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Research on Crowd Counting Algorithm Based on
Convolution Neural Network
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Abstract; As the growing of urban monitoring network , the counting of crowd image is proved to be of great value. Traditional methods
of crowd counting have problems like low accuracy, inability to deal with high occlusion images and being greatly affected by light and
shadow. Convolution neural network performs well in crowd counting, but problems like rather low accuracy and being influenced by
background area still exist. To improve the perception of complex crowd image, decrease the influence of background area and create
crowd density image in the same time, spatial-wise and channel-wise attention model are added to convolution neural network in order to
give more weight to target area. Full connect layers are replaced by up—sampling layers to output crowd density image by the same size
of the original input image. ShanghaiTech dataset and NWPU — Crowd dataset are used to train and validate the network, and the
comparison among networks like MCNN and CSRNet shows that the proposed algorithm with attention model and fully convolutional
network has better results in the mean absolute error and mean square error data, indicating that it has a higher accuracy in the high-
density and high—occlusion crowd image counting.
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