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A Multi-scale Crowd Counting Algorithm with Removing Background Interference

GUO Aixin', XIA Yinfeng’, WANG Dawei', LU Bin'
(1.College of Physics and Information Engineering , Shanxi Normal University , Taiyuan 030006, China;
2.Department of Automation, University of Science and Technology of China, Hefei 230026, China)

[ Abstract] Crowd counting technology is aimed at estimating the number of people in crowd pictures or videos. The
technology can effectively be applied to prevent stampede accidents-and is widely used in security and early warning, urban
planning , and management of large gatherings.However, due to crowd scale variation, background interference , uneven crowd
distribution, occlusion, and perspective effect, it is still a very-challenging task to count a single image.Aiming at the problem
of multi-scale changes and background interference in crowd counting, a multi-scale crowd counting algorithm with removing
background interference is proposed.Based on the VGG 16 network structure, the feature pyramid is introduced to form the
multi-scale feature fusion backbone network to solve the problem of the multi-scale changes.The Double-Head-CC structure
is designed to perform foreground-background segmentation and density map prediction on the fused feature map to suppress
the background interference.Based on the local correlation of the density map and multi-task learning, the multiple loss
functions, and multi-task joint loss function are defined to optimize the network.The network model is trained and evaluated
on the ShanghaiTech, UCF-QNRF, and JHU-CROWD++ datasets.Experimental results show that the algorithm can predict
the population density distribution and number of the crowd well, with high accuracy, strong robustness, and good
generalization performance.
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Fig.1 Multi-scale feature fusion backbone network
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Fig.3 Schematic diagram of multiple loss function
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Table 1 Performance comparison of different

algorithms on the ShanghaiTech dataset

Part A Part B

Sk
MAE MSE MAE MSE
MCNN? 110.2 173.2 26.4 41.3
RANet! 59.4 102.0 7.9 12.9
CSRNet! 68.2 115.0 10.6 16.0
SANet"”! 67.0 104.5 8.4 13.6
ADCrowdNet!'" 63.2 98.9 7.7 12.9
CFF!' 65.2 109.4 7.2 12.2
TEDnet!?" 64.2 109.1 8.2 12.8
MSCC-RBI 58.4 99.9 6.6 10.3
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Table 3 Performance comparison of different

algorithms on JHU-CROWD++ validation set

JHU-CROWD++

£ LR R AR 2 R E . k2] Bk e Sk
1, MSCC-RBIUSL I 1) MAE fe fft HF B T 2.5%, A Nt e o
F B0 B, R it MSCC-RBI %7 ' '
Efr iff%f‘rim ™ iz VAT Sk CSRNet' 722 249.9
LA T e - o e
%2 UCF-QNRFHEE LHWAREEERILER CG-DRCN-Res101"® 57.6 244.4
Table 2 Performance comparison of different SECN24 62.9 2475
algorithms on UCF-QNRF dataset DSSI-Net'? 116.6 317.4
-~ UCF-QNRF MBTTBF? 73.8 256.8
By
MAE MSE MSCC-RBI 51.9 220.3
MCNN® 277.0 426.0 - b ek 2 o
. &4 JHU-CROWD++lit &£ E MR R & ikt gE L &
RANet Lo 190.0 Table 4 Performance comparison of different
TEDnet*! 113.0 188.0
net algorithms on JHU-CROWD-++ test set
CANPY 107.0 183.0
R JHU-CROWD++
S-DCNet™! 104.4 176.1 Bk
, MAE MSE
SFCN2 102.0 171.4
MCNN® 188.9 483.4
DSSI-Net™®! 99.1 159.2
N CSRNet!! 85.9 309.2
MBTTBF-SCFB?* 97.5 165.2
SANet!?”! 91.1 320.4
MSCC-RBI 95.1 172.5
CG-DRCN-Res101® 71.0 278.6
MSCC-RBI & ¥ 7F UCF-QNRF #0455 19 285 s SFCNE 715 297.6
B s pros o mAR N B R 1A AT SKT o AR DSSI-Net™ 133.5 416.5
NI E 2 R B A AR AR OB 5O A MBTTBF"* 81.8 299.1
oL, (EL T 45 5 5 ELAE A Al 1 MSCC-RBI 63.1 271.5




256 Computer Engineering

R TR 202245 H 15 H

i 3. 4 0] 40, MSCC-RBI 5. 5 75 36 31F 4 F1)
RAE LAEHUAS TR EE R . A SCHE JHU-CROWD++
B IR T 55 KA RS R R A T
R, H K6 R, MSCC-RBI 24125 X5 31 45 KA 3 1 1Y
HI 5T 500 LU AR 9 37 S5 o A AR s A9 Pk S

(7 pilE f2

()HIABCHT3
6 JHU-CROWD-++##& & | B {& 1 7 il 45 5 % bk 7R 61
Fig.6 Comparison examples of true and predicted results
on JHU-CROWD++ dataset

(OFENBCHT3

34 HEXK

A B UE A4 H MSCC-RBI B35 B0 14 45 B LAY
BVE K CHE ShanghaiTech B0 48 (14 Part A 354307 7
TIHRLEEES . AR SCHE 2 ROBERRAE il B 10 265 g A
8 o B TR 1] U AR B DRILATL AW 3 4k, J0 ) 38 Jin
Double-Head-CC 4 4 15 B (A B &8 341 DRH #5Hk ) n
22 AR pR RO J R AT S, W Rl S 1 45 SR L
7 s o

| P27
@4 +Double-Head-CCZE 1)
[ 3E&k+ % B2k B 5L
120 ~ | CIMSCC-RBI
103.1
106.5
# 100 |- 102:699.9
i
;‘§ 80
60.9
<’ 69.7 653
& 60 58.4
%
= 40|
=
) 20 -
B
0
MAE MSE

7 HBRSEIG S BRIt

Fig.7 Comparison of ablation experiment results
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