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Infrared behavior recognition based on spatio-temporal two-stream

convolutional neural networks
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(1. School of Information Science and Technology, Donghua University, Shanghai 201620, China;
2. Engineering Research Center of Digitized Textile & Fashion Technology(Ministry of Education) ,
Donghua University, Shanghai 201620, China)

Abstract: Aiming at the recognition of human behavior in infrared video, an infrared human be-
havior recognition method based on spatio-temporal two-flow convolutional neural network was
proposed. In this method, first the entire infrared video is equally segmented, and then the in-
frared image extracted randomly and the corresponding optical flow image in each video segment
are input into the spatial convolutional neural network, and the spatial network can effectively
learn which part of the infrared image is actually the action by merging the optical flow informa-
tion. Next the recognition results of each small segment are merged to get the spatial network
results. At the same time, the randomly selected optical stream image sequence in each segment
of the video is input into the temporal convolutional neural network, and the result of the tem-
poral network can be obtained by fusing the result of each small segment. Finally, the results of
spatial network and the temporal network are weighted and summed to obtain the final video
classification results. In the experiment, the action on the infrared video data set containing 23

kinds of infrared behavior action categories was identified by this method, and the correct recog-
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nition rate was 92. 0%. The results show that the algorithm can effectively identify the infrared

video behavior.

Key words: human action recognition; convolutional neural network; information fusion; infra-

red video; video segmentation
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Table 1 Parameter configuration of BN-Inception network structure
& H KA/ i Y RRALE HE BRE WE W)z
%) 4% |2 R 1X1 ik +
dleis WK & /)N RE & H£1X1 #3X3 #1X1 #3X3 et
BRI TX7/2 112X 112X 64 1
e 2 1 3X3/2 5656 64 0
LHRZE 2 3X3/1 56X 56192 1 64 192
WALz 2 3X3/2 28X 28X 192 0
Inception(3a) 28X 28X 256X3 3 64 64 64 64 96 Avg+32
Inception(3b) 28X 28X 320 3 64 64 96 64 96 Avg+64
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Inception(3¢)  stride 2 28X 28X 576 3 0 128 160 64 96  Max+ pass through
Inception(4a) 14X 14X 576 3 224 64 96 96 128 Avg+128
Inception(4b) 14X 14X 576 3 192 96 128 96 128 Avg+128
Inception(4c) 14X 14X 576 3 160 128 160 128 160 Avg+128
Inception(4d) 14X 14X 576 3 96 128 192 160 192 Avg+128
Inception(4e)  Stride 2 14X 14 X1 024 3 0 128 192 192 256  Max+ pass through
Inception(5a) 7TXT7X1 024 3 352 192 320 160 224 Avg+128
Inception(5h) 7XT7X1 024 3 352 192 320 192 224 Max+128
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Fig. 2 Structure diagram of spatial convolutional

neural network
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Table 2 Experimental configuration

i H CPU g2 GPU BIERG CUDA
El Intel i5-6600 16 GB Nvidia GTX 1070 Ubuntul6. 10 CUDAS. 0
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Table 3 Infrared human behavior data set based on personal safety
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Table 4 Results of temporal convolutional network

feature learning
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Table 5 Results of spatial convolutional network

feature learning
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Fig. 3 Accuracy of recognition for each type of data set
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Table 6 Comparison experiment results
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