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Abstract An improved forest fire detection method based on YOLOvVS is proposed to solve the challenge of achieving high
real-time performance in forest fire detection. Building upon YOLOv8, the lightweight feature extraction network EfficientNet
is utilized to optimize the original YOLOv8 backbone network CSPDarknet53 to diminish computational requirements and
accelerate model convergence, thereby accelerating the fire detection speed. Additionally, the SENet attention mechanism
module is integrated to bolster the model’s accuracy in fire detection. The a-loU loss function is implemented to supplant
the CloU loss function from YOLOvS8's original loss function for calculating positioning loss. This function can adaptively
fine-tune the loU threshold to more effectively handle targets of varying sizes and shapes, while also enhancing the
model’s capability to detect small targets. The outcomes demonstrate that the proposed method achieves an average
accuracy of 87.2% at mA@0Q.5P, with a 17-frame increase in the frame rate per second (FPS) , significantly enhancing the
real-time capabilities of fire detection.
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Fig. 7 Comparison of mAP@0. 5 before and after model improvement
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Tab.3 Experimental result

FEA mAP@0.5/% Precision/%  Size/MB FPS
SSD 772 79.3 108.1 10.8
YOLOv5n 81.3 86.6 182 62.5
YOLOv7-tiny 83.6 88.3 123 83
YOLOvS JF T 86.8 91.2 8.5 278
SRN-YOLO 88.1 91.8 9.2 256
Ours 87.2 89.2 7.1 295
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Fig. 8 Forest fire detection map
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