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Abstract Fire detection based on image processing technology is an important branch in the field of fire monitoring in
recent years. Aiming at the fire detection of open environment, using the dynamic and static characteristics of smoke and
flame generated during the fire, the two-stream convolutional neural network is used as the theoretical basis to detect
the fire. The two-stream convolutional neural network uses spatial and temporal streams to extract spatial information
and temporal information in the video respectively. However, the information in the early stage of the fire is weak and
the features are not obvious enough. In order to improve the initial recognition rate,a spatial enhancement network was
proposed as the spatial stream of the two-stream convolutional neural network to extract and enhance the spatial infor-
mation of the video. The spatial enhancement network simultaneously convolves the current frame V, and the previous
frame V,_, ,subtracting the convolution features of the V, image with the convolution features of the V,_, image,to pre-
serve the difference of the convolution features, and adding the convolution features difference to the convolution fea-
tures of the current frame V,, thereby enhance the spatial features convolution of the current frame V, ;. Temporal
stream of two-stream convolutional network convolves the optical flow image V,” of the current {rame to get the tempo-
ral features. Finally, the enhanced spatial and temporal features are fused to classify. The experimental results show that
the improved two-stream convolutional network has a 6. 2% higher recognition rate than the original two-stream convo-
lutional network,and achieved 92. 15% recognition rate on the public dataset,indicating the effectiveness and superiori-

ty of the proposed method. Comparing with other methods, the network structure is designed lower but achieves good
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results,improves the identification accuracy of fire and smoke as well as realizes the early warning of fire,shorten detec-

tion time.
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temporal features fusion,Optical flow method
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Fig.1 Schematic diagram of optical flow method
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Table 1  Accuracy comparison on validation set
A Wi R E/ N ok ROk
Orign_CNN 78.95 5000
SEN 82.62 5000
TCN 87.30 5000
ITCN 93.50 10000
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Table 2 Results comparison of video classification

Sharma % #y 77 % Tao % # )7 # SEN TCN (Ior:ri
Fire_Videol Yes(18) No Yes(12) Yes(19) Yes(10)
Fire_Video2 Yes(8) No Yes(6) Yes(7) Yes(4)
Fire_Video3 Yes(5) No Yes(4) Yes(5) Yes(2)
Fire_Video4 Yes(23) No Yes(18) No Yes(13)
Fire_Video5 Yes(6) No Yes(5) Yes(6) Yes(3)
Smoke_Video6 No Yes(14) Yes(12) Yes(13) Yes(8)
Smoke_Video7 No Yes(7) Yes(6) Yes(8) Yes(6)
Smoke_Video8 No Yes(13) Yes(10) Yes(14) Yes(10)
Smoke_Video9 No Yes(26) Yes(20) Yes(24) Yes(16)
Smoke_Videol0 No No No No No
No_fire_video(1—10) video(2,6,8) video(9,10) video(2,10) video(2,10)  Video(2)
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Table 3 Results comparison of image classification
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PR R/ VRN E/ N RAE/ % RAEE/ N BEE/s
Sharma %t 77 % 93.6 12.51 53.05 82.8 168
Tao % 7 % 18.6 91.3 54.95 85.6 113
ITCNCours) 93.5 90.8 92.15 94.7 84
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