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ABSTRACT 
 
The rapid expansion of renewable energy sources and the widespread adoption of electric vehicles 
underscore the critical demand for efficient energy storage systems. This conference paper explores 
cutting-edge predictive models tailored for forecasting battery health, State of Charge (SOC), and 
anticipating maintenance requirements. Employing advanced machine learning techniques, innovative 
feature engineering, and rigorous evaluation metrics, the study achieves robust performance in predicting 
key aspects of battery behavior. Key methodologies include Stacked LSTM networks, Random Forests, 
Gradient Boosting, and SVR, alongside advanced time series analysis methods like ARIMA and SARIMA. 

The results demonstrate significant advancements in SOC prediction accuracy and provide valuable 
insights into overall battery health assessment. The models effectively identify potential maintenance 
needs, representing a substantial integration of machine learning and time series analysis for enhanced 
battery management. These developments hold profound implications for energy storage and 
management, benefiting industries reliant on energy-intensive processes such as manufacturing. They 
optimize energy usage, reduce costs, and enhance service efficiency and uptime in the retail sector, 
particularly for electric vehicle servicing. 

This research underscores the transformative impact of advanced predictive modeling on energy storage 
and management, supporting sustainable practices and fostering innovation across industries. 

Keywords:EVs (Electric Vehicles), SOC (State of charge), SOH (State of Health), Li-ion (Lithium Ion), 
LSTM (Long ShortTerm Memory). 
 
1. INTRODUCTION 

The global shift to sustainable transportation has accelerated electric vehicle (EV) adoption worldwide, 
emphasizing the critical role of effective battery management systems. Precise monitoring and forecasting 
of battery health and State of Charge (SOC) are essential to optimize performance, ensure longevity, and 
minimize disruptions. This project employs diverse predictive modeling techniques, including Random 
Forests, Gradient Boosting, Support Vector Regression (SVR), and deep learning with Stacked LSTM 
networks, integrating them strategically to enhance prediction accuracy. Advanced feature engineering 
techniques, such as rolling statistics, complement time series analysis methods like ARIMA and SARIMA, 
providing insights into battery behavior dynamics. 

The project's comprehensive evaluation covers SOC prediction, battery health, and maintenance 
forecasting, advancing both academic understanding and practical applications in energy storage and 
management. For industries reliant on energy-intensive processes, efficient energy storage systems are 
critical for optimizing usage and reducing costs, particularly with the growing prevalence of intermittent 
renewable energy sources. Retailers in the EV sector can benefit from improved service efficiency and 
uptime through accurate maintenance forecasting, enhancing customer satisfaction and operational 
efficiency. 



 

 

Predictive analytics derived from these models enable optimized maintenance schedules, minimizing 
downtime and reducing the risk of unexpected failures in manufacturing and retail operations. This 
proactive approach supports cost savings and enhances operational reliability across sectors dependent 
on reliable energy storage solutions and electric vehicle servicing. 

Efficient Energy Storage Systems: For manufacturing industries heavily reliant on energy-intensive 
processes, efficient energy storage systems are crucial for optimizing energy usage and reducing costs. 
The predictive models discussed in the abstract can help in forecasting battery health and State of 
Charge (SOC), enabling better management of energy storage solutions. This is particularly valuable as 
renewable energy sources become more prevalent, as they can be intermittent and require effective 
storage solutions for consistent energy supply. 

Electric Vehicles (EVs): The retail industry, particularly those involved in selling or servicing electric 
vehicles, can benefit significantly from advancements in battery management. Predictive models that 
accurately forecast battery health and maintenance needs can improve customer satisfaction and reduce 
operational costs for retailers. Knowing when a battery requires maintenance or replacement can 
enhance service efficiency and uptime for EVs. 

Maintain Optimization: Both manufacturing and retail sectors can benefit from optimized maintenance 
schedules derived from predictive analytics. By accurately predicting when maintenance is needed based 
on battery health forecasts, businesses can minimize downtime and reduce the risk of unexpected 
failures. This proactive approach can lead to cost savings and improved reliability of operations. 

2. LITRATURE REVIEW 
 

In the realm of electric vehicles (EVs), understanding two critical metrics—the State-of-Charge (SOC) 
and State-of-Health (SOH) of the battery—is essential for monitoring its current status and long-term 
condition. SOC provides an immediate measure of the battery's available capacity, while SOH offers a 
broader assessment of its overall health and expected lifespan. These metrics are crucial for ensuring 
optimal performance, safety, and reliability of EVs. 

In recent years, machine learning (ML) has emerged as a powerful tool to enhance the accuracy and 
reliability of SOC and SOH estimations within Battery Management Systems (BMS). Various ML 
algorithms such as XGBoost, Gaussian process regression, Artificial Neural Networks (ANN), Support 
Vector Machines (SVM), linear regression (LR), and random forests (RF) have proven successful in 
predicting SOH within BMS implementations. These ML-driven approaches have delivered significant 
benefits including improved battery performance, efficient energy management, precise SOC predictions, 
effective maintenance strategies, and optimized energy storage management. 
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Despite the clear benefits of machine learning (ML) in enhancing Battery Management System (BMS) 
capabilities, integrating ML techniques into BMS is still in its early stages, which poses challenges. 
Therefore, there is a pressing need to thoroughly evaluate the effectiveness of these techniques and 
uncover their potential to further improve BMS functionalities. This paper aims to provide a detailed 
overview of the current landscape of BMS research, emphasizing major trends, obstacles, and 
prospective solutions within this area. By conducting this review, our goal is to pinpoint existing research 
gaps and offer valuable insights that can steer future studies and advancements in Battery Management 
Systems. 
 
2.1 Types of Batteries 
 
The evolution of Battery Management Systems (BMS) is closely tied to advancements in battery 
technologies, ranging from lead-acid to Li-ion and solid-state batteries, shaping our future as demand for 
efficient and sustainable batteries grows [1]. Innovative technologies like aluminum-ion batteries offer 
higher energy capacity at reduced costs [9][7], foldable lithium-ion batteries enable rapid charging across 
diverse climates [6][4], and lithium-air batteries show impressive energy generation capabilities [6]. 
Meanwhile, lithium-sulfur batteries promise significant theoretical capacity and environmental benefits 
[11]. Material advancements include the use of red phosphorus for fast charging in lithium-ion batteries 
[6], and the integration of solar panels in EVs for automatic recharging and enhanced sustainability [6]. 
Solid-state batteries (SSBs) promise greater energy density and safety improvements, while 
supercapacitors (EDLCs) enhance energy efficiency and performance, particularly in colder temperatures 
within the EV industry [18]. 
 
2.2 Challenges in BMS Design for Electric Vehicles 

 
Optimizing electric vehicle (EV) battery efficiency requires a robust Battery Management System (BMS) 
integrating strategies like accurate State of Charge (SOC) and State of Health (SOH) estimation, 
temperature control, advanced charging algorithms, energy regeneration, and standby power reduction. 
These enhancements collectively improve battery efficiency, extend range, and enhance EV performance 
[3, 17]. Effective BMS design relies on battery modeling using precise empirical, semi-empirical, electrical, 
thermal, fusion, and electrochemical models [2]. Ongoing research explores machine learning algorithms 
tailored to diverse battery chemistries, optimizing systems for reliable operation [18]. Understanding 
battery aging mechanisms informs BMS strategies such as rate optimization, temperature management, 
and adaptive control strategies to extend lifespan [2]. Techniques like extended Kalman filter (EKF) or AI 
algorithms are crucial for precise SOC, SOH, and internal resistance estimation in EV BMS, ensuring 
optimal operational conditions [10]. Cell balancing via real-time monitoring algorithms is essential for 
lithium-ion battery packs, optimizing performance, safety, and longevity [15]. Safety features including 
voltage protection, temperature regulation, and precise charge/discharge control bolster EV reliability and 
user confidence [14]. 
 

2.3 AI-Powered Advancements in Battery Management Systems OR Enhanced Performance 
& Efficiency 
 
AI integration in Battery Management Systems (BMS) enhances EV battery efficiency and reliability by 
accurately predicting critical parameters such as State of Health (SOH), State of Charge (SOC), and 
State of Power (SOP), thereby extending battery lifespan [16][2]. Cloud-based data collection, 
monitoring, and analysis optimize energy management, enabling early issue detection, improved 
maintenance practices, and enhanced operational efficiency [16]. AI techniques like Recurrent Neural 
Networks (RNN) predict SOC accurately, boosting overall battery performance and reducing 
maintenance costs by identifying degradation patterns [16]. AI-driven BMS ensures safety and 
performance by intelligently managing charging/discharging processes and swiftly detecting anomalies, 
while also optimizing energy storage and supporting sustainable energy systems [1][2][13]. 
 

2.4 Machine Learning Approaches for Accurate Battery Health Estimation 
 



 

 

The advancement of Battery Management Systems (BMS) has leveraged machine learning and Artificial 
Neural Networks (ANN) to enhance battery robustness. Current research emphasizes self-adjusting 
systems that utilize pack voltage, current, and ambient temperature to estimate State of Charge (SoC) [5]. 
Estimating battery health involves assessing parameters such as charge cycles, voltage, current, and 
temperature. Support Vector Machines (SVM) are promising for accurately determining SoC and State of 
Health (SOH), particularly effective in complex, highdimensional spaces. Deep learning models such as 
Recurrent Neural Networks (RNN) ensure precise predictions of SOC and SOH, particularly adept at 
modeling time-dependent battery behavior [8]. Ensemble methods, which combine multiple machine 
learning techniques, further improve predictive performance, leading to more accurate and reliable 
estimates of SOC and SOH. 
 

2.5 Exploration Of Diverse Machine Learning Techniques For Battery Management Systems 
 

Various data types are essential in predicting State of Charge (SOC) and State of Health (SOH) for 
Battery Management Systems (BMS). Charging and discharging cycles significantly impact battery 
lifespan, and dynamic cycling protocols are crucial for real-time SOH prediction, simulating practical 
usage scenarios. Terminal voltages and currents, represented as a vector sequence, provide critical 
inputs for informed BMS decisions, capturing fluctuations in discharge currents. Charging and discharging 
profiles, analyzed for accurate SOC determination, leverage experimental data and machine learning 
techniques to achieve reliable SOC estimates [13]. Degradation parameters such as accumulated charge 
and discharge, state of charge, and applied current enable machine learning algorithms to predict SOH, 
facilitating early detection and proactive maintenance measures [5]. 
 

2.6 Comprehensive Machine Learning Algorithms For SOC , DOH & Predictive Maintenance 
Predictions In BMS  
 
XGBoost An ensemble learning algorithm, is highly effective in predicting State of Health (SOH) for 
Battery Management Systems (BMS). Its strengths lie in efficient second-order gradient descent 
optimization, built-in regularization, and robust handling of sparse data [5]. 

Gaussian Process Regression (GPR)Utilizes Bayesian, non-parametric techniques to estimate SOH by 
extracting meaningful features from battery charging profiles. It constructs a probabilistic model that 
provides both predictions and confidence measures, assessed using metrics like R2 and MAE [8]. 

Artificial Neural Network (ANN)ANNs excel in predicting SOC, SOH, and remaining useful life (RUL) of 
batteries. They model complex, nonlinear relationships and handle noisy real-world data effectively. The 
empirical equation for ANN includes weights (Wij), input vectors (xj), and biases (bi) [12]. 

Support Vector Machine (SVM)SVM is adept at predicting SOH by extracting health performance 
features from battery charging profiles. It excels in handling high-dimensional data and modeling 
complex, nonlinear relationships. The empirical equation for SVM includes weights (W), kernel functions 
(K), support vectors (xi, x), and biases (B) [8]. 

Linear Regression (LR)LR is known for its simplicity and interpretability in predicting SOH based on 
crucial health performance features extracted from battery behavior. The straightforward equation 
includes coefficients (b0, b1, b2,...) for input features (x1, x2, x3,...) [8]. 

Random Forest (RF)RF, an ensemble learning method, robustly predicts SOH by aggregating multiple 
decision trees. It handles high-dimensional data well, resists overfitting, and provides insights into feature 
importance crucial for BMS [8]. 

Gradient Boosting RegressorGradient Boosting Regressor sequentially adds decision trees to correct 
errors, achieving high predictive accuracy and robustness against overfitting. It is widely used in 
predicting battery health parameters within BMS. 



 

 

LSTM & Stacked LSTMLSTM architectures are effective for time series forecasting, capturing sequential 
dependencies in battery data for accurate predictions of SOC, SOH, and RUL [19][20]. 

ARIMA & SARIMAARIMA and SARIMA models are traditional time series methods used for predicting 
battery parameters, handling non-seasonal and seasonal trends respectively, and contributing to BMS 
predictive performance. 

2.7 Comparison with Baseline Models: 

Baseline Models Evaluated: 

1.Persistence Model (Last Value): 

 Description: This model predicts the SOC for the next time step using the last observed SOC 
value. 

 Rationale: A straightforward baseline assuming SOC changes minimally between consecutive 
time steps. 

2. Moving Average Model: 

 Description: This model predicts the SOC based on the average of SOC values over a specified 
window of previous time steps. 

 Rationale: Captures simple trends in SOC variation without accounting for underlying dynamics. 

Performance Comparison: 

Linear Regression vs. Baseline Models: 

 Observation: Linear Regression, while more sophisticated than the Persistence and Moving 
Average models, did not consistently outperform them across all scenarios. 

 Insight: This suggests that for applications where the SOC dynamics are relatively stable or 
linear, simpler models may suffice without the need for more complex algorithms. 

Random Forests and Gradient Boosting vs. Baseline Models: 

 Observation: Both Random Forests and Gradient Boosting consistently outperformed the 
baseline models across various SOC prediction scenarios. 

 Insight: Their ability to capture non-linear relationships and dependencies in SOC data provides 
clear advantages over simplistic baseline approaches, indicating their suitability for more complex 
SOC prediction tasks. 

Stacked LSTM Models vs. Baseline Models: 

 Observation: Stacked LSTM models significantly outperformed the baseline models, especially 
in scenarios where SOC dynamics exhibit complex sequential dependencies. 

 Insight: The superior performance underscores the value of deep learning architectures in 
accurately modeling the intricate time-dependent patterns inherent in SOC data. 

3. Materials And Methods  
 

3.1 Data Collection  



 

 

For this project, we have considered datasets from multiple battery manufacturers.The first manufacturer 
dataset consists of 1,84,293 rows, the second manufacturer dataset has 3,83,450 rows, and the third 
manufacturer dataset contains 3,60,035 rows. Each dataset includes fundamental columns such as Time, 
Temperature, Cycle, Current, Capacity, and Voltage. These datasets serve as the cornerstone of our 
research, providing extensive and varied data points derived from the manufacturer's actual battery 
operations. 

Including critical parameters such as Temperature, Cycle, and Current enables a thorough analysis of 
battery behavior and performance under diverse operating conditions. These datasets will be pivotal in 
our exploration and modeling efforts to enhance understanding and prediction capabilities related to 
battery performance and State of Health (SOH). 

3.2 Data Preparation and Exploration  
In preparing the project data from leading battery manufacturers, I meticulously enhanced datasets from 
different databases (dataset1, dataset2, dataset3). The process began with thorough data cleaning to 
address inconsistencies, missing values, and outliers, ensuring raw data reliability. Cubic interpolation 
smoothed time series data to reduce noise, improving dataset reliability. Integrating information from all 
three datasets created a cohesive dataset covering diverse battery scenarios. Feature engineering 
enriched the dataset for predictive modeling by creating new features and transforming existing ones. 
Additional steps included normalization, scaling, handling missing values, outliers, and partitioning data 
into training and testing sets for machine learning analysis. These preparations laid a robust foundation 
for accurate predictions related to battery parameters. 
 
3.3 Data Visualization  

 
1. Current and Voltage plot: The plot shows multiple cycles where the voltage rises and falls. This 

is typical of battery charge and discharge cycles. The consistent pattern suggests the battery is 
undergoing regular charge and discharge cycles.  

2. Capacity and Time plot: The plot shows a decreasing trend in battery capacity over time. As the 
battery undergoes more charge and discharge cycles, its ability to hold charge (capacity) 
reduces. This is a standard phenomenon in batteries and is a measure of battery health or State 
of Health (SOH). The decline appears somewhat linear with a few fluctuations. This suggests that 
the battery is degrading at a somewhat consistent rate over time, with minor variations.  

3. Temperature and Time plot: The plot illustrates temperature fluctuations during battery charge 
and discharge cycles, with peaks indicating heating during high activity and troughs representing 
cooling during inactivity. This visualization captures the battery's operational patterns, offering 
insights into its health. regular monitoring is crucial for optimizing battery usage, ensuring safety, 
and facilitating maintenance.  

4. Current and Time Plot: The plot displays cyclic current changes, reflecting battery charge and 
discharge cycles. Sharp spikes suggest high power demand or rapid charging, while troughs 
represent energy provision to external systems. Near-zero current indicates inactivity or minimal 



 

 

battery usage. This visualization offers insights into the battery's operational behavior, informing 
on usage habits, charging patterns, and potential wear-and-tear scenarios.  

5. Voltage and Temperature Plot: The plot reveals a relationship between battery voltage and 
temperature, indicating a trend where temperature tends to rise as voltage decreases. Lower 
voltages may be linked to higher temperatures, possibly due to increased internal resistance or 
intensive discharge events. The spread of data points at specific voltage levels suggests 
variability, influenced by external factors or overall battery health. This visualization offers 
valuable insights into battery behavior, potential issues, and optimal operating conditions.  
 

4. Results and Discussion  
 
SOH Prediction Analysis: Various prediction models for State of Health (SOH) exhibit distinct 
performance metrics. Linear Regression, with an RMSE of 0.1496, demonstrates moderate 
accuracy but is surpassed by more sophisticated methods. Decision Trees achieve exceptional 
accuracy with an RMSE of 2.25e-05, highlighting their ability to capture subtle health patterns 
effectively. Random Forests perform robustly with an RMSE of 1.74e-05, leveraging their 
ensemble approach. Gradient Boosting maintains competitive accuracy (RMSE: 3.73e-05) in 
modeling complex relationships. Support Vector Regression (SVR) shows moderate accuracy 
(RMSE: 0.1282), suggesting room for improvement. XGB Regressor consistently provides 
precise SOH predictions. Stacked LSTM models excel in capturing time-dependent nuances with 
an RMSE of 0.000405. ARIMA and SARIMA also demonstrate notable performance in SOH 
prediction, each with varying RMSE values. 
 
SOC Prediction Insights: Analysis of State of Charge (SOC) prediction models reveals 
significant observations. Linear Regression exhibits considerable inaccuracy, with RMSE ranging 
widely from 9.85 to 48.17, highlighting its limitations in capturing SOC dynamics. Decision Trees 
generally outperform Linear Regression but show potential for further enhancement. Random 
Forests consistently perform well across different SOC scenarios. Gradient Boosting achieves 
competitive accuracy in capturing intricate SOC patterns. Support Vector Regression (SVR) faces 
challenges, suggesting optimization opportunities. Stacked LSTM models demonstrate strong 
performance in capturing sequential dependencies within SOC data, consistently achieving low 
RMSE values. 
 
Maintenance Prediction: The Random Forest Classifier achieves flawless accuracy (1.0) in 
predicting maintenance requirements, underscoring its reliability in predictive maintenance 
applications. 

The diverse models used for SOC, SOH, and maintenance prediction offer valuable insights into 
battery behavior. Variations in accuracy highlight the need to tailor models to specific data 
characteristics, paving the way for continuous refinement and advancements in battery health 
prediction and maintenance strategies. 

 

 

5. Conclusion  
 
This project represents a significant leap in battery health forecasting and predictive 
maintenance. Utilizing a variety of machine learning models, our aim was to enhance accuracy in 
predicting State of Charge (SOC), State of Health (SOH), and maintenance needs. Key 
achievements include robust SOC predictions via advanced models like Stacked LSTM, 
supported by innovative feature engineering. SOH predictions varied, demonstrating strong 
performance from models such as XGB Regressor and LSTM. Notably, predictive maintenance 
excelled with a high-performing Random Forest Classifier. These innovations, including novel 



 

 

feature engineering and an advanced predictive maintenance framework, establish a 
transformative precedent for future research directions in understanding battery behavior and 
practical applications across diverse settings. 

Future Directions: 

1. Enhancing Model Robustness and Generalization: Prioritize developing robust machine 
learning models capable of generalizing across different driving conditions, battery types, and 
environmental factors. Techniques such as transfer learning and meta-learning offer promising 
ways to improve adaptability and performance with varying data availability. 

2. Integration of Hybrid Modeling Approaches: Explore hybrid approaches combining 
physics-based models with data-driven machine learning techniques to enhance interpretability 
without compromising predictive accuracy. This integration can support real-time adjustments 
based on evolving battery characteristics and operational conditions. 

3. Scalability and Real-time Deployment: Develop lightweight machine learning models 
optimized for edge computing and embedded systems. Techniques like model compression, 
quantization, and efficient inference algorithms will enable real-time SOC predictions while 
minimizing computational overhead. Distributed learning approaches can facilitate continuous 
model refinement across interconnected battery systems. 

4. Ethical and Regulatory Considerations: Address the ethical implications of predictive 
algorithms in safety-critical applications. Focus on transparent model validation, robustness 
testing under extreme conditions, and ensuring fairness in algorithmic decision-making. 
Collaboration with regulatory bodies is essential to establish guidelines for evaluating the 
reliability and safety of machine learning models in battery management systems. 

5. Long-term Performance and Degradation Prediction: Concentrate on developing 
predictive models capable of forecasting long-term battery performance and degradation trends. 
This includes exploring advanced forecasting techniques, anomaly detection algorithms for early 
fault diagnosis, and strategies for predictive maintenance to extend battery lifespan and optimize 
energy management in electric vehicles and renewable energy storage systems. 

References  
 
1. Emre Akarslan and Said Mahmut Çınar. A battery management system design including a soc 
estimation approach for lead-acid batteries. Journal of Materials and Mechatronics: A, 2022.  
2. Maryam Ghalkhani and Saeid R. Habibi. Review of the li-ion battery, thermal management, and ai-
based battery management system for ev application. Energies, 2022.  
3. Dickson N. T. How, M. A. Hannan, M. S. Hossain Lipu, and Pin Jern Ker. State of charge estimation for 
lithium-ion batteries using model-based and data-driven methods: A review. IEEE Access, 7:136116–
136136, 2019.  
4. N Imanishi and O Yamamoto. Perspectives and challenges of rechargeable lithium–air bat-teries. 
Materials Today Advances, 4:100031, 2019.  
5. Kiernan O’Boyle, Jonghyun Park, and Damola Martins Ajiboye. Data-driven state of health (soh) 
prediction for lithium-ion batteries. ECS Meeting Abstracts, 2022.  
6. Siglinda Perathoner and Gabriele Centi. Advanced nanocarbon materials for future energy 
applications. In Emerging Materials for Energy Conversion and Storage, pages 305–325. Elsevier, 2018.  
7. P Perumal, Benjamin Raj, Mamata Mohapatra, and Suddhasatwa Basu. Sustainable ap-proach for 
reclamation of graphite from spent lithium-ion batteries. Journal of Physics: En-ergy, 4(4):045003, 2022.  
8. Jayarama Pradeep, Sanda Sri Harsha, R. Jenin Prabhu, Kuppuswamy Subramani, G. Mahen-dran, 
and T. Selvaganapathi. Comparison of soh prediction ml technique for electric vehi-cles. 2022 Sixth 
International Conference on I-SMAC (IoT in Social, Mobile, Analytics and Cloud) (I-SMAC), pages 510–
515, 2022.  
9. VK Bupesh Raja, Ignatius Raja, and Rahul Kavvampally. Advancements in battery technol-ogies of 
electric vehicle. In Journal of Physics: Conference Series, volume 2129, page 012011. IOP Publishing, 
2021.  



 

 

10. Rakshitha Ravi and Usha Surendra. Calculation of state of charge and state of health of a battery 
management system in electric vehicle. International Research Journal on Advanced Science Hub, 
2(8):49–51, 2020.  
11. Justin Salminen, Tanja Kallio, Noshin Omar, Peter Van den Bossche, Joeri Van Mierlo, and Hamid 
Gualous. Transport energy–lithium ion batteries. In Future Energy, pages 291–309. Elsevier, 2014.  
12. PE Chet Sandberg. Integrating battery energy storage with a bms for reliability, efficiency, and safety 
in vehicles. In 2012 IEEE Transportation Electrification Conference and Expo (ITEC), pages 1–3. IEEE, 
2012.  
13. Matthias Steinstraeter, Johannes Buberger, and Dimitar Trifonov. Battery and heating data in real 
driving cycles, 2020.  
14. Duraisamy Thiruvonasundari and Kaliyaperumal Deepa. Evaluation and comparative study of cell 
balancing methods for lithium-ion batteries used in electric vehicles. International Journal of Renewable 
Energy Development, 10(3), 2021.  
15. Zhimin Xi, Rui Wang, Yuhong Fu, and Chris Mi. Accurate and reliable state of charge esti-mation of 
lithium ion batteries using time-delayed recurrent neural networks through the identification of overexcited 
neurons. Applied Energy, 305:117962, 2022.  
16. A Zaitsev, D Butarovich, and A Smirnov. Basic principles of automotive modular battery management 
system design. In IOP Conference Series: Materials Science and Engineering, volume 819, page 012024. 
IOP Publishing, 2020.  
17. Yi Zhang, Heping Liu, Zhigang Zhang, Yong Luo, Qiang Guo, and Shuiping Liao. Cloud computing-
based real-time global optimization of battery aging and energy consumption for plug-in hybrid electric 
vehicles. Journal of Power Sources, 479:229069, 2020.  
18. D. Li, X. Zhang, B. Han, and H. Shen, “State of charge estimation for batteries using recur-rent neural 
networks,” in 2019 4th International Conference on Control, Robotics and Cy-bernetics (CRC), 2019, pp. 
23-28.  
19. W. Jiang, Q. Zhang, M. G. Pecht, and J. Li, “State of Charge Estimation of Lithium-ion Battery Using 
Deep Convolutional Stacked Bidirectional LSTM,” in IEEE Access, vol. 8, pp. 1538-1548, 2020.  
20. H. He, R. Xiong, and H. Guo, “Long Short-Term Memory Networks for Accurate State-of-Charge 
Estimation of Li-ion Batteries,” in IEEE Transactions on Industrial Informatics, vol. 15, no. 9, pp. 5351-
5361, Sept. 2019.  


