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Abstract: Lithium-ion batteries feature diverse models, significant variations in aging degrees
over their service life, and operation under complex, variable working conditions, including
dynamic charge-discharge rates, ambient temperature fluctuations, and mechanical
vibrations. These factors collectively endow the thermal runaway process with strong
uncertainty. Traditional early warning methods, relying primarily on fixed threshold judgment
and simple empirical analysis, struggle to adapt to such diversity and complexity. As a result,
they suffer from inherent limitations: high false alarm rates, potential missed alarms, and
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inadequate timeliness, failing to capture the subtle early precursor signals of thermal runaway.
In contrast, deep learning methods boast strong nonlinear fitting and autonomous feature
mining capabilities, enabling them to deeply explore the complex reaction
mechanisms of thermal runaway and implicitly capture the dynamic evolution of characteristic
parameters throughout its initiation and propagation. This breaks through the bottlenecks of
conventional monitoring approaches, offering an effective technical solution for high-precision,
advance early warning of lithium-ion battery thermal runaway. This paper conducts a
systematic review centered on the theme of "Research Progress on Deep Learning-Based
Thermal Runaway Early Warning Technology for Lithium-lon Batteries". Firstly, it
systematically sorts out the core early warning characteristics of thermal runaway, mainstream
data preprocessing methods (including cleaning, denoising, normalization, and dataset
partitioning), and the structural features and application scenarios of typical deep learning
models. Secondly, it elaborates on the application progress of deep learning algorithms in
predicting key thermal runaway parameters (e.g., voltage, temperature, gas concentration,
state of charge, and state of health), and analyzes the current research status of fusion
frameworks integrating deep learning with physical constraints and multi-physics field coupling
models, addressing the lack of physical interpretability in pure data-driven models.
Subsequently, it summarizes the practical implementation paths of multi-level early warning
strategies (aligned with thermal runaway's staged evolution) and multi-source feature fusion
technologies that integrate electrical, thermal, gas, and mechanical monitoring data. Finally,
the paper systematically discusses core challenges hindering the technology's development
and engineering application: the scarcity of real thermal runaway fault data, insufficient
interpretability of black-box deep learning models, and difficulties in lightweight deployment on
embedded hardware with limited computing power. Corresponding future research priorities
and improvement directions are also proposed. Research findings indicate that deep learning
effectively mitigates the high false alarm rates and poor timeliness of traditional methods,
significantly enhancing the accuracy and timeliness of thermal runaway early warning. This
paper provides theoretical references for understanding the mechanism of deep learning in
this field, supports its engineering application in lithium-ion battery safety management
systems, and contributes to optimizing the full-lifecycle safety assurance system for lithium-ion
batteries.

Keywords: Lithium-ion Battery; Thermal Runaway; Deep Learning; Warning; Joint Decision-

Making
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