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[bookmark: _GoBack]ABSTRACT 
This study utilizes a range of supervised machine-learning classifiers for predicting smartphone battery health statuses using data collected from ten devices drawn from different brands and randomly labelled A–J to safeguard their integrity. Some smartphone battery related data were collected using specialized applications installed on the devices.  A dataset of 675 instances and 15 attributes, comprising electrical, thermal and system-level variables, was analyzed with the aid of Naïve Bayes (NB), Decision Tree (DT), Logistic Regression (LR), Gradient Boosting (GB), Support Vector Machine (SVM), Random Forest (RF), CN2 Rule Induction (CN2 RI), and k-Nearest Neighbors (kNN). Model performance was assessed through cross-validation to ensure reliable generalization and reduce variance from a single data split. The results show that overall accuracies range between 36.15% in LR and 32.33% in both CN2 RI and kNN. Accuracies by health statuses range between 7.98% in kNN and 14.63% in NB, both in good health status. The poor battery health status was predicted with the highest precision across all models, whereas the good and fair statuses exhibited moderate confusion due to overlapping feature patterns. Performance differences across the devices indicate that brand-level variations in hardware influences model generalization. Overall, the findings demonstrate that machine-learning models with cross-validation technique can achieve moderate predictive reliability for smartphone battery health status estimation. The study recommends advanced data preprocessing and feature engineering for better results. 
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INTRODUCTION 
Mobile batteries are fundamental components in modern portable devices, particularly smartphones, and they significantly influence the devices' performance and users’ experiences. They determine how well the device can function over times while the smooth and responsive interface expected by users will be compromised when the batteries underperform (Mansour et al., 2021). The demand for better performance and longer lifespan in mobile batteries is escalating with the increasing reliance on mobile technology for daily activities. Mobile batteries power many devices, making their reliability and longevity essential for consumers and industries, and their health status is a critical concern for the present technology-driven society. Concerns on the health status, environmental considerations (Budiman et al., 2025) and users handling (Pramanik et al., 2019) of mobile batteries are consistently increasing. Smartphones combine many applications utilized to achieve various purposes ranging from calls and short messaging services to marketing and scientific measurements. The rate at which each application drains battery energy depends on complexity, frequency and duration of use (Khardim et al., 2020). Video and social media applications are frequently engaged for longer periods by many users compared to few whose major usage are calls and messaging. Understanding the impact of individual applications on battery drain and health is invaluable to managing and elongating the life of batteries (Ali et al., 2023). Accurate prediction of a battery's remaining useful life and health status are vital for preventing failures and the occurrence of thermal runaways (Mansour et al., 2021). 
Some batteries are equipped with a battery management system to enhance their health and longevity by efficiently managing power consumption and preserving battery integrity. This system monitors and controls the charging and discharging processes to prevent overcharging and deep discharging, which degrade battery performance over time (Fahmi et al., 2025). However, smartphones with these advances are beyond the reach of the low income citizens who are the majority. Mobile batteries are expected to operate within safe voltage and current limits. Unsafe voltage and current could be due to short-circuit of terminals (Naha et al., 2019). Overcurrent can be drawn by multiple high-power applications running simultaneously (Kim et al., 2019), while overvoltage can be due to the increase in the hysteresis of open-circuit voltage of degraded batteries (Ovejas et al., 2019). The battery management system monitors the terminal for short-circuit, overvoltage, and overcurrent to isolate the anomalies from smartphone circuits (Naha et al., 2019). Mobile batteries are sensitive to temperature variations and extreme heat. These accelerate aging and degradation of battery materials, which lead to progressive reduction in efficiency, capacity and power. These further lead to shortening the battery's cycle life, and usable capacity, impacting the device's overall performance (Leng et al., 2015). Excessive heat leads to thermal runaway, making the battery generate heat uncontrollably and sometimes ending in fires and explosions (Xu et al., 2024; Kim et al., 2019). Uneven heat distribution within the battery creates localized overheating, affecting the device's performance and sometimes damaging hardware (Bandhauer et al., 2011). Generally, elevated temperatures alter the battery's electrochemical reactions, creating side reactions and internal short-circuiting, which degrade the battery's performance and lifespan (Xu et al., 2024). Battery management systems keep temperatures and thermal levels within an optimal range by employing throttling mechanisms to reduce the processor's speed, which may sometimes decrease device performance but improve responsive user experience. 
The Central Processing Unit (CPU) is the most power-consuming component which significantly influences temperature and subsequently the health of a smartphone's battery (Mansour et al., 2021). When a smartphone's CPU operates under heavy load, it generates more heat, which raises the device's internal temperature and that of the battery. High temperatures accelerate the degradation of the battery chemistry by increasing the rate of chemical reactions inside the cells leading to faster capacity loss and potential safety hazards such as thermal runaway (Leng et al., 2015). The battery performs optimally within a range of temperature range, beyond which degradation accelerates significantly due to increased internal resistance and electrolytic breakdown (Ali et al., 2023; Razi et al., 2021). High CPU usage contributes to high temperatures and reduces the battery's health status. Moderate CPU activity leads to battery wear when smartphones are used for extended periods without cooling. In contrast, operating a smartphone's CPU under light loads with efficient cooling mechanisms helps maintain an optimal temperature, preserving battery longevity. Lower CPU usage translates to reduced power draw and less heat generation, mitigating the risks associated with aging battery (Rumi et al., 2025). The power-saving modes and optimized software settings in smartphones regulate temperature and extend battery life. Mobile batteries are highly sensitive to environmental temperature, humidity, and seasonal variations which are critical external factors influence performance, safety, and lifespan. Bandhauer et al. (2011) emphasize that elevated environmental temperatures accelerate degradation mechanisms by increasing the rate of unwanted side reactions within the cell. This promotes electrolyte decomposition, solid-electrolyte interphase instability, and gas generation, which reduce capacity and impair safety (Xu et al., 2024). Conversely, low temperatures hinder smooth internal chemical processes associated with charging and discharging. Seasonal fluctuations of these climate variables compound these challenges. In hot climates, prolonged exposure to ambient temperatures, such as leaving a smartphone in a parked car, can accelerate internal heating during charging and discharging. This creates a positive feedback loop where thermal stress reduces performance and further elevates internal temperatures. High humidity accelerates corrosion of metal contacts, infiltrate seals, and compromising electrolyte stability (Budiman et al., 2025). This leads to increased impedance and potential short-circuits with time. Users have the crucial role of manually monitoring battery health and longevity through precise charging process control, effective thermal management, intelligent power consumption strategies, and predictive maintenance capabilities. This is the motivation for this study. 


Responsible Users’ Behavior 
Smartphone users play an essential role in keeping their batteries healthy and their devices safe through mindful daily habits. An important practice is avoiding exposure to extreme temperatures and high humidity. Both excessive heat and severe cold can speed up chemical wear inside the battery and reduce its performance (Budiman et al., 2025). It’s best to keep the phone within its recommended temperature range whenever possible. Likewise, users should make sure that charging current and voltage stay within safe limits. Using only certified chargers and cables helps prevent unstable electricity flow, which can lead to overheating or even safety hazards (Balasingam et al., 2020). During charging, avoid heavy activities like gaming or streaming videos, since these generate extra internal heat and accelerate battery wear. Poor ventilation and leaving the phone plugged in long after it’s fully charged should also be avoided; both can cause heat buildup and voltage stress that shorten battery life. When storing a device for an extended period, the battery should be left partially charged, ideally between 30% and 70%, and kept in a cool, dry place. This helps prevent over-discharge and electrolyte damage. Users should also take care to avoid dropping or deforming their phones, as physical damage can cause internal short circuits. Finally, keeping the phone’s software up to date is important, since updates often include battery optimization features like adaptive or optimized charging that help the device manage power more efficiently and extend its overall lifespan.

METHODOLOGY 
Data Collection  
A set of temperature related data for this study comprises 675 instances and 15 attributes, 2 categorical and 13 numerical, collected through mobile applications installed on ten smartphones. These devices were chosen from different of smartphones but were randomly represented with alphabet A to J to protect their integrity. The applications and the physical quantities measured are presented in Table 1. Some quantities, like battery temperature, were measured by more than one application, and the values from different sources were compared to ensure consistency. There is no separate column for battery mode because Ampere indicates the charging and discharging modes by making the current value positive and negative, respectively. 

Table 1: Applications and the Measured Quantities
	









Application
	Device Model
	Battery Capacity (mAh) 
	Battery Status 
	Battery Level (%)
	Battery Voltage (mV)
	Battery Current (mA)
	Battery Temperature (oC)
	CPU Usage (%)
	CPU Temperature (oC) 
	Memory Usage (%)
	RAM Usage (%)
	Phone Usage
	Ambient Temperature (oC)
	Humidity (%) 
	Wind Speed (m/s)
	Battery Health 

	Ampere
	1
	1
	1
	1
	1
	1
	1
	
	
	
	
	
	
	
	
	1

	Phone Temperature
	1
	1
	1
	1
	
	1
	1
	
	
	
	
	
	
	
	
	1

	Battery Temperature
	
	
	1
	1
	1
	1
	1
	
	
	
	
	
	
	
	
	1

	Battery Monitor
	
	
	1
	1
	1
	
	1
	1
	1
	1
	
	1
	
	
	
	1

	CPU Monitor
	1
	
	1
	1
	1
	
	1
	
	
	
	1
	
	
	
	
	1

	CPU X
	
	1
	1
	1
	1
	1
	1
	
	
	
	
	1
	
	
	
	1

	AccuWeather
	
	
	
	
	
	
	
	
	
	
	
	
	1
	1
	1
	



Classification
The data classification was performed in Orange Datamining with an array of some models. A cross-validation technique, a resampling strategy was utilized along with Naïve Bayes (NB), Decision Tree (DT), Logistic Regression (LR), Gradient Boosting (GB), Support Vector Machine (SVM), Random Forest (RF), CN2 Rule Induction (CN2 RI), and k-Nearest Neighbor (kNN) models for the analysis. Figure 1 shows Orange Datamining classification workflow where multiple classification models were trained and evaluated on the datasets. The process begins with loading data from the data file, which is then provided as input to various classification models before it is cross evaluated. 

Figure 1: Orange Datamining Classification Workflow
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Cross Validation 
The most common form is the k-fold cross-validation method, where the dataset is split into k equal folds. The model is trained on k-1 folds and tested on the remaining fold. This process is repeated k times, with each fold used once for testing. In this study, k is equals 10.  This is a robust method in which the results are averaged to produce stable performance and generalization estimate (Djuazva et al., 2023).  

RESULTS
The model confusion matrix, device-level classification profile across health statuses and overall instances and accuracies across health statuses and models are presented in Tables 2, 3 and 4, respectively. 

Table 2: Model confusion matrix
	Predicted
	Actual 

	
	Model
	Target
	Poor
	Fair
	Good

	
	SVM
	Poor
	109
	108
	95

	
	
	Fair
	64
	55
	62

	
	
	Good
	70
	65
	47

	
	GB
	Poor
	93
	83
	92

	
	
	Fair
	83
	87
	67

	
	
	Good
	67
	58
	45

	
	RF
	Poor
	101
	85
	84

	
	
	Fair
	85
	80
	71

	
	
	Good
	59
	50
	50

	
	NB
	Poor
	101
	88
	83

	
	
	Fair
	75
	82
	66

	
	
	Good
	67
	58
	55

	
	CN2-RI
	Poor
	86
	84
	78

	
	
	Fair
	84
	80
	74

	
	
	Good
	73
	64
	52

	
	LR
	Poor
	126
	106
	96

	
	
	Fair
	76
	81
	71

	
	
	Good
	41
	41
	37

	
	Knn
	Poor
	115
	125
	104

	
	
	Fair
	82
	73
	70

	
	
	Good
	46
	30
	30

	
	DT
	Poor
	93
	87
	73

	
	
	Fair
	89
	81
	73

	
	
	Good
	64
	60
	58




Table 3: Device level classification profile
	Model
	Device
	 A
	B
	 C
	 D
	E
	 F
	 G
	 H
	 I
	 J
	Sum 
	Correct
	Misclassified

	SVM
	Good
	6
	3
	10
	1
	1
	7
	3
	9
	4
	3
	47
	211
	464

	
	Fair
	4
	5
	7
	9
	7
	4
	5
	4
	6
	4
	55
	
	

	
	Poor
	10
	12
	10
	12
	12
	14
	10
	9
	10
	10
	109
	
	

	GB
	Good
	2
	4
	9
	5
	2
	3
	2
	6
	3
	9
	45
	225
	450

	
	Fair
	9
	6
	9
	13
	9
	10
	7
	8
	6
	10
	87
	
	

	
	Poor
	9
	8
	6
	12
	9
	9
	4
	13
	12
	11
	93
	
	

	RF
	Good
	4
	4
	6
	2
	7
	8
	3
	3
	5
	8
	50
	231
	444

	
	Fair
	4
	4
	11
	11
	8
	6
	6
	8
	11
	11
	80
	
	

	
	Poor
	13
	11
	10
	10
	8
	9
	4
	12
	13
	11
	101
	
	

	NB
	Good
	7
	6
	6
	7
	5
	4
	5
	7
	5
	3
	55
	238
	437

	
	Fair
	9
	3
	6
	14
	8
	12
	8
	9
	8
	5
	82
	
	

	
	Poor
	10
	7
	8
	9
	13
	11
	5
	14
	11
	13
	101
	
	

	CN2-RI
	Good
	9
	2
	4
	3
	8
	5
	4
	5
	6
	6
	52
	218
	457

	
	Fair
	9
	6
	8
	12
	8
	6
	7
	9
	7
	8
	80
	
	

	
	Poor
	10
	7
	5
	8
	14
	7
	4
	8
	11
	12
	86
	
	

	LR
	Good
	5
	4
	7
	3
	4
	1
	1
	3
	6
	3
	37
	244
	431

	
	Fair
	9
	3
	7
	11
	6
	12
	6
	8
	9
	10
	81
	
	

	
	Poor
	12
	12
	14
	13
	16
	10
	11
	14
	9
	15
	126
	
	

	kNN
	Good
	2
	0
	2
	4
	5
	2
	3
	4
	3
	5
	30
	218
	457

	
	Fair
	11
	3
	5
	11
	9
	8
	7
	6
	7
	6
	73
	
	

	
	Poor
	11
	8
	15
	11
	12
	14
	9
	10
	8
	17
	115
	
	

	DT
	Good
	7
	4
	4
	2
	9
	6
	7
	7
	7
	5
	58
	232
	443

	
	Fair
	9
	2
	7
	15
	11
	9
	6
	9
	4
	9
	81
	
	

	
	Poor
	10
	10
	10
	10
	6
	7
	12
	11
	6
	11
	93
	
	



Table 4: Overall instances and accuracies across statuses and models
	Features 
	Instances 
	 Accuracy (%)

	Model
	Good
	Fair
	Poor
	Good
	Fair
	Poor

	SVM
	47
	55
	109
	12.50
	8.89
	13.23

	GB
	45
	87
	93
	11.97
	14.06
	11.29

	RF
	50
	80
	101
	13.30
	12.92
	12.26

	NB
	55
	82
	101
	14.63
	13.25
	12.26

	CN2
	52
	80
	86
	13.83
	12.92
	10.44

	LR
	39
	81
	126
	10.37
	13.09
	15.29

	kNN
	30
	73
	115
	7.98
	11.79
	13.96

	DT
	58
	81
	93
	15.43
	13.09
	11.29



Discussion of Results
The results show varied levels of performance across the eight models. All the models were able to identify poor, fair, and good battery health statuses to some extent, but their success rates varied depending on both the model and the data. The overall pattern revealed that poor and fair health statuses were more easily classified than the good category, which consistently records higher misclassification rates. From Table 2, the number of correctly identified instances for the poor category was higher across nearly all models than fair and good. This indicates that features associated with poor battery health were more distinct and easier for the models to recognize. In contrast, instances belonging to the good category were frequently confused with fair, suggesting a significant overlap between these two conditions. This challenge was evident in Gradient Boosting and kNN, which produced fewer correctly classified good cases. Logistic Regression and Decision Tree performed relatively better overall, displaying higher counts of correct predictions for both poor and fair statuses.
In Table 3, each model displayed the variation in how accurately it classified the health statuses of the ten devices’ battery. Devices such as E, H, and I generally yielded higher correctly classified instances across models, due to clearer feature patterns and better-defined data quality. For instance, across most models, devices E and I showed consistently higher correctly identified poor and fair statuses. However, devices A and C exhibited mixed results, with many models misclassifying their instances, particularly for good battery health. This variation indicates that device-specific behavior may influence classification, perhaps due to different charging cycles, usage patterns, or data characteristics.

Among the models, LR demonstrated relatively strong and stable performance across devices, with the highest number of correctly classified instances (244) and the lowest number of misclassifications (431). This suggests that the data had sufficiently linear relationships between features and target statuses, allowing LR to perform effectively. DT also showed good performance with 232 correctly classified instances, benefiting from its ability to handle nonlinear patterns and categorical splits. NB followed closely, performing reasonably well across all devices, which reflects its ability to handle noisy or moderately correlated data.
On the other hand, SVM, GB, CN2-RI, and kNN recorded more misclassifications. The SVM model correctly identified 211 cases but misclassified 464, implying that its decision boundary could not clearly separate the overlapping battery health classes. Similarly, kNN and CN2-RI had identical totals (218 correct, 457 misclassified), suggesting that local similarity measures and rule induction methods struggled with ambiguous feature regions. Although RF performed slightly better with 231 correct classifications but it did not surpass the simpler DT, indicating that the ensemble’s averaging effect did not substantially improve generalization for this dataset.

The most significant challenge across all models was distinguishing the good battery health category. Even the strongest models, LR, DT, and NB, had noticeably lower accuracy for this group. This difficulty likely stems from the fact that features representing good batteries overlap substantially with those of fair batteries, creating ambiguity during prediction. In contrast, the poor category stood out more clearly, as its characteristic degradation patterns, such as reduced capacity or increased temperature variance, were likely well-captured by the feature set. This consistent pattern across both tables suggests that the misclassification problem is more data-related than model-specific.

CONCLUSION AND RECOMMENDATION
The study’s results reveal that all models could identify some aspects of mobile battery health but their overall performance varied significantly. LR and DT emerged as the most reliable models across evaluation technique, models and device-level analyses, achieving the highest correct classifications and relatively fewer misclassifications. NB followed closely as a stable alternative. The consistently lower performance of models like SVM, GB, and kNN indicates that the relationships among the features were not highly complex or nonlinear, favoring simpler, interpretable models instead. 
This study demonstrates that mobile battery health status prediction is feasible using supervised machine learning but remains challenging, especially when distinguishing between fair and good batteries. Improving model accuracy will likely require additional feature refinement, better status balancing, or ensemble optimization. Nevertheless, the consistent patterns across models and devices affirm that the chosen features do contain meaningful information about battery condition, even if further enhancement is needed for more precise classification.
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