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Abstract:

Battery life prediction has become a crucial component in the design and management of modern
electronic systems, particularly for mobile devices, electric vehicles, and 10T applications. With
the advent of data-driven modeling and machine learning, predictive maintenance and lifecycle
estimation have taken center stage in the domain of energy systems. This research explores the
effectiveness of Sparse Ridge Regression (SRR) in predicting battery lifespan by leveraging
high-dimensional feature sets and controlling overfitting through L2 regularization combined
with sparsity-inducing techniques. Unlike traditional ridge regression, SRR not only addresses
multicollinearity but also introduces feature selection capabilities, thereby enhancing model
interpretability and computational efficiency. We have employed real-world datasets from
lithium-ion battery usage scenarios under varying charge/discharge conditions. The study
includes preprocessing steps, feature engineering, model training, hyperparameter tuning, and
evaluation through multiple metrics such as RMSE, MAE, and R2 score. The experimental
results demonstrate the superior performance of SRR over baseline models, including linear
regression and LASSO, in terms of both accuracy and generalization. The findings highlight the
potential of SRR in real-time battery health monitoring systems and provide a foundation for
deploying predictive models in resource-constrained environments.
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I. Introduction

Battery technology has seen rapid evolution over the last few decades, driven by the increasing
demands of mobile computing, renewable energy storage, and electric mobility [1]. Accurate
battery life prediction is pivotal not only for end-user experience but also for safety and long-
term economic viability [2]. Traditional physics-based battery modeling techniques, while
accurate in certain contexts, suffer from high computational costs and complex parameterization.
With the availability of extensive operational data, data-driven approaches offer a scalable and
efficient alternative. Machine learning, in particular, has demonstrated promising results in
mapping the nonlinear degradation behavior of batteries [3]. Despite their advantages, many
machine learning models face challenges such as overfitting, lack of interpretability, and
difficulties in generalizing to unseen data. Ridge regression, a popular regularization technique,
addresses some of these issues by penalizing large coefficients, thus reducing model variance.
However, ridge regression tends to retain all features in the final model, limiting interpretability
and computational efficiency, especially in high-dimensional spaces. Sparse Ridge Regression
(SRR) emerges as a compelling alternative that combines the strengths of ridge regression with
sparsity constraints, enabling the model to discard irrelevant or redundant features during
training [4]. The motivation behind this research lies in identifying a method that maintains
predictive accuracy while also ensuring that the model remains lightweight and interpretable for
deployment in embedded systems. Sparse Ridge Regression offers a unique opportunity to
balance complexity and precision. This paper aims to evaluate the performance of SRR in
predicting the remaining useful life (RUL) of lithium-ion batteries using historical operational
data.

The core research questions include: how well SRR can capture degradation patterns, how
effectively it reduces feature dimensionality, and how it compares to other regression techniques.
We hypothesize that SRR, through its dual regularization strategy; will outperform standard
linear models and even popular L1-regularized models like LASSO in terms of generalization

error [5]. Furthermore, SRR's ability to handle multicollinearity—a common issue in time-series
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battery data—makes it particularly suitable for this application. To validate this hypothesis, we
conduct comprehensive experiments using benchmark datasets, perform statistical analyses on
the results, and discuss the practical implications of deploying such a model in real-world
systems. In summary, this paper contributes to the field by providing a detailed empirical
investigation of SRR for battery life prediction, identifying the conditions under which it excels,
and offering guidelines for practitioners interested in deploying data-driven prognostic tools for
battery systems [6]. The rest of the paper is organized into methodology, experimental setup,

results, and conclusion.
Il. Methodology

The foundation of our approach lies in Sparse Ridge Regression, a hybrid regression technique
that introduces both L2 regularization and sparsity constraints to control model complexity while
enhancing interpretability. The standard ridge regression objective function is modified by
incorporating a sparsity-inducing penalty, such as an adaptive thresholding mechanism or LO/L1
proxies. This enables the regression model to not only shrink coefficients but also drive some of
them exactly to zero, thereby achieving variable selection during the learning process. The
dataset utilized in this study includes time-series information collected from lithium-ion battery
cells subjected to various charge and discharge cycles [7]. Each data point captures features like
temperature, voltage, current, internal resistance, and cycle number. Preprocessing involves
handling missing values, normalizing the data, and transforming non-linear trends using
logarithmic and exponential scaling where appropriate. We also apply Principal Component
Analysis (PCA) for initial dimensionality reduction before applying SRR to further select the
most predictive features [8].
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Battery Degradation Over Charge/Discharge Cycles
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Figure 1: illustrate the typical degradation pattern of a battery over several charge/discharge cycles.

To train the SRR model, we split the dataset into training, validation, and testing subsets,
maintaining temporal order to avoid data leakage [9]. Hyperparameter tuning is performed using
grid search with cross-validation on the training data. The key parameters include the
regularization strength (A) and sparsity threshold (t). For model optimization, we employ a

coordinate descent algorithm modified to accommodate the sparsity constraint, ensuring
convergence and computational efficiency [10].
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Learning Curve for Sparse Ridge Regression
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Figure 2: show the learning curve of the Sparse Ridge Regression model during training

Feature importance is analyzed post-training to understand which attributes contribute most
significantly to the battery degradation model [11]. We observe that features related to
temperature variance, charge throughput, and cumulative cycles are frequently retained across
different training scenarios. This insight is valuable for domain experts and system designers
who aim to integrate sensor data into real-time monitoring solutions [12]. Model evaluation is
performed using root mean squared error (RMSE), mean absolute error (MAE), and coefficient
of determination (R? score). These metrics provide a comprehensive view of the model’s
prediction quality. Additionally, we assess model robustness by testing on unseen battery profiles
collected under different operating conditions. The results from these evaluations form the basis

for comparative analysis in the results section [13].

I11. Experimental Setup
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For empirical evaluation, we used the NASA Ames Prognostics Center of Excellence battery
datasets, which are widely recognized benchmarks for battery health modeling [14]. The datasets
contain full charge-discharge cycles of multiple lithium-ion cells under controlled laboratory
conditions. Each battery cell has a different degradation pattern depending on its load profile,
ambient temperature, and charging protocol, making the dataset rich and diverse for training
predictive models. The experimental setup includes feature extraction from raw sensor logs,
followed by segmentation into fixed-length windows representing individual cycles. For each
cycle, we extract statistical metrics such as average voltage, peak current, temperature variance,
and internal resistance delta [15]. These cycle-level features are then compiled into a structured
dataset for regression modeling. Additionally, we derive temporal features capturing degradation
trends over time, such as the rate of change in capacity. The hardware used for training includes
a workstation with an Intel Xeon CPU, 64 GB RAM, and NVIDIA RTX 3090 GPU. While SRR
does not require GPU acceleration due to its linear nature, the hardware environment ensures fast
training and iteration [16]. All experiments are conducted using Python libraries such as Scikit-
learn, NumPy, and custom implementations of SRR optimized for sparse matrix operations. To
ensure reproducibility, we fix the random seeds for data splitting and model initialization. Each
experiment is run ten times with different cross-validation splits, and the average performance
metrics are reported [17]. For benchmarking, we compare SRR against traditional linear
regression, ridge regression, LASSO, and ElasticNet. Each baseline model is tuned with its own

set of hyperparameters using the same cross-validation procedure [18].

Data visualization plays a crucial role in interpreting model behavior. We employ plots such as
learning curves, residual plots, and feature coefficient heatmaps to analyze how the models learn
from data and generalize to unseen samples [19]. These visualizations are especially helpful in
identifying overfitting or underfitting issues and understanding the sparsity pattern enforced by
the SRR model. One of the experiments also includes a stress test where battery profiles with
missing cycles and sensor noise are used to evaluate the robustness of the models [20]. The SRR

model consistently demonstrates better resilience to noise and missing data due to its inherent
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regularization mechanism, confirming its suitability for real-world deployment scenarios where

data integrity cannot always be guaranteed [21].

IV. Results and Discussion

The results of our experiments indicate that Sparse Ridge Regression consistently outperforms
other regression models in predicting battery remaining useful life (RUL) across various metrics
[22]. On average, SRR achieves an RMSE of 0.85, compared to 1.12 for standard ridge
regression, 1.05 for LASSO, and 1.08 for Elastic Net. The improvement is more pronounced on

noisy and incomplete datasets, where SRR's dual regularization proves especially effective [23].

Model Performance Comparison (RMSE)

1.0

0.8 1

0.6

RMSE

0.4

0.2

0.0 - T T
Sparse Ridge Regression Ridge Regression LASSO ElasticMet

Model

Figure 3: compare the performance of SRR with other baseline models (like Ridge Regression, LASSO, etc.)

One of the most notable outcomes is the sparsity level achieved by SRR without significant loss
in accuracy. On average, the model retained only 30% of the original features, substantially
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reducing the complexity of the prediction pipeline [24]. This sparse feature set is particularly
beneficial for embedded systems with limited computational resources, where model size and
inference speed are critical factors. Feature importance analysis reveals that battery temperature
variance, cumulative charge throughput, and discharge voltage drop are among the most
influential predictors of RUL. This aligns well with electrochemical degradation theory and
provides empirical support for the model's interpretability [25]. In contrast, models like ridge
regression and ElasticNet retain many irrelevant features, making them harder to analyze and

potentially prone to overfitting [26].

Residual analysis further validates the effectiveness of SRR. Residual plots show minimal
patterning, indicating that the model captures most of the structure in the data without systematic
bias [27]. In contrast, LASSO often exhibits residual clustering, a sign of underfitting caused by
excessive penalization of coefficients [28]. This finding underscores the balanced nature of
SRR's penalty function, which avoids the extremes of L1 or L2 regularization alone.
Generalization performance on unseen battery profiles confirms the robustness of SRR. The
model maintains high R? values even when tested on cells with different charging conditions,
highlighting its adaptability [29]. This suggests that SRR-based models can be trained once and
deployed across multiple battery management systems with minimal retraining, reducing

operational costs and complexity [30].

V. Conclusion

In conclusion, Sparse Ridge Regression proves to be a robust and efficient technique for battery
life prediction, offering a balanced trade-off between model accuracy, computational simplicity,
and interpretability. By effectively addressing multicollinearity and incorporating feature
selection, SRR enables precise prediction of battery remaining useful life (RUL) even in high-
dimensional and noisy datasets. The model’s ability to retain only the most informative features
not only reduces complexity but also facilitates real-time deployment in embedded systems.
Experimental results validate its superior performance over conventional regression models,

making it a compelling choice for predictive maintenance in energy storage applications. As
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battery technologies and usage scenarios become increasingly complex, SRR stands out as a

scalable and insightful tool for enhancing battery management systems across diverse industries.
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