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An action recognition neural network that simulates the function column structure of the visual cortex
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Abstract: The cerebral visual cortex contains a large number of function columns composed of neurons with similar functions.
These columns serve as fundamental units for visual information processing and play crucial roles in performing various visual
tasks. This paper proposes a convolutional neural network model (FCNet) that mimics the orientation function column structure
of the visual cortex is proposed and applied to the action recognition task. This network model emulates the biological
characteristics of the functional columns in the visual cortex. It constructs computational function columns using
three-dimensional spatio-temporal Gabor filters. With the CNN network as the framework and the computational functional
columns as the convolutional kernel groups, an action recognition neural network is built. This network employs a direct
split-type feed-forward connection method to extract spatio-temporal features from videos and complete the action recognition
task. Evaluated on public action recognition datasets KTH and UCF101, experimental results demonstrate that FCNet
significantly outperforms other CNN models in both recognition accuracy and computational efficiency. Specifically, it
achieves classification accuracies of 92.93% on KTH and 90.04% on UCF101, while substantially reducing the number of
parameters and computational costs compared to other models.
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