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[Abstract] To reduce thetinfluence of background noise and perspective distortion in crowd counting tasks, a new
network based on background suppression and context awareness.is proposed. VGG-16 network is used to extract image
features, which are input into Density Map Generation (DMG) land Background Noise Suppression(BNS) modules for
processing to generate density feature and spatial attention maps.The' BNS module is used to optimize a density feature
map and generate a primary density map, to suppress noise information interference in the image and improve the
characteristic weight of the crowd area.To reduce the influence of perspective distortion on counting density estimation,
a Weight Enhancement-Context Aware Network (WE-CAN) is used to optimize the primary density map and generate
the predicted density map. Experiment results on'three public datasets, namely ShanghaiTech, UCF-CC-50 and UCF-
QNRF show that the network has higher.computational accuracy than Multi-Column Convolutional Neural Network
(MCNN) , Switching Convolutional Neural Network (SwitchCNN) , Congested Scene Recognition Network (CSRNet)
and other networks.Especially on UCF-QNRF, the Mean Absolute Error(MAE) of the proposed algorithm reach 85.8,
and the Mean Square Error (MSE) reach 146.0. Compared with other algorithms, the highest decrease is 69.0% and
67.2% , respectively. The network proposed can also suppress background noise, reduce the error caused by perspective
distortion, and has good accuracy and robustness.
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Fig.1 Structure of network in this paper

i &L RT AT, i M 4% S R R A 4R I 4%
VGG-16 4 B A G AS [5] 2 I FRAE 3T 43 0 4 A
DMG #E L BNS #5 e e 47 b 3, A: 1 % 3 R 11E &
s g B ARG R A R 25 B R AE B RS

[ 7 5 3 [RTAR 3, 45 21 BE A R0 ] W 75 A W) 2 % L
K. s, M WE-CAN B8 32 up) 9 %% B 1 BT
SCAR BOFBEAT PL A Ak B2 i 2 175 HA W 722 5 1 S Y (i) R
T A A e JoT B Y 00 8% TR



316 Computer Engineering

R TR 202249 H 15 H

1.2 ZEBEERER

DMG 55 5 19 VE F 2 2B 8 40 B 56 100 ) 9% )
B H g R i 1o DMG #EE iR . B TR 2 4R 1E
(R A S SO ) =L S (R o S A= [
B I DMG B H R F R AR 4 38 1 45 40 RE A8
LN R A R TS I = P R 1S RO R PSR T T N
PNIIEE =0 S & o 3

£ DMG B b B HE I VGG-16 W 45 4 4
WAL 2 W R R, S BE ok FLOF, F, F 885
WX F o F, F, F T FIERL S . DMG B 5
FIFHFRAE Rl G 5 w6 0T FL B AT PIAS LR IS F )
B¢, I T 458 48 Ak B4 20 38 18 250k 256 B9 HP R RRAE &
FC ;385 ] THAEW FC, R F, AT FRAE R G T
HEAT B A B4, A2 0 T8 O 128 B FRAE & FC,; B
Jo AU HEE X FC, 5 F 9086 B9 R AE BEA T 4
T 28 b R AIE A T B 2 S A5 B 3 8 KR 32 1Y A R
R B BERRAE B F ., FER/N R R IR B A9 172,

Az B o HE SR R AR Fo 5 R T
EHR TS o 8 SR ) T4, 4% Fy., 5 BNS B A=
AR 2 [8) 7 3 T B M IR AT A T A, SN M 7S Y
P, 5 A A G R F .o DU R 1) Fah X
M= (1) PR .

F e=Fi O M, (D
Hodp . @ R & S e B
1.3 B SRS R

BNS e 5 4F A= jio6) RS 5 e s | 4 ) 4
() 25 18] 72 3 ) B M, HL 25 A8 viEL 1 b BNS A5 B ir
o B (1) AT S Tl 5 T B M % R ) A o
AE 77 Mg, H g R IR 2B ) PO FE I F g, Y
R B v o DR Dy 4 5 s [R] T ) TR ] e R
(R RE 77, AR SCI T T 3 O W 7 O ECA Bk
MZ )25 B A 1 BNS A ER il TR 2R E &
AT DGR R, Hm )2 R AE B A X453k 3 X 8
550 P 0 fE R Rt BNS B B ] ECA £
e g8 o 3 WO [R) )2 R 19 A 3005 B, 328 = 3k AR AR 15
BFIRAE T, PO A Bl A A S ) R O . il
T B B ECA 45 i an & 2 i, Hob KR
G, GAP & Rk .

A

" i
FE [Gap

sigmoid FHE

1x1xC 1x1xC

B2 ECAEHREHW
Fig.2 Structure of ECA module

F1 P& 2 AT 1, ECA 58 8 (1 51 A {3 i 8 5ik 1% J2
FRAE B A 4T T 20 A5 B Rk I L BE 2 o 2 4
AIE P rp T X0 3k B AN BRI UfE B AE . Bk
1M 7, ECA MLy 56 F FH 4 U K/N K — 44
FRAR RS AIF P v 4 A 3 3 2L & KA M 4053 18 2 18] Y
S H AR T 5 R [ 3 G R i R A
CID(*) /. RGBT 515 2 AL E 5 )5 LR FR1E
PR 3fe , L3 8 R [ RRAIE R A 805 B a1, it
AW (2) s

y=sigmoid (C1D(GAP(x))) ®x @)
Horpr x o i A RRAE 5 p 227 i th 45 2% sigmoid 2w
sigmoid T PRAL ; 76 W 2% v KA1 0 3

St — 8 58 2 [ FE B R R SRS Sr2s R
BN'S MR iy 45 1) 7 2 BRIRT 08 ) 1 1< 1 5 BORHEE
F JER AT R4, 4 ] sigmoid pRBCKF 25 8] 1 B B
OSBRSS A (0, 1), DA X 43 A% r S 38 DXk 5
s DX, e AR ) R GR = (3) s

M, = sigmoid (W*f,,+b) (3)
Horp oM FR B B 2 R T f, BR &
o 3 A4 I R O B A S A b TR AR AE R 3k
N B AE s WA ST ) 32 R — 4 L AL R R
T &

1.4 E T3 RRALIESE W 4%

o B RRAE L R SR B R GR L b BB
75 10 W 75 5 B 5 T, AR SCAE CANTO R R 4 SRl L
45 A/ IE B 1Y 5 B B (Feature Weight Enhance
Module, WE) #f 17 8 i , $2& th WE-CAN Bk . Hrf
WE i FH] T 38 3 4 A 1 p 2 RO 1R SOfF B &
N, Ha I E 3R . f &3 AT, WE B H 1 1) fig
S $ B DMG B8 T A= W) 9 %5 JE B F e R 22 R
JEE R AE T 1 0 rh oA UfE B ik . WE AL H i 4
Xt F e AT S 35354670 I 4l T — A~ 1x1 5 LR
24 3x3 B B LLAS [R] 1 J% 2 W7 $E B F ., 1 22 ROBE R
B A R BUR R R ) Sk AR AE , AR SC B e AR
i SCHR L 16 ] rb 48 #4233 T 23 1) 2 ARk 4 7 1 v X
HREMEE & 1< BRI RN 1,29 3%3
LR 2SR R4 A5 6 f 12, SR )5, X 2 B3] /Y
Sk ABRRAE 5 AL 1Y F ., PEAT GBS B 4k 4 L3
HF,o HUk, R A G R 5 ) B (Squeeze and
Excitation Module, SE)"* 31k F . " A &1 £ R
5B RB A BEA BEGERBWRAE, IR Foo &
J& X F R0 Fo AT AR SR 454 |, A 1l 22 RUBE FRRAIE 2% i
K F,, ZidBn LR N .

F,=W*(F,QF,) +b (4
Hop: F, %R WE B HUA: B 22 R R7 1 2 1 14



F48E HoM EZERKL WY L A AR R TR S R SO T R 2% 317
£ REAHERIL HHIERSIN RO BRI f o
P _WE J g i AT
"y C i
S 4 o OO H )@ j
> = e
S Cony ! Rateo 1| | Rates | | a3
[N AvgPool i i
HHE > ] = »O»O) Pl kA ii
= OO+ Con} >V /
PLWE j = -
Ss Conv O (- 4» @ ™ '\.\‘
> e ) i \ il
() & FSCB AT BLIWE-CAN) (b)HHE LT LS (WE)
(V) Lwit OF % () mmmmemtt (O e

(CWE ) M KxK'/}f?ﬁ%ﬂ, i An ., SE | EEIER )M

B3 WE-CAN#ERZH
Fig.3 Structure of WE-CAN module

454 WE B H 6 CANM B B ik 7 etk | AR Sedi
) WE-CAN 5% 5 fiE $2 BURR AF P 58 12 40 A9 25 1) 15
BOAA R A B 30 M 45 1S Ak 2 Gl T SO
B Ee 1, g & 3 (a) i 7s o<l 3 (a) 7] A,
WE-CAN L 53Sh 4 A0 98 - 1 Sl 4 4R R R
JIN BT 353 b A 2 X ) G T B F e E AT 2 U R AE
P, A B 4 A AN [R] RS 0 52 187, DU R SOy
fiES,, el 5 51 1,236 Wk 4% S, 5 WE B
Az B F, AR, DA T 5 3 H EARARAE 55 AH &5 R AE 1)
FRAE 25 5 C), 9231 WE-CAN # B v [ 15 1iF 22 = 1
B, Hoe s R E o A(5) s8R 5, WE-CAN BLHUKE 1155
) C A B T W 2% rh R — 4 S AR
AN TR RO 7 B A AiF B R ) RO AR o, 063 72 0]
Tk R (6) s . A H R R o, % 91905
F oo BEAT 385 P07 1E JF: I 4 i 11 07 90 4% A BI85 okt i
(14 T %% 5 1l D izt B AT Ak (7))

C,=S,-F, (5)
wjzsigmoid(W*C,+b) (6)
4
2“’/®S/
D™ =W*|| F | +b 7

Yo,
o[ o] o | R B
2 XBRE5ERSH
2.1 HIE&E

ShanghaiTech . UCF-CC-50 X & UCF-QNRF %%
R RPN i @ L L1 I oV & i SR e SR T
mr:

1)ShanghaiTech £ 4l 4 & tH ZHANG /4542 i 119
RBLIT PE G 4R 28 E 46 1 Part A I Part B 2 >
U . Part AL E DNELIK I o B AL I A A 482 5K

B R, Hob 300 3k T 145, 182 5K F T3 . Part B
M AL & 716 5k 8 T L BAEgE B A, Hp

400 7K F T 125, 316 5K FH T3t

2)UCF-CC-50 %4 451" 2 — A0 Sl B AAF &
B FE IR ECHE 4R — A8 50 9K W) 4 B R 1 A BE
B R iz 8 45 B A AN B A R ATV i 1
94 N E[4 543 N, -2 E5K K Al 280 N b B 4F
Hi 56 IE AR R B o A VR 7E S 86 0 R b il S S
Mk [ 20 A1 [F] B 5 128 86 UE ¥k < 1 S 7E R R A AT
P ROBE BOHE SR F 4 sy B 109K IR . SR
J B R E B AN R — O S AR R T 0 4 1
YE RN ZR B A TN 25 20 il 4k A5 S dL ik 25 % i 5
5 28 R As S (AT 38 AR S S AL Y 1k BE 4R A, T
A 2% AT LA

3)UCP-QNRF $#s 4> & — A= 2« HHH A
BB R IL 0 5 1 251 642 b AARBR Y . BT 4E
A 1535 5K MG, I 2R 4t 1201 5K BR AL, Hi4y
334 s AE I 4 . UCF-QNRF Bl 45 AU AU & £
Fh Z2 FE () PR 55 15 5, 10 L BRI 4R R ) B R 2
SRR, B —E Pk E

ATCR B 3B XS L4 R FR 1 s .

£1 AXHEEEE
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DensityCNNP* 63,1 106.3 9.1 16.3 244.6 341.8 101.8 186.5
SACCN™!
QS

59.2 98.0 6.8 10.5 178.0 258.5 96.1 167.8
56.6 97.6 6.3 10.2 160.6 224.7 85.8 146.0
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Table 3 Results of ablation experiment
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