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Abstract 

Accurate capacity estimation of lithium-ion batteries (LIBs) in real-world electric vehicles 

(EVs) remains a critical challenge due to complex degradation mechanisms, sparse cloud-

platform data, and the limitations of existing single-model approaches. To address these 

issues, this paper proposes a novel fusion estimation method that integrates a discretized 

Arrhenius empirical lifetime model with a first-order equivalent circuit model (ECM) 

identified via particle swarm optimization (PSO) and employs a dual extended Kalman 

filter (DEKF) to synergistically update model parameters and fuse capacity estimates. 

Then, the proposed method is validated using real-world charging data from 36 EVs 

across three vehicle brands. Experimental results demonstrate that the fusion model 

achieves capacity estimation errors within 2.974% maximum and delivers state-of-health 

(SOH) estimation with R2 values of 0.966, 0.983, and 0.981 for the three vehicle types, re-

spectively. The method effectively overcomes data sparsity and noise issues inherent in 

cloud-platform data, and provides accurate, adaptive, and robust capacity tracking under 

diverse real-world operating conditions. This work offers a practical and scalable solution 

for cloud-based battery health management in next-generation EV applications. 

Keywords: electric vehicle; lithium-ion batteries; capacity estimation; Arrhenius;  

equivalent circuit model 

 

1. Introduction 

With the intensification of the global energy crisis and environmental issues, countries 

are seeking sustainable energy development paths, and the development and application of 

new energy has become a global consensus [1,2]. Under the guidance of energy structure 

transformation policies, the electric vehicles (EVs) industry is showing a rapid development 

trend, leading the global automotive industry to transform towards green and low-carbon 

direction [3,4]. Lithium-ion batteries (LIBs), as the core energy device of EVs, have significant 

importance for new energy vehicles and even the entire new energy industry [5]. 

In the daily charging and discharging process of LIBs, various stress conditions such 

as high/low ambient temperatures [6,7], high-rate charging [8,9], and calendar aging 

[10,11] can cause capacity degradation in various modes, such as active material particle 
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rupture [12,13], low-temperature lithium deposition [14,15], high-temperature gas pro-

duction [16], solid electrolyte interphase (SEI) thickening [17], and active material reduc-

tion [18]. Accurately estimating capacity can help battery management system (BMS) to 

reduce overcharging and discharging risks, optimize thermal management strategies, and 

thus delay battery aging [19]. It is necessary to estimate the capacity state of the battery in 

the service process. However, as LIBs are complex nonlinear systems, the capacity degra-

dation process involves complex side reaction processes that are difficult to describe using 

fixed mathematical and physical expressions. Moreover, the fluctuations in environment 

and operating conditions during the service of batteries also pose significant challenges to 

capacity estimation [20]. Therefore, estimating the capacity of LIBs is of great significance 

and full of challenges for EVs. The current research status of capacity estimation methods 

for batteries has been comprehensively reviewed [21,22], and the main estimation meth-

ods can be divided into three categories: analysis-based methods, model-based methods, 

and data-driven methods. 

For the analysis-based methods, there are incremental capacity (IC) analysis method, 

differential voltage (DV) analysis method, differential thermal (DT) analysis method, and 

electrochemical impedance spectroscopy (EIS) analysis method. Shang et al. [23] obtained 

the optimized charging interval based on the peak distribution of the IC curves, and the 

battery capacity was estimated by utilizing the charging quantity of electricity within the 

interval. Sun et al. [24] used battery internal resistance compensation IC curve offset to 

achieve estimation of battery capacity with the charging time. Li et al. [25] used four aging 

datasets from NASA public dataset to extract IC curve features related to battery capacity, 

trained a Gaussian process regression (GPR) model, and evaluated the uncertainty of the 

model using covariance functions. Mao et al. [26] obtained strong correlation features of 

battery capacity based on battery DV curve, and used regression model to estimate battery 

capacity. Wu et al. [27] used the collected surface temperature signals of the battery and 

calculated the DT signal to track the phase transition in the electrode and the resulting 

entropy heat to evaluate the degradation of battery capacity. Due to its interpretability, 

fast responsiveness, and non-invasiveness, EIS is also widely used in the field of battery 

capacity estimation. For example, Jiang et al. [28] extracted broadband EIS, model param-

eters, and fixed frequency impedance three representative features from EIS as the capac-

ity estimation features to estimate the battery capacity. Meng et al. [29] extracted physical 

parameters as features for estimating the aging state of batteries by fitting the equivalent 

circuit model with EIS measurements. However, these methods still face challenges such 

as random operating conditions, sampling frequency, and difficulty in online measure-

ment of EIS, making it difficult to deploy and apply them in real-world EV environments. 

For the model-based methods, it can be specifically divided into empirical models, 

equivalent circuit models (ECMs), and electrochemical mechanism models. Such as, Wu 

et al. [30] proposed a recursive total least squares estimation of battery capacity based on 

forgetting factors, and used the Arrhenius empirical model to correct the temperature and 

state of health (SOH) estimation results. ECMs simplifies the internal chemical behavior 

of the battery into a circuit network to describe the voltage response, internal resistance 

changes, and dynamic characteristics of the battery. It is often used to identify the capacity 

of batteries due to the inclusion of battery capacity parameters. Liu et al. [31] used recur-

sive least squares and adaptive extended Kalman filtering algorithms to achieve joint es-

timation of battery state of charge (SOC) and capacity. Li et al. [32] derived a reduced 

order electrochemical model by analyzing the electrochemical kinetics relationship, and 

achieved joint estimation of battery SOC and SOH by extracting capacity related physical 

feature subspaces. Gao et al. [33] used Pade to approximate and simplify the pseudo two-

dimensional (P2D) model, the fusion of the reduced order electrochemical model and the 

dual nonlinear filter was used to jointly estimate the battery SOC and capacity. Although 
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the above model achieves short-term capacity estimation based on fixed laboratory con-

ditions, the battery still faces the problem of updating model parameters during service. 

For the data-driven methods, it has also been widely studied due to the lack of reli-

ance on complex mechanistic models. Dai et al. [34,35] combined reduced dimensional 

EIS features with six machine learning models to achieve capacity estimation under un-

known SOC. Meng et al. [36] fitted the ECM with EIS measurements, extracted physical 

parameters as battery aging characteristics, and established a spatiotemporal long short-

term memory (LSTM) network model to extract time series features for battery capacity 

estimation, which was validated on a public dataset. Zhao et al. [37] introduced seven 

layered voltage intervals from the discharge curve to extract three characteristic parame-

ters of batteries, and used a bidirectional gate-controlled cycle unit to estimate battery ca-

pacity. Hu et al. [38] innovatively combined ampere hour integration, open circuit voltage, 

and resistance correction methods to label battery capacity, screened features related to 

battery capacity based on Pearson correlation coefficient, and used attention mechanism 

to enhance learning of convolutional neural network and bidirectional gated recursive 

unit to estimate battery capacity. These methods can achieve estimation of battery capacity, 

but they all rely on a large amount of experimental data for training. It is worth exploring 

how to ensure the quantity and quality of experimental data. 

In the existing literature, although extensive research has been conducted on battery 

capacity estimation algorithms and different types of capacity estimation methods have 

been proposed, these methods are mostly based on static laboratory data and public da-

taset for capacity estimation algorithm validation. In the real-world EV environments, the 

massive high-frequency sampling data of batteries in the entire lifecycle is difficult to store 

in the vehicle BMS, which will be diluted from 1~10 Hz high-frequency data to 0.1~ 

0.025Hz and transmitted to the big data cloud platform [39]. It makes traditional capacity 

estimation methods that rely on high-density laboratory or vehicle data unable to adapt 

in the cloud. Therefore, it is necessary to explore a new capacity estimation method based 

on sparse data on cloud platforms. 

Considering the existing research gaps, a discretized Arrhenius empirical model for 

the lifespan of LIBs in real-world vehicles is proposed. Then, the capacity is identified 

based on particle swarm optimization (PSO) algorithm combined with first-order ECM. 

Capacity is fusion estimated to improve the accuracy and robustness using the dual ex-

tended Kalman filter (DEKF). The capacity fusion estimation method is optimized by ad-

justing parameter updates and weights. The main innovations are summarized as follows: 

1) Discrete three-parameter Arrhenius model for iterative capacity prediction using 

sparse cloud data. 

2) DEKF framework for synergistic fusion of empirical model and PSO-ECM identifica-

tion results. 

3) Tunable coefficient in extended Kalman filter (EKF) to adaptively adjust ECM cor-

rection strength on model parameters. 

The remainder of this study is organized as follows. Section 2 provides a detailed 

introduction to the capacity estimation method for real-world EV’s battery data on big 

data cloud platforms. The cloud data used to validate the proposed capacity estimation 

method are presented in Section 3. Section 4 validates the capacity estimation results of 

the proposed fusion model and discusses them. Finally, Section 5 concludes the fusion 

capacity estimation method proposed in this study. 
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2. Methodology 

2.1. Capacity Identification 

Accurate estimation of SOH is crucial for ensuring the safety, reliability, and service 

life of lithium-ion batteries. However, the actual operating conditions of batteries are ex-

tremely complex, and direct measurement of battery capacity poses significant challenges. 

To address this issue, this chapter proposes a battery capacity identification method based 

on the combination of PSO and ECM. This method introduces battery capacity as one of 

the parameters to be identified into the ECM and utilizes the PSO algorithm to optimize 

the model parameters, thereby achieving accurate estimation of battery capacity. 

Among various ECMs, the 1-RC model is the most commonly used type, as shown 

in Figure 1, as it offers a good balance between computational efficiency and accuracy. 

Therefore, this study chooses the 1-RC ECM for battery capacity identification, with the 

principle illustrated in Equation (1) 

 

Figure 1. 1-RC model. 

t 0 1 ocv 0 1 ocvU U U U IR U U= + + = + +  (1) 

where Uocv represents the battery OCV, U0 denotes the polarization voltage caused by the 

ohmic internal resistance R0, U1 signifies the polarization voltage caused by the polariza-

tion internal resistance R1, Ut stands for the battery terminal voltage, and I indicates the 

current. The calculation formula for the polarization voltage U1 is: 

1 1

1 1 1

1 1
U U I

RC C

•

= − +  (2) 

1 1RC =  (3) 

where R1 represents the polarization internal resistance, C1 denotes the polarization ca-

pacitance, and τ signifies the time constant. Once the parameters of the ECM are known, 

the terminal voltage Ut of the model can be calculated using Equation (1). Considering 

Equation (2) as a linear time-invariant system, Equation (3) can be derived. 

1 1 1 1(1 )
t t

k k kU e U e R I 

 
− −

+ = − −， ，  (4) 

Uocv

R0
Ut

I
R1

C1
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where U1, k+1 represents the polarization voltage U1 at time k + 1, Δt is the interval sampling 

time, U1, k represents the polarization voltage U1 at time k, and Ik represents the current 

value at time k. 

When utilizing an ECM for parameter identification, the ECM itself does not directly 

incorporate the battery capacity value. To address this issue, establishing an effective con-

nection between capacity and ECM becomes a necessary step. Given that Uocv in Equation 

(1) represents the OCV of the battery, and there exists a stable mapping relationship be-

tween OCV and SOC, introducing an ampere-hour integration model becomes an effec-

tive approach to establish the correlation between ECM and capacity. Its mathematical 

expression is shown in Formula (5) 

0

Idt
SOC SOC

Cap
= +


 (5) 

where SOC0 represents the initial SOC value, I represents current, t represents time, and 

Cap represents battery capacity. 

Since the mapping relationship between Uocv and SOC is established, under the condi-

tions of specifying current I and time t, the relationship as shown in Formula (6) can be 

further derived 

0( ) ( )ocv

Idt
U f SOC f SOC

Cap
= = +


 (6) 

Substituting Formula (6) into Formula (1), we obtain Formula (7) 

t 0 1 0( )
Idt

U IR U f SOC
Cap

= + + +


 (7) 

The set of parameters to be identified for ECM is [SOC0, Cap, R0, R1, τ], encompassing 

key parameters such as the initial SOC (SOC0), battery capacity (Cap), ohmic internal re-

sistance (R0), polarization internal resistance (R1), and time constant (τ). Based on this, the 

PSO algorithm can be utilized to precisely identify these parameters, thereby obtaining 

the optimal battery capacity value. 

The parameter range for Cap is based on the nominal capacity C0 and set to [1.2C0, 

0.7C0]. The parameter ranges for R0 and R1 can be set to [0 mΩ, 1000 mΩ]. The parameter 

range for τ can be empirically selected as [0 s, 2800 s]. Set the root mean square error 

(RMSE) objective function between the terminal voltage and the reference terminal volt-

age, which can be described as Equation (8) 

2

t,ECM

1

1
RMSE ( )

n

t

t

U U
n =

= −  (8) 

where tU  represents the reference terminal voltage at time t, which is the collected value 

from the BMS sensor. 
t,ECMU  represents the model-calculated terminal voltage at time i. 

In the parameter identification process, the original charging data of the vehicle are first 

extracted, mainly including the battery’s charging voltage, charging current, and SOC data. 

Then, segments with a charging ΔSOC > 70% are filtered from the original data. Subsequently, 

the processed data are imported into the joint model algorithm based on ECM-PSO. This al-

gorithm utilizes the optimization characteristics of PSO to adjust the parameters of ECM 
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during continuous iteration, ensuring that the model’s calculation results closely match the 

actual situation. Set the population size of PSO algorithm to 300 and the number of iterations 

to 15 to achieve a balance between computational efficiency and identification accuracy. Fi-

nally, based on the ECM-PSO model, various parameters of ECM are successfully identified, 

and the key capacity identification values are also accurately obtained. 

2.2. Arrhenius Model 

The Arrhenius model, as an empirical model, is established with temperature as the ac-

celerating stress and based on the main attenuation mechanism of thickening of the negative 

electrode SEI film [30,40]. The Arrhenius empirical decay model is an extension of the Arrhe-

nius equation and is commonly used to describe the relationship between chemical reaction 

rate and temperature. In battery life prediction, the Arrhenius model is widely used to de-

scribe the variation of battery capacity over time and temperature. Its basic form is 

exp
( )

aEdQ
A

dt RT t

 
= −  − 

 
 (9) 

Among them, Q is the battery capacity, A is the pre-exponential factor, Ea is the acti-

vation energy, R is the gas constant, and T(t) is the temperature change over time. 

At a discrete time step 1k k kt t t+ = − , integrate the above equation: 

1

1 exp
( )

k

k

t
a

k k
t

E
Q Q A d

RT




+

+

 
− = − − 

 
  (10) 

where temperature T is considered a constant and denoted as Tk at each discrete time step 

[ kt , 1kt + ]. The rationality of this assumption lies in: (a) Our data sampling interval is usu-

ally several seconds to tens of seconds, during which the temperature change is minimal. 

(b) The battery has a large thermal inertia, and the temperature will not undergo drastic 

changes. Under this assumption, the integral term can be simplified: 

1 exp a
k k k

k

E
Q Q A t

RT
+

 
− = − −  

 
  (11) 

1 exp a
k k k

k

E
Q Q A t

RT
+

 
= − −  

 
  (12) 

Furthermore, in order to embed this relationship into the framework of extended 

Kalman filtering, we have rewritten it into a standard state transition form. If the state 

vector contains a capacity Q, then the state transition equation is: 

1 ( , , )k k k kQ f Q T t+ =   (13) 

( , , ) exp a
k k k k k

k

E
f Q T t Q A t

RT

 
 = − −  

 
  (14) 
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Due to the fact that the object of this study is batteries under real-world EV operating 

conditions, the initial capacity is set to the nominal capacity corresponding to each vehicle 

model. Although the Arrhenius empirical model can accurately estimate battery capacity 

in a short period of time, it still faces the challenge of online updating of model parameters 

during long-term cycling. Therefore, other capacity estimation methods are needed to up-

date the Arrhenius model parameters. 

2.3. Fusion Model Based on DEKF Model 

EKF has important application value in the field of complex system state estimation. 

The essential feature of the EKF algorithm is the use of local linearization strategy to han-

dle nonlinear system modeling problems [39]. The technical implementation path is to 

approximate the nonlinear state equation and observation equation through first-order 

Taylor expansion, obtain the corresponding Jacobian matrix to replace the system matrix 

in the original Kalman filter (KF), and thus construct a state estimation framework suitable 

for nonlinear scenarios. It has been widely applied in fields such as BMS, target tracking, 

and robot localization [41,42]. 

EKF consists of two main steps: prediction and update. The update steps are shown 

in Table 1. Through the above steps, EKF can recursively estimate the system state and 

gradually reduce the estimation error. 

Table 1. EKF prediction and update steps. 

Steps Equation Description 

Prediction steps   

1. State prediction  
1 1 1( , )k k k k kx f x u− − −=  


1k kx −  is the predicted value of the state at 

time k 

2. Covariance prediction 
1 11 k k

T

k k k k kP F P F Q
− −− = +
  

kF  is the Jacobian matrix, 1k kP −  is the covar-

iance matrix for prediction, kQ  is the covari-

ance matrix of process noise. 

Update steps   

3. Kalman gain calcula-

tion 1 1

1( )
k k k k

T T

k k k k kK P H H P H R
− −

−= +
  

kK  is the Kalman gain, kH  is the Jacobian 

matrix of the observed function h, kR  is the 

covariance matrix of the observed noise. 

4. Status update   
1 1( ( ))k k k k k kk kx x K z h x− −= + −  

kz  is the real observation value, k kx   is the 

estimated value of the state at time k. 

5. Covariance update 1( )k k k k k kP I K H P −= −   

DEKF is a parallel executed dual filtering architecture, in which one EKF is used for 

state estimation and the other for parameter estimation. In this study, DEKF was used to 

update the parameters of the discrete Arrhenius model and fuse the capacity results for 

estimation, which can overcome the shortcomings of single data-driven models and em-

pirical models, thereby achieving accurate estimation of capacity. The principle of the ca-

pacity estimation fusion model based on dual DEKF is shown in Figure 2. Firstly, input 

the defined initial parameters kx  into the discrete Arrhenius lifetime decay model to ob-

tain the predicted capacity 1( , )A k kC x n +   of the model under this cycle. Compare 

1( , )A k kC x n +  with the ECM based capacity estimation values 1( )KF kC n +  under the 

same cycle and use a separate EKF-#1 to calibrate and update the parameters. Reinput the 
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updated model parameters 1kx +  into the discrete Arrhenius lifetime decay model to ob-

tain the updated model prediction values 1 1( , )A k kC x n+ + . Compare the new model predic-

tion values 1( )KF kC n +  with the ECM-based capacity estimation values and obtain the 

calibrated fusion capacity value 1( )F kC n +  through EKF-#2. This fusion capacity value 

will serve as the starting capacity for the next cycle. Through this iterative process, the 

algorithm can achieve the fusion estimation of battery capacity and life prediction, effec-

tively combining the advantages of the two methods to improve the accuracy and relia-

bility of lithium battery capacity estimation and prediction. 

 

Figure 2. DEKF model fusion estimation framework. (a) Electric vehicle cloud BMS; (b) Capacity 

identification model based on PSO; (c) Capacity estimation model based on discrete Arrhenius. 

2.3.1. EKF-#1 Discrete Arrhenius Model Parameter Update 

In the first EKF of the DEKF used for updating the parameters of the Arrhenius model, 

three model parameters are first treated as state space variables, namely: 

( )

k

a
k k

k

A

E
x

R

z

 
 
 =
 
 
 

 (15) 

According to the relationship between the Arrhenius capacity decay model and model 

parameters, the discrete space state equation and observation equation can be obtained: 

1

1 1( , )

k k k

k k k k

x F x w

y g x n v

+

+ +

=  +


= +
 (16) 
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where k is the number of capacity measurements, 1ky +  is the observation value at time k+1, 

namely 1( )KF kC n + . 
( )1,k kg x n +  is the measurement function, which represents the esti-

mation result of the Arrhenius capacity decay model under parameter kx  and cyclic 1kn − , 

namely 1( , )A k kC x n + . k  is the system noise, k  is the observation noise; their covari-

ance is 
T

k k kQ E w w =    and 
T

k k kS E v v =   , and F is the state transition matrix. 

The process of updating the model parameter equation using EKF-#1 is shown in 

Table 2. 

Table 2. EKF-#1 discrete Arrhenius model parameter update process. 

Steps Equation Description 

Initialization 00 0
x =

 
00 0

P p=
 

Initialization of model parameters 

and error covariance 

Time update 1k k k k
x F x

+
= 

, 1

T

kk k k k
P F P F Q

+
=   +

 

1|k kx +  and 1|k kP +  are the model pa-

rameters and prior estimation of er-

ror covariance at time k+1 of the 

system 

Kalman gain 
1

1 11 1k kk k k k
K P P S

−

+ ++ +
 =  +
   

1+kK  is the Kalman gain of the sys-

tem 

Measurement update 
1 1 11 1 1 1

( , )k k kk k k k k k
x x K y g x n+ + ++ + + +

 = +  −
 

 11 1 1kk k k k
P I K P++ + +

= −   

Update of model parameters and 

estimated error covariance values 

The model parameters need to be fitted with multiple historical capacity values in 

order to obtain them, which means the influence of historical data needs to be considered. 

Here, historical errors 1+k   are introduced to calculate the average relative error be-

tween the estimated values of the 1-th to k+1-th discrete Arrhenius model (model param-

eters kx ) and the capacity estimate obtained by KF filtering, as shown in Equation (19) 

( )1

1

1

( , )

( )

1

k
A k i KF i

i KF i
k

C x n C n

C n

k


+

=

+

−

=
+


 

(17) 

Introducing 1k +  into the state transition matrix F and then updating the time in 

the EKF iteration equation can obtain the prior estimates of the model parameter values. 

1

1

1

1

kF M  +

 
 

= + 
 
  

 (18) 

where M is the integration matrix used to adjust parameters. 

2.3.2. EKF-#2 Discrete Arrhenius Model Fusion Estimation 

In the second EKF of the DEKF used for fusion capacity estimation, the updated 

model parameters from the Section 2.3.1 are input into the discrete Arrhenius empirical 

model to obtain the model prediction value at this time, which is then fused with the 
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estimation value based on the ECM to obtain the fusion capacity at this time. In the second 

EKF, based on the predicted values of the discrete Arrhenius empirical model as state 

space variables, the obtained discrete space state equation and state equation are: 

1 1 1

1 1

( , )k k k k

k k k

x g x n w

y H x v

+ + +

+ +

 = +

  =  +

 (19) 

where 1kx +


 is the optimal fusion capacity of the system state at time k+1, that is 

1( )F kC n + . 1 1( , )k kg x n+ +  is the conversion function, which represents the capacity esti-

mation result of the discrete Arrhenius empirical model under parameter 1kx +  and bat-

tery cycle 1kn + , i .e. , 1 1( , )A k kC x n+ + .  1ky +


  is the observation value at time k+1, that is 

1( )KF kC n + . H is the measurement system parameter. kw  and kv  represent system noise 

and observation noise, respectively, with covariance values of 
, T

k k kQ E w w  =     and 

, T

k k kS E v v  =   . The process of updating the model parameter equation using EKF-#2 

is shown in Table 3. 

Table 3. EKF-#2 fusion estimation process. 

Steps Equation Description 

Initialization 0|0 0P P =
 Error covariance initialization 

Time update 1 1 1( , )k k k kx g x n w+ + +
 = + , 1| |k k k k kP P w+

  = +
 

1|k kx +


 and 1|k kP +


 are the model pa-

rameters and prior estimation of er-

ror covariance at time k+1 of the 

system 

Kalman gain 1| 1| 1| 1

T

k k k k k k kK P HP H S+ + + +
    = +   Kalman gain of the system 

Measurement update 
1| 1 1| 1 1 1|k k k k k k k kx x K y Hx+ + + + + +

     = + −   

 1| 1 1 1|k k k k kP I K P+ + + +
  = −  

Fusion capacity, error covariance 

estimation value update 

2.4. Performance Assessment 

This study evaluates the performance of the proposed fusion model using indicators 

such as maximum error (Max Error), mean absolute error (MAE), mean absolute percent-

age error (MAPE), normalized RMSE, and coefficient of determination (R2), which are de-

fined as follows: 

ˆ =max i iMax Error y y−  (20) 

1

1
ˆ=

n

i i

i

y yM E
n

A
=

−  (21) 

https://doi.org/10.3390/batteries12110455


Batteries 2026, 12, 455 11 of 22 
 

https://doi.org/10.3390/batteries12110455 

1

ˆ1
= 100%

n
i i

i i

y y

n y
MAPE

=

−
  (22) 

2

1

1
ˆ( )

n

i i

i

RMSE y y
n =

= −  (23) 

2

2 1

2

1

ˆ( )

1

( )

n

i i

i

n

i

i

y y

R

y y

=

=

−

= −

−




 (24) 

where iy   and ˆ iy   are the observed and estimated SOH, respectively, and y   is the 

mean value of observed SOH. 

3. Experiment and Cloud Data Acquisition 

3.1. Experiments Data of the Battery Pack 

The OCV data of battery is the basic input data for battery capacity identification, in 

order to use ECM to achieve online estimation of battery capacity, it is necessary to test 

the OCV data of different vehicle batteries. This study obtained the fresh LIBs for corre-

sponding vehicle models from three vehicle companies. The battery capacities of Vehicle-

A, B, and C are 150 Ah, 177 Ah, and 216.2 Ah, respectively. Each positive electrode mate-

rial of the battery is ternary lithium batteries (LiCoxNiyMn1-x-yO2, NCM), and the negative 

electrode is graphite. The detailed battery main parameters are shown in Table 4. 

Table 4. Main parameters of three types of vehicle batteries. 

Vehicle Brands 
Battery 

Cell 
Battery Shape 

Capacity of Battery 

Cells/Ah 

Charging Cut-Off 

Voltage/V 

Discharge Cut-Off Volt-

age/V 

Vehicle-A Cell A Prismatic cell 150 4.35 2.75 

Vehicle-B Cell B Prismatic cell 177 4.25 2.5 

Vehicle-C Cell D Cylindrical cell 216.2 4.25 2.5 

Due to the fact that the equilibrium state of electrochemical reactions inside the bat-

tery changes with temperature, the battery has different OCV value at different tempera-

ture states. This study conducted hybrid pulse power characterization (HPPC) tests on the 

three types of batteries mentioned above at −5, 5, 15, 25, 35, and 45 °C. In order to ensure 

the accuracy of OCV-SOC test results, HPPC testing is performed by a Neware CE-6008-

Std-6V600A battery testing bench. The voltage testing accuracy of this testing equipment 

is 0.1 mV, and Binder thermal chamber is used to control the battery temperature during 

the battery testing process. The OCV-SOC test results of different types of batteries are 

shown in Figure 3. It can be seen that the OCV of each battery is positively correlated with 

temperature, and the higher the temperature, the relatively larger the OCV. Based on 

these OCV data, this study can use ECM parameter identification to identify the current 

capacity values of each battery online. 
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Figure 3. Real-world vehicle OCV-SOC data. (a) Vehicle-A; (b) Vehicle-B; (c) Vehicle-C. 

3.2. Cloud Platform EV Battery Data 

In order to verify the accuracy of the method proposed in this article, this study obtained 

usage data of 300 EVs of three brands with different operating ranges from Shanghai EV pub-

lic data collecting, monitoring and research center (SHEVDC). Figure 4 shows the total driving 

mileages of 100 vehicles from each of the three brands. 12 vehicles from each brand were ran-

dom selected for the verification of the aforementioned capacity estimation method. 

 

Figure 4. Capacity of 100 vehicles for brand A/B/C. (a) Vehicle-A; (b) Vehicle-B; (c) Vehicle-C. 

The data collected under real vehicle operating conditions primarily include vehicle 

operation data (such as vehicle position, speed, mileage, SOC, motor status, etc.), batteries 

charging/discharging data (such as charging start and end time, charging power, etc.), and 

environmental data (such as temperature, mild road conditions, etc.). Unlike the battery 

testing data of professional laboratory testing equipment, these data from the cloud plat-

form not only contain a lot of noise, but also have inconsistencies, missing, and other abnor-

mal issues. If they are not optimized and processed, it will affect the accuracy of capacity 

estimation. In order to address the aforementioned data quality issues, abnormal values of 

charging current, voltage, SOC, and temperature that exceed the normal working range are 

firstly removed. Based on the recording frequency of 0.1 Hz of the battery data, linear inter-

polation is used to fill in the excluded abnormal values and the missing data. In addition, 

the synchronization of current, voltage, and SOC data can also affect the capacity calculation 

results of the battery. Here, we extract the current, voltage, and SOC step signals at the start-

ing position of the charging process, using the rising edge of the step signal as the starting 

point for battery charging, and align the current, voltage, and SOC data. 

Figures 5b–e show the charging/discharging current, SOC, 96 individual cell voltage 

and 48 temperature measurement signal results of one vehicle. The current, SOC, and 

voltage of the vehicle fluctuates greatly, and the starting and ending SOC of charging are 

relatively random. In addition, from the voltage subgraph of this vehicle, it can be seen 

(b) (c)(a)

(a) (b) (c)
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that there is a multi-stage variable current charging mode in the charging condition of the 

vehicle. The random SOC changes and multi-stage charging conditions in these real-

world charging conditions, not only makes it impossible to obtain standard battery capac-

ity values using ideal full and empty charging/discharging conditions but also increases 

the difficulty of online estimation of battery capacity. 

 

Figure 5. Real-world vehicle data. (a) Mileage of one vehicle; (b) Current; (c) SOC; (d) Voltage; (e) 

Local voltage curves; (f) Temperature. 

4. Real-World Vehicle Capacity Fusion Estimation Results 

4.1. Capacity Label Acquisition 

Accurately obtaining battery capacity label values is an important and challenging 

task in the process of capacity estimation. Under standard operating conditions, the accu-

rate capacity measurement method is to perform three complete constant current charg-

ing and discharge cycles at 25 °C and use the average of the three discharge capacities as 

the actual capacity of the battery. However, in a real car environment, in order to avoid 

stopping the vehicle due to battery depletion during driving, users usually do not empty 

the battery before charging, which makes obtaining accurate capacity labels in a real car 

environment challenging [43]. Under real vehicle operating conditions, the inverse am-

pere hour integration method is commonly used for capacity estimation. However, SOC 

estimation also often has a certain cumulative error, which is the main source of capacity 

estimation error in the inverse ampere hour integration method. Figures 6a,b show the 

normal charging voltage curves and accurate SOC estimation results of EVs. During the 

charging process, the battery cell voltage gradually increases, and when the maximum 

cell voltage reaches the cut-off voltage, its SOC also rises to 100%, this indicates that the 

estimated SOC value of the battery is relatively accurate. However, when there is an error 

in the SOC estimation of the battery (Seen Figure 5c,d), when the maximum voltage of the 

individual cell reaches the charging cut-off voltage, the SOC has not reached 100% SOC, 

and the battery is actually fully charged at this time. Therefore, the BMS will directly ad-

just the SOC value from 92% to 100%, which is the top correction phenomenon of the true 

SOC estimation of EVs. This indicates that there is an error in the initial SOC (8% SOC) of 

the vehicle during charging. If the uncorrected initial SOC is directly used to calculate the 

battery capacity, it will increase the estimation error of the battery capacity. To improve 

a

a

(a) (b) (c)

(d) (e) (f)
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the accuracy of battery capacity estimation, this study requires correction based on the 

SOC jump value at the charging end when using inverse ampere hour integration to cal-

culate battery capacity. Taking Figure 6d as an example, the initial SOC is adjusted from 

10 to 2%, while the SOC at the end of charging remains at 100%. 

 

Figure 6. SOC correction during charging process. (a) Normal charging voltage curves; (b) Normal 

SOC curve; (c) SOC correction charging voltage curve; (d) SOC correction. 

In addition, the inverse ampere hour integration method is affected by the charging 

SOC range when used, and it is generally believed that the larger the ΔSOC, the more 

accurate the calculated capacity. Due to the influence of user usage habits, different charg-

ing data have different charging ΔSOC ranges, so the accuracy of battery capacity estima-

tion has not been improved. This study screened different charging ΔSOC ranges and se-

lected charging data with a charging ΔSOC range greater than 70% for capacity estimation, 

while data with a charging ΔSOC range less than 70% will not be subjected to capacity 

estimation. The filtering results of charging data for a single vehicle are shown in Figure 

7a. All current data have a charging ΔSOC greater than 70%. Then, these data are used to 

calculate the capacity values of each charging segment, as shown by the red curve in Fig-

ure 7b. However, the battery capacity calculated based on inverse ampere hour integra-

tion still has significant fluctuations and cannot accurately reflect the decay law of battery 

life. This study further uses KF algorithm to smooth it, and the filtered capacity is shown 

in the red curve in Figure 7b. The process noise covariance matrix Q and the measurement 

noise covariance matrix R are both 0.05, and the initial covariance matrix P0 is 5% of the 

rated capacity. When tested within the range of Q values from 0.01 to 0.1, the average 

error change in the final capacity estimation is less than 0.5%. This indicates that the esti-

mator is not in an extremely sharp parameter sensitive region. 

(a) (b)

(c) (d)

100%SOCCutoff voltage

100%SOCCutoff voltage

SOC correction
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Figure 7. Capacity label of inverse ampere hour integral. (a) Selection of charging current; (b) Ca-

pacity label after filtering. 

4.2. Capacity Identification Result 

To verify the effectiveness of the parameter identification of the proposed equivalent 

circuit model, this study extracts a segment with a wide range of charging SOC from Vehicle 

1 for parameter identification method validation, as shown in Figure 8. Figures 8a,b repre-

sent the charging SOC and current curves for the charging cycle, respectively. The charging 

SOC range is 8% to 94%, which is the corrected SOC result. In real-world vehicle environ-

ments, the battery system is usually composed of tens to hundreds of battery cells connected 

in series, resulting in multiple cell voltage sampling results. The system capacity is usually 

limited by the smallest capacity battery, and the charging voltage curve of the smallest ca-

pacity battery is usually the largest, exhibiting the maximum cell voltage (see Figure 7a). 

Therefore, this study chooses the maximum cell voltage for equivalent circuit model capac-

ity identification, as shown in Figure 8c. In Figure 8c, the red curve represents the maximum 

voltage curve, and the blue curve represents the voltage identification result of the equiva-

lent circuit model. The maximum voltage identification error is 20 mV. 

To verify the effectiveness of the proposed capacity identification method, this study 

selected four different charging cycles and then utilized the ECM to identify their model 

parameters and capacity values. The results are presented in Table 5. From the parameter 

identification results in the table, it can be seen that the identification of five model pa-

rameters, namely SOC0, R0, R1, τ, and Cap, can be achieved. Due to the relatively large SOC 

range of the four charging segment data selected in this study, with ΔSOC values of 84%, 

91%, 88%, and 82% respectively. If the capacity increment method is used to estimate the 

capacity of the above four sets of charging data, relatively accurate capacity label values 

can be obtained. The capacity results calculated using the incremental capacity method 

are 155.31 Ah, 146.91 Ah, 144.78 Ah, and 127.32 Ah, with capacity errors of −2.30%, 1.15%, 

−1.82%, and 3.31%, respectively. The above results indicate that the method proposed in 

this study, which is based on parameter identification of equivalent circuit models, can 

achieve accurate estimation of battery capacity. 

(a) (b)
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Figure 8. Voltage identification results based on ECM. (a) Charging SOC curve; (b) Charging current 

curve; (c) Charging voltage curve and ECM voltage output results; (d) Voltage estimation error of ECM. 

Table 5. Parameter identification results. 

Groups SOC Range (%) SOC0 (%) R0 (mΩ) R1 (mΩ) τ (s) Cap (Ah) 

1 7~91 18.19 12.53 23.26 18.22 151.74 

2 9~100 12.32 14.01 30.11 26.35 148.60 

3 12~100 15.63 17.82 38.60 37.83 142.14 

4 10~92 10.21 19.69 51.13 55.88 131.53 

4.3. Capacity Estimation Results for Different Vehicle 

Figure 9 shows the capacity estimation results of some vehicles of Vehicle-A. The 

purple dotted line represents the capacity label values obtained through inverse ampere 

hour integration and KF, while the blue dotted line represents the parameter identification 

and Arrhenius capacity fusion estimation results. It can be seen that the batteries of all 12 

vehicles show a significant decrease in capacity, and the fusion model’s battery capacity 

estimation results have good follow-up with the inverse ampere hour integration capacity 

estimation results. Only in a few intervals where the capacity fluctuation is relatively large, 

the position error is relatively large. Among them, the capacity estimation result of Vehi-

cle-46 is the worst, with a maximum estimation error of 2.974%, while the capacity esti-

mation error of Vehicle-50 is the smallest, with a maximum estimation error of only 1.20%. 

This indicates that the fusion estimation algorithm proposed in this study has a good effect 

on real vehicle capacity estimation. 

(a) (b)

(c) (d)

SOC: 10%~92%
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Figure 9. Estimation results of battery capacity for Vehicle-A. (a) Vehicle-01; (b) Vehicle-04; (c) Ve-

hicle-12; (d) Vehicle-13; (e) Vehicle-14; (f) Vehicle-32; (g) Vehicle-41; (h) Vehicle-46; (i) Vehicle-50; (j) 

Vehicle-53; (k) Vehicle-65; (l) Vehicle-94.  

Figure 10 shows the battery capacity estimation results for Vehicle-B. Compared to 

the cumulative mileage of Vehicle-A at 10 × 104 Km~18 × 104 Km, the cumulative mileage 

of Vehicle-B is at an intermediate level, mainly distributed at 10 × 104 Km~15 × 104 Km. 

From Figure 10, it can be seen that although the cumulative mileage of vehicles is gener-

ally smaller than that of Vehicle-A, there are still some vehicles whose battery capacity 

shows significant nonlinear decay (see Vehicle-09, Vehicle-18, and Vehicle-92). Due to the 

severe nonlinear decay phenomenon in the capacity of Vehicle-92, its capacity estimation 

error is the largest, at 2.960%, while Vehicle-22 has the highest capacity estimation accu-

racy due to its small capacity decay, with a maximum estimation error of only −0.28%. 

Although some vehicles have experienced significant capacity decay, the fusion model’s 

estimation results for the vast majority of vehicles are consistent with the decay trend of 

KF filtering results, indicating that the fusion model has strong stability. 

Figure 11 shows the capacity estimation result of Vehicle-C. Compared to Vehicles A 

and B, Vehicle-C has the shortest driving range, mainly distributed between 2 × 104 Km~6 

× 104 Km. Therefore, there is no serious nonlinear attenuation phenomenon. Moreover, 

due to the relatively short driving range of the relevant vehicles, only a small amount of 

charging data is included in the capacity estimation based on the screening criteria of 

charging ΔSOC greater than 70%. Therefore, the capacity estimation results of the pro-

posed fusion model are basically consistent with the attenuation trend of the capacity la-

bels, and the accuracy of capacity estimation is significantly higher than that of Vehicle-A 

and Vehicle-B. The capacity estimation error of Vehicle-58 is the largest, only 1.942%, 

which is much smaller than that of Vehicles-A and B. 

(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j) (k) (l)
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Figure 10. Estimation results of battery capacity for Vehicle-B. (a) Vehicle-03; (b) Vehicle-08; (c) Ve-

hicle-09; (d) Vehicle-14; (e) Vehicle-18; (f) Vehicle-22; (g) Vehicle-48; (h) Vehicle-69; (i) Vehicle-78; (j) 

Vehicle-79; (k) Vehicle-81; (l) Vehicle-92. 

 

Figure 11. Estimation results of battery capacity for Vehicle-C. (a) Vehicle-09; (b) Vehicle-15; (c) Ve-

hicle-16; (d) Vehicle-23; (e) Vehicle-30; (f) Vehicle-53; (g) Vehicle-55; (h) Vehicle-57; (i) Vehicle-58; (j) 

Vehicle-60; (k) Vehicle-71; (l) Vehicle-89. 

The SOH of a battery is an important indicator reflecting its lifespan decay, so here 

we further calculate its SOH based on the capacity estimation results of each battery. 

(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j) (k) (l)

(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j) (k) (l)
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Based on the capacity estimation results in Figures 9–11, this study further estimated the 

SOH values of each vehicle, as shown in Figure 12. The R2 values of Vehicles-A/B/C are 

0.966, 0.983, and 0.981, respectively. From the R2 values, it can be seen that the SOH esti-

mation results of Vehicles-B and C are better than those of Vehicle-A. Moreover, it can be 

observed in Figure 12c that although the cumulative driving range of Vehicle-C is gener-

ally short, there are still some vehicles with SOH below 90%, which may be due to severe 

calendar decay of the corresponding vehicles. Furthermore, based on the SOH estimation 

results, we calculated the maximum error MAE, MAPE, and RMSE. The results are shown 

in Table 6. From the results in the table, it can be seen that the SOH estimation of vehicle 

C is the best, which is consistent with our previous capacity estimation analysis results. 

The maximum errors of SOH for Vehicle-A/B/C are 2.974%, 2.960%, and 1.942%, respec-

tively. Vehicle-B has the highest MAE, MAPE, and RMSE values. 

 

Figure 12. SOH estimation error of fusion model. (a) SOH estimation error of Vehicle-A; (b) SOH 

estimation error of Vehicle-B; (c) SOH estimation error of Vehicle-C. 

Table 6. Comparison of model performance under different vehicle brands. 

Vehicle Brands Max Error (%) MAE (%) MAPE (%) RMSE (%) R2 

Vehicle-A 2.974 0.328 0.341 0.433 0.966 

Vehicle-B 2.960 0.681 0.693 0.846 0.983 

Vehicle-C 1.942 0.101 0.102 0.164 0.981 

5. Conclusions 

In response to the limitations of data-driven models and empirical models, this study 

proposes a DEKF fusion estimation method that combines the advantages of both. The 

dynamic updating of Arrhenius empirical decay model parameters and the fusion estima-

tion of capacity results were achieved through two independent EKFs, effectively improv-

ing the accuracy and robustness of predictions. This method not only fully utilizes the 

real-time nature of real vehicle data but also optimizes model parameters through histor-

ical data, significantly improving the adaptability of the model. 

(1) This study proposed a method for obtaining battery capacity labels based on SOC 

correction and KF for real vehicle charging data; the battery capacity label obtained 

by this method can accurately describe the trend of battery capacity degradation in 

real vehicle environments. 

(2) The proposed capacity fusion estimation method was validated using data from 36 

actual vehicles of three vehicle brands. The maximum estimation error of capacity 

under a driving range of 2 × 104 Km~18 × 104 Km was 2.974%, which can meet the 

demand for capacity estimation in actual vehicle environments. 

(3) Based on the battery capacity estimation results, accurate estimation of the SOH of 

the battery under actual vehicle operating conditions has been achieved. The R2 val-

ues for SOH estimation of Vehicles-A/B/C are 0.966, 0.983, and 0.981, respectively. 
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