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Crowd Counting Model of Convolutional Neural Network Based on Multi-task Learning and
Coarse to Fine

CHEN Xun-min, YE Shu-han and ZHAN Rui

College of Electronics and Information Engineering, Sichuan University,Chengdu 610065, China
Abstract Crowd counting refers to counting the number of people in a single image or a single video frame. In order to solve the
problem of insufficient counting of crowd tasks,a crowd counting model based on multi-task learning and coarse to fine convolu-
tional neural network is proposed. Firstly, multi-task learning means introducing auxiliary tasks related to the original task to
guide the learning of the main tasks. The crowd density estimation is the main task of the crowd counting model,and the crowd
segmentation task is used as an auxiliary task to improve network performance. Secondly,the proposed crowd counting model is
able to predict the density map from coarse to fine. A rough and inaccurate crowd density map is generated, which is combined
with the crowd segmentation map to obtain an accurate crowd density map. Experiments on the Shanghai Tech dataset Part A and
Part B,and UCF_CC_50 dataset show that the proposed crowd counting model outperforms the state of the art CSRNet models
by 4.55% ,14.15% and 19.09% respectively,and the mean square error is reduced by 10. 00 %,19.09% and 19. 47 % respec-

tively compared with the SOTAs. The proposed model significantly improves the accuracy and robustness of the crowd counting

model.
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. ting™" 8 X RRAE SR AT A AT LU AR B AR . 35X RP 3T
=

DB 5 25 5 52 805 FEWR AR O S P AR S S R R A

WCHTF TR e T T AR AR B R, A AR
v AR T SRR L A R NS S B WG, L An Sk i R AT T
SRR 2 EATIRE SE3AF . O T X 287G S i 2 M %, 1E
SR SHIR T B ST IR G A X A5 i i AT v
BINFET . TR EE TR AR 8 A0 00 M 5 580 IO 19 A
BRI KR BE 23 A1 18 OO - b DB TR B 0 R TSR vk AT LU
T B W R G YT U

BT EUY % 55 05 vk 32 B2 3% 1 40 0 A R 9 ikt
L AR RO B — S B AT AR B R A —
G BRI A T AT B g it it BR B ARE S .
S T HEBCEME P A SEHRAE , W Haar wavelets™® | J7 ] B
B H DT BARAET 80 GRS L SRR A SVME, Boos-

AR SCE AT RS 3J) COSID) |, 3% 748 07 4B J iUk 7o 5 A
SEASVEH - I8 (chenxunminl 995@163. com)

HRL IR TE AT B e 9 DS I ROCR R A AN B
fifp P 3X 2 1] B, Chan S50 810 T 36 T [0 09 19 ACHE 3T 2005
o T A g AN RETH BTk SORT LUAR D [l )3 30 A8 S
F8 7 R I S 2 E TR A O R A R )
15 205 A BRSBTS A 0 H bR B 80 U R B
T2 SR IR 2 RAE o 0 SRR AR SR R AE R4 R R il
PEAT 42 I P IO T £ [ 9 A Bk A AR A ] 0 5 5 A D0
S A EMR S 2 M B C &R . Pham S50 )i H B
BRI 5 O = 2 33 i AR 22 Mk e 550G &%, 92 B % 4% 1 TR A
it

it 5 f8 7 41 B O R i R 2 T BT e i Y i e L A 1
85328 ARSI -5 3R T30 A 0 i A T A > B A L A



184

Computer Science TTHEPE#  Vol. 47,No. 11A.Nov. 2020

G 5 W AT, Zhang TR AT 3 S4B M
il 28 ) 2% A% 5 ( Mlulti-column Convolutional Neural Network,
MCNN) , 5 — 3 B R Z A E A 7 RN B B RT3
R B R IR/ A K AR AR B ROT R B R B e 2
B R NS 9 FRAE 5 B . Sam ZOME HH—Ff Switch-CNN %
TR 25 [0 2% AL, S b A TRTAR BE AT 0040 B0, 43 0 9 A 1815
B, b A B AR S s A 3 2% B g0 an i b AR 3 AN
AR AR 25 i G015 R S 1 3 S T8 246 THEAT BT S oG Af ) 2 B A
. SCHkC21 42 th 9 CSRNet 43y B9 A~ 5 43 - 1 i 199 2% 1 J5

45 . R 45 VGG-16 BURT 10 J2 . J5 35 19 4% 0l i 25
4 R 2 28 37 46 BURT LA™ R 52 I8 X o A A e A Y
N AL

A4y % MCNN Hl CSRNet 4T 7 Brgh , #2 ) — Ff 4
F 2 AT 552 2 10t HLERS 9 5 1 %ﬁi%ﬂéﬁﬁi R —

(a)Original image

& 1

(b)Ground truth

PR AR

T HE TR o3 0 R, 53 — T DU B R AT 43 TR AR 3
N> A % B B 34 Shanghai Tech 4% % 1 UCF_CC_50
BodE g F kAT T 0k, M MCNN 5 CSRNet. A B i1 ¢
ORI BERTE I BT B AR A R T 4
k.

2 BRMEMEANFITHRBEE

AR T7 1 B R AR 15 B TR A ORDRE 1
5 B R 5 LU HLRE 1 2 R 1A B IO 20 WS 2 A S i AT
55 o Wi B R TR R AE 0 35 B0 5 i S Al A R RS 2 R BT 5 4y R
B REAIE 5 2 S e 28 T A A A % B A
2.1 BEWREHE

SR AT UM B 38 R i JT AT O ks A I B B A A
K (ground truth) #HE 1(b) ii s,

() Segmentation map lable

Fig.1 Label image display

T AR RO 4 50 4R Sk o 47 B R AR AR AR L
BB FH AN A A A5 B AT U 5 & 5 BONHE SUBUAG 1 3
25 o DR IG5 R 30T A X A i s AT R Ak A B 2P R AR L iR
— ik ABEEMS R BB NS A A Sk oo B AR bR
Nz, FHBAAN bl R 6 (e — ) Fom, WAk A BE % 0T
(D ERR W H (2 58 4 A% AR 1 2] AR 2% 1 K
D(z) , =L (2) PR,

N
H(x)=28x—x;) [@D)
i=1
N _
D(I):Eé‘(q‘*x,)*G,,i(l'),a’:ﬁd, (2)
=1
G JE— A A%, o 2 v 300 A 1) A o 22, AR B

SCHRC19 1% 5E . B=0. 3., 1 k BOEAB BB 1. R S 2 it
BT & ASARAR 50 T BE B e A SCrh R BN 3,
2.2 HEREE

R O 19 b T 135 0k — 2 00 A7 4b 39043 300 4% 1 s 4% I
Yo T SCHE B RS A B BE 4 B

(segmentation map label)

X AR SR A LA A 5 O e T A S kL el D TR R R
AR ENABES A R L0 1 (b BT os . FEAR AR 45 G B9 B
Xof I 43 A 4 PR AT (R A AR B A SR A 0 O T P AR
BB R T A T B SR bR 28 L 1R 3 15 I 22 DU e S oA A
ZE IR E 0, IR 15 B B AR B . o H bn 4 B
R ABER AT B A 1o BTR

PR R UL, O A R i S 431 5 Sk D22 ] B I R 1

A EE AR . SCEk[22] 9 Ay 18 o H0 T TR 4 4

WA OO ) T 50 96 5 T 55 36 3 49 R F AT bR R & T
AR N A A I DX, R T B R T — A AR
BRAE B .

S50 45 SR AR e B B 2 53R TRT B 09 O A i 5 . 4R
o NI U 55 1 i
2.3 MEEH

ETZAT 55 2% I BB 2 M4 BT B s e 2 B



WU 55« 3 T 2248 5524 o) B ol ML 0K O 5 Bl 22 I 46 AT 3 2l 185

7N B 3 AR A RS R P AR SR B AT 2 D D AR
AR B VR AE RS R H . TE AT SCRT IR L 8 B ) B T M 4 R
25 (AR RO R I ZAE 5 CNBHECS ARE&D
ISR U F AL B RS 1 3 e o 48 v AR B i vE R 1 . 3E R R
B N LA T — 1 2 B S B ) o R L 5 e T i D 45 K
A BT P 5 S 30 o 4 AR AT L TR R S A B A K s 2

©  wemEss
CDMGM Coarse Density Map Generation Module
CSMGM Crowd Segmentation Map Generation Module
FFM Feature Fusion Module

CDMGM

(R = g R30I = i R C R (SR i R NG %
A, A i A PR LR AR % 3 18] (coarse density
map) , FRHGHURE A HE 25 BE 18136 AR 20 50 1 2 Ui B, 2R
N BES#E F (segmentation map) ., I i il i Bl-G ML RE A%
JE 5 R 23 50 P LA 20 5 S o 6 T 40 B R A R A
(density map) , FHHETF 2K MB35 A SO & — A AREFLY
3 EERL,

density map

I
'LL{UH -
|

ground truth

2 BT 2L ) Ko AL BN i BT BOR B 45 4

Fig. 2 Structure of crowd counting model based on multi-task learning and coarse to fine
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Table 1 Crowd segmentation map generation module
Backbone MCNN CSRNet
C(3-64-1-1) C(3-256-1-1)
2(1-64-1-0 °(1-256-1-0
CSMGM C(1-6 ) C( 56 )
C(1-64-1-0) C(1-256-1-0)
C(1-1-1-0) C(1-1-1-0)
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Table 2 Data information of standard datasets
. Shanghai Tech
AR % UCF_CC_50
Part A Part B
B 482 716 50
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Table 3 Performance of different algorithms on Shanghai
Tech dataset
Part A Part B
Algorithm
MAE MSE MAE MSE
Zhang!?") 181.8 277.7 32.0 49.8
MCNNH9 110. 2 173.2 26.4 41.3
Switch-CNN200 90,4 135.0 21.6 33.4
CSRNet 2! 68. 2 115.0 10.6 16.0
SANet-?7] 67.0 104.5 8.4 13.6
MCNN+ + 88. 4 145.8 25.9 16. 2
CSRNet+ 65. 1 103.5 9.1 14.3
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Table 4 Performance of different algorithms on UCF_CC_50 dataset

Algorithm MAE MSE
Zhangt 2! 167.0 198.0
MCNNE! 377.6 509.1
Switch-CNN[20] 318.1 439.2
CSRNetl21 266. 1 397.5
SANet?% 258. 4 334.9
MCNN+ + 336.9 454.2
CSRNet+ + 215.3 320. 1
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Table 5 Verification of effectiveness
Part A Part B
Algorithm  CSMGM  FFM
MAE MSE  MAE  MSE
CSRNet!?! 68.2  115.0  10.6 16.0
CSRNet+ N 66.9 110.8 9.5 15.2
CSRNet+ + N; N; 65.1 103.5 9.1 14.3
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Fig.3 Experimental effect display
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