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Table | Meta-Transformer encoder hyperparameter comparison

Experiment Layer Head Hidden D MLP Accuracy/% Inference time/s

1 1 2 32 16 85.72 0.015
2 2 4 32 16 94.86 0.021
3 2 4 64 32 95.25 0.023
4 3 4 64 32 94.42 0.028
5 2 8 64 32 95.83 0.035
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Table 2  Early warning result indicators

Accuracy/% Precision/% Recall/% F1-Score/% FAR/% MDR/%

97.73 98.58 98.58 98.58 5.68 1.42
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Table 3 Early warning effects based on different single-class
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Model Accuracy/% FAR/% MDR/%
OCSVM(Linear) 97.73 5.68 1.42
OCSVM(RBF) 95.92 12.50 3.12
SVDD(Linear) 97.05 7.39 1.84
Isolation forest 96.37 9.09 227
Autoencoder 95.92 10.28 1.42
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Table 4 Performance based on different meta-learning models

Model Accuracy/%  Memory/MB  Inference time/s
Meta-Transformer 96.17 0.161 0.023
ProtoNet 89.58 0.019 0.013
Relation Networks 85.00 0.021 0.016
DAE-LSTM 93.92 0.013 0.058
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Combustion Early Warning and Classification Method Based on
Multi-Sensor Fusion and Few-Shot Learning

ZHAN Lang', GUO Kunlun', GU Haixin**, WANG Haiwei’, GU Zhen', WANG Huifeng!

(1. School of Information Science and Engineering, East China University of Science and Technology, Shanghai
200237, China; 2. Shanghai Fire Research Institute, Ministry of Emergency Management, Shanghai 200032, China;
3. Key Laboratory of Fire Detection and Early Warning Technology, Shanghai Emergency
Management Bureau, Shanghai 200032, China)

Abstract: With the advancement of gas sensing technology, fire early-warning instruments integrating multiple
gas sensors exhibit significant application potential in the early detection of combustion, offering a promising approach
for fire prevention and rapid intervention. However, multi-sensor systems generate large volumes of heterogenecous
data, posing challenges for data processing and fusion. To address the issues of delayed abnormal feature capture and
the difficulty of timely classification of combustion scenarios in the early stages of fire incidents, this study proposes an
early-warning and classification strategy that integrates the One-Class Support Vector Machine (OCSVM) with a Few-
Shot Learning (FSL) framework. This strategy is designed for early combustion warning and scenario recognition. By
incorporating a sliding-window data processing method with the OCSVM model, the proposed approach enables early
anomaly detection and real-time alarm triggering. Furthermore, leveraging the Meta-Transformer model within a meta-
learning framework, the method achieves precise classification of four combustion scenarios. A prototype network
module is introduced to enhance the model’s ability to recognize unseen scenarios under few-shot learning conditions.
Experimental results demonstrate that the proposed method effectively captures abnormal features within the first five
minutes of combustion, achieving an early-warning accuracy of 97.73%. Following the warning phase, the recognition
accuracy for seen and unseen combustion scenarios reaches 97.33% and 94.50%, respectively. Additionally, in a rapid-
response validation, the average recognition accuracy for seen and unseen combustion scenarios within the first ten
minutes reaches 94.21% and 95.42%, respectively. This study provides a novel approach for the development of multi-
sensor fire early-warning instruments tailored for early combustion detection and recognition. Furthermore, it holds
potential for supporting the advancement of intelligent fire emergency management systems.

Key words: burning scene; OCSVM; few-shot learning; prototype network; artificial intelligence
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