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Abstract 

Lithium-ion batteries are the critical components of the latest energy storage 

devices, ranging from consumer electronics to electrically powered automobiles. 

Despite their significant applications in the storage of electrical energy devices, the 

functionality of these batteries largely relies on the nature of the charge/discharge 

cycles. Batteries subjected to complete charge/discharge cycles deteriorate faster 

than batteries that undergo partial cycles, which limits their possibility for reuse 

and recycling. Understanding and predicting battery consumption conditions can 

substantially help with lifecycle management and sustainable recycling initiatives. 

This study investigates a data-driven approach for predicting the use condition of 

lithium-ion batteries based on degradation criteria. Logistic regression, Naïve 

Bayes, and decision tree models are used to predict the previously used condition 

of a battery based on several variables such as days of degradation, energy 

throughput, C/10 capacity, and state of health (SoH). The dataset is collected from 

the existing literature and preprocessed to extract the required variables. After 

preprocessing and variable selection, the models are made and tested with cross-

validation and ROC analysis. The analysis of the results suggests that the decision 

tree classifier performs better compared to other classification models in terms of 

accuracy, F1 score, and AUC values. The findings prove the applicability of the 

predictive analysis technique in assisting battery lifecycle management by 

categorizing the batteries that have been used in different scenarios for recharging. 
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1. Introduction 

Lithium-ion batteries (Li-ion) have greatly impacted the energy storage system with their high energy density, 

extended lifespan, and high efficiency. These batteries find widespread use in consumer electronic devices, 

electrically powered automobiles, and renewable energy storage systems. However, the efficiency of Li-ion 

batteries deteriorates over a period of time due to many reasons, including aging cycles of the battery, high or 

https://creativecommons.org/licenses/by/4.0/
mailto:mekhowshikdey@gmail.com


 SEI Vol. 8, No. 1, 2026, pp.161-172 

 

162 

low temperatures, the charge or discharge cycles of the battery, and the applications under different operating 

conditions. Accurate predictions of the usage conditions of these batteries, specifically whether they have been 

used through a full charge-discharge cycle or a short charge-discharge cycle, are critical for optimizing their life 

cycle management and assuring safety and efficiency in applications.  

Full charge-discharge and short charge-discharge cycles both have a significant impact on a Li-ion battery's 

performance, durability, and overall health. Each cycle type causes different loads on the battery, altering its 

degradation and efficiency over time. A complete charge-discharge cycle involves charging the battery to its 

maximum capacity (100%) and then fully draining it (to 0% or close to it), which is often referred to as a deep 

cycle. Batteries that are subjected to complete charge-discharge cycles show more capacity deterioration than 

those cycled within a narrower voltage range because deep cycles cause lithium-ion batteries to deteriorate 

faster due to the chemical reactions that occur during the charge-discharge process and cause enormous stress 

on internal components.  

As a result, the electrodes undergo structural changes that result in irreparable damage [1]. On the other hand, 

short charge-discharge cycles cause less stress on the battery than full cycles. When a battery is not fully charged 

or discharged, the electrodes undergo less strain, resulting in slower degradation. Operating in the partial SOC 

range reduces the rate of capacity loss. Previous studies have demonstrated that batteries cycled within narrower 

SOC ranges reveal slower deterioration rates compared to those exposed to complete cycles [2], [3]. A cell 

cycled with a 20%-80% state of charge (SOC) window has a much longer cycle life than those cycled with full 

0%-100% SOC cycles, specifically, a cell with a lower DOD has a significantly higher number of cycles before 

hitting the end-of-life capacity criterion [4].  

It is critical to determine whether a battery may be used in the future with minor maintenance or cannot be used 

at all when it is collected and sent to the recycling department after a time of usage. For this reason, a predictive 

data-driven model can be utilized to categorize and forecast the battery's state for future use. A battery that has 

previously been used under short cycle charge-discharge conditions can be used again because of its less 

degraded condition; if it has been used under full cycle charge-discharge conditions, it cannot be used again. It 

will be convenient to manage old batteries if a data-driven prediction model is employed to divide such used 

batteries into two categories: full cycle charge-discharge batteries and short cycle charge-discharge batteries. 

Figure 1 demonstrates a systematic workflow analysis to effectively maintain the battery recycling process using 

predictive modelling. 

 

Figure 1. Predictive modeling workflow for battery recycling 
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Data-driven approaches have significantly advanced the field of predictive analytics, such as battery utilization 

and degradation. A deep learning-based prognostic model has been developed to show how data-driven methods 

may accurately forecast a battery's state of health (SoH) and remaining usable life (RUL) [5]. Tian et al. 

developed a technique for predicting voltage-capacity curves from single-cycle data, which allows for the early 

identification of battery degradation patterns [6].  

Additionally, a study proposed a machine learning framework that employs data formation to predict the 

lifespan and classify battery quality, which demonstrates the efficiency of data-driven techniques in battery 

manufacturing with significant accuracy [7]. Moreover, the significance of early-cycle data in lifespan 

estimation was underscored by previous research, which emphasized the ability of machine learning models to 

predict battery cycle life before observable capacity degradation [8]. By combining data-driven methods with 

physical degradation models, physics-informed machine learning (PIML) has improved battery degradation 

diagnostics even further. A comparative analysis of many PIML techniques demonstrated their precision and 

suitability for predicting long-term deterioration from short-term aging data [9]. Sharma and Bora explored the 

advantages and disadvantages of several algorithms for predicting the remaining usable life (RUL) of lithium-

ion batteries using contemporary machine learning techniques [10].  

These developments highlight how crucial it is to combine machine learning and domain expertise to improve 

the accuracy and comprehensibility of battery health predictions. According to existing literature, ensemble 

techniques like random forest frequently perform better in terms of accuracy and stability than individual 

models, such as support vector regression (SVR), which makes them ideal for predicting the long-term health 

of batteries [11]. Figure 2 demonstrates the comparison of different models for battery health predictions. 

 

Figure 2.  Comparison of different models [11] 

Furthermore, predicting and tracking the health of lithium-ion batteries has demonstrated enhanced performance 

using hybrid approaches that combine random forest with other machine learning techniques [12]. The 

durability of a Naïve Bayes model across various operating situations was highlighted by its steady and 

competitive prediction performance when compared to Support Vector Machines for predicting the remaining 

usable life (RUL) of lithium-ion batteries under constant discharge environments [13]. To categorize battery 

charge and discharge states in a study on battery energy storage devices, researchers used logistic regression 

algorithms and decision trees. The models' high accuracy and performance metrics of about 95% demonstrate 

how well they work to optimize battery operation and health monitoring [14]. 
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2. Research method 

In this study, an experimental raw dataset is collected from an open-access data repository called Zenodo [15]. 

The collected dataset is related to a single lithium-ion battery degradation study where degradation mode 

analysis is performed [16]. While this dataset enables consistent comparison across degradation indicators, it 

represents a limited experimental population rather than the full diversity of batteries encountered in real-world 

recycling or second-life scenarios. From this data file, the extracted main data is used to collect all data in a 

separate Excel file, where different experiment results based on different cell types, different temperatures, and 

two different SoC ranges (0-30% SoC and 0-100% SoC) are tabulated. From the degradation modes file, SoH 

and capacity values are collected, and a total of 239 effective datapoints are stored in the final dataset file, which 

are evenly distributed between the two categories. Category A (CatA) represents batteries subjected to short 

charge–discharge cycling within a 0–30% state-of-charge (SoC) window, while Category B (CatB) represents 

batteries subjected to full charge–discharge cycling within a 0–100% SoC window. As both categories contain 

an equal number of samples, the dataset is balanced. Consequently, no class imbalance-handling techniques 

were applied in this study.  

To prevent data leakage, model training and evaluation were performed using a strict separation between 

training and test datasets, and cross-validation was applied only within the training set. Although the proposed 

framework demonstrates strong classification performance, the results are derived from a dataset with limited 

variability in operating conditions, including temperature and cell chemistry. As a result, model sensitivity to 

these factors is not explicitly evaluated in the present study. The Alteryx platform is used to analyze data and 

build predictive models. Normal and Log-Normal distribution analysis are performed for every variable using 

the distribution analysis tool available in the Alteryx platform to see whether the data is normally distributed or 

skewed. Then, suitable variables are selected to perform predictive analysis.  

Three different predictive models are selected, such as logistic regression, Naïve Bayes, and decision trees. The 

workflow of these models is created after the cleansing process of the data to improve the data quality by 

eliminating null values and removing rows related to zero values. After running all the models, the union tool 

is used to perform cross-validation of all the models. The model comparison tool is used to get the model 

performance of all the models, such as the average accuracy, F1 score, and ROC curves. Figure 3 demonstrates 

the flowchart of the whole process that is employed in this study. 

 

Figure 3. A systematic flowchart 
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Feature scaling was not applied in this study. Logistic regression was implemented in logit mode using the 

default configuration available in the Alteryx platform, and Naïve Bayes was implemented with Laplace 

smoothing set to zero, which is consistent with the platform’s default settings. As all input variables were 

expressed in physically meaningful units and within comparable numerical ranges, additional normalization or 

standardization was not required. The decision tree classifier was implemented using the default hyperparameter 

settings provided by the Alteryx platform. Specifically, the minimum number of records required to allow a 

split was set to 20, the minimum number of records in a terminal node was set to 7, and the maximum tree depth 

was limited to 10 levels. Node splitting was based on information gain, and tree pruning was performed 

automatically during cross-validation to mitigate overfitting. No manual hyperparameter tuning was performed, 

as the primary goal was to evaluate baseline model performance and interpretability rather than optimize 

predictive accuracy. 

Table 1 represents the variable number, variable name, and description of every variable. The target variable 

has two categorical values, “CatA” and “CatB”, where “CatA” indicates short charge-discharge cycling (0% to 

30% of SoC) and “CatB” indicates full charge-discharge cycling (0% to 100% of SoC). The four predictor 

variables (X1 – X4) were selected based on their established relevance in prior lithium-ion battery degradation 

studies and their practical availability in experimental and battery management system datasets. Specifically, 

the days of degradation (X1) variable has been used as a temporal aging indicator to quantify cycle-driven 

degradation effects in lithium-ion batteries, as demonstrated by Preger et al. [4].  

Energy throughput (X2) was selected since cumulative charge and energy transfer have been shown to correlate 

strongly with electrochemical aging and capacity fade, which was employed in a degradation modeling study 

[2]. C/10 capacity (X3) was included as a standardized low-rate capacity metric that reflects long-term capacity 

loss, which was used before for degradation assessment and cycle-life prediction in a prior work [8]. State of 

health (X4) was selected as an aggregate degradation indicator, which was used in a data-driven health 

assessment model [5]. These variables are commonly reported in degradation studies and battery management 

systems, making them well-suited for recycling and second-life decision support, where advanced sensing data 

may not be available. 

Table 1. Variables 

Variable Number Variable Name Description 

X1 Days of degradation 
The total number of days since the battery test began, 

representing the elapsed time of aging 

X2 

Energy Throughput 

(W.h) 

The total energy (Watt-hours) transferred through the battery 

over its usage. A higher value typically correlates with 

greater aging 

X3 C/10 Capacity (mA.h) 

The battery's capacity is determined when discharged at a 

C/10 rate (a slow discharge rate). Used to assess long-term 

capacity fade 

X4 SoH 
A measure of the battery's overall condition compared to its 

original state 

3. Results and discussion 

Figure 4 presents histograms with density plots comparing the distributions of variables to normal and 

lognormal fits. Days of degradation, energy throughput, and C/10 capacity exhibit right-skewed distributions 

where the lognormal fit captures the data better than the normal fit. On the other hand, SoH shows more 

symmetrical distributions. 
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Figure 4. Distribution of variables (a) days of degradation, (b) energy throughput (W.h), (c) C/10 capacity 

(mA.h), (d) SoH 

3.1. Logistic regression 

A linear model for applications involving binary classification is logistic regression. Because of its mathematical 

simplicity and interpretability, it is used as a baseline model in the context of battery health prediction. However, 

the complicated and non-linear mechanisms involved in battery degradation may limit the ability of Logistic 

Regression to capture complex patterns [17]. 

3.2. Naïve Bayes 

The Naïve Bayes classifier is a probabilistic model based on Bayes' theorem and assumes feature independence. 

Despite this assumption, it has been used to forecast battery RUL across various usage scenarios and 

environmental temperatures. Its simplicity and efficiency make it appropriate for cases involving low computer 

resources [18]. 

3.3. Decision tree 

A decision tree is a nonlinear model that can recursively classify data depending on feature values, making it 

suitable for detecting complicated interactions. So, it can be used to predict battery usage condition especially 

for the classifier problem. In this study, a decision tree model is used to classify the used condition of a battery 

depending on various operating conditions. Figure 5 shows the decision tree algorithm performed in Alteryx 

software. 
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Figure 5. Decision tree algorithm 

Three predictive models have been developed using k-fold cross-validation techniques to evaluate the 

performance of the models. The accuracy of the cross-validation and overall model performance are shown in 

Table 2 and Table 3, respectively, which show that the decision tree model surpasses logistic regression and 

Naïve Bayes. It has the highest overall accuracy (0.9258), F1 score (0.9224), and AUC (0.9792), with well-

balanced accuracies for both categories (CatA: 0.9266, CatB: 0.9250), proving its durability and reliability. 

Logistic regression also performs well, with high accuracy (0.8821), AUC (0.9612), and a strong F1 score 

(0.8721), making it an alternative where interpretability is critical. The Naïve Bayes classifier performs poorly 

on this test, with low accuracy (0.6157), F1 score (0.4699), and AUC (0.7654), indicating limited applicability. 

Table 2. Cross-validation accuracy 

Model 
Average Accuracy Class 

1 

Average Accuracy Class 

2 

Average Accuracy 

Overall 

Logistic Regression 0.824317 0.907955 0.869147 

Naïve Bayes 0.936335 0.965837 0.951981 

Decision Tree 0.791459 0.718524 0.755652 

The Naïve Bayes classifier performs well during cross-validation, but substantially lower on the independent 

test dataset. The Naïve Bayes algorithm involves conditional independence among input features, which 

accounts for this behavior. Key parameters in lithium-ion battery degradation datasets, such as state of health 

(SoH), capacity, and energy throughput, are physically and statistically connected due to common 
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electrochemical aging mechanisms. Such relationships may lead to overly optimistic cross-validation results 

while also decreasing the model's capacity to generalize to new data. The Naïve Bayes classifier is 

computationally efficient and has good cross-validation metrics, but it is not as robust as models that can capture 

feature dependencies. 

Table 3. Overall model accuracy 

Model Accuracy F1 AUC 
Accuracy of 

CatA 

Accuracy of 

CatB 

Logistic 

Regression 
0.8821 0.8721 0.9612 0.8440 0.9167 

Naïve Bayes 0.6157 0.4699 0.7654 0.3578 0.8500 

Decision Tree 0.9258 0.9224 0.9792 0.9266 0.9250 

The ROC curve (Receiver Operating Characteristic) is a graphical diagram used to assess the performance of a 

binary classification model. It illustrates the trade-off between the true positive rate (TPR) and the false positive 

rate (FPR) at various classification criteria. A model with a curve closer to the top-left corner shows higher 

performance. The true positive rate, also known as recall, is a measure of how successfully the model recognizes 

actual positives. This is plotted along the y-axis of the ROC curve. 

                                                               tp rate = 
Positives correctly classified

Total positives
                                                           (1) 

The false positive rate measures how frequently the model wrongly labels negatives as positive. This is 

represented along the x-axis of the ROC curve. 

                                                             fp rate = 
Negatives incorrectly classified

Total negatives
                                                        (2) 

Precision can be used in ROC analysis by assessing the reliability of positive predictions, but it is not directly 

used to generate the ROC curve. However, precision and recall are used to compute the F1 score reported in 

Table 3. Recall is the same as TPR and is critical in plotting the ROC curve. 

                                                                            Precision = 
tp

tp+fp
                                                                                        (3) 

                                                                              Recall = 
tp

tp+fn
                                                                                        (4) 

                                                                      F1 = 2 .  
Precision .  Recall

Precision +Recall
                                                                                     (5) 

The Receiver Operating Characteristic (ROC) curve is determined by the TPR or recall and the FPR based on 

the measurements taken from the confusion matrix values (True Positives, False Positives, True Negatives, and 

False Negatives). These metrics make it easier to examine the capacity of a model to deal with sensitivity 

(identification of positives) and specificity (avoidance of False Positives). The Area Under the ROC curve 

provides a threshold-independent measure of classification performance, where an AUC value of 1 indicates 

perfect classification and an AUC value of 0.5 corresponds to random guessing. In this study, the ROC curve 

and AUC are used to compare the separability and robustness of the classification models.  

The area under the ROC curve in Figure 6 shows that the decision tree model performs better than the other two 

classifiers. It achieves the highest true positive rate despite almost all false positive rates and stays closest to the 

top-left corner, which denotes optimal classification. Logistic regression also shows good performance with a 

well-shaped ROC curve, although the ROC curve is slightly lower than that of the decision tree. On the other 

hand, the Naïve Bayes classifier shows the lowest classification performance since it has the lowest area under 

the curve. 
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Figure 6. Receiver operating characteristics (ROC) curve 

This work indicates that predictive analytics can be a strong tool for categorizing lithium-ion batteries based on 

their historical usage conditions, specifically differentiating between full and short charge-discharge cycles. In 

terms of accuracy (92.58%), F1 score (92.24%), and AUC (97.92%), the decision tree model outperformed 

logistic regression and Naïve Bayes, which indicates its ability to capture complex, nonlinear degradation 

patterns in battery systems. This discovery is consistent with previous observation [19], where it is shown that 

decision trees and related classifiers attain excellent accuracy (95%) when predicting battery charge and 

discharge states. Logistic regression performed reasonably well with an AUC of 96.12%, though less accurate 

than decision trees, which is consistent with its known merits in giving a basic, interpretable baseline model. 

However, as explained by a previous study [20], logistic regression frequently struggles to model the highly 

nonlinear dynamics causing battery depletion, limiting its predictive ability in complicated circumstances. 

Overall, the decision tree model has the most predictive power, followed by logistic regression, whereas Naïve 

Bayes is the least successful in this situation, with the lowest overall accuracy of 61.57% and an AUC of 76.54%. 

4. Conclusions 

Finally, this work successfully illustrates the use of predictive analytics to categorize lithium-ion batteries based 

on their previous charge-discharge cycles. It is specifically designed to classify historical battery usage 

conditions rather than state-of-health metrics, and its contribution is oriented toward recycling and second-life 

decision support rather than conventional performance prediction. The decision tree model beat the other two 

models (Logistic Regression and Naïve Bayes) in terms of accuracy, F1 score, and AUC, demonstrating its 

capacity to capture nonlinear deterioration patterns. Using this model, battery recycling processes can be 

accelerated. Logistic regression also performed well in this study.  

However, Naïve Bayes showed limited applicability due to weak generalization. The use of a decision tree-

based predictive model allows stakeholders within the battery industry to optimize battery reuse and recycling 

processes by informing decision-making on the potential reuse of the used Li-ion batteries, which is important 

for a more sustainable approach to the lifecycle management process of Li-ion batteries. Most current data-

driven studies [21], [22] on lithium-ion batteries are concerned with estimating remaining usable life (RUL), 

capacity fading, or state of health under known operating conditions. In contrast, the current study focuses on 

the underexplored challenge of inferring prior battery usage conditions from deterioration indications. This work 

provides a complementary perspective to traditional lifetime prediction approaches by classifying batteries 
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based on whether they were subjected to full or partial charge–discharge cycles. The proposed framework 

directly supports practical decisions involving battery reuse, second-life deployment, and recycling, where prior 

usage history often remains unknown. 
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