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Crowd Counting Network with Attention Mechanism and

Contextual Density Map

WU Qiyuan, WANG Xiaodong,ZHANG Lianjun, GAO Hailing,ZHAO Shenhao
(Faculty of Electrical Engineering and Computer Science ,Ningbo University; Ningbo,Zhejiang 315211, China)

[ Abstract] To analyze the flow of people in a business district and avoid crowd stampedes, the crowd counting method
is usually used to count the number of people in a monitoring image to achieve the effect of early warning. Affected by
target occlusion, background interference, multi-scale change, and other factors, existing crowd counting methods have
miscalculation and omission in the process of counting the number of people, resulting in low accuracy. A crowd
counting network, CADMFNet, based on attention mechanism and contextual density map fusion is proposed. Taking
part of the convolution layer of VGG16 as the front-end network, the contextual features of the input feature map are
fused by introducing the up-sampling fusion module,and the dilated convolution with different dilation rates are used as
the back-end network to generate a high-quality intermediate density map.On this basis, the contextual attention module
is used to fuse the intermediate density maps of different levels to obtain a fine population density map.The experimental
results show that the average absolute error and root mean square error of the network on the Mall data set are 1.31 and
1.59, respectively. Compared with CSRNet, MCNN, and other networks, it effectively improves the counting accuracy
and exhibited better robustness.
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Fig.1 "Structure of the proposed network
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Fig.2 Effect images of dilated convolution receptive field
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Table 2 Configurations information of back-end networks and coefficient-end network
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Fig.3 Visualization results of the proposed network
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Fig.4 / Visualization results of different column density maps
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Table 6 Ablation experimental results on

ShanghaiTech Part A dataset
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