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Multi-view Gait Recognition Method Based on View Transformation
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[ Abstract] The'existing,gait recognition methods are limited by multiple factors,ificluding the changes of view, small gait
sample size,and under-utilization of the temporal information of gaits.To,address the problems and improve the gait recognition
performance, this paper proposes a gait recognition method based on,viewstransformation. Through VTM-GAN, Gait Energy
Images(GEI) and Chrono Gait Images(CGI) with temporal gait information of different views are mapped to the side view
that contains the most abundant gait information in order to bréak thedimitation of views in gait recognition.On the basis of
view transformation, the positive and negative sample pairs of gait data in the side view are constructed to extend the volume
of network training data.The Spatial-temporal double flow convolutional neural network based on distance measurement is
taken as the gait recognition network.Experimental results on the CASIA-B dataset show that the average recognition accuracy
of this method in all states and views reaches 92.5%, higher than that of 3DCNN, SST-MSCI and other gait recognition methods.
[Key words] gait recognition; view transformation; VTM-GAN network ; spatial-temporal double flow Convolutional
Neural Network(CNN) ; CASIA-B dataSet
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