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Research on real-time multi-target detection of forest fire based on FFR-YOLO
Jiahui Luo
Dalian National University
[Abstract] This study proposes the FFR—=YOLO model to address the issues of accuracy and real—time
performance in forest fire detection in complex terrains. By using a structured anchor—free module and a
dynamic non—maximum suppression algorithm, the computational load is significantly reduced, and the
processing delay of non—maximum suppression is shortened. The non—centralized local receptive field and
stepwise downsampling strategy enhance the ability to capture multi—scale flame features. The improved AF
module (including the encoder and Fusion structure) improves the cross—scale feature fusion effect. Experiments
show that the mAP@0.5 of FFR—YOLO reaches 97.4%, which is 5.7% higher than that of YOLOvVS, while

maintaining a real—time performance of 131 FPS. This research provides an efficient solution for real—time

forest fire detection in complex environments, with both ecological protection and social economic value.
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Dataset Model Precision (%) Recall (%) mAP@0. 5 (%)
YOLOv4 73.2 60.0 66.9
Faster R—CNN \ \ 75.7
L YOLOv5 87.4 85.4 95.4
mié;gﬁ YOLOVT 915 83.6 911
YOLOv8 92.2 86.5 91.7
YOLOv11 90.5 81.5 91.4
Ours 97.8 95.3 97.4
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NO. Mode mAP@0. 5 (%) mAP@0. 5: 0. 95 (%) FPS (fps)
1 YOLOv8 91.7 63.4 106. 7
2 YOLOv8+S-HG 83.4 57.9 99.9
3 YOLOv8+S-HG+AF 92.5 67.5 115.3
4 YOLOv8+S—-HG+AF+Hello 97.4 80.4 131. 2
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