Based on the prior estimate of the system state variables, apply the UT again to construct a 

new set of sigma points. 
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

              （16） 

6) Substitute Eq. (16) into the measurement equation of the system to obtain the one-step 

predicted values of the system observations. 

( ), | 1 , | 1 1,i k k i k k ky h X u− − −=                           （17） 

7) Perform a weighted summation of the one-step predicted values obtained in Eq. (17) with 

their corresponding weights to derive the estimate of the system observations, and calculate both the 

covariance matrix yyP  and the cross-covariance matrix xyP .  
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8) Compute the Kalman gain. 

, ,/k xy k yy kK P P=                                 （21） 

9) Update the posterior estimate of the system state variables and the posterior error covariance 

matrix. 

( )| 1 | 1
ˆ ˆ ˆ
k k k k k k kx x K y y− −= + −                          （22） 

, | 1 ,

T

x k k k k yy k kP P K P K−= −                            （23）  

Steps (1) ~ (9) together constitute the complete procedure of the Unscented Kalman Filter (UKF) 

algorithm. 

4.2. Improvements to the UKF Algorithm 

4.2.1. SVD-UKF Algorithm 

Although the Unscented Kalman Filter (UKF) achieves high computational accuracy, the 

Unscented Transformation (UT) requires a Cholesky decomposition of the error covariance matrix. 

However, under practical operating conditions, disturbances caused by unknown noise or abrupt 

changes in the direction and magnitude of current may render the error covariance matrix non–

positive definite. This situation leads to the termination of algorithm iterations. In the context of 

electric vehicles, premature termination of State of Charge (SOC) estimation may result in severe 

consequences. To address the issue of iteration failure caused by a non–positive definite covariance 

matrix and to enhance the stability of the algorithm, Singular Value Decomposition (SVD) is 

introduced as a substitute for the Cholesky decomposition in the iterative process of the traditional 

UKF algorithm [18]. The basic concept of SVD is introduced as follows. 

Assume a matrix ( )m nP R m n  , whose singular value decomposition (SVD) is expressed as: 

0

0 0

T TP USV U V
 

= =  
 


                      （24） 

Where
m mU R  ,

n nV R   and 
m nS R  . 

The implementation of the SVD-UKF algorithm simply requires replacing the Cholesky 

decomposition in the standard UKF algorithm with SVD. Specifically, Eq. (11) is replaced by Eq. (25) 

and (26). 

1 1 1 1k k k kP U S V− − − −=                          （25） 
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Eq. (16) is replaced by Eq. (27) and (28). 

| 1 | 1 | 1 | 1k k k k k k k kP U S V− − − −=                       （27） 
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The remaining steps of the SVD-UKF algorithm are essentially identical to those of the standard 

UKF algorithm and are therefore omitted here. 

4.2.2. Noise Covariance Matching Method 

The standard UKF algorithm for SOC estimation requires accurate prior statistical information 

regarding the characteristics of both process and measurement noise. However, since batteries are 

nonlinear systems, their process and measurement noise are time-varying. Consequently, adaptive 

noise estimation is crucial for enhancing the performance of UKF-based estimation and filtering. In 

this study, the innovation covariance matching method is introduced to adaptively update the 

covariance matrices kQ  and kR  [19]。 

The innovation ke  of the measurement variable is defined as the difference between the actual 

measurement and its predicted value, i.e.: 

| 1
ˆ
kk k ke y y −= −                                  （29）  

The adaptive update procedure of the noise covariance matrices is given as follows: 

1

1 k
T

k i

i k

i

L

C ee
L = − +

=                                （30） 
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
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             （31） 

Where kC  denotes the innovation covariance function, and. L  represents the window length, 

which is empirically set to 3 in this work. 

Based on Eq. (29) ~ (31), the adaptive update of the noise covariance matrices can be 

accomplished. Compared with the traditional UKF algorithm, this method utilizes the innovation 

sequence derived from the actual measurements and predicted observations to perform real-time 

correction and updating of the noise covariance, thereby reducing the impact of unknown noise on 

the algorithm. 

4.2.3. Adaptive Error Covariance Matrix Method 

During actual operation of electric vehicles, frequent emergency braking as well as acceleration 

and deceleration events often occur. These operating conditions lead to abrupt changes in battery 

current. Such current transients slow down the convergence speed and may prevent rapid and 
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accurate estimation of the State of Charge (SOC). The posterior error covariance matrix ,x kP  reflects 

the confidence level of the system’s estimation results: the larger the elements in the ,x kP  matrix, the 

lower the confidence in the estimation. When a sudden change occurs in the system input, the 

elements of the ,x kP  matrix increase, thereby slowing convergence. To mitigate the adverse effects 

of current transients on SOC estimation and improve estimation accuracy, this paper proposes an 

adaptive error covariance matrix method with a scaling factor. 

The adaptive scaling factor is defined as
1

,

T

k k yy k ke P e −=
, and the adaptive threshold is denoted 

as 0 .When 0k 
, the posterior error covariance matrix is updated according to: 

, | 1 ,

T

x k k k k k yy k kP P K P K −= −                       （32） 

The critical aspect of this method lies in the selection of the adaptive threshold 0 .If 0 is set 

too large, the filtering accuracy decreases; if it is set too small, the ,x kP matrix must be updated at 

every iteration, which increases computational complexity. To address this, the mean and variance 

of  are calculated within a sliding window, as shown in Eq. (33) and (34). 

1

1
i

k

i k LL


= − +

=                             （33） 

( )
2

1

1 k

i

i k LL
  

= − +

= −                         （34） 

The adaptive threshold 0 n =
 is defined with N=5 in this work. 

Compared with the standard UKF algorithm, the proposed covariance-based adaptive method 

performs corrections of the process and measurement noise covariance matrices kQ  and kR  

during each iteration, thereby enhancing the robustness of the algorithm against unknown noise. In 

addition, an adaptive error covariance matrix method with a scaling factor is introduced to address 

the problem of reduced filtering responsiveness caused by sudden current transients. By setting an 

appropriate adaptive threshold, unnecessary updates of the posterior error covariance matrix ,x kP  

at each iteration are avoided, which reduces computational complexity to a certain extent. By 

combining the covariance-based adaptive method proposed in this section with the previously 

introduced SVD-UKF algorithm, the final CA-SVDUKF algorithm for SOC estimation is established. 

4.3. Design of the CA-SVDUKF Algorithm 

The system model parameters identified using the FFRLS algorithm in Section 2.2 are employed 

as the input parameters of the CA-SVDUKF algorithm. The flowchart of the CA-SVDUKF algorithm 

is shown in Figure 5, where the blue section represents the FFRLS algorithm, and the green section 

corresponds to the CA-SVDUKF algorithm. 
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Figure 5. Flowchart of the CA-SVDUKF Algorithm. 

5. Verification of SOC Simulation Results 

To validate the estimation performance of the proposed CA-SVDUKF algorithm, this section 

presents simulation studies comparing the EKF, UKF, and CA-SVDUKF algorithms under different 

operating conditions. Based on the model parameters identified by the FFRLS algorithm in Section 

2.2, experimental current and voltage data under various conditions are applied to the three 

algorithms. Three operating conditions are considered: the standard pulse condition, the DST 

condition, and the US06 condition. 

5.1. Standard Pulse Discharge Condition 

The SOC estimation results and corresponding errors of the three algorithms under the standard 

pulse discharge condition are shown in Figures 6 and 7. Analysis of these figures indicates that, at 

the beginning of discharge, all three algorithms exhibit relatively large errors, with the EKF algorithm 

showing an absolute error of up to 6%. As the discharge progresses, the CA-SVDUKF algorithm 

rapidly converges through adaptive adjustment, maintaining the error within 0.3% throughout. In 

contrast, the EKF and UKF algorithms exhibit significant oscillations; in particular, under sudden 

discharge conditions, the absolute error of EKF rises sharply to around 4%, while that of UKF 

increases to approximately 2%. Toward the end of discharge, both EKF and UKF experience 

considerable errors, whereas CA-SVDUKF maintains high estimation accuracy. Over the entire 

discharge cycle, the maximum absolute error of CA-SVDUKF is only 0.512%, substantially lower than 

the 6.767% and 2.277% observed for EKF and UKF, respectively. Moreover, the root mean square 

error (RMSE) of CA-SVDUKF is just 0.230%, also outperforming EKF and UKF. These results 

demonstrate that, under the standard pulse condition, the proposed CA-SVDUKF algorithm achieves 

higher accuracy and stronger robustness against disturbances compared with EKF and UKF. 
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Figure 6. SOC estimation results of the battery under the constant pulse condition. 

 

Figure 7. SOC estimation errors of the battery under the constant pulse condition. 

5.2. DST Condition 

In practical operation of electric vehicles, the battery typically experiences variable current 

profiles. To better replicate real operating conditions and evaluate the estimation performance of the 

algorithm under sudden current variations, the DST condition is adopted for validation. The current 

profile of the DST condition has been provided in Section 2.2. The SOC estimation results and 

corresponding errors of the three algorithms under the DST condition are shown in Figures 8 and 9. 

 

Figure 8. SOC estimation results of the battery under the DST condition. 
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Figure 9. SOC estimation errors of the battery under the DST condition. 

From the analysis of Figures 8 and 9, it can be observed that the EKF and UKF algorithms exhibit 

relatively large absolute errors during both the initial and final stages of discharge. In particular, the 

EKF algorithm shows an absolute SOC estimation error as high as 7.342% at the end of discharge. In 

contrast, the estimation error of the CA-SVDUKF algorithm remains stable, generally within 0.35%. 

During the mid-discharge stage, the EKF and UKF algorithms display significant oscillations, 

especially when sudden discharge occurs, where the EKF estimation results exhibit large fluctuations. 

The error of the CA-SVDUKF algorithm tends to converge to the error baseline, while the EKF and 

UKF algorithms demonstrate a divergence trend in the later discharge stage. Throughout the entire 

DST discharge cycle, the RMSE of the CA-SVDUKF algorithm is only 0.214%, which is substantially 

lower than the 2.113% and 1.000% observed for EKF and UKF, respectively. These results indicate 

that, under the DST condition, the CA-SVDUKF algorithm provides considerable improvements in 

both accuracy and stability compared with EKF and UKF. Furthermore, due to its adaptive correction 

and updating of the error covariance matrix during iterations, the CA-SVDUKF algorithm 

demonstrates strong tracking capability under sudden current variations, resulting in smaller 

estimation fluctuations. 

5.3. US06 Condition 

The US06 condition, proposed by the U.S. Environmental Protection Agency (EPA), is designed 

to evaluate the performance of electric vehicles under demanding driving scenarios such as high 

speeds, aggressive acceleration, and intensive driving behavior. Compared with the DST condition, 

the US06 condition features more frequent current transients and higher average current. 

Consequently, it imposes stricter requirements on the accuracy and fast-tracking capability of SOC 

estimation algorithms. The duration of a single US06 cycle is 600 s. The current profile of a single 

US06 cycle is shown in Figure 10. 

The SOC estimation results and estimation errors of the three algorithms under the US06 driving 

condition are presented in Figure 11 and Figure 12, respectively. 

From the analysis of Figure 11 and Figure 12, it can be observed that under the US06 condition, 

where current transients occur frequently, the estimation errors of the EKF and UKF algorithms 

exhibit significant fluctuations, whereas the error curve of the CA-SVDUKF algorithm remains 

comparatively stable. Compared with the traditional UKF algorithm, the maximum absolute error of 

the CA-SVDUKF algorithm is reduced by 1.342%. Over the entire discharge cycle under the US06 

condition, the root mean square error (RMSE) of the CA-SVDUKF algorithm is only 0.225%, which is 

considerably smaller than those of the EKF and UKF algorithms (1.853% and 0.853%, respectively). 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 22 October 2025 doi:10.20944/preprints202510.1767.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202510.1767.v1
http://creativecommons.org/licenses/by/4.0/


 15 of 17 

 

 

Figure 10. Single-cycle current profile under the US06 condition. 

 

Figure 11. SOC estimation results of the battery under the US06 condition. 

 

Figure 12. SOC estimation errors of the battery under the US06 condition. 

6. Conclusions 

To address the limitations of conventional EKF and UKF algorithms, this study establishes a 

second-order RC equivalent circuit model of the battery. The model parameters are identified using 
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an online identification method based on the FFRLS algorithm. Building upon the identified model 

and parameters, the CA-SVDUKF algorithm is employed for SOC estimation. 

The proposed CA-SVDUKF algorithm replaces the Cholesky decomposition in the traditional 

UKF with singular value decomposition (SVD), thereby preventing iteration failures caused by non–

positive definite error covariance matrices. To overcome the lack of accurate prior statistical 

information on noise, a covariance-matching adaptive method is introduced, which enhances the 

robustness of the algorithm against unknown noise. Furthermore, an adaptive error covariance 

matrix method with a scaling factor is proposed to address the slowdown in filter convergence caused 

by abrupt current transients. 

Simulation results under three different operating conditions demonstrate that the proposed 

SOC estimation method achieves higher accuracy and stability compared with EKF and UKF 

algorithms. Specifically, the maximum absolute error remains below 0.6% and the RMSE below 0.3% 

across all conditions, thereby validating the effectiveness and superiority of the proposed algorithm. 
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