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Abstract: Inspired by the mechanism of human brain visual perception, an action recognition approach
integrating dual spatio-temporal network flow and visual attention is proposed in a deep learning framework.
First, the optical flow features with body motion are extracted frame-by-frame from video with coarse-to-fine
Lucas-Kanade flow estimation. Then, the GoogleNet neural network with fine-tuned pre-trained model is
applied to convoluting layer-by-layer and aggregate respectively appearance images and the related optical flow
features in the selected time window. Next, the multi-layered Long Short-Term Memory (LSTM) neural
networks are exploited to cross-recursively perceive the spatio-temporal semantic feature sequences with high
level and significant structure. Meanwhile, the inter-dependent implicit states are decoded in the given time
window, and the attention salient feature sequence is obtained from temporal stream with the visual feature
descriptor in spatial stream and the label probability of each frame. Then, the temporal attention confidence for
each frame with respect to human actions is calculated with the relative entropy measure and fused with the
probability distributions with respect to the action categories from the given spatial perception network stream
in the video sequence. Finally, the softmax classifier is exploited to identify the category of human action in the
given video sequence. Experimental results show that this presented approach has significant advantages in

classification accuracy compared with other methods.
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