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Abstract It is difficult for general flame detection methods to adapt to complex scenes,so the detection rates is low.
This paper proposed a deep learning flame detection method based on an improved YOLOv2 network to extract the
flame features automatically. In order to avoid the information loss in the feature extraction process,the selected anchor
box by clustering is suggested and multi-scale feature fusion method is used to fuse high-level and shallow feature infor-

mation, to further improve the detection rate of the model. Experimental results on the Bilkent University flame video

dataset show that the average true inspection rate of the proposed method is 98. 8%, and the detection rate is 40

frames/s,so its robustness and real-time performance are strong.
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Table 1 Performance of detection framework
Faster Faster
Frame Fast . . SSD  SSD YOLOv2
. R-CNN R-CNN  YOLO
Work  R-CNN . 300 500 416 X416
VGG-16  ResNet
mAP 70.0 73.2 76.4 63.4 74.3 76.8 76.8
FPS 0.5 7 5 45 46 19 67
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Table 2 Dataset description

Ttem FireData VisiFire Total
Pictures 5624 2090 7714
Objects 10920 3130 14050
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Table 3 Comparison of anchor box generation

Box Generation k AvglOU
YOLOv2 5 0.63
Proposed 5 0.71
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Fig. 3 Comparison of model performance
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Table 4 Detection results on flame videos

. . xwkl[5]  xwl[9] >x#[12] X #[13] A X
5 Bt H

TP FP TP FP TP FP TP FP TP FP
Videol 200 89.5 10.5100.0 0.0 98.0 2.0 96.0 4.0 98.5 1.5
Video?2 216 90.3 9.7 99.1 0.9 97.7 0.9 95.8 4.2 98.6 1.4
Video3 439 90.9 9.1 97.5 2.5 92.7 7.3 90.7 9.3 99.3 0.7
Videod 170 87.6 12.4100.0 0.0 97.1 2.9 94.7 5.3 98.2 1.8
Video5 595 91.8 8.2 99.3 0.7 94.3 5.7 93.0 7.0 99.0 1.0
Video6 470 91.3 8.7 96.4 3.6 93.6 6.4 92.1 7.9 98.9 1.1
T 348.3 90.2 9.8 98.7 1.3 98.0 2.0 93.7 6.3 98.8 1.2
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Table 5 Detection results on non-flame videos

. e Xk[s] sewk[9]  xxm[12]  xtak[13] A X
LR EoWa — - - ~ - —

TP FP TP FP TP FP TP FP TP FP
Video? 144 82.6 17.4 97.9 2.1 94.4 5.6 93.1 6.9 98.6 1.4
Video8 120 83.3 16.7 97.5 2.5 96.6 3.4 94.2 5.8 98.3 1.7
Video9 228  88.6 11.4100.0 0.0 97.8 2.2 96.9 3.1 100.0 0.0
FHE 164  84.8 15.2 98.5 1.5 96.3 3.7 94.7 5.3 99.0 1.0
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