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Abstract: In order to solve the
difficulty in learning the spatiot

of redundant gait information, uneven distribution of feature importance, and
eatures of the gait, a spatiotemporal convolutional network based on attention in

the frequency domain was for gait recognition. In the experiment, the spatial and temporal characteristics of

three — dimensional convolu twork (C3D) leamning were improved. At the same time, a frequency —domain attention
convolution operation was proposed, which not only reduced redundant calculations, but also adjusted the attention and
improved the learning effect. The network firstly divides the gait information into five groups, then extracts the spa-
tiotemporal features through improved convolution, and finally classifies them through the Softmax layer. Tested in the
CASIA dataset B of the Chinese University of Science and Technology, the accuracy rates in the Bag state and Coat state
are 88.5% and 92.8% respectively, which are about 3% higher than traditional deep convolutional networks (Deep
CNN). At the same time, attention is redistributed in network learning, the accuracy rate of each angle is increased
by about 2% on average.
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