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Video crowd counting method based on conv-pooling
deep spatial and temporal features

LI Qiang, KANG Zilu
Information Science Academy, China Electronics Technology Group Corporation, Beijing 100086, China

Abstract: Due to angle of camera, background, population density distribution and occlusion limitations, traditional
video crowd counting methods based on underlying visual features are often difficult to achieve ideal results. Using
the temporal and spatial features of video and conv-pooling method, high-level visual features were formed, local
feature aggregation descriptors were used for quantization and codebook calculation to achieve accurate description
of video crowd information. This method made full use of video motion and appearance information. Based on con-
volutional neural networks and pooling methods, the ability to describe video intrinsic attributes and features was im-
proved. Experimental results show that the proposed method has higher precision and better robustness than tradi-
tional video crowd counting methods.

Key words: crowd counting, convolutional neural network, deep spatial and temporal feature, conv-pooling
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