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Crowd Counting Based on Single-column Multi-scale Convolutional Neural Network

PENG Xian,PENG Yu-xu, TANG Qiang and SONG Yan-qi

School of Computer and Communication Engineering,Changsha University of Science & Technology,Changsha 410000, China

Abstract The problem of crowd counting in single images and monitoring videos has received increasing attention in recent
years. Due to the scale change and crowd occlusion,crowd counting is a very challenging problem, but deep convolutional neural
network has been proved to be effective in solving this problem. In this paper,a single-column multi-scale convolutional neural
network is proposed,which provides a data-driven deep learning method that can understand various scenarios and perform accu-
rate counting and estimation. The proposed network model is mainly composed of the front end and the middle end, for two-di-
mensional features extraction,as well as the back end, which is used to restore the density map. Stack pools are used to replace
the maximum pooling layer,and scale invariance of the model is increased without introducing additional parameters. Partial vgg-
16 structure is adopted at the front end of the network model,and FME (feature aggregation module) is adopted in the middle to
break the independence between different columns,to better extract multi-scale feature information. At the back end, three col-
umns and five layers of cavity convolution with different expansion rates are adopted to increase the sensing field while keeping
the resolution unchanged,generating a crowd density map with higher quality. A relative population loss is introduced to improve
the model performance in the case of sparse population density. This model works well on two of the most challenging crowd
counting data sets. The results show that on two subsets of ShanghaiTech and UCF_CC_50, the mean absolute error (MAE) and
mean square error (MSE) of the proposed method are 66. 2 and 103. 0,8. 7 and 13. 4,251. 0 and 329. 5, respectively, achieving
better performance than the traditional crowd counting methods. Compared with other models, the proposed model has higher ac-
curacy, better robustness and better counting effect for images with sparse population.

Keywords Convolutional neural networks, Crowd counting, Stacked-pooling, Dilated convolution, Feature combination, Relative
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Fig. 1 Crowd images and ground truth density maps
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Fig. 2 Single-column multi-scale convolutional neural network for crowd counting
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Method Part_A Part_B
MAE MSE MAE MSE
Zhang et al. (2] 181.8 277.7 32.0 19.8
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MSCNNL 83.8 127.4 17.7 30. 2
CSRNet- % 68. 2 115.0 10.6 16.0
SANet! 6] 67.0 104.5 8.4 13.6
SCM-CNN(ours)  66. 2 103.0 8.7 13.4
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Fig. 6 Test results on the ShanghaiTech dataset
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Table 3 Performance of each method on UCF_CC_50 dataset

Method MAE MSE
Rodriguez et al. [27] 665.7 697.8
Lempitsky et al. ['2) 493.4 187. 1

Zhang et al. (2] 467.0 541.6
MCNNE 377.6 509. 1
MSCNNC 363.7 168. 4
CSRNett?] 266. 1 397.5
SANet! 6] 258. 4 334.9

SCM-CNN (ours) 251.0 329.5
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