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Abstract 

Battery management systems are essential in electric vehicles and renewable energy applications, 
especially in ensuring optimal battery health and performance. Especially regarding the state of 
charge (SOC) in batteries consisting of many cells. The lifetime and efficiency of battery depend on 
the accuracy of the SOC parameter estimation. Moreover, the system that applies active balancing 
technology will move cells that have high SOC data to cells that have low SOC. Many methods have 
been developed, but the long execution time makes it less than optimal when applied. The speed of 
SOC estimation is also required in active balancing technology in addition to the accuracy factor. 
Therefore, this study proposes to estimate SOC parameters using a statistical and metaheuristic 
approach method from voltage and current input data in each battery cell. The experimental results 
showed that the metaheuristic-based method (ANFIS) had better RSME and R2 values compared to 
the polynomial and linear regression method. 

Keywords: active balancing; ANFIS; battery management system; linear regression; state of charge 
(SoC) 
 

1. Introduction 

The Batteries function as energy storage devices, discharging energy periodically as required [1]. 
The increasing need for batteries requires an increase in the quantity of batteries in the battery 
industry, as well as research on batteries. When choosing the right battery, each battery type for a 
system has its own distinct characteristics. Due to its high energy density, lithium-ion batteries are 
widely used by battery users [1]. This type of battery is often utilized in the automotive industry as 
an energy source to drive electric motors [2]. In use, lithium-ion batteries need to be assembled into 
packs to achieve the desired voltage and current capacity per hour. However, various problems are 
often encountered when using battery packs, one of which is an imbalance between battery cells [3]. 
A battery pack requires a battery management system to regulate voltage stability during charge and 
discharge [4–6]. This battery with unbalanced cells results in decreased performance of the battery 
management system (BMS) in regulating the battery charging and discharging process [4,7]. Battery 
Management System (BMS) performance declines when cell balance is disrupted, as reflected in 
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shortened battery life during charging and discharging cycles [7,8]. The problem of cell imbalance 
within the battery pack should be addressed by the cell balancing circuit integrated into the battery 
management system. However, in practice, many battery management system products available on 
the market lack a cell balancing function within their modules [9]. To increase the battery's longevity, 
the battery management system must include a balancing technique. Battery cells can be balanced in 
a variety of ways. Two main categories of cell balancing techniques in battery management systems 
are active and passive balancing [10,11]. The active cell balancing method includes several system 
topologies, i.e., cell-to-cell (C2C), pack-to-cell (P2C), and cell-to-pack (C2P) techniques [12,13]. Battery 
balancing techniques utilize several types of basic components to transfer energy, including resistors, 
capacitors, and inductors [10,11]. Given the rapid development of electric vehicles, which has 
increased the demand for BMS and battery balancers, there is a need for a method that effectively 
integrates battery cell balancers with battery management systems to meet the specific needs and 
capacities of batteries. However, the availability of battery balancing products on the market does 
not always align with the capacity of the battery cells. This issue highlights the need for research to 
develop a method that combines multiple battery cell balancers within the desired battery pack. One 
commonly used product in the market employs the flying capacitor balancing method. This method 
includes active balancing methods using C2C topology. This topology has the disadvantage of 
requiring significant time to achieve cell balancing. Conversely, the C2C method offers the advantage 
of balancing cells by optimizing the capacity of each available cell [14]. In previous research, the 
researchers employed the active cell balancing method with a cell-to-cell topology, specifically 
utilizing the flying capacitor balancing method obtained from the market. 

The research developed a combination of two or more identical balancing products to be utilized 
with the BMS on a miniature 8S4P battery pack. The time required to achieve a balanced state was 
600 minutes, with a ratio of 1:3 for discharging conditions and 35:48 for charging conditions before 
and after using the combined balancers. Considering that battery performance depends on the 
capacity of the battery being tested and as part of software development, this research used the SOC 
parameter as an indicator for determining the battery's charging and discharging conditions. State of 
Charge (SOC) represents the current energy level of a battery, expressed as a percentage of its total 
capacity, and is crucial for ensuring optimal battery performance and safe operation, particularly in 
electric vehicles (EVs) and energy storage systems. SOC estimation methods, such as Coulomb 
counting and voltage-based techniques, provide real-time insights into the battery’s charge level, 
enabling effective management of its energy use. While, a Battery Management System (BMS) is 
responsible for overseeing the entire battery’s health and performance, including monitoring and 
controlling the SOC. The BMS ensures safety by protecting against overcharging, deep discharge, and 
temperature extremes, while also balancing cell voltages to maximize efficiency and longevity. By 
integrating SOC data and regulating various battery functions, the BMS optimizes battery operation, 
enhancing performance, extending lifespan, and ensuring safe and reliable use across different 
applications. Together, SOC and BMS work in tandem to provide a seamless, efficient, and secure 
battery management solution. The SOC refers to a battery capacity parameter commonly used as an 
indicator of the charging and discharging process [15]. To maintain a long battery lifetime, the 
minimum State of Charge (SOC) for the charging process is between 30% and 50% [16]. Taking into 
account the importance of the SOC parameter, this study designed a SOC estimator for the BMS with 
active balancing based on the flying capacitor method, utilizing a statistical approach. The SOC 
indicates the total remaining battery capacity to supply the load. Accurate SOC estimation is crucial 
for both the BMS designers and battery users. A battery's capacity is determined by several factors, 
including discharge time, average current, electrolyte temperature, cut-off voltage limit, storage 
duration and battery age [17]. Accurately determining the battery's state of charge (SOC) allows 
designers to make better use of the available capacity, reduce over-engineering, and use lighter, 
smaller batteries. Users may make sure the battery is neither overcharged nor undercharged by using 
an accurate battery SOC indication. As a result, the battery's performance is improved and its 
extended lifespan is preserved. A crucial component of BMS software is accurate SOC estimation. 
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Numerous methods have been put out in the last ten years to estimate battery state of charge (SOC), 
most of which rely on electrical quantity measurements and battery chemistry [18–21]. The most 
accurate way to test a battery's state of charge (SOC) is to physically achieve 100% or 0% SOC by fully 
charging or discharging the battery. Electric vehicles (EVs) or plug-in hybrid electric vehicles 
(PHEVs), which are usually charged to capacity every night, are commonly subjected to this test. It 
enables the SOC estimation algorithm to receive feedback for recalibration [22]. For HEVs, current 
versus time calculations remain the most widely used technique. This technique is known as the 
coulomb counting system, where a direct indicator of SOC is obtained from discrete integration of 
the measured current over time. Since this integration is affected by errors in measuring battery losses 
and current, the results must be corrected periodically. Therefore, in this research, the SOC parameter 
indicator is derived not only from the current parameter but also from the total value of the voltage 
measurement for each normalized cell. 

Numerous methods for estimating the SOC parameters have been developed by researchers, 
including techniques based on measurement [23,24], adaptive filters [25,26], and data-driven 
algorithms [27,28]. In general, these methods prioritize the accuracy of SOC estimation while often 
neglecting the execution speed. Despite the fact that the SOC parameter estimation results are 
accurate, prolonged execution times can impair the performance of the BMS when implemented in 
hardware. Additionally, most of these methods have been tested on batteries. Therefore, this study 
proposes the SOC parameter estimation in the BMS using a statistical i.e., linear regression and 
metaheuristic approach. The regression equation is derived from the current and voltage data 
collected from the battery pack used in the testing. This equation is subsequently integrated into the 
BMS software, which serves as the focus of the testing. Since the equation consists of a mere single 
formula without filtering or looping processes, this method enables better execution speed compared 
to other non-statistical approaches. The SOC estimation speed of the BMS is one of the factors 
determining the BMS performance. 

The points of contribution from the research we have conducted can be summarized as follows: 

- This research proposes the estimation of the SOC parameter using a regression approach. 
- This research also includes a comparison with the other statistical method, i.e., the polynomial 

regression technique. 
- This research utilizes LiFePO4 batteries, whereas most other methods employ different types of 

lithium-ion batteries [29]. 

The following is the structure of the rest of this paper: Chapter II provides an explanation of the 
theories and methods related to the topic of this paper, Chapter III contains the discussion of the 
dataset utilized, Chapter IV covers the results and analysis of the experiments conducted in this 
study, and finally, Chapter V is a summary of our overall work. 

2. Materials and Methods 
2.1. LiFePO4 

LiFePO4 batteries, formally known as lithium iron phosphate batteries, are part of the lithium-
ion battery family. The cathode is primarily composed of iron phosphate (FePO4), while the anode 
consists of carbon graphite. The trend of utilizing this type of battery continues to rise due to its 
advantages, including stable performance, long lifespan, enhanced safety, a deeper discharge 
capacity of approximately 80%, and greater environmental friendliness compared to other lithium-
ion batteries [30]. Nonetheless, this battery also has several disadvantages, including its high cost, 
sensitivity to low temperatures, and lower energy capacity and output voltage compared to other 
lithium-ion batteries [31]. Given these advantages and disadvantages, this battery is particularly 
suited for applications that prioritize safety, stability, and long-term durability. Conversely, this type 
of battery is not suitable for applications that prioritize weight and volume. As the target application 
of this research is electric motorcycle batteries (electric bikes), which prioritize safety and durability, 
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the LiFePO4 battery is the preferred choice. With this in mind, this research focused on evaluating 
the performance of this type of battery. 

2.2. Flying Capacitor 

In battery management systems (BMS), one of the commonly used methods to balance the 
voltage between different cells in a battery pack is the flying capacitor technique. This technique 
applies a capacitor connected between two cells to temporarily transfer energy from the cell with the 
higher voltage level to the lower cell. Its efficient and rapid balancing capability, in comparison to 
the resistor bleeding method, makes it a suitable choice for electric vehicle (EV) applications. In 
addition, the charge transfer is not dissipated as heat, which prevents this method from generating 
high temperatures compared to other techniques. Still, this technique has certain drawbacks, 
including a complex circuit that necessitates precise switching and a higher cost compared to other 
methods. This method falls under the category of active balancing techniques, and its topology is 
illustrated in Figure 1 [32]. B1 to B4 represent the battery cells, S1 to S4 denote the switches, and C1 
to C3 indicate the capacitors. 

 

Figure 1. Balancing Cell with Flying Capacitor Topology. 

2.3. Polynomial Regression 

Regression analysis, in which the correlation between the independent (input) variables and the 
dependent (output) variables is nonlinear but is modeled using a polynomial equation, is referred to 
as polynomial regression. Polynomial regression of degree n is as presented in (1). 𝑦 = 𝛽௢ + 𝛽ଵ𝑥 + 𝛽ଶ𝑥ଶ + 𝛽ଷ𝑥ଷ + ⋯+ 𝛽௡𝑥௡ + 𝑒 (1)

where: 𝑦 represents the output or dependent variable,𝑥, 𝛽௢, 𝛽ଵ௫, … . .𝛽௡  denotes the independent 
variables, n determines the polynomial degree, and e represents the error or residual. 

2.4. Linear Regression 

Linear regression is a statistical method that models and analyzes the correlation between one 
independent variable (y) and one more dependent variable (𝑥௡) with a regression coefficient (𝛽௡) and 
error (e). This method is also adopted to predict the value of input variables based on their output 
variables. Meanwhile, equation (2) demonstrates the correlation between the two. 𝑦 = 𝛽௢ + 𝛽ଵ𝑥ଵ + 𝛽ଶ𝑥ଶ + ⋯+ 𝛽௡𝑥௡ + 𝑒 (2)

2.5. Adaptive Neuro Fuzzy Inference System (ANFIS) 

Adaptive Neuro-Fuzzy Inference System (ANFIS) is a hybrid system that combines Artificial 
Neural Networks (ANN) with Fuzzy Inference Systems (FIS). This integration is designed to leverage 
the learning capability of neural networks while maintaining the interpretability of fuzzy logic 
systems. ANFIS is typically based on the Sugeno FIS model, which provides a structured and 
adaptive approach to function approximation and decision-making. The structure of ANFIS consists 
of five layers, each performing a specific function. The first layer is the fuzzification layer, where each 
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node represents a membership function that defines the degree of input belonging to a fuzzy set. 
Common membership functions include Gaussian and sigmoid functions, mathematically 
represented as: µ𝐴ሺ𝑥ሻ =  𝑒ି(௫ି௘ ఙ⁄ )మ (3)

where c is the center and σ is the width of the Gaussian function. The second layer is the rule layer, 
where each neuron represents a fuzzy rule and computes the firing strength of that rule using the T-
norm operation, often multiplication: 𝑤𝑖 =  µ𝐴𝑖(𝑥). µ𝐵𝑖(𝑦) (4)

The third layer is the normalization layer, which normalizes the rule strengths to ensure they sum up 
to one: 𝑤𝚤തതത =  𝑤𝑖∑ 𝑗𝑤𝑗 (5)

The fourth layer is the consequent layer, where each node computes a linear function of the input 
variables, typically expressed as: 𝑓𝑖 = 𝑤𝚤തതത (𝑝𝑖. 𝑥 + 𝑞𝑖.𝑦 + 𝑟𝑖) (6)

where 𝑝𝑖, 𝑞𝑖, 𝑟𝑖 are parameters to be learned. Finally, the fifth layer is the output layer, which sums 
all the outputs of the previous layer to produce the final ANFIS output: 𝑂𝑢𝑡𝑝𝑢𝑡 =  ෍𝑤𝚤തതത.𝑓𝑖 (7)

ANFIS learning is achieved through a hybrid training approach, combining backpropagation 
for the fuzzy membership function parameters and least squares estimation (LSE) for the consequent 
parameters. The feedforward phase calculates the output based on given inputs, while the 
backpropagation phase updates the parameters to minimize the error between predicted and actual 
outputs. ANFIS offers several advantages, including adaptability, interpretability, and powerful 
function approximation capabilities. It is widely applied in fields such as weather prediction, robotics 
control, financial forecasting, and medical diagnosis. By combining the strengths of neural networks 
and fuzzy systems, ANFIS provides a robust framework for modeling complex, nonlinear systems. 

2.6. Research Flow 

Figure 2 illustrates the research flowchart for estimating the SOC of the battery pack. First, a 
literature review was conducted to assess the state of the art in SOC estimation research and to 
identify the most appropriate method for processing battery characterization data. After establishing 
a statistical method to determine the unknown SOC value at a given current, the statistical analysis 
further revealed the trend of the battery's SOC value in relation to its service life. Once the appropriate 
model was obtained, system testing could be performed directly using the active balancing system. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 13 October 2025 doi:10.20944/preprints202510.0886.v1

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

https://doi.org/10.20944/preprints202510.0886.v1
http://creativecommons.org/licenses/by/4.0/


 6 of 13 

 

 

Figure 2. Flow diagram for SOC estimation research using the active balancing system with statistical 
algorithm. 

3. Results 

This section provides a detailed explanation of the dataset utilized in this research, including the 
data acquisition strategy and the design of the acquisition device. 

3.1. System Architecture 

The system architecture for collecting current and voltage data from a battery pack composed of 
four series of Li-ion 18650 batteries, with a total voltage of 16.4V, is illustrated in Figure 3. After 
passing through the BMS, the current and voltage were measured by the first INA226 sensor, which 
then transmitted the measurement data to the ESP32 for monitoring. 

The measured power was subsequently transmitted to a buck-boost converter, which adjusts the 
voltage according to the load requirements by either increasing (boosting) or decreasing (bucking) 
the voltage. The current and voltage following the buck-boost converter were re-measured by a 
second INA226 sensor before the power was delivered to the final load. Data from the second INA226 
sensor was also transmitted to the ESP32 for further monitoring. The ESP32 microcontroller collected 
and processed data from both INA226 sensors and could regulate the buck-boost converter to ensure 
the load would receive a stable and efficient voltage. With this system, the battery condition could be 
monitored and the power received by the load could be regulated in real-time, allowing the 
optimization of overall system performance. The data collected by the ESP32 could be utilized for 
direct monitoring or sent to the database. The database would allow data to be stored in a structured 
and secure manner. 
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Figure 3. Flow diagram for SOC estimation research using the active balancing system. 

By storing parameter readings and estimation data, the SOC could access and recover this 
information as required, utilizing MongoDB for database management. The advantages of MongoDB 
include its flexible, document-oriented data model, which stores data in JSON format. Additionally, 
MongoDB does not require a fixed schema, allowing for the storage of documents without predefined 
structures. It offers high flexibility in data modeling and can easily adapt to changes in data 
structures. Figure 4 presents the design of the data model using MongoDB, which is set to be 
implemented. The JSON format represents the measurement data collected from four batteries over 
a specified period. The data encompasses information on voltage, current, temperature, and SOC. 
This data was recorded in real-time. The current value remained constant within the 400 mA range. 

 

Figure 1. SOC data view on MongoDB. 

3.2. Dataset 

Table 1 demonstrates several data samples generated from the data acquisition process, which 
were utilized as test data in this research at a current of 3 A. The use of voltage variation datasets for 
battery charge or discharge conditions is to determine the distribution of data during the two 
conditions. With dynamic data distribution, it can produce a representative SOC estimator modeling 
according to the actual SOC value. While the actual SOC in this dataset is obtained through 
calculations applied to the BMS software by considering: the initial SOC before the battery charging 
or discharging process occurs, the maximum battery capacity and measurements of the incoming and 
outgoing electric current. The total dataset utilized in this study comprised 46 data. 
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Table 1. Sample of Dataset of SOC Estimator. 

Id 
State (Charge = 1, Discharge = 0) 

Time V1 V2 V3 V4 Tot V SOC State 
1 0 2.74 2.74 3.19 2.94 11.61 86 1 
2 10 2.74 2.74 3.19 2.94 11.61 86 1 
3 20 3.23 3.22 3.23 3.21 12.89 96 1 
4 30 3.27 3.28 3.249 3.27 13.069 97 1 
5 40 3.289 3.293 3.275 3.28 13.137 98 1 
6 50 3.328 3.294 3.288 3.301 13.211 98 1 
7 60 3.325 3.52 3.31 3.318 13.473 100 1 
8 70 3.356 3.446 3.306 3.345 13.453 100 1 
9 80 3.354 3.337 3.329 3.343 13.363 99 1 

10 90 3.372 3.356 3.351 3.346 13.425 100 1 
... ... ... ... ... ... ... ... ... 
25 0 3.25 3.24 3.25 3.25 12.99 100 0 
26 12 3.2 3.2 3.22 3.21 12.83 99 0 
27 24 3.21 3.2 3.21 3.21 12.83 99 0 
28 36 3.2 3.2 3.22 3.21 12.83 99 0 
29 48 3.2 3.19 3.22 3.2 12.81 99 0 

Id 
State (Charge = 1, Discharge = 0) 

Time V1 V2 V3 V4 Tot V SOC State 
30 60 3.19 3.19 3.22 3.2 12.8 99 0 
31 72 3.18 3.18 3.21 3.19 12.76 98 0 
32 84 3.18 3.18 3.21 3.18 12.75 98 0 
33 96 3.18 3.17 3.2 3.18 12.73 98 0 
34 108 3.17 3.17 3.19 3.18 12.71 98 0 
35 120 3.16 3.17 3.2 3.17 12.7 98 0 
... ... ... ... ... ... ... ... ... 
46 120 3.08 3.1 3.18 3.11 12.47 98 0 

4. Discussion 

Utilizing the dataset presented in Table 1, the calculations for the polynomial regression and 
linear regression methods for the SOC estimation could be obtained, as shown in (8) and (9), 
respectively. 𝑦௣ = 845444218286638.9𝑥ଵ + 15.5943𝑥ଶଶ + 5.5983𝑥ଷଷ −  29.804𝑥ସସ+ 7.024𝑥ହହ –  2536332654859813 

(8)

𝑦௟ =   35.186𝑥ଵ  +  17.785𝑥ଶ  +  5.6949𝑥ଷ  −  31.044𝑥ସ  +  5.4952𝑥ହ (9)

where: 𝑥ଵ … 𝑥௡  is the voltage value in cell 1 to cell n, 𝑦௣  is a polynomial regression, and linear 
regression is denoted by𝑦௟. A comparison graph of the SOC estimation results from the two methods 
is shown in Figure 5. 
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Figure 5. Comparison of the SOC estimation using polynomial regression and linear regression. 

Utilizing a statistical approach based on polynomial regression, the Root Mean Square Error 
(RMSE) was calculated to be 1.2188, accompanied by an R² value of 0.80272. Meanwhile, the linear 
regression-based approach yielded an RMSE of 1.0829 and an R² value of 0.84426. The RMSE and R² 
values were calculated using the following equations: 

𝑅𝑀𝑆𝐸 = ඩ෍ (𝑦పෝ − 𝑦௜)ଶ𝑛௡
௜ୀଵ  (10)

𝑅ଶ = 1 −∑ (𝑦పෝ − 𝑦௜)ଶ௡௜ୀଵ∑ (𝑦పഥ − 𝑦௜)ଶ௡௜ୀଵ  (11)

where: n is the number of data, 𝑦పෝ  is the predicted value, 𝑦௜ represents the actual value, and 𝑦పഥ   is 
the actual average value. Given that a smaller RMSE value indicates a closer approximation to the 
actual SOC and a higher R² value signifies a greater representation of the actual data, linear 
regression-based modeling serves as a reliable reference for statistic-based SOC modeling in this 
research. 

As a comparison in this study, the metaheuristic method based on adaptive neuro fuzzy 
inference system is applied to optimize the design of the SOC estimator. The data used as input 
parameters are the voltage data of the four cells (V1, V2, V3 and V4) and the output is the actual SOC 
value. Meanwhile, for the training configuration using ANFIS, including: using sugeno inference, the 
membership function using trapezoid, the number of memberships for each input is 3, and the 
iteration for training purposes is 10. The training process shows that the initial RMSE results are 
0.1429 and the final RMSE when the iteration is the same as the maximum iteration is 0.0992. To find 
out the contour of the relationship between input and output parameters in this study, we can present 
it in the surface relationship presented in Table 2. 

Table 2. Surface View Relation. 

   

1 V1, V2, SOC 
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2 V1, V3, SOC 

 

3 V1, V4, SOC 

 
   

Id Relation Surface View 

5 V3, V4, SOC 

 

6 V2, V3, SOC 

 

The use of ANFIS to model the SOC value obtained an RMSE result of 0.09925 and R2 of 0.99869 
(representative close to the actual data shown in Figure 6, the ANFIS curve is close to the actual SOC 
value). 

 

Figure 6. Comparison of the SOC estimation using statistical and metaheuristic approach. 
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5. Conclusions 

This study proposes a statistical and metaheuristic approach utilizing both polynomial 
regression, linear regression and also adaptive neuro fuzzy inference system (ANFIS) methods to 
estimate the SOC of cells within Li-Ion battery packs in a battery management system. Voltage data 
was collected using the INA226 module and transmitted via the ESP32 for storage in the database. 
The battery management system employed was of the Active Balancing System type with the flying 
capacitor technique. The test results found that the SOC estimation using ANFIS technique yielded a 
smaller value, showing a difference of 0.9836 when compared to the linear regression technique. 
Meanwhile, the R2 value of the ANFIS method was greatest, with value of 0.99869 when compared 
both linear and polynomial regression method. In conclusion, the findings suggest that the ANFIS 
method demonstrates superior performance compared to the linear and polynomial regression 
method for estimating the SOC in lithium-ion battery packs. In further work, the application of the 
ANFIS-based SOC estimator can be applied to BMS software so that it can produce stable and precise 
SoC readings for various electric vehicle applications. 
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