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Abstract ;: Usually the static or dynamic characteristics of the flame is extracted for flame detection. But the traditional
characteristics can not fully describe the characteristics of flame, which leads to the reduction of recognition accuracy. To
solve this problem,a flame detection based on Faster R-CNN model is proposed in this paper. First,the candidate region
of the flame is extracted by RPN. Then the convolution and pool operation of candidate regions are performed to extract
the flame characteristics. Finally, Fast R-CNN is used to identify the flame. The experimental results show that the
method can automatically extract the flame characteristics, effectively improve the accuracy of flame recognition in the
complex background,and have good generalization ability and robustness.
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Fig. 1 Structure diagram of Faster R-CNN model
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Fig. 2 Structure diagram of RPN
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Fig. 3 Video examples and detection results
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Table 2 Detection results on fire videos

00 N AN R W=

P B TPR/ % FNR/%
MU RITEC KOEMTEL SCER[12] 0 SCER[ 18] ScEk[14]  AcER: ScER[12] 0 SCER[13] 0 SCER[14] AScENE
1 428 428 92.5 90.7 93.0 97.5 7.5 9.3 7.0 25
2 249 249 90.4 77.9 89.2 95.8 9.6 22.1 10.8 4.2
3 235 235 95.7 94.7 86.8 96.7 4.3 5.3 13.2 3.3
4 697 697 87.9 90.5 90.4 95.8 12.1 9.5 9.6 4.2
5 234 234 91.0 95.7 88.9 99.0 9.0 43 11.1 1.0
6 1 190 1 190 88.6 90.6 98.8 94.9 11.4 9.4 1.2 5.1
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Table 3 Detection results on non-fire videos

P B TPR/ % FNR/%
A RWiEC JoEmiE SCER[ 121 ScEk[13] Scmk[14]  ASCER Seek[12]  SCER[13] 0 SCEk[14] ASCEE
7 144 0 95.1 93.3 82.6 98.3 4.9 6.7 17.4 1.7
8 149 0 94.0 83.6 83.9 97.4 6.0 16.4 16.1 2.6
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