
Nanotechnology Perceptions  
ISSN 1660-6795 

www.nano-ntp.com  

 

Nanotechnology Perceptions 20 No.S7 (2024) 93–103                                                    

Data-Driven Estimation of Lithium-Ion 

Battery State-of-Health Prediction Approach 

Using Machine Learning Algorithm for 

Enhanced Battery Management Systems 

Balaji Singaram1, M.S.Vinmathi2, Dr.H.B.Michael Rajan3, Jeyamohan 

H4, T. Manikandan5 

 
1Software Developer, Compunnel Inc., Plainsboro, New Jersey, USA, 08536,  

balaji.singaramus@gmail.com 
2Professor, Department of CSE, Panimalar Engineering College, Nazarethpet, Poonamallee, 

Chennai, Tamil Nadu-600123, vinmathis@gmail.com 
3Professor, Department of Mechanical Engineering, Kings College of Engineering,  

Punalkulam, Pudukkottai dt 613 303, hbmichaelrajan@gmail.com 
4Assistant Professor, Department of CSE, Velammal Engineering College, Chennai, 

jeyamohan@velammal.edu.in 
5Professor, Department of ECE, Rajalakshmi Engineering College, Thandalam, Chennai-

602105, manikandan.t@rajalakshmi.edu.in 

 

 
This research examines the application of machine learning algorithms in predicting the state-of-

health of lithium-ion batteries with the goal of improving the Battery Management Systems. 

Three different kinds of algorithms were tested—AdaBoost, Gaussian Processes, and 

Convolutional Neural Networks. Performance metrics were assessed across ten iterations. Firstly, 

AdaBoost demonstrated stable values of accuracy, fluctuating from 0.85 to 0.89. Precision, recall, 

and F1-score metrics kept in the same measurement filling the range. Secondly, Gaussian 

Processes indicated that the accuracy was somewhat smaller from 0.80 to 0.86; however, the 

apparatus of precision, recall, and F1-score remained at a decent level. Finally, Convolutional 

Neural Network supported stable accuracy from 0.90 to 0.94 and was the best predictor in all core 

measurements. The main point is that these results confirm the effectiveness of employing 

machine learning algorithms for estimating battery health with high precision. Moreover, the 

authors conclude that CNNs can provide better results compared with other alternatives. Overall, 

through the use of advanced machine learning approaches, BMSs can be developed, which would 

be capable of enhancing the process of charging and discharging of batteries, prolonging their 

lifespan, and ensuring the safety of their use in a wide range of applications. In conclusion, this 

research provides interesting insights into approaches to the optimization of BMS through using 

machine learning algorithms.  
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management systems, Convolutional Neural Networks.  

 

 

1. Introduction 

Lithium-ion batteries are widely used in many applications, from personal devices to electric 

vehicles. They are popular because of their high energy density, lightweight, and long cycle 

life. Thus, they play a noticeable role in the modern world, and their reliability needs to be 

guaranteed as the demand for energy storage rises each year. As a result, the technology is 

discussed because batteries are used in everything from phones to laptops and even to 

electric cars or renewable energy power storage systems [1]–[3]. 

To realize the optimized usage strategy of lithium-ion batteries, it is crucial to the accurate 

prediction of their state-of-health (SoH). SoH reflects the present health state of batteries, 

characterized by remaining capacity, internal resistance, and overall performance to the 

original level. With the proper evaluation of SoH, battery management systems can optimize 

charging/discharging strategies, prolong the lifetime, and guarantee safe operation [4]–[7]. 

Many traditional ways for estimating battery SoH often involve simplistic models or 

physical parameters that are unable to fully characterize real-world batteries. In general, such 

methods are based on analysing empirical relationships or using electrochemical models to 

estimate SoH from parameters such as voltage, current, and temperature. Although these 

methods are commonly utilized, they are often used to a limited degree of accuracy and 

adaptability, especially in the face of both complex operating conditions and degradation 

mechanisms [8]–[11]. 

Compared to the approaches used traditionally, the one can suggest takes advantage of the 

opportunities provided by machine learning to improve the accuracy and versatility of SoH 

predictions. Since machine learning algorithms are excellent at navigating large amounts of 

data and spotting intricate patterns in it, they can be used to model the nonlinear and 

dynamic nature of their behaviour of lithium-ion batteries and the changes in their SoH. 

Specifically, by introducing vast arrays of data regarding battery performance, including 

voltage, current, temperature, and the number of cycles, one can help machine learning 

models find the correlations between the said data and the state of the battery [12]–[15]. 

The case built in this paper supports a shift from a conventional approach to the estimating 

of battery SoH to a data-driven one, which is based on the use of modern computing 

technologies. Rather than rely on crude measures that fail to take advantage of the wealth of 

data created by lithium-ion batteries when they are in use, modern machine learning tools are 

capable of identifying subtle patterns of their wear and predicting their future health 

conditions with high accuracy. As a result, their users can decrease equipment-related costs 

and facilitate the development of efficient and reliable BMS. 

 

2. Literature Review 

There is a vast amount of literature about methods to estimate an SoH of lithium-ion 

batteries, demonstrating the intensifying focus on battery management in various 

applications. Traditional ways to determine an SoH of a battery, such as relying on 
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electrochemical models, empirical relationships, or physical parameters, such as voltage or 

current, have been extensively utilized. However, these methods are flawed in the aspect of 

their low accuracy and adjustability, not uniquely meeting the complex nature of the 

degradation mechanisms of lithium-ion batteries [16]–[19]. 

Machine learning approaches have received increasing attention in recent years as a 

promising tool for predicting battery health. These algorithms, including support vector 

machines, neural networks, and decision trees, are able to sift through vast amounts of 

battery data to identify subtle patterns indicative of potential degradation. Previous studies 

have shown that these approaches are able to predict battery SoH with impressive degrees of 

precision across a range of temperatures, charge and discharge rates, and cycling regimes 

[20]–[22]. 

One of the major benefits of machine learning that they can handle non-linear relationships 

between different battery parameters and degradation. By providing the models with 

comprehensive datasets that can include various batter parameters, such models can be 

trained to generalize on various battery chemistries, designs, or usage profiles, thus 

increasing the accuracy and adaptability of predictions [23]- [25]. 

Although significant progress has been achieved in machine learning -based SoH prediction 

methods, there are several research gaps in the existing literature. The primary limitation of 

the existing literature is that most of the studies in the field are focused on the prediction of 

battery SoH using either specific types of batteries or operation conditions. It is necessary to 

use batteries with different chemistries and larger datasets to develop more successful and 

generalizable SoH prediction models. 

Secondly, since machine learning algorithms are primarily concerned with pattern 

recognition and making predictions, they are often not interpretable. This means that it is 

difficult to understand what causes SoH to degrade. Therefore, it is important that research 

goes beyond improving the performance of prediction to uncover the degradation 

mechanisms and identify actionable information. 

Additionally, it is important to highlight that the majority of current machine learning 

methods are based on supervised learning, meaning that models use known SOH values 

during the training process. Although supervised learning can ensure accurate results, it 

requires a sufficient amount of labelled data. Moreover, it is difficult to apply it for rare SOH 

degradation cases or long-term predictions. 

To address these gaps, a comprehensive, data-driven, and holistic approach applying 

advanced machine learning techniques along with in-depth testing and battery 

characterization is required. Taking significant advantages of the large amounts of data 

generated by lithium-ion batteries during runtime, it would be possible to create more 

precise, adaptive prediction models that can significantly improve battery management 

systems and the performance and lifespan of batteries.  
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3. Methodology 

 

Fig. 1. Flow Diagram of Proposed Research 

Based on Figure 1, it is clear that data collection relates to monitoring a range of parameters 

of battery operation. Such parameters include voltage, current, temperature and cycling 

history. All these determinants play a critical role in the assessment of battery health and 

degradation. Furthermore, they are collected with the help of specific equipment and data 

acquisition systems. It is also essential to state that different sources are used for the purpose 

of diversity and representativeness of the data, such as laboratory tests, field trials, and 

published datasets. 

Table 1 provides the raw data used to create features. Feature engineering techniques are 

used to extract useful information from the raw data and increase the effectiveness of 

machine learning algorithms. Feature engineering refers to the altering and the selecting of 

the appropriate features in order to enhance the efficiency of the model. This includes the 

extraction of statistical features that may include Mean, Standard deviation, and Skewness as 

well as the engineering of domain-specific features that capture the unique nature of the 

battery features. 

Adequate selection of machine learning algorithms is critical to an accurate SoH prediction, 

just as with the feature engineering. One can chose three wholly different algorithms, 

namely, AdaBoost, Gaussian Processes, and a different simple convolutional neural network. 

AdaBoost is an ensemble method of learning based on combining multiple weak classifiers 
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to create a strong classifier, which gives an extensive range of applications is classification 

tasks such as SoH prediction.  

Gaussian Processes provide a formalism for regression. The formalism offers uncertainty 

estimates and is well-performing in noisy datasets. On the other hand, Convolutional Neural 

Networks are particularly advantageous for spatial data such as battery performance data, as 

they are able to identify the spatial relationship in the data by borrowing concepts from the 

human visual cortex 

 

Table. 1. Data collection Information 
Parameter Sources Quantity 

Voltage Laboratory tests 520  
Field trials 370  

Public datasets 210 

Current Laboratory tests 520  
Field trials 370  

Public datasets 210 

Temperature Laboratory tests 520  
Field trials 370  

Public datasets 210 

Cycling history Laboratory tests 520  
Field trials 370  

Public datasets 210 

The machine learning algorithms were chosen and carried out in compliance with the 

collected data. In doing this, one had to split the dataset into the training and validation 

dataset. The model for each case was trained employing a training dataset and was evaluated 

against a validation dataset. Hyperparameters of every model were tuned by means of 

different optimization techniques, such as cross-validation to ensure performance 

optimization and avoid sluggish overfitting. 

For evaluation of model performance, the metrics such as accuracy, precision, recall, and F1-

score, are used as a guidance on whether the models can predict a given test set. To access 

the models robustness and generalizability, experiments are conducted over real lithium-ion 

battery datasets collected from other sources and under different operating conditions. 

 

4. Experimental Setup 

This research requires the use of extensive datasets for both training and validation purposes 

as the experimental setup. The datasets used in this machine learning experimentation should 

cover various battery parameters such as voltage, current, temperature, and cycling history. 

They are obtained from numerous sources, including laboratory tests, field trials, and other 

publicly accessible datasets. This variety assures the strength and the applicability of the 

machine learning models created in the research. 

From Figure 2, For training the machine learning models, a part of data collected is used as 

training set. Training sets are used to teach the model to recognize different patterns and 

learn relationships between different battery parameters and SOH. The rest of the data is 

stored separately as a validation set. With help of validation set, it is possible to test the 

overall performance of the model. 
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Fig. 2. Experimental setup 

It is common to vary different experimental conditions and parameters, including changing 

different experimental conditions to determine the general reaction testing robustness 

experimental observation evaluation correctness end experience, that measure how models 

are adaptable. These experimental conditions might include changing in operating 

temperatures, charge/discharge rates, different cycling regimes and different changes in 

battery chemistries. Ensuring that the model is subjected to different capabilities enables to 

see the reality of the performance. 

Additionally, numerous parameters involving the hyper parameters of machine learning 

algorithms are adjusted during the tests. The most efficient of them are cross-validation and 

grid search model accuracy and generalization is the best. By conducting such tests, it 

becomes possible not only to improve the models but also to increase the correctness of the 

forecasting. 

In the experimental procedure, several statistical metrics such as accuracy, precision, recall, 

F1-score were used to demonstrate the workability of machine learning models aimed at the 

detection of the state-of-health prediction. The tests are aimed at establishing the reliability 

and relevancy of models were applied with the use of the actual application-representing 

datasets. 

 

5. Result and Discussion 

Let dive into the performance of each of the algorithms and implications for this research. 

From Figure 3, With regard to AdaBoost, it can be seen that the algorithm performs quite 

well with reasonably high accuracy in the range of 0.85 between the iterations. 
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Fig. 3. Accuracy Comparison 

Similarly from Figure 4, precision, recall, and F1-score metrics always stay at the same level 

about QuAdaBoost. Thus, one can make a conclusion that QuAdaBoost provides stable 

results for the prediction of the battery state of health. These conclusions are typical for the 

results of all iterations. At the same time, some small deviations could still be observed, and 

it is possible to admit that QuAdaBoost could also be dependent on the training data and 

hyperparameters being used. 

 
Fig. 5. Precision comparison 
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Moving to Gaussian Processes from Figure 5 and 6, one can observe lower accuracy metrics 

with the values fluctuating across iterations in the 0.80 to 0.86 range. Other metrics, namely 

precision, recall, and F1-score show a similar pattern. Gaussian Processes also demonstrate a 

good level of performance, especially keeping in mind the complexity of the task. However, 

the observed disparities in the accuracy metrics can be indicative of the challenges with 

modeling non-linear relationships in the battery degradation process. Additionally, being 

somewhat more sensitive to the noise in data than AdaBoost, Gaussian Processes can display 

noticeable fluctuations. 

 

Fig. 6. Recall comparison 

Finally from Figure 6, the performance results of the three types of models are compared. It 

is observed that Convolutional Neural Networks show the highest performance. With minor 

fluctuations, CNNs achieved a consistent accuracy of 0.90-0.94 across iterations, with high 

precision, recall, and F1-score performances. This suggests that the CNNs exhibit high levels 

of both robustness and generalizability, which is due to the model’s effectiveness in 

capturing spatial dependences in data.  

To begin with, that the AdaBoost, Gaussian Process, and CNN exhibit a high level of 

performance as predictive algorithms was beneficial for the current research. In this way, the 

current findings demonstrate that machine learning algorithms have the potential to enhance 

the conventional methods used in operating battery management systems. 

A second conclusion that reached while analyzing the outcomes of the experiments is that 

discovered the significant variability in ML model performance across different datasets. To 

achieve more consistent outcomes, it is necessary to ensure robust training, validation, and 

evaluation procedures. This approach involves careful selection of training data and 

hyperparameter tuning, as well as extensive validation. In contrast, an alternative approach 

may imply focusing on techniques such as ensemble learning or model-averaging. 
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Fig. 7. F1score Comparison 

Besides, the fact that CNN demonstrated better results highlights the importance of applying 

modern advanced deep learning techniques to such difficult predictive tasks. Given the 

increasing complexity and size of battery datasets, it is deep learning algorithms that can 

cope with big datasets and identify complex patterns and relationships most effectively and 

accurately. 

To sum up, data responding to the work with AdaBoost, Gaussian processes, and 

Convolutional Neural Networks provides the experiments’ results regarding the algorithms’ 

performance and ability to predict lithium-ion battery SoH. It becomes evident that all three 

algorithms are likely to work successfully. However, CNN is the most promising one. It is 

noteworthy that deep learning methods seem to be effective in implementing different 

battery management systems and ensuring high rates of their performance and lifespan in 

numerous applications. 

 

6. Conclusion 

The outcomes of this research show that machine learning algorithms are effective tools for 

predicting state-of-health of lithium-ion batteries. This fact enhances battery management 

systems and their value. The results of the experiment depict that three types of algorithms, 

in particular, AdaBoost, GP, and CNN, have different performances during 10 iterations. 

The re-run of the experiment has shown that AdaBoost constantly demonstrated the accuracy 

within the range of 0.85 to 0.89, considering the levels of precision, recall, and F1-score 

between the ranges. After re-run, Gaussian Processes were characterized by slightly lower 

accuracy levels between 0.80 and 0.86. However, the levels of precision, recall, and F1-score 

remained high. In turn, CNNs turned out to be a leader and demonstrated the accuracy in the 

range of 0.90 and 0.94, while the precision, recall, and F1-scores were also above the results 

of the two alternative machine learning models. 
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The use of machine learning techniques and primarily Convolutional Neural Networks 

showed that accurate estimation of battery health was possible. This feature facilitates the 

development of proactive maintenance strategies that do not negatively affect productivity 

but allow batteries to function properly for a longer period of time. Thus, the concepts 

learned in the course and the various techniques provided re useful in relation to real-world 

applications and have been tested. 

In addition, the results indicate that it is important to build strong model training and 

evaluation strategies to ensure the accuracy and generalizability of machine learning models. 

Moreover, since battery data is becoming increasingly complex, deep learning techniques 

can help accurately capture intricate patterns and interrelationships and make accurate and 

flexible predictions. 
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