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Abstract

to be interfered by the external environment
problem

The flame pattern is artificially designed by most of the traditional flame detection methods based on

Jiangsu 214122, China
physical signal of the flame, and is identified according to the pattern recognition method. These methods are easy
reducing the false alarm rate

Because the generalization of artificially designed flame feature is not
network, and the flame position is determined by R-FCN, and it is secondary classified by ResNet for further
University.
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strong, the recognition accuracy will reduce when the flame shape or scene changes violently. To solve this
°l The proposed method, which eliminates the feature extraction process of the
traditional flame, realizes end-to-end automatic acquisition of flame characteristics and performs corresponding

a method of deep learning for detecting the flame based on the regional full convolution network (R-FCN)
with the residual network (ResNet) is proposed. The feature is extracted automatically by the feature extraction
detection processes
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An average recognition accuracy reaches to 98.25% in the flame video data set of Bilkent
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Fig. 1 Flame detection algorithm model diagram
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Table 1 Training data description
Label Number of pictures Target number
Likefire 953 1000
Fire 7396 9790
Total 7861 10790
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Fig. 2 Video schematic. (a) Video 1; (b) video 2; (c) video 3; (d) video 4; (e) video 5; (f) video 6
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Table 2 Detection results of flame video

Video Total The Ref. [14] Ref. [15] Ref. [16] R-FCN R-FCN+ ResNet
Frame  Flame TP /% FP/% TP /% FP/% TP /% FP/% TP /% FP/% TP /% FP/%
1 200 171 85.5 14.5 91.0 9.0 93.5 6.5 100 0 99.60 0.4
2 216 164 75.9 24.1 91.2 8.8 91.2 8.8 100 0 100 0
3 439 420 95.7 4.3 96.1 3.9 88.6  11.4 93.40 6.6 93.40 6.6
4 170 148 87.1 12.9 76.5  23.5 91.2 8.8 100 0 100 0
Mean  256.25  225.75  86.05  13.95 88.7  11.3 91.13  8.87  98.35  1.65  98.25 1.75
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Table 3 Detection results of non-flame video

Video Total The Ref. [14] Ref. [15] Ref. [16] R-FCN R-FCN+ ResNet

Frame  Flame TN /% FN/% TN /% FN/% TN /% FN/% TN /% FN/% TN /% FN/%
5 144 0 44.4 55.6 60.4 39.6 75.7 24.3 94.3 5.7 95.9 4.1
6 120 0 69.2 30.8 87.5 12.5 95.8 4.2 95.6 4.4 96.7 3.3
Mean 132 0 56.8 43.2 73.95  26.05  85.75  14.25  94.95  5.05  96.3 3.7
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