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Abstract; Complex background interference is still a challenging issue in crowd counting. In the existing
crowd counting methods, attention has been paid on other approaches utilized to reduce the influence of
background. As the research continues, the scale of crowd counting networks is growing, which makes a
negative influence on computing efficiency and real-time application. Therefore, to solve complex back-
ground problem and to improve the counting efficiency, an efficient background assistance based on multi-
task learning network (BAMTLNet) has been proposed in this paper. Unlike the existing networks, the

first seven layers of VGG-16 has only been used as the front-end network to reduce the number of network
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parameters. For the problem of complex background, two highly correlated crowd counting tasks have
been utilized in the back-end network: 1) The main task of generating estimated density map, which
adopts three general convolutional layers to generate a density map, and obtains the number of people in a
single image by integration. 2) The auxiliary task of complex background segmentation, by which to use
three specific dilated convolutional layers to generate a background segmentation map. The two tasks have
directly been connected behind the front-end network with no crossing. Besides, a background-assisted
multi-task loss function has been designed to optimize the front-end network parameters through hard
parameters sharing, by which to transfer the high-level semantic information of complex background to the main
tasks and to optimize the network. This end-to-end crowd counting multi-task learning network is able to achieve
comparable performance with only ten convolutional layers and less parameters. extensive experiments have been
conducted on three crowd counting benchmark datasets and obtain satisfactory results.
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2.2 WMKEE
R T BN SR TR AT 552 ) g FRATTRTE T Sr il B 2 A8 55 Bk R BE R AR A T R LY
FARSS . AR WU A 6 T35 5 52 85 B2 IR bR 45 5 Al 12 B 18 22 1R] 1) 25 (8. 51 X 52 2% 5 5% 43 1 4 Bl AT
%5 FRATRVRE R WO U BLAS 40 2 T H 3 1 9275 5000 B BIAR 2 S5 A6 40 HI B Z (o) iy 22 8, IR IF -

LU=%2F(D“’(X,»)—D“‘(X,.;@)) (L
i=1

N
L = DIF(S# (X)) = §% (X 5 0)) (2)
i=1

Horp: N RRE—DUIGHR A B R %H . F(g) ZWILRAIER, D RARNAELHER, D R



4 THIFERFFIRA AR FR) http://xbbjb. swu. edu. cn AT %

P2 A Al T BRI, S* ROR BT RO EIEIR A, S RoRMiiHir SR, X, ARAE R, 0 M
WS
XEFZRLs  FATR T 24855 BeA2 > 0977 S0 2, i B4R s R -
L=L"+L" 3

3 AT
3.1 WREERK
FE W N ZRZ T FoAT 5 BV 50 2 B T 5 85 2 B AR 4. AR A T T 0 o L i LS
JE bR 28 A B T s R LAY 19 365 o7 e 30T A% 55 N S b v et TR A i L 5 % JEE T
D<1~>=25<1—1~,>*G6, (x)s 0, =Bd' 4
Hope 2, BT AKEALE SR, 0(x —2) RAR—DIT AN, o B DmiEbsE2% ., G, (o) 2
E TR df FRIEAT N ST e AR FE B B L R MONNS 1 7 SR % 5E » B R SE (LI
0.3, k BUH 3.
TE L2 % B A Rl b FRAT B R R R R AR 1, S ERE 0. T LIS 25 50 I EIAR A
0 i D, (p)=0
S, (p) = (5

1 otherwise

Hrb p WEIBEED, (p) HIE i MEE.
3.2 HiEE

WAL T 3 M ABETEOEESESE . 4094 ShanghaiTech™, UCF_CC_50"" Fl UCF_QNRF"".
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Mz AL PERE , FRATTR T B 3 5t i O vk FRATT I e X By BEAT BEMLAR BT, 2 )5 AT A AG B0 L R BE AR A B
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4.1 HEXRE

AR SCER M T L T SR B Y AT AT 55 2 M4 (BAMTLNet). 1 0800 M 2% 280 . 3R]
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BAFH YN R 4 FRATTER I T3 S B 24T 55 2k s B, O TR W &2 20 5 0 R B AT 55 00 SO PE T
TTEEXF P28 73 S8 T I RS G, FeATTAE 3 A ARETTF RO R 4R b 5 HABDF S JEAT 1 X L 5256, S G e .
FRATTEY 0 25 7RG L 5 W 2% i Al AR IR B T AR RICR .
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% 1 BAMTLNet 7£ ShanghaiTech Part A t #9555t L6 45 R

VRS MAE RMSE
VGG-7+ F1F 5% 68. 4 106. 0
VGG-7+ FATL 5%+ BT 5 67.1 108. 2
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CMTLM 101. 3 152. 4 20.0 31.1
CP-CNNHH 73. 6 106. 4 20.1 30. 1
Switching-CNNH? 90. 4 135.0 21.6 33.4
DecideNet!'! — — 20.75 29.42
BSAD! — — 20. 2 35. 6
ACSCPL 75.7 102. 7 17.2 27. 4
PCC Nett"! 73.5 124. 0 11.0 19.0
CSRNet! 68.2 115.0 10. 6 16.0
ADCrowdNet™ 63. 2 98.9 8.2 15.7
BAMTLNet 67.1 108. 2 7.8 13.0
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I 1. 7. "] BERS i T iZ 80 5 1 B0k Kb, Bt 3 a3 UE R I R 43 5 AN B R S R4 05 28 S SR AT 0 S 56
g5 P ms K.



6 THIFERFFIRA AR FR) http://xbbjb. swu. edu. cn AT %

#*3 UCF.CCS50 HiEE LML LBER

UCF_CC_50
i ik —

MAE RMSE
MCNN!® 377.6 509. 1
CP-CNNHH 295. 8 320.9
Switching-CNN?] 318. 1 439.2
ACSCP!! 291.0 404. 6
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ATTEE X 0 28 20 SO0 T T Rl S 0. FRATTAE 3 A NBE T RO HE R 58 b 5 AR B S8 B AT 1 X HE S 3. SEa e ]
FATHY 9 25 FERT BE 5 W e i Al DARIR B T ANE 9 ROR.

S

[1] SINDAGIV A, PATEL V M. A Survey of Recent Advances in CNN-Based Single Image Crowd Counting and Density
Estimation [J]. Pattern Recognition Letters, 2018, 107 3-16.

[2] GAOGS,GAOJY. LIUQ]J, et al. CNN-Based Density Estimation and Crowd Counting: A Survey [EB/OL]. (2003-
08-06)[2021-12-017. https: //arxiv. org/abs/2003. 12783

[3] LIUN, LONG Y C, ZOU C Q. et al. ADCrowdNet: an Attention-Injective Deformable Convolutional Network for
Crowd Understanding [C]// 2019 IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR). New
York: IEEE Computer Society Press, 2019: 3220-3229.

[4] SIMONYAN K, ZISSERMAN A. Very Deep Convolutional Networks for Large-Scale Image Recognition [ EB/OL].
(2014-05-06)[2021-12-05]. https: //arxiv. org/abs/1409. 1556.

[5] LIY H, ZHANG X F, CHEN D M. CSRNet: Dilated Convolutional Neural Networks for Understanding the Highly
Congested Scenes [J]. 2018 IEEE/CVF Conference on Computer Vision and Pattern Recognition. New York: IEEE Com-
puter Society Press, 2018: 1091-1100.

[6] ZHAO M M, ZHANG J, ZHANG C Y, et al. Leveraging Heterogeneous Auxiliary Tasks to Assist Crowd Counting
[C]//2019 IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR). New York: IEEE Computer



& R RFFIRCHRAF IR http://xbbjb. swu. edu. cn % AT B

7]

(8]

[9]

(10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

Society Press, 2019: 12728-12737.

GAO J Y, WANG Q. LI X L. PCC Net: Perspective Crowd Counting via Spatial Convolutional Network [J]. IEEE
Transactions on Circuits and Systems for Video Technology, 2020, 30(10) . 3486-3498.

ZHANG Y Y, ZHOU D S, CHEN S Q, et al. Single-Image Crowd Counting via Multi-Column Convolutional Neural
Network [C]//2016 IEEE Conference on Computer Vision and Pattern Recognition. New York: IEEE Computer Society
Press, 2016: 589-597.

IDREES H, SALEEMI I, SEIBERT C, et al. Multi-Source Multi-Scale Counting in Extremely Dense Crowd Images [C]//
2013 IEEE Conference on Computer Vision and Pattern Recognition. New York: IEEE Computer Society Press, 2013:
2547-2554.,

SINDAGI V A, PATEL V M. CNN-Based Cascaded Multi-Task Learning of High-Level Prior and Density Estimation
for Crowd Counting [C]// 2017 14th IEEE International Conference on Advanced Video and Signal Based Surveillance
(AVSS). New York: IEEE Computer Society Press, 2017.

SINDAGI V A, PATEL V M. Generating High-Quality Crowd Density Maps Using Contextual Pyramid CNNS [C] /
2017 IEEE International Conference on Computer Vision. New York: IEEE Computer Society Press, 2017 1879-1888.

SAM D B, SURYA S, BABU R V. Switching Convolutional Neural Network for Crowd Counting [C]// 2017 IEEE Con-
ference on Computer Vision and Pattern Recognition. New York: IEEE Computer Society Press, 2017: 4031-4039.

LIU J, GAOCQ, MENG DY, et al. DecideNet: Counting Varying Density Crowds through Attention Guided Detection
and Density Estimation [J]. 2018 IEEE/CVF Conference on Computer Vision and Pattern Recognition. New York: IEEE
Computer Society Press, 2018: 5197-5206.

HUANG S Y, LI X, ZHANG Z F, et al. Body Structure Aware Deep Crowd Counting [J]. IEEE Transactions on Image
Processing, 2018, 27(3): 1049-1059.

SHEN Z, XU Y, NI B B, et al. Crowd Counting via Adversarial Cross-Scale Consistency Pursuit [C]//2018 IEEE/CVF
Conference on Computer Vision and Pattern Recognition. New York: IEEE Computer Society Press, 2018: 5245-5254.,

WANG L Y, YIN B Q, TANG X, et al. Removing Background Interference for Crowd Counting via De-Background De-
tail Convolutional Network [J]. Neurocomputing, 2019, 332: 360-371.

IDREES H, TAYYAB M, ATHREY K., et al. Composition Loss for Counting, Density Map Estimation and Localiza-
tion in Dense Crowds [ EB/OL]. (2018-08-16)[2021-12-05]. http: / www. cs. ucf. edu/~ haroon/datafiles/Idrees
Counting_ ECCV_2018. pdf.

REHRE KW



