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Abstract: Early internal short circuit (ISC) signals in Li-ion batteries are easily masked by
dynamic loads and environmental noise, which subjects traditional fixed-threshold methods to
severe "alarm fatigue" and missed detections under complex conditions. To address these
challenges, this study designed and validated an early warning framework fusing wavelet
feature enhancement, a multi-scale temporal convolutional network (MS-TCN), and adaptive
thresholding. First, the multidimensional physical characteristics during ISC evolution were
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analyzed. A feature engineering approach enhanced with physical information enhancement
was constructed to address unobvious initial voltage drops. Specifically, the Daubechies 4
wavelet base, characterized by a second-order vanishing moment and good smoothness, was
selected to perform a three-level discrete wavelet decomposition on the voltage signals.
Extracting the high-frequency detail energy and coupling it with surface-temperature trends
significantly improved the signal-to-noise ratio of weak fault features under intense
background noise. Second, an MS-TCN architecture based on exponentially increasing
dilated causal convolutions was developed. This model, leveraging its linear computational
complexity and extensive receptive field, was employed instead of traditional long short-term
memory networks to simultaneously capture transient voltage mutations (seconds scale) and
thermal-accumulation trends (minutes scale), establishing a high-precision baseline for normal
battery behavior. Furthermore, an adaptive decision strategy based on exponentially weighted
moving averages was proposed. By dynamically adjusting alarm boundaries based on the
real-time statistical properties of prediction residuals (sensitivity coefficient = 3), this strategy
achieved continuous anomaly determination without relying on fixed thresholds. Experimental
results on the European Commission Joint Research Centre dataset demonstrate that the
proposed method achieved an F1-score of 0.9784 on pouch cells, providing an average
warning lead time of approximately 29 s. Compared with transformer and convolutional neural
network models, the F1-scores were improved by 8.68% and 9.15%, respectively, while
exhibiting higher computational efficiency. Crucially, in cross-package transfer scenarios (from
pouch to cylindrical cells) comprising limited samples, the method maintained an F1-score of
0.9554 and a zero-false-alarm rate. In conclusion, this method eliminated the dependency on
current sensors and effectively resolved the trade-off between false alarms and missed
detections across wide temperature ranges, providing a highly robust solution for safety
monitoring in electric vehicles and energy storage stations.

Keywords: thermal runaway early warning; early anomaly detection; multi-scale temporal

convolutional network (MS-TCN); wavelet transform; adaptive EWMA threshold
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Fig. 2 Architecture of the multi-scale temporal convolutional network
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Table 1 Performance of the proposed approach

across various battery types

EVE/TE S Precision Recall F1-score  Lead time/s
Test3 1.000 0.9146 0.9554 12.96
Test4 1.000 0.9578 0.9784 29.84
Testd 1.000 0.9335 0.9656 29.63

N T BRI AR RS LT T R
L, AT L Tests MR REAT T 41 FE AT
AT BT, W 4 s

aF : P -1400
— Voltag K4
% 3F--Temp. | 300 ©
2l |/ H200 &
S " :
L ; 4100
olp=====-1 - 1 L 0
(@) FaHE S RERES
45000
© 30000
§
15000

0

Time/s
(b) TRINFRZE S 1 35 5 R o 22
4 Tests ALIZMELIZAIIM
Fig. 4 Visualization of the thermal runaway early
warning process for Test 5
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Table 2 Comparative experimental results

S Recall F1-score Lead time/s
Exp1-nowav 0.7975 0.8871 29.63
Exp2-fixed 0.9065 0.9510 21.74
Transformer 0.8044 0.8916 29.95
CNN 0.7970 0.8869 29.63
LSTM 0.8019 0.8900 29.52
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Fig. 5 Performance comparison of different models
and ablation studies
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Table 3 Results of EWMA parameter sensitivity

analysis
EWMA-k Recall F1-score Lead time/s
3.0 0.9335 0.9656 29.63
4.0 0.7916 0.8837 29.63
5.0 0.0013 0.0027 29.52
6.0 0.0002 0.0004 25.77
8.0 0.0000 0.0001 25.77
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