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Video human behavior recognition based on neural network and transfer learning
WU Songping, WANG Tianyi
(College of Big Data and Information Engineering, Guizhou University, Guiyang 550025, China)

[ Abstract] In order to solve the problem that the network is difficult to train in the video human behavior recognition and the lack
of information caused by directly sending the output of the fully connected layer of the convolutional neural network to the recurrent
neural network , this paper proposes a video human behavior recognition method based on neural network and transfer learning. This
method uses resnet50 as the basic network whose weight parameters are trained on the imagenet dataset to initialize all convolutional
layers, and uses the convolutional long and short term memory network to process the output of resnetS0 to obtain a video
description with spatial information. The attention mechanism is also used to process the video information to obtain the key video
information, and finally the long and short term memory network is used to model the time series of the key video information. This
method achieves a recognition accuracy of 94.77% on the universal human behavior data set ucf101. Experiments have proved that
this method can realize end—to—end video human behavior recognition. The recognition accuracy can be comparable to existing
methods, and it has the characteristics of short training time and simple network structure.
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Fig. 1 Identification network diagram
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Tab. 1 resnet50 network parameters

Layer name  Output size Layer

Tx7,64 ,stride2
112x112

Convl_x
3%3 max pool stride2

p1x1,64 g

3x3,64 X3
e1x1,2569

Conv2_x 56x56

&1X1’1286
33,1287 x4
e1x1,5129

Conv3_x 28x28

a1x1,2560'
33,2567 X6
e1x1,512g

Conv4_x 14x14

EEIXI’SIZ 0
3x3,512 Ix3
e1x1,2 048¢

Conv5_x Tx7

Average pool.10000—d fc .softmax
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Fig. 2 Schematic diagram of attention mechanism
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Fig. 3 Migration identification model
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Fig. 4 Recognition results
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Fig. 5 Recognition results of different sampling frames
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