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Figure 1 ASNet overall architecture
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Figure 2 Attention embedded dense atrous pyramid module



38 AP PN i o QR o )

2022 4F

(fiofos o fe ] P f e R S NY R, C
e f B BEE R, e, XA f BT Ak
AT A5 38 8 AR ) 5 v e R, Z )5, F 42 0%
Fe )2 25 4 AR 08 T8 8] B AH OG5 i sigmoid
PRCHE PR BCKE R AE MRS RN [0, 1], AT 345 > i
EREEIRE A, B RE N
A=F,W)=0((ulv,W))). (3)
AP A B A3 1 AU v R i E )
FRAE ) & 5 W O IZE BT B ILEI PS80 N
sigmoid % PR 40;8 N RelU @i(ﬁ@%ﬁ,# N A i
2 W, AR EREE TS
I JE B HE B IAUE A X6 2 ROERHAE
Sm FEAT AL DT 3145 T 58 7 ik A 1Y %5 4R i 4 =5
T G - H R fom

~

Sfm =A - fm, (4)

3 IR TR BT IS I R AE AT AL Ak 45
FEAZRL R Z 00, P 265 32 OB ) R AE L R 2% L, AN e
XAl BB ENR FEZERZ G, THES
T 46 BT IR AZ 87 11 Z AR K, DA B 3 7 Ll
Xif 4RI B4 A R B T I 6% 4R A R A X I 2 X
BCEAE T R e R AT HE AR Hb 3R AS T 2 A K
ANTR] A7 BN — ) X 4
2.3 EHBGMRUER

8 2 PEXT G0 320 G RO — L S ) B
MR, AR SCIN Ry, VR 2 R AR A R AL & T 2 i
SCHEAE 1 e 2 R AIE Hh A 55 T 22 (19 255 ] 45 R4 R AT
AN FH 8 G SR AR 25 A6 00 Gk 38 1 %o 52 6 145 31
WA E, B TIRIZRMETN AR T2
()25 RV ART 38 A T E L A, e DA Bl i a3 2%
A B | 1a) f 2 T AT 38 35 1 G ) 1 R AUE AR T
A FE MR TR AE B 45 rp R Y 4% R 2 R

7 REAE
BB

BEREL TP
JEE LR N

@ RN MBS
TRETEERZN  ERETEERZE
B3 FENHRANEBEZTAEFE
BER BT R SR AE AT AR
Figure 3 Visualization of feature maps around attention

embedded dense atrous pyramid module

FIE | DA R A 30 B0 I AT 4 30 % 48 G

Wi 3 G AR AR H B S5 R A 1R 4 PR OBk
H TR A B 8 A 3 e s T 4 S B R RRAE
SmAE R A R SO e T 8 R
H. A ZeroPadding(1,1)—Conv(3x3,N,, ‘valid” )
—BN, N, N5 2 {45 4E 2> B 5 R 5958 2 45 A
C, WBIE L, G, ¥ fm il i BURAS 5 9 5 4
S, AU AL (5) Bk 18 B B B ASAE |,
S,,S, 1o
S,., = H,_,(Concat( UpSampling(S,,C,))., (5)
AP H A (i-1) DB TR Concat N IEHE)Z
UpSampling A [ >R¥EZ S, B i 0 Z 5 1E; C,
FE AR B TR TR IR SR IR % 0 AR AE B A
— YORHARRE B RAR S, #BH L 50k AR 2 M 45 1Y
A I 43 B 3 00 SR AR R B 306, L RD 7060 0 19 25 ) £
B BRR AT T RS .

N T AE g — WA AR A ET BE A8 LIS 2 R 2% v
BRI S 2 A I A ] R T AN A2 5] AR S

EN L7 ZeroPadding Conv(3+3,512, valid’) Conv(3<3,1,'same”)| [ saliency 4 |
[ (32.32,832) an [ (232512 BN G321 [ (232)
0 '
VGG-1632E l . s ¢ >
p L ZeroPadding Conv(3%3,256, valid”) Conv(3%3,1,°same’) saliency 3
(64%6{}%6) A an T (eaesse) o BN T e (64,64
0 |
VGG-1632ELH l . o1 . >
ZeroPadding Conv(3x3,128, valid”) Conv(3%3,1,°same’) saliency 2
REE, —C~ — — BN — L
(128,128,128) (L1) (128,128,128) (128,128,1) (128,128)
| . |
VG(E%%WE(]_ C o ZeroPadding __ Conv(3>3,64,'valid’) __ BN Conv(3x3,1,°same”) saliency 1
(256,256,2156) (1,1) (256,256,64) (256,256,1) (256,256)

4 DGR LER
Figure 4 Stepped edge optimization module



452 40 HIJL, 47 26 1 G 738 OF 15 300 S PR ALY 055 0k 6 39
W AE R —A~ S, ZJ5 , #8 BB T — A~ th i 1 T AR AT R A R A 12 AL RE T, £ VI 4R

L BRER/ANA 3x3 &R IR R 2 3%
We 5t { saliency_4 ,saliency_3 , saliency_2 , saliency_1}
Vit B JELAR B0 b T 45 2R 23 0l ) 8 B 5 %A
3035 WA R /INAR ) 1Y 23 B 3% (256 %256 128 %128
64x64 32x32) It R, W — 1~ &
DU TR MRS J2= 0 2 v 1 BCHE A7 28000 23 1) 48 19 1
SISOV INTIRLECRTE 37 I ARTE R dDOE A:pulk- S0 2
LU

B 5 R T ik ih G A Au g b B — ik
Je BT A 3 WA A L R, T LA 1S 4R T
B PR Z P2 AL A A 7T, I 35 R X R A i G R
AR AL 0 B, — AP 2D R B R A G R
LR [ 25 PE BE 48 AR B B2 THF AR 3.3 T R4

(b) xaliency 4 (c) ,\'aliency 3

(d) saliency 2 (e) saliency 1 () ﬁ'ﬁ@ﬁgﬂlﬁ
FR)L 50 R IR)L 50 R
Bs5 #H#ERKRUERPE—RRLETBEN
BERER AT AL

Figure 5 Visualization of edges obtained with every

optimization in stepped edge optimization module

2.4 LI

2.4.1 HWE I
% Wang 5" MR &, % B 2 O 48 bR
IRl E 00 45 2% oK B HE AT 3 T, an =X (6)
FIs
Loss = L. + Ly, (6)
s L3RR 28 SUR B 2R pR A Ly, 327 1 1 48 X
BRZEI R R
LAY LR .
= - 21 IgP,  + (1 -1 )lg(1-P, ), (7)
LMEI’JEXﬁD?
ZU (8)
Al €0 }%%ﬂ*ﬁ§%§(x y) IARZE P 3

RMEE (x,y) Eﬁ?ﬁuﬂuﬁo
2.4.2 INHAHELE

i DUTS-train % 427 R 26 45, & 6
10 553 sk RS,

IO €/ E NN N S VI S E T iR
FiRE AR e KOV AR B 1) E VRS B AL U AR 4
FARE  EMEOKOE B T A AR 8 58 % 65 k.,
2.4.3 Him¥P

AR SCHERL ] Keras HEZR R SEHL 3 T4FAE
PB4 1) 280 7F ImageNet | W25 A9 VGG-
16 SRR Ak, X T HAh S BUZ SR F W7 %
WAL BT S5, I ZRat, Bt A i G R B R
(973 B R FR B A h 256%256, A5 4] 1 2 )
FYBEE N 107, Adam B PAE NVIDIA GTX
1080 Ti GPU & K #1734, H 2B S 4L
1§ 8

3 LWEHS

3.1 HIEEMITEMIER

e b 25 PSR R R S S A TR B 4R X AR
SCHY I 45 A5 7 3R AT PR RE A, 5 A B S B2 A DUTS-
TE' | HKU-1S'™ | DUT-OMRON""" | PASCAL-S""
FMIECSSD™

5 At 5 397 B S 3R N G Ty A [ AR
SCHEE AT 3 R R AT B VE O 48 AR 6 1 8 1 AT 0
i A R R 2 F DL P 4 X
% MAE .,
3.2 MK

A SO 1 5 A 12 Rh2e i iR 0
XFGAGTI Ty B AE 5 A TF R B kAT T B, X
S0 W )y % 4 3 R AMUPH | DCL™Y | DLS!Y
DS ELD™ . KSR™ ., LEGS'™ ., MCDL™
MDF'"® UCF'"' CapSal'”’ CAN"
3.2.1 ZEFNM

MK 6 &R T ARSI kS HAb I A e 5

A EE S LR B AR, 1 B8 TARRDT
EAEAN R 4R BT AT 6 F R 24 2 0 15 22

MAE R 250 RS I i (8] 181 6 DU & 7 1 % i
AR B 5 I Rl e BRI &5, AR SOO7 R
BT A BT $8 PR AE 5 A%&?E% HER U T AR L Y
R,
3.2.2  EMEH

Bl 7 SRs 1 AR SCORE R T Al S 25 4 o R A
Y BT A BRGSO X FE 2R, AT RLA
RSO A T HAL 7 iR 0L, TE iR It L — Wy ik
TR B 5 (T8 7 26 4 5 47) AFEZ D RN TH
XRS5 (K 758 3.7 17) ATEEZ N WiT &
BAYIAREO (B 7% 1.2.617) MERE5ER



40 BN K F W (T % R) 2022 4

A @R TR 22 BRI RSO0 (7 565 8 17) , A WP RO RRIE SR ICRE ) Al s G A I AE 7, AT Ak 1 3%
AT DL AERG s A I 0 b B AT R X g JF H W B AT B 58 R Y 3 DX R B O I 0 i 4
A LAGRAS B M B G A, X AR AR AR, R
i) AEDAPM Fl SEOM [ % 25 4y, {f [ 2% H A7 o
x1 TESEERNFTEES NN ARBEE LN FEN MAE S8 E RGN E XL 4R
Table 1 The maximum F, MAE, parameter quantity and

detection speed of different saliency detection methods on five released saliency detection datasets

ik e 26V ﬁ‘iﬂﬂ i} DUT-OMRON DUTS-TE ECSSD HKU-IS PASCAL-S
MB | /s F MAE F MAE F MAE F MAE F MAE
AMU 132.6  0.07 0.715 0.098 0.750 0.085 0.905 0.059 0.887 0.051 0.805 0.100
DCL  71.41 0.39 0.699 0.080 0.742 0.088 0.882 0.068 0.885 0.048 0.787 0.107
DLS — 0.08  0.644  0.090 — — 0.826 0.086 0.807 0.069 0.712 0.130
DS 134.26 0.13  0.708 0.120 0.747 0.090 0.868 0.122 0.848 0.078 0.718 0.175
ELD 43.15 0.55 0.678 0.091 0.697 0.092 0.849 0.078 0.868 0.063 0.782 0.111
KSR 113.74 49.64  0.639 0.131 0.660 0.123 0.801 0.133 0.760 0.120 0.733 0.154
LEGS  18.40 1.54 0.631 0.133 0.612 0.137 0.805 0.118 0.736 0.119 0.714 0.154
MCDL 116.82 2.38  0.671 0.752 0.634 0.105 0.816 0.101 0.787 0.092 0.706 0.143
MDF  56.94 7.83  0.643 0.092 0.657 0.114 0.797 0.105 0.839 0.129 0.704 0.142
UCF 117.9  0.04  0.698 0.120 0.742 0.112 0.890 0.069 0.874 0.062 0.787 0.115
CapSal  91.09 0.37  0.535 0.101 0.770 0.063 0.813 0.077 0.840 0.058 0.827 0.073
CAN — — 0.594  0.138 — — 0.765  0.143 — — 0.725  0.181
AXTE 59.99  0.15  0.721  0.078  0.796 0.062 0.951 0.030 0.890 0.047 0.810 0.087

T 200 R IR FOR e R 2R 0 (@) TR 4 2R

1.0 1.0
0.9
08
0.7

4 00

gos
04
03
02
0.1

0 010203 04 05 06 0.7 0.8 0.9 1.0 0 010203 04 05 06 0.7 0.8 0.9 1.0 0 010203 04 05 06 07 08 0.9 10
AR E HEE HREE
(a) DUT-OMRON (b) DUTS-TE (c) ECSSD

107

09F

0.8 ==

07t

06

Zosr

04}t

03

02t

01t

1.0

0 0.1 02 03 04 05 06 0.7 08 09 1.0 0 0. 02 03 04 0.5 0.6 0.7 08 09 1.0
AR E AR FE
(d) HKU-IS (e) PASCAL-S

6 SAHYBELMERE-BEEHE

Figure 6 Precision-recall curves on five datasets
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Salient Object Detection Based on Pyramid Features and Edge Optimization

TIAN Xu', PENG Fei', LIU Fei', CHEN Qingwen’, YAN Xinyu’*

(1.State Grid Qinghai Electric Power Company Economic and Technical Research Institute, Xining 810000, China; 2.Northwest
Engineering Corporation Limited, Xi'an 710065, China; 3.College of Intelligence and Computing, Tianjin University, Tianjin
300350, China; 4.Tianjin Key Lab of Machine Learning, Tianjin University, Tianjin 300350, China)

Abstract: To solve the problems of insufficient multiscale feature extraction and object edge blur in image-
based salient object detection, an end-to-end salient object detection model was proposed based on attention
embedding pyramid feature and stepped edge optimization. Firstly, the attention embedded dense atrous Pyra-
mid Module (AEDAPM) composed of multiple dilated convolutions was designed to obtain rich and effective
multi-level multi-scale features without reducing the feature resolution; Secondly, in order to solve the problem
of blurring the edges of salient objects, a stepped edge optimization module (SEOM) is proposed, which grad-
ually supplements spatial detail information during the process of feature restoration resolution, so that the sali-
ent objects detected by the model could have clear edge contours. The method in this paper was compared with
12 state-of-the-art saliency methods under 3 common indicators on 5 public datasets, such as DUTS-TE, EC-
SSD, DUT-OMRON, HKU-IS, and PASCAL-S. The experimental results show that the method proposed in
this paper can obtain more accurate and clearer saliency results. In addition, the ablation study also fully
proved the effectiveness of the AEDAPM and the SEOM proposed in this study.

Keywords: salient object detection; multi-scale feature extraction; fully convolutional networks; edge feature

extraction; deep learning



