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Improvement of Infrared Smoldering Fire Detection
Algorithm Based on YOLOV7
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(School of Electrical and Control Engineering, Shaanxi University of Science and Technology, Xi’an 710021, China)

Abstract: Insufficient dataset types and incomplete coverage of datasets in time dimension are not considered in
the current machine vision-based fire detection algorithms. To address the difficulty in achieving the early warning
of fires, the paper proposes a method based on improved YOLOvV7 for detecting infrared smoldering fires. The
algorithm uses the EfficientFormerV2 model to replace the CSPDarknet53 backbone network, thus improving the
model’s capability in terms of low latency, low parameter count, and easy deployment. Meanwhile, the predic-
tion network uses the CARAFE lightweight up sampling module to replace the UP module in the original model,

expanding the model’s receptive field of the features and improving the model’s representation capabilities of smol-
dering fire features. The approach achieves 92.9% mAP on the self-constructed smoldering fire dataset and 99.6%
mAP for smoldering fire, which is 14.4% higher than the mAP of YOLOvV7 and 4.6% higher than the accuracy of
the convolutional neural network algorithm based on hand-extracted features. The findings of the study will bring

new ideas for the early warning of smoldering fires.
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Tab.l Experimental equipment and sample parameters
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Fig.6 Part of an infrared image sample
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Tab.3 Comparison table of ablation experiments
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Tab.4 Comparison of detection effects of different algo-
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Fig.9 Comparison chart of detection of various categories
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