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Review of Bottom-up Salient Object Detection
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Abstract This paper reviewed the current development status at home and abroad in the field of salient object detec-
tion. Firstly, this paper introduced the research background and development process of salient object detection. Then,
aiming at the difference of the features used by each saliency model,it summarized the saliency calculation from two as-
pects of hand-crafted features and deep learning features. While the saliency calculation based on hand-crafted features
are addressed.it is further classified into the following three subcategories.i. e. the saliency calculation based on contrast
prior, the saliency calculation based on foreground prior,and the saliency calculation based on back ground prior. Mean-

while, this paper elaborated the basic ideas of saliency modeling in each subcategory. Finally, it discussed the problems

to be solved and further research directions of salient object detection.
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Fig. 1 Saliency maps obtained by adopting typical salient object

detection algorithms based on local contrast prior
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Fig. 2 Saliency maps obtained by adopting typical salient object

detection algorithms based on global contrast prior
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Fig. 3 Saliency maps obtained by adopting typical salient object

detection algorithms based on foreground prior

2.3 EFESERNBEEEITE

7 2012 F Y E PR 21 ECCV |, Wei MR H T &
Se I AL, D 55 i ORI AR B SR X A L
P 5 0 J) DX A 5 S B UE ST — R D b 2 B RS R OR Y
BEFEMETIE . UL Z IS, fa] 547 4 R 5LOR 50 15 0 1
PR A AY , kT OBIF AT N SRR R 0 ), 2
R E DL AR F N T T 8 P T G 0 B AR
P 15 S5 Rl 0 RS ) b A4 R AL 1) 2R A T A 2 1
FRAR 0 A R . AR T 0 £ R AL e 2 T vk T
PAHE— 2 HLAF 3 2%,

(1) Fe F3 43 X % L B 1 4t 38 1k 3 3

ISR R 20, B3 P B AR 0 AT 2L W
BOAE R 5T 5 K BUM H B A B R AR B, Wei
SR BRI Py 2 M e SR 5 RIS A S0 5 e g
Mo ZRBE T, Zhu S0 ) H AR A XA A 3l A A e Sl
Bt 3 MOk 3 — 25 ) R DU R AR R TR T R,
M E G RRNE RERFER, B TEEREZE DR
A P 0 3R A v I DX Sl 0t L B R R ik . B, L AR
400 A B A5 R B R L S A EUR B T T R
TR |, AR A LR 2 AR B A 23k R IR T R i
FECF A BRI AT % R A IR 215 8 R, XK
5t BT AR A T 0 () s P R SR A AT
AR . B, Tong S50 AR 1% 2 X CIELab B
GHRHE \RGB B 6 45 4iF L LBP Ml HOG %5 JiE )2 ¥ 58 5 1iF i1 &
X HGBE A5 5 4 R ML R I I A A Ok e T A
S R S5t ) SR T 5 TR A R 2 DT A5 30 R 3 . LR R A
FE T 3 DI L BE i Y g 3P R N B 1 ) 0 3 T A ] 4
i, 5 RCEEMEE.GS.wCtr, DSR B A 8 H 2 & K
A5 v B0, B A S 1 XA, 8 B AT b D T R X



50 i BN R

2019 4F

(D JFE (HRCE! (0)GC

(D GSHI (o) wCtrl 18] (HDSRIE] () GT

4 JE T3 43 DX L v TR g R T A 1 o 2 TR
Fig. 4 Saliency maps obtained by adopting typical salient object

detection algorithms based on partial region contrast

(2) BT BB E Y g 2 M 5
T R B AR AN X T
R L A Z A A AR R R O

4 % LR %
ERAL UM e

Al L O A R AT AL G . BN, Yang ZEUS R T — Fh 3
FHATHEF (Manifold Ranking) 55 19 b 25 P B A5 A 00 5 %

BEEFEASWAA LB DR 4 B G0 EIREER
SR S R AT HE P S A MR R 2D R A

— v B 1 . 2 I 3 I 1) R AR S T UCOR R AT HE )
BB RA W B E R, Jiang 5103 i X 06 & B FE Y REAE 4
BT AR 0 B AT 0 3 M S A0 S IR R T R A AR AU
BRYRE T 997 505 B0 0 A B BB % G R A R AT
FRAE 53 A, 4 R 5 FL 0 ) (0 AR 0 170 o 4 BT 114 56 2 o LA
KAl . Aytekin 55507 T 5 H A8 4 AU bR 30 455 0k 2 3]
PEUASE R o ) S AT R B, 3 #8450 B A BB L A i —
FAEE K % R B 3 P ORI e B, B A, Jiang
SIS R AR b BT SR VR — A B AL L K A BE AL
Uik 8 ) E R L B R B R E 1 % 00 R Y B M
Sun 50220 ) EAS RG22 30 B B B O B TS S
B — AT R M SO MR B A2 i SR BB B R
A 5% AR AR HE FL T R R AR 2 R, 3 T R

R AL B A R R B E KA 5 iR, 5 DSR A
&M
e

e »GBMR, MAC, MAP ) 5835 I /Y B A5 21 52 58 35 Bl , 3
I T X3 L B S R T B R X ) Y s

() L (DDSR  (0)GBMRHE! () MACLY) (e)MAPLZ2)  (HGT

5 T PR 7Yy TR G S A O 5 9k 1) 3
Fig. 5 Saliency maps obtained by adopting typical salient object

detection algorithms based on graph model
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