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Accurate state-of-charge (SOC) estimation is essential for the safe and efficient operation 

of lithium-ion batteries in electric vehicles and energy storage systems. This paper 

proposes a fusion-based SOC estimation method that integrates two extended Kalman 

filters (EKFs), each paired with a distinct open-circuit voltage (OCV)–SOC model. The 

fusion strategy, grounded in Bayesian probability and residual error analysis, 

dynamically assigns weights to each model’s output, ensuring that the most appropriate 

model contributes predominantly to the final SOC estimate at any given moment. The 

proposed framework utilized a second-order equivalent circuit model (ECM) and 

estimates parameters online via a variable forgetting factor recursive least squares 

(VFFRLS) algorithm. Simulation results under LA92 and UDDS driving cycles 

demonstrate that the method achieves superior accuracy and robustness, reducing the 

maximum estimation error by up to 26% and RMSE by over 10% compared to 

conventional EKF approaches. These findings highlight the method’s effectiveness and 

adaptability for real-time battery management applications.   

 

I. Introduction 

In response to global energy constraints and the 

accelerating shift toward low-carbon technologies, lithium-

ion batteries have become indispensable across a wide range 

of applications, including electric vehicles (EVs), consumer 

electronics, and renewable energy systems [1], [2]. Their 

high energy density, long cycle life, and rapid charging 

capabilities make them ideal for modern energy storage [3], 

[4]. Central to effective battery management is accurate 

estimation of the SOC, which reflects the remaining capacity 

of a battery relative to its full charge. SOC estimation is 

critical for ensuring safety, optimizing performance, and 

extending battery lifespan [5], [6]. 

Recent literature classifies SOC estimation techniques 

into two categories: direct and indirect. Among direct 

methods, the Coulomb Counting (CC) approach is widely 

adopted for its simplicity [7]. However, its reliance on the 

initial SOC value and open-loop design often causes error 

accumulation [8]. To address these issues, indirect methods 

have gained prominence and are further divided into 

adaptive filters and artificial intelligence (AI) techniques. AI 

approaches, such as recurrent neural networks (RNN) [9], 

feed-forward neural networks (FNN) [10], and support 

vector machines (SVM) [11], leverage experimental data to 

model the nonlinear relationship between SOC and external 

parameters. Despite their accuracy, AI methods require 

extensive data and computational resources, which limits 

their practical applicability. On the other hand, adaptive 

filter-based techniques strike a balance between simplicity 

and accuracy, making them cost-effective and suitable for 

resource-limited embedded systems. These methods involve 

selecting a battery model and determining its parameters, 

deriving the OCV-SOC relationship, and designing a state 

estimation algorithm. 

Over the past decade, researchers have developed a range 

of adaptive filter algorithms to improve the accuracy and 

robustness of battery state estimation. Among these, the 

Kalman filter (KF) family—including the EKF, unscented 

Kalman filter (UKF), and cubature Kalman filter (CKF)—

has been widely adopted due to its balance of computational 
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efficiency and estimation performance [5], [12], [13]. Other 

methods, such as H∞ filters and RLS, have also been 

explored. While RLS is effective for parameter identification 

in ECM, it struggles with divergence in nonlinear systems 

[12]. The H∞ filter offers robustness under uncertainty[14], 

but introduces significant computational complexity, making 

it less suitable for embedded applications with limited 

resources. Among these, EKF remains a preferred choice for 

SOC estimation due to its simplicity and adaptability to 

nonlinear battery dynamics [15]. However, even the most 

refined filtering algorithms face limitations when applied 

uniformly across different operating conditions. 

To address these limitations, fusion techniques have 

emerged as a powerful solution for enhancing SOC 

estimation accuracy and robustness. Battery behavior is 

inherently nonlinear and varies across discharge intervals 

due to electrochemical dynamics, temperature effects, and 

aging. A single model or algorithm may perform well in one 

interval but poorly in others. Fusion methods allow the 

integration of multiple models and algorithms, each selected 

based on its performance in specific operating conditions. 

This approach not only improves estimation accuracy but 

also enhances generalizability across battery types and 

environments. Moreover, fusion techniques can mitigate 

noise sensitivity and provide smoother outputs, making them 

particularly valuable for real-world applications such as 

electric vehicles and energy storage systems. 

In recent years, fusion-based SOC estimation techniques 

have gained prominence for their ability to combine the 

strengths of multiple models and algorithms. For instance, 

Wu et al. [16] proposed a multidimensional element space 

mapping architecture (MESMA) that integrates an ECM 

with convolutional neural networks (CNN) and XGBoost, 

achieving high adaptability across temperatures but 

introducing computational complexity. Cheng et al. [17] 

introduced a three-interval fusion approach for SOC 

estimation, leveraging fitness-based model-algorithm 

selection to enhance accuracy. Zhou et al. [18] presented a 

hybrid MIEKPF-EKPF algorithm for SOC and state of 

health (SOH) estimation in Lithium-ion batteries, integrating 

multi-innovation theory with extended Kalman particle 

filtering. By compensating for aging effects and leveraging 

past observations, it achieves high accuracy. Li et al. [19] 

introduced a multi-model fusion framework using Thevenin 

and second-order ECMs, UKF, and Bayesian weighting, 

achieving SOC estimation errors within 1% and 

incorporating fault diagnosis via residual innovation 

sequences. Chen et al. [20] developed a multi-task learning 

network for simultaneous SOC and state of energy (SOE) 

estimation using multi-layer feature extraction and expert 

layers, offering high fusion accuracy but remaining sensitive 

to input noise. Collectively, these studies underscore the 

potential of fusion-based SOC estimation to enhance 

precision, fault tolerance, and adaptability. Despite these 

advancements, fusion methods often face challenges related 

to computational complexity, model transparency, and real-

time applicability. 

The OCV-SOC relationship in lithium-ion batteries is 

influenced by several factors, including temperature, aging, 

and discharge rate. Accurate SOC estimation hinges on the 

ability to model this nonlinear curve effectively, as it directly 

impacts the reliability of model-based predictions. 

Consequently, the mathematical formulation used to 

represent the OCV-SOC relationship plays a critical role in 

determining estimation accuracy. In most existing literature, 

this curve is approximated using polynomial, exponential, or 

piecewise functions [13], [21], [22]. However, a single 

model often fails to capture the full spectrum of nonlinear 

behavior across varying operating conditions, limiting its 

generalizability and precision. 

To address this issue, this paper introduces a fusion 

estimation method based on the EKF to enhance the 

accuracy of SOC estimation under diverse operating 

conditions. The proposed algorithm significantly improves 

robustness, effectiveness, and reliability while maintaining 

computational simplicity—unlike conventional fusion 

strategies that often involve complex switching logic and 

high processing demands. In this method, two optimal 

mathematical models are independently selected from a set 

of seven well-established OCV-SOC models in the literature, 

based on error analysis. These models are embedded into two 

separate ECMs, each integrated with its own EKF algorithm, 

resulting in two distinct SOC estimations at each time step. 

Additionally, the RLS algorithm with a variable forgetting 

factor is employed to estimate ECM parameters online. The 

final SOC value is obtained by fusing the two estimations, 

with fusion weights determined by the statistical 

characteristics of the residual error in terminal voltage 

(RETV), thereby enhancing overall accuracy and reliability. 

The remainder of the paper is organized as follows: 

Section 2 introduces the selected ECM and derives the 

governing equations for its parameters. Section 3 presents 

the proposed fusion algorithm in detail. Section 4 provides 

simulation results and evaluates the performance of the 

proposed method alongside benchmark algorithms. Finally, 

Section 5 concludes the paper with final remarks and 

potential directions for future research. 

 

II. Battery modeling and parameter 

identification algorithm 

A. Battery model 
The accuracy of the battery model significantly affects the 

precision of SOC estimation algorithms, but computational 

constraints in industrial applications necessitate a balance 

between simplicity and accuracy [23]. Lithium-ion battery 

models are generally categorized into ECMs[24], data-

driven AI models [25], and electrochemical models [26]. 

ECMs are widely used due to their ease of implementation 
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[27], reasonable computational burden [2], and adequate 

accuracy, making them suitable for online applications. A 

review of eleven ECMs identifies first-order (1RC) and 

second-order (2RC) RC models as the most reliable and 

accurate [28]. The 1RC model, while less complex, struggles 

in dynamic situations, whereas the 2RC model performs 

better under varying currents and C-rates, making it ideal for 

applications such as laptops and electric vehicles [29]. Based 

on this, the proposed algorithm in this paper was tested under 

highly dynamic scenarios, with the 2RC model selected to 

effectively represent battery behavior. 

Fig. 1. The 2RC model of the lithium-ion battery  

In the 2RC model, the OCV represents the battery's 

terminal voltage when it reaches internal equilibrium with 

zero load current. The internal resistance (𝑅0), terminal 

voltage (𝑉𝐵(𝑡)), and polarization states (𝑅1, 𝐶1, 𝑅2, 𝐶2) are 

parameters used to describe the battery's internal 

electrochemical behavior. Based on Fig. 1 and basic circuit 

principles, the mathematical expressions for the 2RC model 

are derived as follows: 

(1) 

{
 

 𝐶1
𝑑𝑉1(𝑡)

𝑑𝑡
+
𝑉1(𝑡)

𝑅1
= 𝐼(𝑡)                   

𝐶2
𝑑𝑉2(𝑡)

𝑑𝑡
+
𝑉2(𝑡)

𝑅2
= 𝐼(𝑡)                  

 

(2) 

So, we have: 

{
 
 

 
 𝑉̇1(𝑡) = −

𝑉1(𝑡)

𝑅1𝐶1
+
𝐼(𝑡)

𝐶1
                   

𝑉̇2(𝑡) = −
𝑉2(𝑡)

𝑅2𝐶2
+
𝐼(𝑡)

𝐶2
                  

𝑉𝐵(𝑡) = 𝑂𝐶𝑉(𝑡) − 𝑅0𝐼(𝑡) − 𝑉1(𝑡) − 𝑉2(𝑡) 

 

 

The discretized form of the 2RC model is given by: 

(3) 

{
 
 

 
 𝑉1(𝑘 + 1) = 𝑉1(𝑘)𝑒

−
𝑇𝑠
𝑅1𝐶1 + 𝐼(𝑘)𝑅1 (1 − 𝑒

−
𝑇𝑠
𝑅1𝐶1)

𝑉2(𝑘 + 1) = 𝑉2(𝑘)𝑒
−

𝑇𝑠
𝑅2𝐶2 + 𝐼(𝑘)𝑅1 (1 − 𝑒

−
𝑇𝑠
𝑅2𝐶2)

𝑉𝐵(𝑘) = 𝑂𝐶𝑉(𝑘) − 𝑅0𝐼(𝑘) − 𝑉1(𝑘) − 𝑉2(𝑘)

 

 

where, 𝑇𝑠 is the sampling time and k and 𝑘 + 1 

represent the consequence times. 

 

B. Parameter identification 
Model parameters can be estimated online or offline, with 

online estimation being more precise due to variations in 

temperature, SOC, and other factors. The RLS algorithm is 

a well-known method for estimating battery parameters and 

is easy to implement online [30], [31]. However, its accuracy 

diminishes with increasing data volumes. To address this, a 

forgetting factor (FF) is used to prioritize new data, but a 

constant FF is unsuitable for varying conditions. Therefore, 

the variable forgetting factor RLS (VFFRLS) algorithm is 

applied in this paper to estimate the 2RC model's parameters 

online, accommodating time-varying conditions. Suppose at 

sampling time k, system output is written as: 

(4) 𝑌(𝑘) =  𝜙(𝑘)𝜃(𝑘)𝑇 + 𝜀(𝑘) 

Where 𝜙(𝑘) represents the vector of known information, 

𝜃(𝑘) denotes the vector of unknown parameters, 𝑌(𝑘) is the 

system's output, and 𝜀(𝑘) is random noise. The primary 

equations of the RLS algorithm with a forgetting factor are: 

(5) 

{
  
 

  
 

                                                                                           

𝐾(𝑘) = −
𝑃(𝑘 − 1)𝜙(𝑘)

𝜆 + 𝜙(𝑘)𝑇𝑃(𝑘 − 1)𝜙(𝑘)

𝑒(𝑘) = 𝑌(𝑘) − 𝜙(𝑘)𝑇𝜃(𝑘 − 1)

𝜃(𝑘) =  𝜃(𝑘 − 1) +  𝐾(𝑘)𝑒(𝑘)

𝑃(𝑘) =
1

𝜆
(𝐼 − 𝐾(𝑘)𝜙(𝑘)𝑇)𝑃(𝑘 − 1) 

 

 

where 𝐾(𝑘) is the estimator gain, 𝑃(𝑘) is the covariance 

matrix, 𝑒(𝑘) is the error vector, and λ is the forgetting factor.  

The variable forgetting factor λ(k) is selected at each 

sampling time using the following rule [32]:  

(6) 

𝜆(𝑘)   

=

{
 
 

 
 

𝜆𝑚𝑎𝑥; ( 0 < |𝑒(𝑘)| < 0.005)

𝜆𝑚𝑎𝑥 − (𝜆𝑚𝑎𝑥 − 𝜆𝑚𝑖𝑛) (
|𝑒(𝑘)|

𝑒𝑚𝑎𝑥
)

2

; (0.005 < |𝑒(𝑘)| < 0.05)

 𝜆𝑚𝑖𝑛 =  𝑉𝐵(𝑘);  for |𝑒(𝑘)| ≥ 0.05

 

 

The value of 𝑒𝑚𝑎𝑥 is considered 0.01 and generally  

0.95 < 𝜆 < 1. Using measured data at each sampling time 

and the VFFRLS algorithm, all model parameters are 

identified online. 

 

C. OCV-SOC Curve’s Mathematical Models 
The relationship between OCV and SOC in lithium-ion 

batteries is inherently nonlinear and is typically 

characterized through offline experimental measurements. 

To model this behavior, a variety of mathematical functions 

including high-order polynomials (commonly 7th), 

logarithmic, exponential, and hybrid formulations have been 

proposed, each offering distinct advantages and limitations 

[13]. Table I summarizes representative OCV–SOC models 

frequently cited in the literature, reflecting a range of 

strategies for capturing this nonlinear behavior. 
Rational and logarithmic models (e.g., Models 1 and 6) 

are particularly effective near SOC boundaries but may 

introduce singularities at low SOC values. High-order 

polynomial models (Model 2) provide strong curve-fitting 

capabilities; however they are prone to overfitting and can 

become unstable outside the calibration range. Exponential 

models (Model 3) can represent steep voltage transitions, 

though they require careful parameter tuning. Sinusoidal 

models (Model 4) may capture subtle voltage oscillations, 
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though they lack physical interpretability in battery systems. 

Gaussian-like models (Model 5) provide localized fitting and 

smooth transitions, but their performance can be sensitive to 

the choice of initial parameters. Ultimately, the accuracy and 

suitability of each model depend on the specific battery 

chemistry, design, desired precision, computational 

constraints, and application context. These models are 

further evaluated based on their accuracy in Section 4. 

 

TABLE I OCV-SOC Mathematical models in literature 

num Mathematical Model Reference 

1 
𝑂𝐶𝑉 = 𝐾0 +𝐾1𝑆𝑂𝐶 +

𝐾2
𝑆𝑂𝐶

+ 𝐾3 ln(𝑆𝑂𝐶)

+  𝐾4 ln(1 − 𝑆𝑂𝐶) 

[33] 

2 𝑂𝐶𝑉 = 𝐾1𝑆𝑂𝐶
7 + 𝐾2𝑆𝑂𝐶

6  + 𝐾3𝑆𝑂𝐶
5

+ 𝐾4𝑆𝑂𝐶
4   

+ 𝐾5𝑆𝑂𝐶
3 +𝐾6𝑆𝑂𝐶

2

+ 𝐾7𝑆𝑂𝐶 + 𝐾8 

[13] 

3 𝑂𝐶𝑉 = 𝐾1𝑒
𝛼1.𝑆𝑂𝐶 +𝐾2𝑒

𝛼2.𝑆𝑂𝐶 +𝐾3𝑆𝑂𝐶
2 [22] 

 

4 𝑂𝐶𝑉 = 𝐾1 sin(𝛼1𝑆𝑂𝐶 + 𝛽1)
+ 𝐾2 sin(𝛼2𝑆𝑂𝐶
+ 𝛽2)
+ 𝐾3 sin(𝛼3𝑆𝑂𝐶
+ 𝛽3) 

[21] 

5 
𝑂𝐶𝑉 = 𝐾1𝑒

(
𝑆𝑂𝐶−𝛼1
𝛽1

)
2

+ 𝐾2𝑒
(
𝑆𝑂𝐶−𝛼2
𝛽2

)
2

+𝐾3𝑒
(
𝑆𝑂𝐶−𝛼3
𝛽3

)
2

 

[21] 

6 
𝑂𝐶𝑉 = 𝐾0 +

𝐾1
𝑆𝑂𝐶

+
𝐾2
𝑆𝑂𝐶2

+
𝐾3
𝑆𝑂𝐶3

+
𝐾4
𝑆𝑂𝐶4

+𝐾5𝑆𝑂𝐶
+  𝐾6 ln(𝑆𝑂𝐶) 

[34] 

 

III. SOC estimation algorithms 

A. SOC estimation by EKF method 
The KF is a commonly used tool for estimating dynamic 

system states across various industries. Its nonlinear variant, 

the EKF, is widely utilized for battery SOC estimation. The 

EKF algorithm is implemented using the discrete state 

equations of the battery model, which are provided in Eq. 7. 

 

(7) 

{
 
 
 
 

 
 
 
 

[

𝑆𝑂𝐶(𝑘 + 1)

𝑉1(𝑘 + 1)

𝑉2(𝑘 + 1)
] = [

1 0 0

0 𝑒
−Δ𝑡
𝑅1𝐶1 0

0 0 𝑒
−Δ𝑡
𝑅2𝐶2

] [

𝑆𝑂𝐶(𝑘)

𝑉1(𝑘)

𝑉2(𝑘)
] +

[
 
 
 
 
 

∆𝑡

𝐶𝑏𝑎𝑡

𝑅1 (1 − 𝑒
−Δ𝑡
𝑅1𝐶1)

𝑅2 (1 − 𝑒
−Δ𝑡
𝑅2𝐶2)]

 
 
 
 
 

. 𝐼(𝑘) + 𝜔(𝑘) 

𝑉𝐵(𝑘) = [
𝑑𝑂𝐶𝑉(𝑠𝑜𝑐(𝑘))

𝑑𝑆𝑂𝐶(𝑘)
−1    − 1] [

𝑆𝑂𝐶(𝑘)

𝑉1(𝑘)

𝑉2(𝑘)
] − 𝑅0𝐼(𝑘) + 𝜈(𝑘)

 

𝑌(𝑘) =  𝜙(𝑘)𝜃(𝑘)𝑇 + 𝜀(𝑘) 

In Eq. (7), the battery current 𝐼(𝑘) and terminal voltage 

𝑉𝐵(𝑘) are considered as the input and output of the system, 

respectively. The state vector is defined as [𝑆𝑂𝐶, 𝑉1, 𝑉2], 

where 𝑉1 and 𝑉1 represent the voltages across the RC blocks. 

The term 𝜔(𝑘) denotes the stochastic process noise, which 

is unmeasurable and affects the system states, while 𝜈(𝑘) 

represents the measurement noise. Also,  ∆𝑡 is the sampling 

interval, and 𝐶𝑏𝑎𝑡 is the battery capacity. Fig. 2 demonstrates 

the SOC estimation process using the EKF algorithm. 

At each sampling interval, battery voltage and current are 

measured, and battery parameters are determined via the 

VFFRLS technique and battery equations. Then, the SOC is 

estimated using the EKF algorithm and the OCV-SOC model 

(Eq. 7). Finally, accuracy is verified by comparing the 

estimated SOC with experimental values obtained through 

the CC method. 

 

B. SOC estimation with proposed fusion method 
Model-based SOC estimation of lithium-ion batteries 

requires the mathematical representation of the OCV-SOC 

curve and its variation with respect to SOC, i.e., 
dOCV(soc(k))

dSOC(k)
, 

as described in the state space equations (Eq. 7). Although 

polynomial functions are commonly used in the literature to 

model this curve, they cannot account for all situations and 

working conditions. This paper proposes a fusion SOC 

estimation process that employs two EKF algorithms 

simultaneously, each utilizing a different mathematical 

model from Table 1 to represent the OCV-SOC curve. The 

final SOC is calculated as a linear combination of the two 

SOC estimates at each sampling time, as shown in Eq. 8. 

(8) {
𝑆𝑂𝐶𝑓(𝑘) =  𝑊1 (𝑘)𝑆𝑂𝐶1(𝑘) + 𝑊2(𝑘) 𝑆𝑂𝐶2(𝑘)

𝑊1(𝑘) + 𝑊2(𝑘) = 1                                      
 

 

where, 𝑆𝑂𝐶1(𝑘) and 𝑆𝑂𝐶2(𝑘) are the estimated SOCs using 

each EKF, 𝑊1 (𝑘) and 𝑊2(𝑘) are the weights of each 

estimation, and 𝑆𝑂𝐶𝑓(𝑘) is the final fusion estimation value. 

Fig. 3 illustrates SOC estimation in the proposed fusion 

method. 

In the proposed fusion estimation method, determining the 

weight of each SoC estimate at every sampling time is 

essential. The RETV serves as a key metric for evaluating 

the accuracy of SoC estimations produced by each EKF 

estimator [33], [35]. The weight assigned to each estimate is 

inversely related to its RETV (higher error leads to lower 

weight, and vice versa). This relationship is expressed as: 

(9) 𝑟𝑖(𝑘) =  𝑉𝐵(𝑘) − 𝑉̂𝐵𝑖(𝑘) 

 

where 𝑉𝐵(𝑘) is the measured terminal voltage and 𝑉̂𝐵𝑖(𝑘) is 

the voltage estimated by the ith EKF. 

However, RETV alone is insufficient for robust accuracy 

assessment in parallel algorithms. To enhance its reliability, 

we incorporate statistical properties of RETV into the weight 

calculation. Assuming RETV follows a normal distribution, 

Bayes' theorem is applied to derive a conditional probability 

density function (PDF) for each estimator at time 𝑘: 

 

(10) 𝑓(𝑉𝐵(𝑘)|𝑝𝑖) =  
1

√2𝜋𝑆𝑖(𝑘)
exp ( −

1

2
  𝑟̅𝑖

2(𝑘)𝑆𝑖(𝑘) ) 

where: 

(11) 

{
 
 

 
 𝑟̅𝑖(𝑘) =  

1

𝐿𝑚
 ∑ 𝑟𝑖𝑗

𝑘

𝑗=𝑘−𝐿𝑚+1

                  

𝑆𝑖(𝑘) =  
1

𝐿𝑚
 ∑ (𝑟𝑖𝑗  −  𝑟̅𝑖𝑘)

2
𝑘

𝑗=𝑘−𝐿𝑚+1
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Here, 𝑝𝑖  denotes the parameter set of the ith EKF estimator, 

and 𝑟̅𝑖(𝑘) and 𝑆𝑖(𝑘) represent the mean and variance of 

RETV over a sliding window of length 𝐿𝑚.The shape of the 

likelihood function is directly influenced by these RETV 

statistics: A lower mean error and variance result in a sharper, 

higher peak in the probability density function (PDF), 

indicating greater confidence in the estimator. Conversely, a 

higher mean or variance produces a flatter, lower peak, 

reflecting reduced reliability. 

This probabilistic interpretation enables the fusion algorithm 

to dynamically favor estimators that demonstrate more 

consistent and accurate performance.  

The value of 𝐿𝑚 has a significant impact on the algorithm's 

performance. While increasing the length of 𝐿𝑚 can improve 

accuracy, it also increases computational cost. Therefore, the 

optimal 𝐿𝑚 should be chosen by balancing these two factors. 

Table VI presents the results, showing how different 𝐿𝑚 

values affect both the average computation time and SoC 

estimation accuracy. According to the data, when 𝐿𝑚exceeds 

400, there is no further improvement in accuracy—only an 

increase in computation time. Considering this trade-off, a 

length of 300 was chosen for 𝐿𝑚 in this study. 

For sampling times 𝑘 <  𝐿𝑚, the values of 𝑟̅𝑖(𝑘) and 𝑆𝑖(𝑘) 

are initialized to one to ensure stability during startup. 

Finally, the weight for each estimator is computed using the 

normalized posterior probability: 

(12) 

𝑊𝑖(𝑘) = 𝑃(𝑝𝑖|𝑉𝐵(𝑘))  

= (1 − 
𝑓(𝑉𝐵(𝑘)|𝑝𝑖)𝑆𝑖(𝑘)

∑ 𝑓(𝑉𝐵(𝑘)|𝑝𝑗)𝑆𝑗(𝑘)
2
𝑗=1

) 

 

This fusion strategy enhances the baseline SoC estimation 

algorithm (Section 3.1) by improving accuracy, robustness, 

and reliability with minimal additional computational load. 

 

Fig. 2. SOC estimation scheme with EKF 

Fig. 3. SOC estimation scheme with proposed fusion algorithm 
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IV. Experimental Results 

A. Battery data 
In this section, the practical measured voltage and current 

of the new Turingy Graphene 5000mAh 65C battery during 

the LA-92 test are used to simulate and evaluate the proposed 

method and compare it with other methods. In addition, all 

the results have been obtained under the UDDS test. The 

main characteristics of the battery are shown [36]. 

 

TABLE II Battery specification of Turingy Graphene 

5000mAh 65C 

Chemistry LiPO 

Nominal Voltage 3.7 V 

Charge 4.2V, 50mA End-Current (CC-CV) Fast 

Discharge 2.8V End Voltage, 20A MAX Continuous Current 

Nominal Capacity 5 Ah 

Energy Density 134 (Wh/Kg) 

 

The LA-92 and UDDS dynamic driving cycles at 25°C are 

chosen to evaluate the SOC estimation methods and to prove 

the effectiveness of the proposed method. These tests 

consider harsh dynamic conditions for the battery and 

include continuous and back-to-back charging and 

discharging. In addition, the C-Rate is also variable. For 

example, it increases up to 3C in LA-92 test. The battery 

current and voltage diagram during these tests is shown in 

Fig. 4. 

(a) 

Time(s) 

Fig. 4. Load Current and Terminal Voltage Profiles During  

LA92 and UDDS Driving Cycles. Figure (a) shows the 

LA92 cycle, where the load current exhibits sharp 

fluctuations, simulating aggressive acceleration and braking 

patterns. The terminal voltage gradually decreases. Figure 

(b) presents the UDDS cycle, characterized by frequent 

changes in load current. Both cycles impose harsh dynamic 

conditions on the battery, providing a rigorous test 

environment for evaluating its performance and durability. 

Using MATLAB, six mathematical models (listed in Table 

1) were fitted to 12 data points extracted from the 

experimentally obtained OCV-SOC curve of the Turingy 

Graphene 5000 mAh 65C battery. The resulting RMSE 

values from the fitting process are summarized in Table III. 

 

TABLE III RMSE value of fitted curve 

 

Models 3 and 4 exhibited the highest RMSE values, 

indicating poor accuracy for this specific battery type. 

Although Models 1 and 6 showed acceptable accuracy, their 

mathematical structures involve singularities and 

logarithmic terms that complicate derivative computation 

and may introduce instability in the estimation algorithm. To 

ensure compatibility with the SOC estimation framework 

(Eq. 5), the selected models must support both the 

mathematical expression and its derivative, i.e., 
dOCV(soc(k))

dSOC(k)
. 

Based on a balance of fitting accuracy, analytical tractability, 

and numerical stability, Models 2 and 5 were chosen for 

implementation. Model 2 offers a smooth polynomial 

structure with straightforward differentiation, while Model 5 

provides a flexible Gaussian formulation that captures 

nonlinear behavior effectively. These two models were 

selected for further integration into the SOC estimation 

framework. 

To further evaluate the reliability and robustness of the 

selected polynomial and Gaussian models, a detailed 

sensitivity analysis was conducted. Each model was 

calibrated using experimental OCV data, and its parameters 

were individually perturbed by ±5% and ±10% to assess the 

impact on RMSE. As summarized in Table IV and Table V, 

which present the RMSE variation ranges and sensitivity 

levels for the polynomial and Gaussian models, respectively, 

the polynomial model exhibits a broad range of sensitivity. 

Specially coefficients 𝐾2–𝐾5 showed high RMSE variation, 

indicating a strong influence on model accuracy, while 

parameters 𝐾7 and 𝐾8 had minimal impact. In contrast, the 

Gaussian model displayed distinct sensitivity patterns. 

Parameters govering the center and width of the dominant 

peak (notably 𝛽1 and 𝑐1) had the greatest effect on RMSE, 

while parameters associated with secondary peaks (𝛼3–𝑐3) 

contributed minimally, indicating limited influence on 

 

 
(b) 

                                                   Time(s)                    ×104 

Model 1 2 3 4  5 6 

RMSE 
0.01

281 

0.011

1 

0.03

27 

0.03

32 
 

0.003

6 

0.01

14 



217                                                                            State-of-Charge.. / M. Moodi, et al 

 
overall model performance. This analysis highlights the 

nuanced behavior of Gaussian model suggesting that careful 

tuning of its primary peak parameters is crucial for optimal 

performance. For polynomial model, attention to its middle-

order coefficients is essential to maintain accuracy. 

 

TABLE IV RMSE variation and sensitivity levels for 

polynomial model parameters under ±5% and ±10% 

perturbations. 

p ±5% RMSE Range ±10% RMSE Range 
Sensitivity 

Level 

𝐾1 3.3796 – 3.402 6.7705 – 6.7929 Moderate 

𝐾2 14.479 – 14.502 28.969 – 28.992 High 

𝐾3 25.453 – 25.476 50.918 – 50.941 Very High 

𝐾4 23.763 – 23.786 47.538 – 47.560 Very High 

𝐾5 12.73 – 12.752 25.471 – 25.494 High 

𝐾6 3.9367 – 3.9584 7.8843 – 7.906 Moderate 

𝐾7 0.67946 – 0.69922 1.3687 – 1.3885 Low 

𝐾8 0.11387 – 0.12761 0.23383 – 0.24762 Very Low 

 

TABLE V RMSE variation and sensitivity levels for 

Gaussian model parameters under ±5% and ±10% 

perturbations 

P ±5% RMSE Range ±10% RMSE Range 
Sensitivity 

Level 

𝐾1 0.13749 – 0.13772 0.27508 – 0.27531 High 

𝛼1 0.18874 – 0.19105 0.37383 – 0.38222 Very High 

𝛽1 0.11463 – 0.12261 0.22189 – 0.25279 High 

𝐾2 0.075674 – 0.075951 0.15145 – 0.15173 Moderate 

𝛼2 0.0042117 – 0.0044886 0.0079751 – 0.0082758 Low 

𝛽2 0.05947 – 0.061608 0.11695 – 0.12481 Moderate 

𝐾3 0.0022864 – 0.0023797 0.0034087 – 0.0035342 Very Low 

𝛼3 0.0047283 – 0.0049324 0.0088647 – 0.0096019 Low 

𝛽3 0.0022384 – 0.0022622 0.0031861 – 0.0032922 Very Low 

 

Figure 5 shows experimental OCV-SOC data and its 

approximations with polynomial and Gaussian models. 
 

OCV-SOC 

Fig, 5. Comparison of Polynomial and Gaussian fitting 

methods for OCV-SOC. Experimental data (black dots) are 

approximated using a 7th-order polynomial and a 3th-order 

Gaussian model. The inset zooms into the SOC range 0.18–

0.26, highlighting subtle differences in curve behavior critical 

for battery performance modeling. 

B. Performance evaluation indices 
The study evaluates the proposed approach using error 

metrics such as Maximum Error (MAX), Mean Square Error 

(MSE), Root Mean Square Error (RMSE), and Mean 

Absolute Error (MAE). These metrics respectively measure 

reliability, robustness, and accuracy of the estimation 

method. Equation (11) contains the mathematical 

expressions for these criteria. 

(13) 

{
 
 
 
 
 

 
 
 
 
 𝑀𝐴𝐸 =

1

𝑛
∑|𝑆𝑂𝐶𝑘 − 𝑆𝑂𝐶̂𝑘|

𝑛

𝑘=1

         

𝑀𝑆𝐸 =
1

𝑛
∑(𝑆𝑂𝐶𝑘 − 𝑆𝑂𝐶̂𝑘)

2
𝑛

𝑘=1

     

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(𝑆𝑂𝐶𝑘 − 𝑆𝑂𝐶̂𝑘)

2
𝑛

𝑘=1

𝑀𝐴𝑋 = 𝑚𝑎𝑥|𝑆𝑂𝐶𝑘 − 𝑆𝑂𝐶̂𝑘|        

 

 

C. Results and discussion 
The SOC estimation results obtained using the EKF 

method during the LA-92 test are illustrated in Fig. 6. 

Specifically, Fig. 6(a) displays the SOC estimation outcomes 

for the 7th polynomial model and the 3rd Gaussian model, 

while Fig. 6(b) focuses on the corresponding estimation 

errors for these models. Notably, during certain intervals, 

such as from 8000 to 12000, the 7th polynomial model 

exhibits higher errors, whereas the 3rd Gaussian model 

demonstrates lower errors. Despite these differences, both 

models achieve acceptable accuracy, and the proposed 

approach combines their strengths to enhance overall 

performance. 

The SOC estimation results and corresponding errors 

obtained through the proposed method during the LA-92 test 

are illustrated in Fig. 7. This approach combines two 

algorithms, resulting in improved overall estimation 

accuracy. As shown in Figure 7(b), the error range is 

narrower compared to the individual methods, highlighting 

enhanced performance throughout the test. Also, the 

resulting dynamic weights used in fusion are shown in 

Figure 8, which visually demonstrates how the statistical 

properties of RETV influence the probabilistic weighting of 

each estimator over time. 

The evaluation criteria described in Section IV.B were 

computed for the proposed method and the two comparative 

methods during the LA-92 test, with results summarized in 

TABLE VI. To provide further insights, the UDDS test was 

conducted, and all evaluation criteria were recalculated, with 

the findings presented in TABLE VII. 

 

TABLE VI Evaluation criteria for three SOC estimation 

scenarios throughout the LA92 test 

Method 

EKF (7th 

Polynomial 

model) 

EKF (3rd 

Gaussian 

model) 

Proposed 

method 

MAX [%] 2.45 2.04 1.79 
RMSE [%] 0.8813 0.6718 0.6040 

MSE [%] 0.7766 0.4513 0.3648 

MAE [%] 0.6547 0.5129 0.4823 

 
SOC 
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TABLE VII Evaluation criteria for three SOC estimation 

scenarios throughout the UDDS 

Method 

EKF (7th 

Polynomial 

model) 

EKF (3rd 

Gaussian 

model) 

Proposed 

method 

MAX [%] 2.52 3.05 2.49 

RMSE [%] 0.9677 0.8079 0.7056 

MSE [%] 0.9365 0.6526 0.4815 

MAE [%] 0.7621 0.5810 0.4978 

 

TABLE VIII Impact of 𝐿𝑚 Values on SoC Estimation RMS 

and Average Computation Time  

Lm SOC RMSE [%] Average computation time [s] 

100 0.6043 1.8598 

200 0.6042 1.8814 
300 0.604 1.9072 

400 0.6038 1.9309 

500 0.6038 1.9529 
600 0.6038 1.9704 

Time(s) 

Time(s) 

Fig. 6. Comparison of SOC Estimation and Error Using 

Polynomial and Gaussian Models During LA92. Figure (a) 

displays the SOC over the test cycle, comparing measured 

values with estimates from the Polynomial and Gaussian 

models. The two inset graphs zoom into specific time intervals 

(5000–6000 s and 8000–12000 s), illustrating regions where 

each method shows distinct performance characteristics—

neither consistently outperforming the other. Figure (b) 

presents the corresponding SOC estimation error over time for 

both methods. The error fluctuates throughout the time span, 

indicating that each approach has its own strengths and 

limitations depending on the time segment. 

Time(s) 

Time(s) 

Fig .7. SOC Estimation and Error Using the Proposed Method 

During LA92 Cycle. shows the estimated SOC using the 

proposed method (PM) compared against measured SOC over 

time, demonstrating close alignment between the two curves. 

Figure (b) presents the corresponding SOC estimation error 

over time. The error fluctuates between approximately −1.79% 

and 1.79%, reflecting the dynamic accuracy of the proposed 

method throughout the test duration. 

Fig. 8. Dynamic Weights Derived from the Multi-Model 

Fusion Approach. These dynamic weights reflect changes in 

system characteristics, as determined by the fusion strategy. 

According to Table VI, the proposed method achieves a 

MAX of 1.79%, representing a 27% reduction compared to 

 

 
(a) 

 
(b) 

 
(a) 

 
(b) 

 
Time(s) 
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the EKF with the 7th-order polynomial model and a 13% 

reduction compared to the EKF with the 3rd-order Gaussian 

model. This improvement significantly enhances the 

reliability of SOC estimation. Furthermore, the proposed 

method yields an RMSE of 0.6043%, which is 

approximately 10% lower than the best results of the 

comparative methods, along with an MSE of 0.3652%, 

demonstrating superior robustness. The MAE of 0.4827% 

further confirms the high estimation accuracy throughout the 

LA92 test. 

The UDDS test results, presented in Table VII, reinforce 

these findings. The proposed method consistently 

outperforms the other two approaches across all evaluation 

criteria, confirming its enhanced accuracy, reliability, and 

robustness under dynamic operating conditions. Notably, 

these results were obtained under rigorous test scenarios 

designed to simulate real-world battery behavior, including 

fluctuating loads and environmental variations. While 

simpler conditions would likely yield even better 

performance, the dynamic tests underscore the method’s 

effectiveness in challenging environments. For broader 

context and comparison, Table VII also includes key 

benchmarks from existing literature, highlighting the 

competitive edge of the proposed approach. 

 

TABLE IX . Main work of six papers related to the topic 

Ref 

Main 

estimation 

algorithm 

Parameter 

identification 
Battery type 

Validation 

Profile 
Error 

[37] 
AEKF-

ESG 
Online 

LifePO4/2100 

mAH 
NEDC 

RMSE = 

0.79% 

[38] 
FTME-

EKF 
Online Lithium-ion BJDST 

RMSE=0.86 
MAE = 0.68 

% 

[19] AUKF Online NCM 2.2Ah BJDST 
RMSE=0.97% 
MAE=1.13% 

[39] RB-AEKF Online 

Panasonic 

18650 lithium-
ion 

FUDS RMSE=1.08% 

[40] 
IFFRLS-

UPF 
Online 

70 Ah lithium 

battery 
BBDST 

RMSE=0.72 

MAE=0.63 

[41] 

Improved 

FFRLS-

EXF 

Online 

27 Ah LG 

lithium power 

battery 

DST 
MAE=1.39% 
MAX=2.49 

 

V. Conclusions 

This paper presents a fusion-based SOC estimation 

method that integrates two EKFs, each coupled with a 

distinct OCV-SOC model, and dynamic weighting 

determined residual error statistics. By combining the 

strengths of multiple OCV-SOC models, the proposed 

approach achieves high accuracy, robustness, and 

computational efficiency under dynamic operating 

conditions. The fusion strategy, grounded in Bayesian 

probability and residual analysis, ensures that the most 

suitable model contributes more heavily to the final SOC 

estimate at any given time. This dynamic weighting 

mechanism enhances the adaptability of the framework, 

allowing it to maintain optimal performance across diverse 

battery conditions and operating profiles. Simulation results 

from LA92 and UDDS driving cycles demonstrate that the 

proposed method consistently outperforms conventional 

EKF approaches, reducing maximum estimation error by up 

to 26% and RMSE by over 10%. These improvements 

validate the effectiveness of the fusion strategy in enhancing 

SOC tracking precision, even under challenging load 

profiles. 

The method’s simplicity and adaptability make it highly 

suitable for real-time battery management systems in electric 

vehicles and energy storage applications. Future work may 

extend this framework to include state-of-health (SOH) 

estimation and investigate its performance under 

temperature variations and battery aging effects. 
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