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Public place crowd counting model based on image field division

Yuan Jian, Wang Shanshan, Luo Yingwei
(School of Optical Electrical & Computer Engineering, University of Shanghai for Science& Technology, Shanghai 200093,
China)

Abstract: In order to solve the problems of uneven population distribution and different target scales affecting the crowd
counting in public places, this paper proposed a novel crowd counting model based on image field division. Firstly, it divided
the image scene into two parts: the near and far field of vision area. For the near field of vision area, it used the YOLO based
network for pedestrian detection and added scene constraints to avoid repeated counting in the near and far field of vision.
For the far field of vision area, it used the improved MobileNets to extract the population density distribution characteristics,
and introduced the super-resolution reconstruction module to improve the quality of the population density map. Finally, it
obtained the population in the whole image by calculating the sum of the two. This paper tested the proposed model on
Shanghai Tech and Mall datasets, and the results show that the model has a significant improvement in accuracy and robustness.

Experiments show that the model is feasible.
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Fig. 1  Overall structure of IFDM model
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Fig. 3 Comparison of test results before and after adding constraints
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Tab. 1 Backbone network parameters

BRZID K BRI AR
conv0/s2 3x3x3x32 224%224x3
convl dw/sl 3x3x32 dw 112x112x32
convl/sl 1x1x32x64 112x112x32
conv2 dw/sl 3x3x64 dw 112x112x64
conv2/sl 1x1x32x64 112x112x64
conv3 dw/s2 3x3x64 dw 112x112x64
conv3/sl 1x1x64x128 56x56x64
conv4 dw/sl 3x3x128 dw 56x56x128
conv4/sl 1x1x128%256 56x56x128
conv5 dw/sl 3x3x256 dw 56x56x256
conv5/sl 1x1x256%256 56x56x256
conv6 dw/s2 3x3x256 dw 56x56x256
conv6/sl 1x1%x256x512 28x28x%256
Sxconv dw/sl 3x3x512 dw 28x28%512
S5xconv/sl Ix1x512x512 28x28%512
conv12 dw/s2 3x3x512 dw 28x28%512
convl2/sl 1x1x512%1024 28%28x512
convl3 dw/s2 3x3x1024 dw 28x28x1024
convl3/sl 1x1x1024x1024 14x14%x1024
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Tab. 3 Comparison of experimental results in Shanghai tech dataset

. part_A part_B
ke MAE MSE MAE  MSE
CrowdCNN 221 181.8 277.7 32.0 49.8
FCN®2I 126.5 173.5 23.7 33.1
MCNN21 110.2 173.2 26.4 413
HCNNP 100.8 152.3 21.5 33.4
IFDM 110.2
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Fig. 4 Schematic diagram of test image density
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Tab. 4 Comparison of experimental results in the mall dataset

JiiE MAE MSE
CARRU!! 3.43 17.7
GPR!3! 3.72 20.1
MoC-CNN B2 2.75 13.4
VLAD-CNNE2% 2.86 13.1

IFDM 2.45 32
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Fig. 5 Schematic diagram of test image density
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Tab. 5 Performance comparison of super-

resolution reconstruction module 1%
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Tab. 6 Comparison of parameters, calculation and operation speed of

super-resolution reconstruction module
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