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Study of Crowd Counting Algorithm of “Weak Supervision” Dense Scene Based on Deep
Neural Network

LIU Yan,LEI Yin-jie and NING Qian

College of Electronics and Information Engineering, Sichuan University, Chengdu 610065, China
Abstract At present,in the crowd counting task of dense scenes,the method of annotating true density is to annotate the central
position of pedestrian’s head. Gaussian convolution is used to generate the ground-truth density map as the supervision informa-
tion. However, for dense scenes.such labeling method is time-consuming and laborious.and there are many “uncontrolled” factors
in the images of dense scenes,such as low resolution, background noise,heavy occlusion and scale change. To solve this problem,
we proposed a new annotation method,that is,we only need to know how many persons are included in the picture.and the total
count of pedestrians in the picture is used as the supervision information. Compared with the traditional real density map.in pro-
posed labeling method,the real target value is used as the “weak supervision” information. The experimental results show that
the model obtained by training neural network with weak supervisory information can accurately regress the number of targets in
the image for crowd regression task,indicating the effectiveness of this method.

Keywords Deep learning . Neural network,Crowd counting. Weak supervision

RSN

BEEL.

1 oE Frhm ik RO b L ) B AR R R B AR R

if

ARG AR EUE S5 0 B AR RIS B T B E ik
HRCE o BEE N RGN, A5 2 BR B TR A ER A M R R
G5 EM T REMAROIT . RGN BAL 55 75 A 3L
A S M I R ko3 A A B A T B R AT R S 3R
AR N ANE 22 B X E G ST BUE SR T HESI R
FR PRI o (BRI AR 9 DR D U B 8 N R ) S
A1 P O LSRR 4 L IR A 3 7 X B — 3R A AR AT
SR EERERA KRB AN MY T, EEEYRE T
AR S B A Y N R AR A A R R R R S EOx

BEAYRIEATEBRARE IR S F . BRI, FRATA A s i

Yo BT 2019-07-31 REHW . 2019-11-07
FEATH P A FE S LI H(2019YFG0409)

WA AT BUT 55 Ak R EonT Loy o 3 26
T HARAR I A 7 25 2) 2T MUE 05 35 5 3) R E %jl_l
25 FNHL A% 2 > Bk AR i T % B TR 7

TEET EHARK I 4 7 i v, 5 B SR U B R AR
JE AR, I K A AEAE A iC o o RRAE A B4 4 i B A I R
AL A AT N . SR, 1 B A3 2 R R AR A SR
122 7 1 7E A B 9% 4 3 5t NTE VT BIOIT 55 i R 9000 4 A A
F bR .

FEF RS A 75 1 SCRT DA 43 b B 2. 1) B 43 1 8008 19 O
O VG A S RRE R BRI R R A i R E

A SCE A TF R 223 R (OSID) 35 F1 4 7 — 4 R0 3k BUrb 5815 4. .

This work was supported by the Key Research and Development Program of Sichuan Province (2019YFG0409).

EEEH . T7F (ningg@scu. edu. cn)



X BIL A R TR R I 4 S B AR R AR B 185

2 [0 =1 % BE Y 7 1 1% 7 15 RE A8 S Wit W A TE 1 B v Y 0 A
O 70 R [T A 7 32 o x50 Y 4 R AT SR A
ERT LIS 20 M TN . 5 B AR A A 7 I AR T 5 T R
A ke a2 A AR S EESEXER . N
S5 R AR PR BE 2 2T 19 7 ¥R BE T IR AL

b3 5 12 R R A% 8 4 L A 0 R AR AR T 09 45 vk
T AR R, AR BEE N TR REM Ok A
TE % R NRETE B BT B PR B A . L4t
T T A B Jay BR A AN 35 F A B0 O A2 2% B0 N R O3 A
L

W25 TR 1 2 2] FORAE S SR SRR EUE 55 P U R
HERE 1 245 G Jr vk i HLJC vk Ak B ) R (o RO A AL L i
WA AR T —E BRI e, (ER BT — L8 IR A A Dk
B I S« 1D 7E 2B % 4 37 s W T U 55 b ARig EL e B
HOOHE SRR LR B A KB A I 7 5 2) 1 M Wi B AR e r
AT YRI5 A 1) T B R A2 78 0 AU 40 48 40 A s A
FREAS B 1) 25 18] 23 A AL 2 A AR ALY i R R AT AR

Bt X b 3 I A AR SCAR R — ol A s T R RS A
TEAF SR VI 25 TR B2 b 2 I 4 B9 SR 0 O A o T A R Y TR
P2, SO R I T PR 5 s 1D HUE T A B AR Y 5
W R A R I R ol 2 I 5% 5 2) i A0 ik AR A A9 B
BUREAR S RS R AL MU R TR M e R 4. S
G5 X DRk B SR AR D R A I A K A ¢ 5 R
FRICHEAS L BB IR 2 b 32 T TR B2 I 2% 932 AR P BE

2 MXIE

R o NV BUR ) 2 B0 2 3 22 4 U T By, B
W B BB EE T H AR AR By k. SCRRL TR T O 1 B
JEE T 75 PG 5 5 vp AT N BEAT R 5 SCHR L2 18 e 2R /N i 28
Hexh 5 AT R I AR HEAT A I . 7 LA 5 kb, R T B A
FANECE R 5 Bra & e AR (R, 26T B ARG T
BN TR O 1 T 1k Ak B A ™ P AT AN R R i 3
3o XTIt SCRRE3 A BE AL 2R Ak 42 M P o B9 R S 45 E L 48
1 X 37 S 1 v BT B AR B B R AT e 5 SCkC4 00 )
o 39T B AL I A X 3 b AT A BB AT N

W 7 T 32 2 ) A W A 07 T 9% B A R 22 IO 4% b B 7 A2
Gy N R 51 T A A s B R . SCERES Tt
T ih 3 &AM EEER LML, N T RO
JEUCH 1T SCHRRAE L B BB 2 S8 I 8 BUZ R /NS S F T LA
e Jrb BHLAS [) B TR 5 53 A1 5 K S ] 52 B A R A8 1 F 422
A A Ay A B — A [0 U 0 5 e i 24 B TN ) A 0 A
. S T b 2 3K O 28 I 4 10 B R, SCriR 6 ] Sl
ST —Aardeas . A B A TR E YIRS R 1T
Iy AHE T E UM 73 A ARG I AR A S 2 a5 4R
PRI SR R . SCRRL7 48 R B SCfE B 07 2 42
I R 2 R {5 B AR AR A5 8 5 DA AR S e o ) N TR 8
ST . SCERL8 M T VGG16™ 4R Sy “ B T W 4% 7, B I iR JiE
IO 445 BE % 4R I J2 U SCAR B YR 5L 45 25 T 46 BUR IRUCIE
FHABAR 2 A 2 T Y TR SCOG R E 1 E a 3t x 2 A 3 R
NFE I AT DL HEAT A T

VAL 7 SR TR IR 27 5T W 265 9 BT L x4 48 TR 3 20
PEAT T WRSE . ERATE BN B0 b, b i 4 09 g o ik AT o 8
oA EIME LR AT . B M 2 I T 1k B IE IR 2
R, ok Ak B RN B R B T HOAT: 55 K 4R s 0 ) B
Trik . SCHRC10TRUBLAT B X0Hh 42 0 SR A, 76 BT ) 1 3R 45 T
— B R PR 0% AT IR 5 % X S8 R AR A 19 [ (R
U0 R AR/ N B UD B & TE R D) v R O
BB AT I R A U0 R 5 T £ 9 N T — SR A I AT
BORHE S X TR BE AR 2 P28 B AT I % . SCHRC11 DRI “GTAS”
Uife X P AT LUK T HE U3 SO 3R AT ME U3 b B AR B AT N A
BB JRUBE A8 36 Y — A HEAT T RS C B PRSI R A R
XU LRI T A R S S SRR AL E R
SCHERCUS IR T — [ 2l 2 T 45 X 40 10 141 30 47 it Ak 21, ¥
T 3 — A A T A K B R A 5 IR AR BT A B
EP

SR 7R A s AR EOX — G B ATIE 3 XTI
Y] (o P 5 M B T I R TR B P 2 TR 4% O R R 4t Y T
T . AR E AR LT 5 AR LR B T B 5
PETF S U /AR 53 B e BE 0 ARAS 02 T 20 A 4 2 [ R
V4 B0 P PR i B R R H AT AR . AR e )
Fkw, R SRR I B i W AR R R A
AR ERFR ., EREMEOT , — 30 B A TR S A5
AP AR ZRAAT B AR .

PR AH o AR SO T — o e T IR R el 2 R 2% A 5 M
S FENTRGETH S FOR T 58 W 7 b A 4 O 2k el 2
IF B3O 5 4 7 e A Bl AT AR e i T AR &

3 BHEEBABITHER

3.1 BEEN SIIGHEREN K

ST A RN RO Bt SR A X B O B BUA Y
5 W VAR A0 O I T BN A — AT N B £ B 3R AT AR T
Gl HEARICTEST AR SRS RO AL ED o O TR AR IC HL S
JBE R BT i FE RO KT J1 FRATHE T — b 8 B AR g U X
50T BT VT B0 1 o TR SE RN B0 L X T A — it i W
FEEME AR F AT RHGE Hb & & i A CLLZWTCA 2% 0 il
AT LU 2105 2 8 Wb CUn e 2 1R A AT N T
DI, A A AT AHE A W 2 X B8 W45 s b A TE A
P E 3D AREBAT SR R S SR AT N E . XRE L AT
S AT LA A A8 58 MBS AR A AR DL R AR A Rk DL s
E{EARIC A G o X R8s W B 74T AR IC 7 M T U AR M
T B WA O

T VPG AS SCHE R 55 MR T ) O TR Y B R, AR
I 2k S v i 435 20 3 23 AR 4 B BT A i A AR R R
PR 9 B0 2 43 A1 T Sy BB B 5 B8 2 A DI e AR T 55
B HRIC T AR IC EAE L B DA R BT S i A BFEE O B
[EREPSW

ASCTF LR T IRBE 2 W 46, by T 0 B0 A i 9 07 sX ik
77808, R IR E ST A T8 :Ar 5Av., H,
Ap={(X;s DOV Aw = (X, C dimy o Ap ARSRAE T8 i
BERRIC B U SRR AR R S 45 O IR e X (0T SRR



186

Computer Science THEHBIZ  Vol. 47, No. 4, Apr. 2020

RE AR Dy AR BB AR R Aw AR5 AR IC
W GRREA R R R & e - R X5 [T b B & A
TERCH B C; AR BB o TEASCRY ) UE SO R 4K
W8 LUIET 7 v L B9 AT B B BEAT B, 2 i O DL RS R

B2 AT HRIC .
3.2 ANBEEHERK

AR SR FHSCHR 8 ] v 4 FH 1) 25 1) 45 FR o 248 X 4% AR g B T
R4, M4 BT A 4 2 — , FL R R T
il

23 6] A AR 22 I 4 DL 4 37 5 T R Sl A, AR R 9
DN A 85 B2 o3 A 1 D i o PO R AR AT 1 PR

ﬁﬁw-

1 28 2 U 25 254 (L 7 MUR

Fig. 1 Structure of dilation convolutional neural network
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Fig. 2 Example of annotating dense scene images with “strong

supervision” method
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Fig. 3 Example of annotating dense scene images with “weak

supervision” method
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