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Crowd Counting Method Based on Cross-column Features Fusion

LI Jia-gian and YAN Hua

School of Electronics and Information Engineering,Sichuan University,Chengdu 610065, China

Abstract Crowd counting is a challenging subject in computer vision and machine learning. Due to the phenomenon of crowd
scale change and scene occlusion, the counting accuracy is low. A crowd counting method based on cross-column features fusion,
called cross-column features fusion network (CCFNet) ,is proposed in this paper. CCFNet fuses features from multiple columns
and different receptive fields.and combines with the dilate convolution employing coprime expansion rate. Therefore, CCFNet can
not only increase the receptive field but also ensure the continuity of information,so as to adapt to the huge changes in the crowd
size better. At the same time, the attention model is introduced to guide the network to focus on the head position in the images.
According to the attention score graph,different weights are assigned to different positions to highlight the crowd and weaken the
background. Finally,a high-quality density map is obtained. In comparative experiments on the current mainstream population
counting datasets,the mean absolute error(MAE) reaches 63. 2 and 8. 9 on the A and B subsets of the ShanghaiTech dataset,
222.1 on the UCF_CC_50 dataset,and 7. 1 on the WorldExpo’10 dataset. The results show that the proposed method has better
counting accuracy and can adapt to different scenes. Especially for scenes with large scale variation.its effect is better than most
of the pre-vious algorithms.

Keywords Crowd counting,Cross-column features fusion,Dilate convolution, Attention model
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Crowd counting network structure based on cross-column feature fusion
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Table 1 CCFNet network structure
layer parameters
1—2 conv3-64-1
max-pooling
Front-end 3—4 conv3-128-1
max-pooling
5—7 conv3-256-1
max-pooling
8§—10 conv3-512-1
layer parameters
branch A B C
Middle part 1 conv7-128-1 conv5-96-1
2 conv5-112-2 conv3-96-2 conv7-128-2
3 conv3-128-3 conv5-168-3
4 conv3-148-1
layer parameters
1 conv7-128-1
Back-end 2 conv5-64-1
3 conv3-64-1
4 convl-1-1
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Fig. 2 Contrast graph of expansion rate of dilate convolution
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Fig.4 Test results on three main datasets
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Table 3 Evaluation results on ShanghaiTech dataset

NET ShanghaiTechA  ShanghaiTechB
MAE MSE  MAE  MSE

MCNNE2 110.2  173.2  26.4  41.3
MSCNNE 83.8 127.4 17.7  30.2
MRA-CNN'27) 74.2  112.5  11.9 21.3
CSRNet 2" 68.2 115.0 10.6  16.0
PACNNE? 66.3  106.4 8.9 13.5
CAT-CNN[Z1 66,7  101.7 11.2  20.0
Ours 63.2  97.3 8.9 14.3

4.3.2 UCF_CC_50 # # %
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Table 4 Evaluation results on UCF_CC_50 dataset

NET MAE MSE
MCNNE! 377.6 509. 1
MSCNNE] 363.7 468. 4
MRA-CNNE?7) 240. 8 352.6
CSRNet-2%) 266. 1 397.5
PACNNE?D 267.9 357.8
CAT-CNNLZ8J 235.5 324. 8
Ours 222.1 293.6

A LA o AR SCTT R AR XA RUBE A8 A AR R 1 B4 4 1 AH
VoAt J7 ¥ 3K B T e A 9 S8R L A S AR I b A [ AL A Y
N 27755
4.3.3 WorldExpo’10 # ¥ &£
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Table 5 Evaluation results on WorldExpo’10 dataset

Net S1 S2 S3 S4 S5 Ave
MCNNC2! 3.4 20.6 12.9 13.0 3.7 11.6
CP-CNNE) 2.9 14.7 10.5 10.4 5.8 8.8
CSRNet 2% 2.9 11.5 8.6 16.6 3.4 8.6
PACNNE?H 2.3 12,5 9.1 11.2 3.8 7.8
MRA-CNNE27D 2.4 11,4 9.3 10.5 3.7 7.5
CAT-CNN!Z8! 2.2 9.8 10.2 11.2 2.5 7.2
Ours 1.3 10.3 8.0 13.5 2.4 7.1

4.4 GHERIRIS
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Table 6 Ablation experiments on ShanghaiTechA dataset

Model MAE MSE
MCNNL 110.2 173.2
CSRNeth2%] 68.2 115.0
Ours-multi-columns 66.3 110.8
Ours 63.2 97.3
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Table 7 Ablation experiments on UCF_CC_50 dataset

Model MAE MSE
Ours-atention0 259.6 334.7
Ours-atentionl 240. 8 306.5
Ours-atention2 236.8 315.4
Ours-atention3 222.1 293.6
Ours-atention4 230.9 298.9
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Table 8 Score figure combination experiment

FE TR 4 AR
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