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Abstract: To address the issue of low temperature prediction accuracy in lithium-ion batteries
under mechanical abuse scenarios caused by single-modal modeling, simplistic fusion strategies,
and insufficient physical constraints, a maximum temperature prediction method based on
multimodal neural networks is proposed. First, 18650-type lithium-ion batteries with a capacity
of 1 200 mA « h were selected, and mechanical compression experiments were conducted within a
state of charge (SOC) range of 10% to 90%. Multi-source data including thermal images, SOC,
voltage, load, and deformation were collected to construct a multimodal dataset comprising over
200 sample groups. Subsequently, multiscale convolutional modules, attention mechanisms, and
bidirectional long short-term memory (Bi-LSTM) networks were used to extract spatiotemporal

features from thermal images, while one-dimensional convolutional neural networks combined
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with Bi-LSTM were employed to extract electrochemical and mechanical spatial-temporal features.

Cross-modal adaptive feature fusion was achieved through a transformer fusion mechanism.

Finally, a physics-informed loss function incorporating temperature change rate constraints was

introduced to improve prediction rationality and robustness. The results show that the multimodal neural

network model achieves coefficients of determination of 0. 972 to 0. 990 for short-term predictions

(1—3 steps) and remains stable above 0. 900 for medium-to long-term predictions (6—15 steps).

The model enables effective multi-step temperature prediction under mechanical abuse conditions

and demonstrates significant accuracy advantages and good adaptability across different SOC levels

and prediction horizons, providing technical support for multi-level early warning and safety management

of lithium-ion battery thermal runaway.
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Fig. 1 Test device of battery mechanical abuse
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Fig. 2 Variation of load. voltage and battery surface

temperature under different indenter radii
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Fig. 3 Comparison of load under different SOCs and indenter radii
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Fig. 4 Comparison of voltage under different SOCs and indenter radii
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Fig. 6 Structure of the image encoder module
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Fig. 8 Comparison of temperature prediction results for different prediction steps when SOC is 30 %
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Table 2 Error evaluation metrics under different prediction

steps

B

. Ewae/C Emse/C Eruse/C R?
1 1.79 34.76 5. 89 0. 990
3 2.35 112. 68 10. 61 0.972
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