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Abstract; In order to solve the problems of complex structure, large scale and difficulty in balancing
detection accuracy and efficiency of the current forest fire detection algorithm based on deep learning, a

lightweight forest fire detection algorithm based on YOLOvSs was proposed. Firstly, an optimized
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background difference technique was used to eliminate the interference of fire-like objects in the
background image, thus reducing the time required for image analysis. Secondly, a group blending
strategy was designed to optimize the conventional convolution, and an efficient channel attention (ECA)
mechanism and depthwise separable convolution were incorporated into the C3 module of feature
extraction, which enhanced the ability of image feature extraction and fusion and at the same time
effectively reduces the number of model parameters. Then, a dynamic non-monotonic focusing mechanism
was used to optimize the WIOU loss function, reducing the harmful gradients generated by low-quality
samples. Finally, sufficient experimental comparisons between the proposed algorithm and other algorithms
on the constructed forest fire dataset. The results show that the proposed algorithm shows good
generalization in various scenarios, and the detection accuracy of the flame target can reach 86. 1% , which

is 2. 7% higher than that of the standard YOLOvSs, and the detection speed is increased by 11. 4% , which

effectively reduces the fire false alarm rate and enhances the detection performance of the model.
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Table 3 Detection results of different algorithms

B ARAY P R FPR FNR m BRI/ MB | A P /ms
Faster-RCNN 0. 794 0.748 0. 194 0.252 0. 812 209. 3 52.5
SSD 0.787 0.743 0.201 0.257 0. 804 180. 3 60.7
YOLOv4-tiny 0.785 0.739 0.202 0.261 0.811 27.3 8. 4
YOLOv5s 0.798 0.745 0.189 0.255 0. 834 14.3 9.9
YOLOvS5s+/]NiE AR 0. 803 0. 748 0.184 0.252 0. 843 22.5 12. 4
YOLOv5s+CIOU 0. 814 0. 842 0.192 0.158 0. 846 20.2 11.7
AR 0. 826 0. 857 0. 181 0. 143 0. 861 9.2 4.6
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