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HUMAN BEHAVIOR RECOGNITION BASED ON
OPTIMIZED CONVOLUTIONAL NEURAL NETWORK STRUCTURE
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Abstract To improve the abstract feature extraction ability of convolutional neural networks on nonlinear features and
complex images, a human behavior recognition method based on the structure of convolutional neural networks is
proposed. By optimizing the convolutional neural network model, the method constructed the network structure of the
nested Maxout multi-layer perceptron layer, enhanced the convolutional neural network’s convolutional layer to extract the
foreground target features, and nests the Maxout multi-layer perceptron layer network structure. The feature map could
be linearly combined to select the most effective feature information, and the acquired feature map was subjected to

vectorization processing, and the classifier softmax was used for classification and recognition of human behavior. The

simulation results show that the method has a good result on the accuracy of human behavior recognition.
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