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Abstract

Accurate State-of-Charge (SoC) estimation is essential for ensuring the reliability, safety, and efficient operation of Battery Energy Storage
Systems (BESS), particularly in photovoltaic (PV) applications characterized by intermittent generation. Conventional SoC estimation methods
may have limitations in capturing nonlinear and time-dependent voltage behavior under practical operating conditions. This study proposes a
data-driven SoC estimation framework that integrates a Voltage-Controlled Model (VCM) with sliding-window temporal feature extraction and
multiple machine learning (ML) algorithms. The sliding-window approach transforms sequential voltage measurements into structured lag-based
features to represent battery discharge dynamics more effectively. Real-world voltage data were collected from four 45-Ah lead-acid batteries
operating in a PV-BESS system from February to December 2024. More than 140,000 charge-discharge records were acquired, from which 6,226
discharge records were extracted for model development and evaluation. Five ML models, namely Support Vector Regression (SVR), Artificial
Neural Network (ANN), Random Forest (RF), Long Short-Term Memory (LSTM), and eXtreme Gradient Boosting (XGBoost), were compared
using mean squared error (MSE), mean absolute error (MAE), root mean squared error (RMSE), and computation time. The results show that
VCM-LSTM achieves the lowest prediction errors, whereas VCM-XGBoost provides the most favorable balance between predictive accuracy
and computational efficiency. VCM-XGBoost achieves MSE =0.0849, MAE =0.1401, RMSE = 0.2913, and a computation time of 0.94 seconds.
These findings indicate that combining sliding-window temporal representation with VCM and ML can support accurate and computationally
efficient SoC estimation, highlighting the potential of VCM-XGBoost for resource-constrained BMS applications, particularly in real-world
residential PV-BESS environments with limited computational resources.
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1. Introduction

The rapid growth of photovoltaic (PV) renewable energy presents a promising pathway toward sustainable electricity
generation [1], [2], while simultaneously introducing operational challenges due to the inherently intermittent and
uncertain nature of solar resources [3], [4]. In this context, battery management systems (BMS) play a critical role in
maintaining system reliability and ensuring continuous energy availability [5], [6]. Prior studies have demonstrated the
feasibility of real-time State-of-Charge (SoC) acquisition using embedded platforms and intelligent control techniques,
such as stochastic optimal control for battery applications [7], [8]. In parallel, advances in dynamic energy scheduling
have highlighted the importance of algorithm-based strategies to improve energy utilization under variable operating
conditions [9], [10]. Within battery energy storage systems (BESS), accurate SoC estimation remains essential for
optimal energy management and system efficiency [11].

Extensive research on SoC estimation particularly in lithium-ion batteries covers both direct methods, such as ampere-
hour counting and open-circuit voltage mapping, and indirect methods, including kalman filter variants and sliding
mode observers [12], [13]. Although effective in controlled environments, these approaches often struggle to address
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nonlinear voltage behavior, fluctuating load conditions, and long-term degradation effects encountered in real-world
deployments. To overcome these limitations, recent studies have increasingly explored data-driven and Machine
Learning (ML) techniques capable of capturing nonlinear and time-varying battery dynamics, thereby improving
estimation accuracy and operational adaptability [ 14]. However, existing studies has not sufficiently explored sliding
window-based temporal feature engineering for improving both accuracy and computational efficiency in SoC
estimation.

Building on these developments, this study introduces a voltage-controlled model (VCM) and machine learning (ML)
framework to enhance SoC estimation from time-series battery data. The sliding window approach transforms
sequential voltage measurements into structured temporal features, enabling the model to capture discharge patterns
and dynamic transitions more effectively. This strategy supports more reliable SoC estimation, which is fundamental
for ensuring safe operation, extending battery lifetime, and improving energy utilization in PV-based systems [15],
[16].

To further strengthen the modeling capability, this work adopts the VCM as a physics-guided representation of the
nonlinear relationship between battery voltage and SoC [17]. By integrating VCM with sliding window feature
extraction, the proposed framework combines physical insight with data-driven learning to enhance predictive
performance [18], [19], [20]. The resulting hybrid approach leverages temporal voltage trajectories to improve model
accuracy while maintaining computational efficiency.

2. Literature Review

The BMS plays a critical role in renewable energy systems that rely on multiple batteries for energy storage, where
accurate SoC estimation is essential to ensure reliable operation and prevent deep discharge or overcharging. Estimation
techniques are generally classified into model-based and data-driven approaches. Model-based methods, such as open-
circuit voltage (OCV) estimation [21], Adaptive Kalman Filter (AKF) [22], and other kalman filter variants have been
widely investigated. Although these approaches are mathematically well-established, they typically require high
computational effort and struggle to fully capture the nonlinear and time-varying characteristics of battery behavior,
limiting their suitability for real-time BMS applications.

To address these limitations, recent studies have explored ML-based methods, which are more capable of modeling
nonlinear dynamics from data. Early work includes the integration of LSTM-RNN [23], , as well as lest square SVM
(LSSVM) [24], alongside optimization-driven methods such as GRU-LSTM [25], and deep learning architectures like
Convolutional Neural Network (CNN) with U-Net architecture [26], [27], [28], these approaches require high-quality
datasets and often involve significant computational complexity.

Recent research trends emphasize data-driven time-series frameworks for SoC estimation, particularly for large-scale
and real-time applications. Reviews in [29], [30], [31] indicate that ML-based approaches can effectively handle
nonlinear and dynamic battery characteristics, although many studies do not report computational efficiency.

J. A. Braun et al. [32] introduced VCM. They provide a promising alternative by exploiting the relationship between
battery voltage and SoC. This approach enables SoC estimation using voltage-only measurements and leverages
temporal patterns, particularly sharp voltage drops as indicators of low charge states [33]. Complementing this finding,
ML techniques such as Artificial Neural Networks (ANN) [34], Support Vector Machines (SVM) [35], Random Forest
(RF) [36], Long Short-Term Memory (LSTM) [37], and eXtreme Gradient Boosting (XGBoost) [38], [39] have
demonstrated strong capability in capturing nonlinear battery behavior [40], [41].

Building on these observations, this work adopts a VCM-ML framework to enhance SoC estimation. The sliding
window technique transforms raw voltage time-series into lag-based feature representations, enabling models to
capture temporal discharge patterns more effectively. By integrating this time-series feature extraction with ML
algorithms, the proposed approach improves the ability to model nonlinear battery dynamics while maintaining
computational efficiency. Furthermore, the combination of sliding window representation with the VCM provides a
hybrid data-driven framework that leverages both physical insight and statistical learning.
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Motivated by the need for practical BMS deployment, this research aims to evaluate the performance of multiple
regression models, including SVR, ANN, RF, LSTM, and XGBoost, using real-world PV-based lead-acid battery data.
The contributions of this work include: (i) the development of a real-world experimental platform with cloud-based
data acquisition, (ii) the application of sliding window time-series feature engineering for SoC estimation based on
VCM, (iii) a comparative evaluation of multiple ML models in terms of accuracy and computational efficiency, and
(iv) the validation of the proposed framework under realistic residential PV-BESS operating conditions.

3. Methodology

3.1. Study Design

This research adopts an experimental approach to evaluate the SoC of lead-acid batteries in a PV energy system. Real-
time voltage measurement is acquired using a microcontroller connected to the internet and transmitted to a cloud
database. The collected data is subsequently downloaded and validated using Python, with NumPy and Pandas for
preprocessing and quality checks, and Matplotlib and Seaborn for visualization. Following validation, the dataset is
used to develop machine learning models using Scikit-learn, XGBoost, and TensorFlow for SoC estimation. To provide
a more straightforward overview of the proposed methodology, the research workflow is illustrated in figure 1.

Data Acquisition
(NodeMCU + Sensors — Cloud DB)

Data Preparation
(Download, Cleaning, Validation)
Data Visualization

(Matplotlib, Seaborn)
Sliding Window & ML model
(VCM-SVR, VCM-ANN, VCM-RF, VCM-LSTM, VCM-XGBoost)

¥

Evaluation
(MSE, MAE, RMSE, Computation time)

Figure 1. Research workflow

Figure 1 illustrates the process begins with real-time data acquisition from lead-acid batteries using NodeMCU
microcontrollers equipped with sensors, followed by data preparation to ensure the quality of the dataset. The processed
data is then visualized to observe discharge patterns before being used in machine learning models for SoC estimation
[42]. Finally, the models are evaluated based on accuracy and computation time to determine the most efficient
approach. The VCM-SVR, VCM-ANN, VCM-RF, VCM-LSTM, and VCM-XGBoost are used in this work.

3.2. Experiment Setup

This experiment utilized four pieces of 100WP monocrystalline PV panels, four lead-acid batteries with a capacity (C)
of 45Ah were employed, along with four SOA MPPT charge controllers and Node MCU ESP8266 units equipped with
ACS758 voltage sensors to send battery voltage data to the cloud database. The household electrical load consisted of
several lighting fixtures, with rated at 24 watts, operating for 12 hours at night. One experimental setup is shown in
figure 2(a), and the household electrical load is shown in figure 2(b). There are four experiment benches, but only one
set is shown, as the others are similar. Figure 2(a) illustrates the components on the experimental table, which comprise
a battery (1), microcontroller (2), voltage sensor (3), current sensor (4), charger controller (5), and inverter (6). Figure
2(b) shows the use of electrical power from batteries for household lighting.
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(b)
Figure 2. Experiment bench (a) and household electric load (b)

3.3. Data Acquisition

Data acquisition was conducted by installing NodeMCU ESP8266 equipped with voltage sensor, then sending real-
time voltage from the battery every ten minutes. The voltage data of the battery were stored in a MySQL database on
the cloud [29]. In this data acquisition process, JavaScript was used for communication between the NodeMCU
ESP8266 and the MySQL database. Additionally, a PHP script was used to display real-time data for over 12 hours on
a dashboard, with a button to download the data from the cloud to a local computer. The data acquisition device is
shown in figure 2(a), and the framework is illustrated in figure 3. This article used only voltage data without utilizing
current data to predict the SoC.

A g
> il &5

DATA
Smartphone STORAGERRARALICE B AUML

Laptop

Load

Solar Enerf
2 Switching (House)

Source &=

Figure 3. Data acquisition framework

Figure 3 illustrates the data acquisition framework, in which each component plays a distinct functional role. The
energy sources supply electrical power, which is managed and stored by the energy storage system [43], [44], [45].
Household electrical loads represent the demand side of the system, while user monitoring devices enable real-time
observation of system performance. Cloud-based application software processes and analyzes the collected data, which
is then stored in a centralized cloud database for long-term accessibility. A graphical dashboard interface provides users
with a visual representation of the system's status, and the load switching control mechanism ensures the efficient
allocation and continuity of power delivery.

3.4. Data Preparation

The data are stored in the cloud, downloaded in Excel format, and then converted to a CSV file. Subsequently, it is
validated and processed in Python using the NumPy and Pandas libraries to ensure the datasets are suitable and ready
for use. The data acquisition and modeling are illustrated in figure 4. Figure 4 illustrates the four battery voltages over
the ten months from February to December 2024, comprising approximately 35,000 records each battery. The data in
the cloud database were downloaded in Excel (.XLS) format, and then converted to a Comma-Separated Value (.CSV)
file. Subsequently, the data are validated and processed in Python using the NumPy and Pandas libraries to ensure it is
suitable and ready for use ML modeling.
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Figure 4. Data preparation illustration

The discharge data is split from charge discharge data is shown in figure 5. Figure 5 shows the discharge dataset which
is collected from February 2024 to December 2024. It consists of 6,226 records.

Time (t) WVoltage (v) Low SoC threshold Battery Date-Time
a8 1 12.18 1@ Battery 1 82/11/2824 81:34:88
1 2 18.17 1@ Battery 1 ©2/11/2824 @1:43:0@
2 3 16.14 18 Battery 1 82/11/2824 81:54:88
3 4 l1e.ee 1@ Battery 1 ©2/11/2824 82:84:00
4 5 o.08 1@ Battery 1 82/11/2824 82:14:8@
6221 6222 18.55 1@ Battery 4 12/38/20824 92:508:80
6222 6223 18.53 18 Battery 4 12/38/2824 83:08:80
6223 6224 18.46 1@ Battery 4 12/38/20824 83:18:80
6224 6225 16.31 18 Battery 4 12/38/2824 83:28:80
6225 6226 9.87 1@ Battery 4 12/38/20824 03:30:00

[6226 rows x 5 columns]

Figure 5. Discharge dataset
3.5. Predictive Modeling

In this study, sliding window technique is used as an input for estimation model. Based on the experiment, the optimal
window size is 36, indicating that the optimal period from full capacity (C-full) to low capacity (C-low) is 36 time-
steps. This value is generated from data delivered every 10 minutes, so 36 samples are equivalent to 6 hours. ML
algorithms estimate SoC using datasets downloaded from a cloud database. The algorithms used in this research are
SVR, ANN, RF, LSTM, and XGBoost. The equations of sliding window, SVR, ANN, RF, LSTM, XGBoost are shown
in equations (1-11).

3.6. Sliding Window

A sliding window is a dynamic technique for analyzing sequential data by continuously shifting the window of
observations. In this case, the window size is set to 36, meaning the system always considers the most recent 36 samples
equivalent to six hours of data collected every ten minutes. As new data arrives, the window “slides” forward, dropping
the oldest point and adding the newest, ensuring that the analysis always reflects the latest six-hour period without
losing historical context. To capture temporal dependencies in battery behavior, a sliding window technique is applied
to the real-time voltage signal. The selection of 36 lag steps is based on the observed discharge cycle duration, providing
sufficient temporal coverage for capturing battery behavior dynamics. Let the voltage sequence be:

V ={v1,v2,v3, ..., vt} (D)
v; denotes the voltage measurement at time step t, and Trepresents the total number of observations. A sliding window
with a length of L = 36 is defined as
Xt = [Ve-35,Ve-34, -, V] (2)

X, represents the input feature vector at time step t, and L = 36denotes the number of historical voltage observations
included in each window.
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Each window captures short-term voltage variations that characterize the battery discharge process. The resulting
feature vectors are paired with their corresponding target SoC values to construct a supervised learning dataset:

D = {(X,, J/t)}{:L €)

y; denotes the target SoC value associated with the input window X;. This transformation converts the original voltage
time series into structured input features suitable for regression models. By incorporating historical voltage
measurements, the sliding window technique enables machine learning algorithms to learn temporal dependencies and
nonlinear patterns associated with battery discharge behavior.

3.7. Support Vector Regression

Support Vector Regression (SVR) is a regression technique that estimates continuous target values by identifying a
function that minimizes model complexity while allowing prediction errors within a predefined tolerance €. In this
study, SVR is applied to estimate battery SoC using the 36-dimensional voltage feature vectors generated by the sliding
window technique. The SVR prediction function is expressed as

f(X) =wip(X) +b “4)

X, represents the input voltage feature vector, w denotes the weight vector, ¢(+) is a nonlinear feature mapping
function, and b represents the bias term. The SVR model employs a kernel function to evaluate relationships between
input observations in the transformed feature space. A radial basis function (RBF) kernel is one example of a kernel
that can capture nonlinear relationships between voltage measurements and SoC. The model parameters are estimated
by minimizing prediction errors while controlling the complexity of the regression function. The use of SVR allows
the framework to model nonlinear relationships between historical voltage patterns and battery SoC while maintaining
a structured regression formulation.

3.8. Artificial Neural Network

An Artificial Neural Network (ANN) is a machine learning model composed of interconnected neurons organized into
layers. Each neuron processes its input through weighted connections, bias terms, and an activation function. In this
study, ANN is employed to estimate battery SoC from the 36-dimensional voltage feature vectors obtained through
sliding window feature extraction. A typical ANN with one hidden layer can be formulated as

. 2 1 1

Ye = 9( ?:1 ij( )h( i1 Wj(i )vt—L+i + bj( )) + b(z)) ®)
With L = 36 denotes the number of input features, H represents the number of hidden neurons, w denotes the

ji
weight connecting input neuron i to hidden neuron j, and Wj(z) represents the weight connecting hidden neuron j to the

output layer. The terms bj(l) and b® denote the hidden-layer and output-layer biases, respectively. The functions

h(-) and g(-) represent the hidden-layer and output-layer activation functions. Through training, the network adjusts
its weights and biases to minimize the difference between predicted and target SoC values. The ANN model can
therefore learn nonlinear relationships between voltage patterns and battery charge conditions.

3.9. Random Forest

Random Forest (RF) is an ensemble learning method that combines multiple decision trees to generate predictions. For
regression tasks, the final prediction is obtained by averaging the outputs of the individual trees. In this study, RF is
used to estimate battery SoC from the 36-dimensional voltage feature vectors. The RF regression prediction is
formulated as

Ve =~ Tkt fie (X0 (6)

N represents the number of decision trees, X; denotes the input voltage feature vector, and f; (X;) is the prediction
generated by the k-th regression tree. Each tree is constructed using the training data and a randomized selection of
samples and features. The ensemble combines the predictions of multiple trees to produce the final SoC estimate. By
aggregating individual tree outputs, RF can capture nonlinear relationships between voltage measurements and SoC
without requiring an explicitly defined mathematical relationship between the input and target variables.
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3.10. Long Short-Term Memory

Long Short-Term Memory (LSTM) is a type of recurrent neural network designed to learn temporal dependencies in
sequential data. Unlike conventional feedforward networks, LSTM incorporates memory cells and gating mechanisms
that regulate the flow of information across time steps. In this study, LSTM processes a sequence of 36 historical
battery voltage measurements to estimate SoC. At each time step i, the LSTM cell updates its internal states through
the following operations:

fi= G(Wf[vi,hi_l] + bf)
i = o(Wilvi, hi—1] + b;)
C; = tanh(W,[v;, hi_1] + b¢)
C=fiO0C,1+i0CG
0; = o(Wp[vy, hi—1] + bo)
h; = 0; © tanh(C;)

v; denotes the input voltage at time step i, h;_, represents the previous hidden state, and C;_; denotes the previous cell
state. The variables f;, i;, and o; represent the forget, input, and output gates, respectively. The candidate cell state is

(7

represented by C;, while W and b denote the corresponding weight matrices and bias vectors. The function o (-) is the
sigmoid activation function, and (© denotes element-wise multiplication. The final SoC prediction is obtained from the
last hidden state:

Ve = Wth + by (8)

With L = 36 represents the sequence length, W, is the output weight matrix, and b, is the output bias. By maintaining

information across the input sequence, LSTM can learn temporal patterns associated with battery discharge and capture
changes in voltage behavior that may be relevant to SoC estimation.

3.11. Extreme Gradient Boosting

Extreme Gradient Boosting (XGBoost) is an ensemble learning algorithm that builds regression trees sequentially, with
each successive tree improving the predictions generated by the existing ensemble. XGBoost incorporates
regularization into its objective function to control model complexity and reduce overfitting. Its computationally
efficient implementation also supports parallel processing during tree construction, making it suitable for nonlinear
regression tasks. In this study, XGBoost estimates battery SoC using the 36-dimensional voltage feature vectors
obtained from the sliding window technique. The prediction is calculated as the sum of the outputs from the individual
regression trees:

Ve =Yk=1fi Xe), f€F )
K denotes the number of regression trees, X; represents the input feature vector, f;, denotes the prediction function of
the k-th tree, and F represents the space of regression trees. The model is trained by minimizing a regularized objective
function:

L=30 009 + 2= 2 (fi) (10)
M denotes the number of training observations, [(-) represents the loss function measuring the difference between

actual and predicted SoC values, and Q(f;) represents the regularization term associated with the k-th tree. The
regularization term can be expressed as

) = yTy +325L, wf an

T¢ denotes the number of leaves in a tree, w; represents the score assigned to leaf j, and y and A are regularization
parameters that control tree complexity and leaf-weight magnitude. By combining sequential boosting with regularized
optimization, XGBoost can model nonlinear relationships between historical voltage measurements and SoC while
maintaining computational efficiency.
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3.12. Performance Evaluation

The performance of the evaluated machine learning models is assessed using three error metrics: Mean Absolute Error
(MAE), Mean Squared Error (MSE), and Root Mean Squared Error (RMSE). Computational efficiency is evaluated
by recording the execution time required by each model in the Google Colab environment. MAE measures the average
absolute difference between actual and predicted values and is defined as

1 .
MAE = — ¥ |y, — 3l (12)
MSE measures the average squared prediction error and is expressed as
1 A
MSE = %L, (v — 9)? (13)

RMSE is calculated as the square root of MSE and is defined as

RMSE = \/iz?il(yi —1)? (14)

M represents the number of evaluated samples, y; denotes the actual target value, and y;represents the predicted value.
Lower MAE, MSE, and RMSE values indicate smaller prediction errors. Execution time is reported separately to assess
the computational efficiency of each model. Considering both prediction accuracy and computational cost provides a
basis for comparing the suitability of the evaluated algorithms for battery management applications.

3.13. Hyperparameter Optimization

Hyperparameter optimization was conducted to establish a systematic comparison of machine learning models and
identify an appropriate configuration for the XGBoost model before final evaluation [46], [47]. Because the battery
voltage measurements constitute sequential time-series data, temporal cross-validation was employed to preserve the
chronological order of observations during model selection. The XGBoost optimization process considered three
principal hyperparameters: the number of estimators, maximum tree depth, and learning rate. The number of estimators
was evaluated using values of 100, 200, 300, and 400. Maximum tree depth was examined at values of 3, 5, and 7,
while the learning rate was evaluated at 0.05, 0.10, 0.20, and 0.30.

The optimization procedure was performed exclusively on the training dataset. Temporal cross-validation was used to
compare candidate configurations while maintaining the temporal structure of the observations. The configuration
producing the lowest validation error was selected as the optimized XGBoost model. The held-out test dataset was
reserved for the final performance evaluation to avoid using test observations during hyperparameter selection.

3.14. Computational Environment and Tools

The experiments were conducted using the Google Colab computing environment. Data processing and manipulation
were performed using Pandas and NumPy, while TensorFlow and Keras were used for neural network development.
XGBoost was employed to implement the gradient-boosting model, and Scikit-learn was used for machine learning
model development and evaluation. Matplotlib and Seaborn were utilized to visualize the voltage data and model
evaluation results. The reported hardware configuration comprised an AMD Ryzen 7 4700U processor operating at
2.00 GHz, AMD Radeon Graphics with 2 GB of graphics memory, 8 GB of RAM, and a 64-bit operating system
running on an x64-based processor. These tools and computing resources supported the data preparation, model
training, performance evaluation, and visualization procedures conducted in this study.

4. Results and Discussion

4.1. Data Visualization

The voltage dataset, which is illustrated in figure 5, can be visualized using the Matplotlib and Seaborn libraries for
further analysis. The visualization of Battery-1 and Battery-2 data is presented in figure 6 and figure 7. Only Battery-
1 and Battery-2 are presented, as Battery-3 and Battery-4 have identical characteristics.
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Figure 6. Battery-1 voltage data visualization
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Figure 7. Battery-2 voltage data visualization.

In this work, from the total 140,000 records of charge and discharge data across four batteries, only the discharge data
were extracted, resulting 6,226 records is shown in figure 8. The discharge phase was selected because it directly
represents the battery’s ability to supply energy to the load. Figure 8 shows the visualization of the battery discharge
voltage from February to December 2024. Unlike the charging process, discharge data are more relevant for identifying
when the SoC approaches the low threshold. This makes discharge data crucial for accurate SoC estimation and timely
switching to another battery with sufficient energy. In this discharge dataset, we add a column called “Low SoC
Threshold” with a value of 10 volts to the discharge dataset, based on the experiment where 10 volts indicates that the
battery is approaching a low SoC and should stop supplying energy to avoid deep discharge. Based on observation in
this experiment, the battery discharge voltage is between 9 to 13 volts, in case battery discharge operation under 9
volts, the charge controller (MPPT) will physically cut-off the load. Therefore 10 volts of discharge range 9 to 13 volts

means SoC of 25%.
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Figure 8. Battery discharge visualization
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4.2. Voltage-Controlled Model for SoC

In the experiments presented above, it can be demonstrated that utilizing microcontrollers, as mentioned in [32] enables
the measurement of voltage as shown in figure 9 for further data processing using ML to predict the SoC.

13.04
25 Voltage (v) Voltage (v}

— Low SoC threshold Low SoC threshold
1254

12.0

1151

Voltage (v)
Voltage (v)

11.01

10.5 1 10,54

10.0 4 1Y 10.04 b

T T T T T T T T T T T T T T T
2960 2965 2970 2975 2980 2985 2990 2995 5545 5550 5555 5560 5565 5570 5575
Time step (t) Time step (t)
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Figure 9. Battery discharge

Figure 9(a) and figure 9(b) are extracted from figure 8, specifically time-steps 2960 to 2995 and 5545 to 5575,
respectively is align with figure 10. In these time-steps, the discharge voltage reaches or exceeds the low SoC threshold
of 10 volts, at which point the battery connection to the electrical load is disconnected. The electrical load is transferred
to another battery. This is to avoid the battery being in a deep discharge condition, which can accelerate performance
degradation or even damage the battery. With VCM, real-time data in the cloud was used to detect the SoC on an active
(discharging) battery. In this experiment, we used a separate microcontroller to transfer the electrical load to another
battery. The round-robin algorithm was employed in this experiment; however, it is not discussed in this article.
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Figure 10. Battery discharge curve (a) and (b)

Sharp voltage drops over short time intervals as shown in figure 9, indicating that the battery power is in a low state,
consistent with the findings presented in [32], [33], as shown in figure 10.

4.3. Data Processing for SoC Estimation

Based on the experiments, a voltage drop pattern was observed when the battery was in a discharge state. This voltage
drop pattern is shown in figure 9 and is identical to the one presented in figure 10. To identify an accurate and efficient
machine learning model, this work utilizes a battery discharge dataset, as shown in figure 8. The dataset is divided into
80% training data and 20% testing data, as illustrated in figure 11. ML models, including SVR, ANN, Random Forest,
LSTM, and XGBoost, are used to estimate the battery's SoC. This process is carried out in Google Colabs environment
using Scikit-learn, XGBoost, and TensorFlow libraries.
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Figure 11. Train data and test data battery discharged.

Based on the pattern shown in figure 9, this work uses the dataset illustrated in figure 8. The estimation process is
carried out using the sliding window method, which reads the previous 36 time-steps, as shown in figure 12. The 36
time-steps is related to discharge pattern as shown in figure 9. Comparison process with 42, 30, and 24 time-step has
been done with result of higher error value. The higher value of the 42 time-step (7 hours) indicated that the value
increases the complexity, while 30 time-steps (5 hours) and 24 time-steps (4 hours) did not enough to capture the
discharge pattern. The pseudocode for the sliding window with a window size of 36 is presented in algorithm 1.

t-36 t—-35 t-3 -1 t

Figure 12. Sliding window of 36 samples

Algorithm 1. SoC prediction with a 36-window size.

Input:

- data: a sequence of values (voltage readings)

- window_size: 36 (number of past observations to use as features)
Initialize empty list X for features

Initialize empty list y for targets

For each index i from 0 to 36:

Extract a window of size 36 starting at position i

Add this window to X

Extract the value immediately after the window (at i + 36)
Add this value to y

Convert X and y to arrays

Return X and y

4.4. VCM-SVR Model

The VCM-SVR model, testing was conducted with several kernels, namely rbf, poly, linear, and sigmoid, with C=0.3
and gamma = 0.01. The test results are presented in table 1, where the best performance value was achieved with the
kernel set to poly, yielding MSE, MAE, and RMSE values of 0.1988, 0.2584, and 0.4617, respectively, along with a
computation time of 1.113 seconds. The best performance of this model is shown in figure 13.

Table 1. Error rate and computation time of VCM-SVR model

VCM-SVR model

Kernel MSE MAE RMSE Computation time (second)
RBF 0.2131 0.3012 0.4617 1.152
Polynomial 0.1988 0.2584 0.4459 1.113

Linear 0.2221 0.2794 4.713 31.821
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Figure 13. Actual vs Predicted SoC VCM-SVR Model

4.5. VCM-ANN Model

The VCM-ANN model testing was conducted with several epoch values: 100, 200, 300, and 400. A batch size of 16
and verbose set to 1 were used. The test results are presented in table 2, where the best performance value was achieved
with epoch = 100, yielding MSE, MAE, and RMSE values of 0.0886, 0.1265, and 0.2977, respectively, along with a
computation time of 119.768 seconds. The best performance of this model is shown in figure 14,

Table 2. Error rate and computation time of VCM-ANN model

VCM-ANN model

Epoch MSE MAE RMSE Computation time (seconds)
100 0.0886 0.1265 0.2977 119.768
200 0.1646 0.2200 0.4057 329.67
300 0.0977 0.1450 0.3125 365.269
400 0.1040 0.1372 0.3226 497.681
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Figure 14. Actual vs Predicted SoC VCM-ANN Model

4.6. VCM-RF Model

The VCM-RF model, testing was conducted with several n_estimator feature values, namely 100, 200, 300, and 400,
with max_depth setto 5 and random_state set to 42. The test results are presented in table 3, where the best performance
value was achieved with n_estimator = 100, yielding MSE, MAE, and RMSE values of 0.0895, 0.1421, and 0.2992,

respectively, along with a computation time of 6.129 seconds. The best performance of this model is shown in figure
15.

Table 3. Error rate and computation time of VCM-RF model

VCM-RF model
n_estimator MSE MAE RMSE Computation time (seconds)
100 0.0895 0.1421 0.2992 6.129
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200 0.0898 0.1417 0.2996 9.116
300 0.0891 0.1419 0.2984 14.658
400 0.0898 0.1420 0.2996 20.349
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Figure 15. Actual vs Predicted SoC VCM-RF Model

4.7. VCM-LSTM Model

The VCM-LSTM model, testing was conducted with several epoch values: 50, 100, 150, and 200. The batch size was
set to 16, and verbose was set to 1. The test results are presented in table 4, where the best performance value was
achieved with epoch = 50, yielding MSE, MAE, and RMSE values of 0.0812, 0.1223, and 0.2849, respectively, along
with a computation time of 955.41 seconds. The best performance of this model is shown in figure 16.

Table 4. Error rate and computation time of VCM-LSTM

VCM-LSTM model

Epoch MSE MAE RMSE Computation time (seconds)
50 0.0812 0.1223 0.2848 955.41
100 0.0737 0.1556 0.2716 1,856.287
150 0.0897 0.1335 0.2996 2,705.403
200 0.0743 0.1384 0.2726 3,188.563
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Figure 16. Actual vs Predicted SoC VCM-LSTM Model

4.8. VCM-XGBoost Model

The VCM-XGBoost model was initially tested with several n_estimator values: 100, 200, 300, and 400, using a learning
rate of 0.3 and a max_depth of 5. In this initial evaluation, the best performance was achieved with n_estimator = 100,
yielding MSE, MAE, and RMSE values of 0.0849, 0.1401, and 0.2913, respectively, along with a computation time of
0.94 seconds. To obtain a more systematic and robust hyperparameter configuration, the evaluation was further
extended using a Grid Search procedure. Three key hyperparameters were considered: the number of estimators,
maximum tree depth, and learning rate. The number of estimators was evaluated at 100, 200, 300, and 400, the
maximum tree depth at 3, 5, and 7, and the learning rate at 0.05, 0.10, 0.20, and 0.30. The optimization was performed
on the training dataset using temporal cross-validation to preserve the chronological structure of the battery discharge
data. The hyperparameter configuration producing the lowest validation error was selected as the optimized VCM-
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XGBoost model and subsequently evaluated using the held-out test dataset [36]. The hyperparameter optimization and
final evaluation results are presented in table 5, while the performance of the selected model is illustrated in figure 17.

Table 5. Error rate and computation time of VCM-XGBoost model

VCM-XGBoost model

n_estimator max_depth Learning MSE MAE RMSE Computatlon
rate time (seconds)
100 5 0.30 0.0849 0.1401 0.2913 0.94
200 5 0.30 0.0874 0.1448 0.2956 2.73
300 5 0.30 0.0881 0.1467 0.2968 4.23
400 5 0.30 0.0883 0.1470 0.2971 5.43
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Figure 17. Actual vs Predicted SoC VCM-XGBoost Model

Figure 17 illustrates the comparison between the actual and predicted SoC values obtained using the optimized VCM-
XGBoost model. The predicted values generally follow the temporal pattern of the actual SoC, indicating that the
optimized model is able to capture the nonlinear discharge characteristics represented by the sliding-window features.

4.9, Performance Evaluation

Based on the best-performing configuration identified for each ML model, SVR, ANN, RF, LSTM, and XGBoost were
compared in terms of predictive accuracy and computational efficiency using MSE, MAE, RMSE, and computation
time, as shown in table 6. The comparison provides an overall assessment of the trade-off between estimation accuracy
and computational cost among the evaluated VCM-ML models.

Table 6. Accuracy and efficiency comparison of the ML model

VCM-ML Model Comparation

Ensemble model MSE MAE RMSE Computation time (seconds)
VCM-SVR 0.1988 0.2584 0.4459 1.113
VCM-ANN 0.0886 0.1265 0.2977 119.768

VCM-RF 0.0895 0.1421 0.2992 6.129
VCM-LSTM 0.0812 0.1223 0.2849 955.41
VCM-XGBoost 0.0849 0.1401 0.2913 0.94

Table 6 is visualized in graphical form for easier analysis of the error and efficiency level of each proposed algorithm
model. The graphs are presented in figures 18.
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Figure 18. Comparison of prediction error metrics (a), computation time (b), and logarithmic-scale computation time
(c) among the evaluated VCM-ML models.

Figure 18(a) illustrates the comparison of error metrics obtained from the evaluated VCM-ML models, all of which
utilize a sliding window with 36 lag steps to represent temporal discharge patterns from the voltage signals. The results
show that VCM-LSTM achieves the lowest prediction errors, with MSE = 0.0812, MAE = 0.1223, and RMSE

=0.2849, indicating its strong capability to capture sequential dependencies within the sliding-window representation.
VCM-XGBoost also demonstrates competitive predictive performance, with MSE = 0.0849, MAE = 0.1401, and
RMSE = 0.2913, indicating that the structured temporal features generated by the sliding-window approach enable the
tree-based model to effectively approximate nonlinear discharge behavior. In contrast, VCM-ANN and VCM-RF
exhibit moderate prediction errors, while VCM-SVR produces the highest error among the evaluated models.

Figure 18(b) presents the comparison of computation time, revealing a clear trade-off between predictive accuracy and
computational efficiency. Although VCM-LSTM achieves the lowest prediction errors, it requires the highest
computational time of 955.41 seconds. VCM-ANN also requires substantial computation time at 119.768 seconds,
whereas VCM-RF requires 6.129 seconds. In contrast, VCM-SVR and VCM-XGBoost require substantially lower
computation times of 1.113 seconds and 0.94 seconds, respectively. These results indicate that VCM-XGBoost
provides a favorable balance between prediction accuracy and computational efficiency among the evaluated models.

Figure 18(c), which presents the computation time in logarithmic scale, further emphasizes the substantial gap between
deep learning models and lightweight ML approaches. This visualization confirms that while sliding window features
enhance model input quality across all methods, the computational burden varies significantly depending on model
architecture.

Overall, the integration of sliding window temporal feature extraction with VCM plays a crucial role in enabling all
models to learn discharge patterns more effectively compared to raw input signals. Overall, the results indicate that
VCM-XGBoost provides the most favorable trade-off between predictive accuracy and computational efficiency
among the evaluated models. Its relatively low prediction error and substantially shorter computation time highlight its
potential for real-time and resource-constrained BMS applications. This finding indicates that, when combined with
structured time-series features, ensemble learning methods can achieve near-deep-learning accuracy while maintaining
significantly lower computational cost.

5. Conclusion

This research presents a sliding window data-driven framework for SoC estimation by integrating the VCM with
multiple ML algorithms. By transforming raw voltage signals into structured time-series features using a sliding
window of 36 lag steps, the proposed approach effectively captures the temporal discharge dynamics of lead-acid
batteries. Experimental evaluation using real-world discharge data from four batteries demonstrates that VCM-LSTM
achieves the lowest prediction errors, whereas VCM-XGBoost provides the most favorable balance between predictive
accuracy and computational efficiency. VCM-XGBoost achieves MSE = 0.0849, MAE = 0.1401, RMSE =0.2913, and
a computation time of 0.94 seconds, showing substantially lower computational cost while maintaining competitive
prediction accuracy compared with the other evaluated VCM-ML models.
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These findings indicate that the integration of sliding window feature extraction with VCM enables the evaluated ML
models to represent nonlinear and time-varying battery discharge behavior using structured temporal voltage
information. While deep learning approaches such as LSTM achieve slightly higher estimation accuracy, their
computational cost may constrain deployment in resource-limited environments. In contrast, XGBoost provides a
favorable balance between accuracy and computational efficiency, highlighting its potential as a computationally
efficient model for real-time and embedded BMS applications.

Future work will extend this research toward real-world implementation and intelligent system integration.
Specifically, the proposed framework will be deployed on microcontroller-based embedded platforms to evaluate real-
time performance, memory usage, and energy consumption. Additionally, future studies will explore the integration of
the sliding window SoC estimation model with adaptive battery management strategies, including autonomous battery
switching and energy scheduling in PV-BESS systems. Further investigation will also consider robustness under
varying operating conditions, such as load variability and battery aging, to ensure reliable and scalable deployment in
residential and industrial applications.
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