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Crowd Counting Based on Multi-scale Feature Aggregation in Dense Scenes

LIU Peigang' , SUN Jie' , YANG Chaozhi' and LI Zongmin'**
1 School of Computer Science and Technology in China University of Petroleum(East China) , Qingdao,Shandong 266580, China

2 Shengli College of China University of Petroleum,Dongying, Shandong 257061, China

Abstract Individual scales vary greatly in dense scenes,and the varying scales of target individuals lead to poor crowd counting
accuracy. To address this problem, the crowd counting method based on multi-scale feature fusion in dense scenes is proposed.
The method investigates the ability of different feature layers to represent feature information for individuals at different scales,
with adequate access to multi-scale features through layer connections. At the same time,a multi-scale feature aggregation module
is proposed, which uses multiple columns of dilated convolution with different expansion rates,and automatically adjusts the per-
ceptual field through a dynamic feature selection mechanism to effectively extract features of individuals at different scales. The
method can further expand the field of perception while preserving the information of small-scale,and improving the detection ca-
pability of large-scale individuals,making it better adapted to the multi-scale changes of the population. Experimental results on
the three public population counting datasets show that the proposed model has further improved the counting accuracy,with an
MAE of 51. 21 and an MSE of 83. 70 on the ShanghaiTech Part A dataset.

Keywords Intensive scenes,Crowd counting,Dilated convolution,Dynamic feature selection,Point prediction
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Table 1 Dataset segmentation details
Total number . Validation
Dataset . Training set

of images set

ShanghaiTech Part_A 482 300 182
ShanghaiTech Part_B 716 400 316
UCF_CC_50 50 40 10
UCF-QNRF 1535 1201 334
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Table 2 Results comparison with other methods on ShanghaiTech

Method Part_ A Part_ B

MAE MSE MAE MSE
Zhang et al. [8] 181. 80 277.70 32.00 49. 80
MCNNLI] 110. 20 173. 20 26. 40 41. 30
Switching-CNNL1%J 90. 40 135. 00 21. 60 33.40
CP-CNNL16] 73.60 106. 40 20. 10 30.10
CSRNetl20] 68. 20 115.00 10. 60 16. 00

ASNetH19) 57.78 90.13 - —
PSDDN(21] 85. 40 159. 20 16. 10 27.90
P2PNet22] 52.74 85.06 6.25 9.90
Our Method 51.21 83.70 6.61 10. 22
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Table 3 Comparison of results with other methods on the

UCF_CC_50 dataset

Method MAE MSE
Zhang et al. [8] 467.00 498. 50
MCNNLE4] 377. 60 509. 10
Switching-CNNL15] 318.10  439.20
CP-CNNL16) 295. 80 320. 90
CSRNet!20] 266. 10 397. 50
ASNet[19] 174. 80 251. 60
PSDDNE21] 359. 40 514. 80
P2PNet!22] 172.72 256.18
Our Method 170.43  244.73

e L i AR A
£ UCF-QNRF s 4E L5 H AL 5 2k i % b g Lk 4
B3,

# 4 18 UCF-QNRI $i 46 15 HAt J7 1 19 45 R X
Table 4 Results comparison with other methods on UCF-QNR{

dataset
Method MAE MSE
Zhang et al. [8] 315.00 508. 00
MCNNL14] 277.00 426. 00
Switching-CNNE15] 228. 00 445,00
CP-CNNL16] 295. 80 320. 90
CSRNet!20] 122. 80 207. 10
ASNetH19] 91.59 159.71
P2PNetl22] 85.32 154. 50
Our Method 85.25 153. 47
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T, AN TR 3 55 DA B R AR AR Ak 1 5 4 T v LA A 1 o
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AR3CHE ShanghaiTech UGS Part. A 1347 T 7 Gl
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T 45 - MAE 4 54.53,MSE 4 86. 68, M 5 h % 2 17
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Table 5 Results of adding different modules
X Multi-scale Smooth
Baseline MAE MSE
feature L, Loss
v 54.53 86. 68
N, / 52.06 84.87
N NG 53.76 85.29
~ N N 51.21 83.70

T/ 2 AR H ML 4 AR 0
TS 56 B 5 7E 22 OB R AE SR A BB 15 BN R 4 3K R 1Y
233 B T B BE R L 3K 6 51 i T fE ShanghaiTech
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6 AR5 R 1 23 T A BT Y 45 R
Table 6 Predicted results using dilated convolution with different

expansion rates

different expansion rates MAE MSE
Baseline 54.53 86. 68
Baseline+(1,2,3) 53.83 85.32
Baseline+(1,2,5) 52. 06 84.87
Baseline+(2.3.5) 54.68 86. 40
R R R AR, Gy ) 78 36 I0AS ) 97
[ SR TE 2
3.3.3 TTAAKR RS

Pl 5 25 1A SO I B T 45 2R 5 3k T R U B Oy Tk
(P2PNet" ) LA B FUS2R T 5 09 FUEE 5 2R . 31X 4 1 5 43 50
K H IR 4 A ASTE B B SR L AR LA R TR 23 A 1 AR Y
ZET AR, AT LR, BT A B R T R A R
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Fig.5 Visualization results comparison with other methods on different datasets
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Fig. 6 Visualization results comparison with other methods
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