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[ Abstract] In order td solve the problem of crowd occlusion and scale changé in a single image, this paper proposes a
crowd counting algorithm, based on multi-column convolution neural network. The algorithm uses Convolutional Neural
Network ( CNN ) /with/receptive fields of different sizes and the feature attention module to adaptively extract multi-scale
crowd features. The deformable convolution is introduced to enhan€e theilearning ability of spatial geometric deformation
of the network and optimize the feature map,so as to generate '@ high quality density map. Experimental results on the
Shanghai Tech and UCF _CC _50 datasets show that the salgorithm” can learn the mapping relationship between input
images and crowd density maps,and has high counting accuracy/and robustness.
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Fig. 2 / Estimated and true density images of test image 1
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Table 2 Performance comparison of different algorithms on

the UCF_CC_50 dataset

SRS MAE MSE
MCNN!"/ 377.6 509.1
Switching CNN !¢ 318.1 439.2
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ARk 234.1 317.7
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Fig.3 Estimated and true density images of test image 2
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Shanghai Tech dataset on algorithm performance
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