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Against this backdrop, the prediction of the Li-ion battery"s remaining useful life (RUL) has emerged as a
focal point of research and development. Accurate RUL prediction plays an indispensable role in mitigating
risks, ensuring reliability, and enhancing the overall performance of devices and systems powered by Li-ion
batteries. It enables timely maintenance, replacement, and optimization of battery assets while minimizing
disruptions and safety concerns. Consequently, the need for precise RUL prediction methodologies has
become more pronounced in recent years.

Furthermore, this research aligns with the broader industry objective of enhancing battery management
strategies, which is essential for a sustainable future. As the demand for electric vehicles and renewable
energy solutions continues to grow, the ability to accurately predict and optimize Li-ion battery performance
becomes paramount. This work contributes to this pursuit by providing advanced methodologies for RUL
prediction that have the potential to enhance battery safety, reduce maintenance costs, and improve overall
system efficiency. This study meets the following objectives.

Addressing an existing problem This study identifies and addresses a crucial challenge in Li-ion battery
technology, focusing on the accurate prediction of RUL, a vital aspect for maintenance and performance
optimization.

Proposed predictive model Introducing an innovative deep learning-driven enhanced predictive model, this
paper offers a significant contribution to the field of RUL prediction. By harnessing the combined power of
autoencoders and LSTM layers, the model showcases remarkable advancements in accuracy and efficiency
compared to traditional methods. This novel approach promises to revolutionize RUL prediction techniques,
offering a tantalizing glimpse into the future of battery management systems.

Comprehensive evaluation The study rigorously evaluates the proposed model, presenting significant results
such as reduced mean squared error (MSE), mean absolute error (MAE), and root mean squared error
(RMSE), aong with high R-squared values. These findings validate the precision and effectiveness of the
proposed approach.

In summary, this research leverages advanced deep learning to overcome existing RUL prediction challenges,

delivering a more accurate and adaptive approach. "Introduction” section outlines the study"s context and
goals. "Related work™ section reviews related work, positioning the research. "Methodology" section details
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the methodology and predictive model. "Experimental results' section presents results and their analysis.
Finally, "Conclusion and future work™ section concludes with key contributions and future research directions.

The study7 developed a technique for estimating the RUL and state-of-health (SOH) of batteries. The
researchers constructed a battery SOH model using support vector regression and calculated impedance decay
parameters with a particle filter. Their method required manual feature extraction, which can be error-prone
and difficult to generalize. The current study addresses this gap by automating feature extraction using LSTM
autoencoders, providing a more scalable and reliable solution for diverse battery datasets.

Similarly, Ref.8 proposed an innovative combined auto-encoder-deep neural network (ADNN) approach for
estimating the RUL of multiple Li-ion batteries. Their auto-encoder served as a feature extractor, producing a
predefined feature set. However, this predefined nature limits its flexibility across different battery types. In
the proposed approach, we leverage dynamic feature extraction using LSTM layers, which adapt to
battery-specific degradation patterns, resulting in a more flexible and accurate RUL prediction model.

The authors in Ref.9 employed LSTM recurrent neural networks (RNNSs) for long-term dependencies in
battery data, combined with RMSprop for efficient training and Monte Carlo simulation for uncertainty
management. Despite its effectiveness, this method does not leverage hybrid architectures for feature
extraction, which limits its predictive power. The current study improves upon this by integrating LSTM
autoencoders with hybrid architectures, enhancing both feature extraction and uncertainty estimation in RUL
prediction.

In Ref.10, the PA-LSTM method was introduced, combining LSTMs with particle swarm optimization (PSO)
and CEEMDAN for denoising raw data. While this approach effectively improves prediction accuracy, its
computational complexity is a limitation for real-time applications. We simply the architecture by eliminating
the need for CEEMDAN, while maintaining high accuracy through dynamic learning rate adjustments and
optimized LSTM layers.

Additionally, Ref.11 introduced a data-driven approach that combined EMD, LSTM, and GPR models for
RUL prediction. Their method effectively captured strong non-linear trends, but its reliance on fixed
parameters for the LSTM model could limit its generalization to different battery types. In the current
research, we introduce adaptive LSTM layers that automatically adjust to different datasets, allowing for better
generalization and improved accuracy in RUL prediction across varied battery chemistries.
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