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A Review of Co-saliency Detection
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Abstract; Co-saliency detection is a new branch with the rapid development in the field of visual attention, which
concerns the detection of the common salient objects from multiple relevant scene images,and can be widely used in various
computer vision tasks. Considering the key point of current research is the design of feature extraction strategy,the existing
co-saliency detection methods are firstly summarized and qualitatively analyzed according to the different feature extraction
strategies in this paper. Subsequently ,based on the subjective and quantitative comparisons in the five open datasets, the per-
formance of the state-of-the-art algorithms is evaluated, the influence of the feature extraction strategy on the performance of
algorithms and the complexity of the datasets is analyzed,and the difference of co-saliency detection and saliency detection is
also verified. Finally , the conclusion of this paper are presented,the problems of current research and the future development
are also discussed.

Key words: visual attention; co-saliency ; feature extraction strategy; hand-designed features; shallow learning fea-

tures ;deep learning feature

2|z tion ) B 1 T4 I 22 W AH 6 7 5 PR % b i 20 3t g 2
= B, — Y i 22 1 1114 ) ki TRt | 1o I 7E 4
A RS T A SO KR R OB i b LA AT 55 o, T D3 W U 4 000 5

%ﬂsfmuﬁfﬁfﬂ%ﬂl&ﬂ]ﬂﬁi{ﬁ'43 ERZIRN 5 gt s 525 K IR 5E B9 R TR A L FC FH
AL 55, TEAE 5 2 7R it (R R PR 3O Y i RIS A T R, s PR 40 2 P e R

ez B PR A B2 M A ( Co-sali -
ﬁ)&fn,m - PR [F) A0 0 8 25 PR A5 ( Co-saliency Detec S 2

ek F J :2018-05-02; 1'“! F 18 :2018-08-02 ; ¢ A4 4 - 0 BR

FEATH K H ARRE 4 (No. 61501407, No. 61603350, No. 61703373 ) 30 5 45 12 K BHHZ 61137 1 A ( No. 19TRTSTHNO13 ) ; Jif [ 44 125 e 2 4

SRR H (No. 19A413014 ,No. 16A413017 ) ; KR %2 Tolb 24 e 18+ %k 45 ( No. 2014 BS]JJ016, No. 2015BSJJ004 , No. 2017BSJJ008 )



% 6 1 BRI - DRI 5E

AR Iy 2k iA 1353

DI RL 0 S 2 P A 0 e WA A ) v B e —
ANRGHR B R0 3, Zead I JLAR I B9 e, i L
R G W AR AT — 5 72 Ak b I) 40 5tk 25 1k A
iy Jacobs SEAESCHERL 7 ] P HY , 301 B[R] L 52
F VARSI A TLF-AH W] A4 37 5% b, 1) 90 o 11 4 =22 )
B 2 X R 5 | 1 Jm) 78 45 g A2 A AG I ] — L A, 365 17
PE 2%, Z 5, Chen 25 g b [) R385 35 1k A6 52 S0
o 0 P P AT 4B B S 35 LA, Chen, Li 25
PP 45 2 1) 2 A5 SR A I B 7] St 35 %) 2. 2013
A, Li, Fu S50 A 22 0 P 15 b 2 B ) 2
b, i SELESCHR L 1T ] A ) 22 ROBE 23 350 AR B A A
PEHEFP 45 J7 %, e BECPRIR DG 50 U5 4575 P I) i 3% L.
2016 4F, Jerripothula %[12: I Pip R AR B b 2 A 0 7 R
TEAIR (JEZE 2 WU TRR ) b, 0 P ) 25 1 F AR 2R AT
PIRF)RE 7. 2 IR R 22 8007 1 B S A 4 48 E AL H
by R AH b A7 B R) 2 25 1 H AR B9 A, T Yao
2L — b o 2 — kI 4% P4 B oh B MR E A
) PG 2 A ARG DN 5 2.

MRS G e Rl LU R H Y i ] 2 X
WO A LR AN SR (1) 22 08 G ) b IR] 35 X3
TEREIR EHR P U2 W25 1 5 (2) Rk B AN [R] &5 4 3 [
3 KIS AT AR RL AR 5 R B ) R E
FVERI B B Y S 2 08 B R W B bR DX
ii USJ.
T LB AN SR A B () A0 0 8255 1 A DN 3k T
O3 RIS — 2R A P [R) 3 H AR 8] AR AE AR B0
Fl—Brk 2% > 15 3 P [ 2 3 7 il Chen 25
BET A 2R Y 3 PR T A A A g A, A1) K-
J& (B30 ) R 1530 AR e i) AR BL 1, AT 27 [ 5% 1Y)
PRF . 5 — R R ZRE 2 B KRG 1
Jr AR EI Y] R B Lia A o A SR
AELLRE 4= R ARLLRE A SE 35 F A ok A6z 0 Bip ] 2 % 5%
Li 21 5 et R il 2 RS 3 445 75 391 oA 35 2
(Intra-saliency Map ) F132 X i 2 & ( Inter-saliency Map) ,
4T 2 3 A2 0 B 125 P8 ( Co-saliency Map)

DA b P2 I [RI 08 f 25 ARG ) 5 12 A B 1 3R
T2 AL 5 P R ki JBC (R ] 5 PN 8 I 2 TR R T 5
UAHATURR A4 30 122 i PG AR AIE 22 1) B A AL B o
ALY 2 6 B3k A AT 52 I 2 A X 0, > i BIF 5 1Y
A e R POR IS A BT

AR SCMRFAIE 312 JBOSE W 14 1 B2 H0 O, 0 AT 1Y P[]
A0 2 P A I 7 2 R AT T VA 2R 2 A AR RE IR A, 2
ZEOTERANE -

(1) MRS AFAE A FBOCR W 18 AN [a] %k BRAT 1) 03 ] 4 5
B E VARSI T 1k EA T 0 28 RS FUE VE AT 5

(2) X5 AT A IR A0 0 S 2 P A I B R AT L

o TG 2 R0 B J50) 52 2 B 1 45 S X BG40 AT T A
UF FE RSP s o) B VL RE B S 5

(3) 45 b I W 8 25 e 0 0 500 58 2 P A
WA AT T S A K P R O A B L S
B bl , BRTE T b R B S A I 5 A
W X 31

(4) %I 25505 % i S SR R HEAT 2 4 4y
B, Xk 24 B0 P A AN L S i LA HE T A T A
ik 7 .

2 tHxXIE

L5 52 PG 0 T DI ) 00 B e A D R
BT B B AS 40 3, LA P A S e
g L FL AR R G I AR T T
S BRG0PI IR B S TR A A X A
B (2010 4F ), ARV 225 50000 A0 82 b I 4 4 5%
7 o LA AR e e 7
2.1 ABRFEESATN

ONHR 3 2 A T 4T 452 R R h e B R AR
TR IR A o i S PR L R AL (R
%:2/7—'\‘[21]-

TTTT 2545 Y B TR0 AE Fl 4 1o AR 3 235 T 00 4
R TR BLURE A8 0 3 X, ITTL %680 G H = 8
GFIEHATFR VB R A 2 B AE Y P A X
PUEE M5 SE A E 4% B 1E AL 5 B A5 3 45 J2 10 A fiF
V], B 0 45 2 10 R A 0 4 31 0 Ak I 8 i B T 75
B R A0 B3 18] Judd 257 F) R B A 7 T — A
PR BB I IR B I 2R3 ) — AN T SVM 432K
S TN, Li SR T RS IR
I 5 v 4 135 A 10 R /N SR 5 1k 4% 14 26 05 10 S 3
KN T VAR J T IR 2 3T 1 77 107 U T R4 Y
SO0, Marcella 250 55 45 35 1 b 2 ) 46 F 32
ST A AT AR 2 A T e b, A T
SRAT RO AT RS BT ik
2.2 REBRRBN

B3 EARKIN A AE 55 2 TR G P RE T L AR
BRI EE AR DI, B 00 R A 4 i 1R e B
A BARARIE R 9 55 BARRY Y.

Liu 250 3 B 19 5 F & 2F B H13% ( Conditional Ran-
dom Field, CRF) {77 ¥ & 1% J7 1] 9 IF A 1 TAE, SCik
[35 5 CREF $5 Jay 04 o) DX A TRl A 75 5] (1 5 .
Cheng 267 $5 14 5642 R 0of L JE 11 10825 B )y
ALy T LA AR SR I HLas 2 ) 17 vk AT 3%
HFRRIRIZ7 i 2 L 57 R B ok
VEAT 35 FURRAGIN , Jiang 25 S FIBAS 2243 5055 o 1
GIEAT 20 RS 53 8 %8 45 X a4 T 43 AE B B, 388 3k B L



1354 H F

2 4R 2019 4

AP R A5 B2 K. Tong 25 #y 1 — AL T8
B ICT TR 55 0 3 B, A N ZRRE AR 253 25 4%,
FHAF A i 25 M. Han 25" 8144 DU A T HE [X 45
MAETT 5%, >R FHHES 2152 B 3h 4 5 45 ( Stacked Denoising
Autoencoders , SDAE) 3¢ 2 3 3% 5= 454y, A F & X 38 78
SDAE | iy B 15 22 fe iy it HL o 5 AR

N HRTE R T | 2 25 B A 00 0 b1 [ A 8 25 1
oI ARSI 45 SR =W XT ELan ] 1 fi s, s BTG OE PR R
G R G, AR G T i 000 S8 v 0 1 v i A 1 Bk
O3 BAR) ERRI e , (HAS I 45 2R HLBcsim , Hog—
PR FT , S 35 L BmoAs I 5 DU K B 1) 3 A IX 35
FEERCARER , U [F) 2 2 A T R P AR 2R A
BRAHI RN BR 0t (AL 35 HAR) Kl .

(a) FLRIEG (OPN|3a=9: (GERASEN (d) PHFI P
Fae S EnE=s axios

P SR R34 S SR I F 25 R TR L

3 ETHERBURMEA TR B Z A
FiEath
AR TR R 42 BR8N [R) K B A B 1) 4 dd
PRI 70 =28 OB T T TARRE R 75 7
QFETIRIZ % 2T FRAE R J5 vk s @K T IR BE % 2 iy
AERAREIN ¥, R T A = 2K 5 A T I & i AR ST R
BA 4.
3.1 EFFIHUENHRERLEBEEENTE
BUA 1 P [ AL S 3 PR AR 0y 9 R 43 R T
TLRHE. T LREA : 56 E 5 &l ( Color Histo-
gram,CH) # & B J7 & ( Histograms Of Gradients, HOG) |
RS NS B AR 5 W 4 3 £ SIFT ( Scale-Invariant Feature
Transform ) FIVR FE i iR 5 DSP( Depth Shape Prior) 55.
K CH [ Bip [ R0 50 8. 2 P AG D 7 ok A 4% SRR L9
10,20,43 ] 45, e, Fu 467 B SR IR 1 Lab 31 €% [A]
1) CH RRAE AN S BRAFAE R AT R 2, Fu 20 h 2 R 1R
PIpR] DX ) 2R 2 v B B /0N, R Ok ) P R A SR S o
IR AT AR DL M B i, AT A5 B P ) 3 AL L
SEUVR ITTI FT F SRYSY (50 0 43 5 4K 0 . 3
JFIE T 2Pk A A5 20 25 R N 2 L A
SimRank AH{BLE 355 25 R AR 19 CH R AE F0 503 1 07
PEIARRAIE O RLE 5 A 101 B 1 5 SR A 45 LR I B
M R 5 15 2 B Ie] 2 2 AL

K HOG ¢ 4iE (14 I [w] 40 00 08 85 1 A6 0 7 2
O 25 Song A1 S FH SCK [ 48 ] FE I RIS
PG 1) A S . 32 [T P 25 BT b 0 A 38 0 e
FIAR XIS AE hy 26 00, Song 25 1A K AN [] 47 542 3¢
AR RFEASR] , i AR F HOG 4 E R0 €4, 25 [A] 4¢
NESFA AR AE SR IS, B T 2T B AL A 0 T RAE R X
foeik H AR X BUHE AT B 28, OF A 40 3R 28 D10 v 0 B i
THARHE A AL, B 5 T 2 B 45 3R A 1l 55 P )
R AT 22 P Rl A3 AR BBUKS: T 45 SR Huang 257 7£ HOG
AT T AR BURAAE A S50tk - M2 RS HIR R4
T A5 A E TR AR GMM A= sl b In] i 2 .

Ye 255 SR SIFT $EAF 247 B 1] 90 52 2 35 o A
J5 . Ye SEFIF SIFT FIE 25 [A] 4 AiE X B A~ BG4 3
TP, AR e A& i B8 0h 2 U B 35 H bR
IR ILAE A Ak H AR X8, J s 7 R 4 Bk A7 56 T
AR B X 355 DG E 5 B e 25 A5 N0 45

HEAT, Du 45 4 BRI T GIST FRAE 84T %4 He
Ji£ AT 1O DI DR 2 35 PR 7 95 Cong %61 4 1
T DSP RHAE 1Y B[R] 4050 S 25 1 A 5 vk, O 4 A B
AARIPEL A RGBD &% 2H 1) Pp [F] 2. 2% [X il Zhang
251 L 55 A AR A P [ L S A i, I
5G40 R B SR AR DCSORE ARUPE , DA T A U B ) S
[X 35,

3.2 ETREFIHENHRENREBZERN T X

TR JZ R IE 42 WU A X I B2 R AE B2 BT 3, w] DAL
VE— T SRR 2 14 it 28 0 28 A5 A 4 BBy v e [] R s
PRGN SR T 1 )23 27 20 R 4 BB A 4 < W
53 43 #r ( Sparse Principal Component Analysis, SP-
CA) It 57 5% 43 43 ¥ ( Independent Component Analysis,
ICA) I i 4w Y ( Sparse Coding) 2.

Shen % ** § th —FlE T SPCA™ [y By el 003 2 3%
PEREIN 5 2% 1% 05 R 345 43 1 a1 G S S 1R R
PATT s F AR K7 B ( Truncated Power ) SPCA J5 ¥ Xt I )2
FROUESEAT RS B SRR AE B2 M. TR0 B 47 IE R 2B 45 R 1
Fehih EAEAT 3 Bl (X EUERAE A7 B AR SERRAE 4 R A
FHE) B FRAE AU A TH. B, B R A i 5 A=
B BRI S R 2 RN 2 R R B B T AL
J 3 [ 2 [

Chen %5 42t —F 3L T 1CA (1 D] L5 2 35 G
D75 SCHRE8 1R AT ICA MBEHLIEHU K i H AR 5 K]
ey 5]t a) e, F I ) UG PR A T 08 A 31 1A
PRARFERR R PR IE AR [ 4551 (0f B A% 4 AE ) EA 7 05—
AT BN P RFEAE 35010, SR 5 1B 51 158 IR 4R TRl Y K-
L BB IF AT oR S, B0 T B S AT (HRAE ) J& T B Ie]
0 VARSI DX I ) AR, R T PR ) e PR A 0 X A
X PR A5 0 B v 7 A 38) %) B Sy I ) it 2P



% 6 1 BRIGESE - DR A1 2 A Jy R 255 1355

Chen %55 41— Fh L T i 4 157 14 I 1) 40 3
VARSI Jy k. SCHRES6 ] e (s I SCHR (8 1 /Y J ik $3i
PIpIE) 2 E b D R S B N K X
W BRIAE I ZRpe A, FIH] K-SVD 553227 2 i
35 ) B Xof PR 4 A7 i s 2 ), o i L A0 e B 1) A
BR2ER AL R B
3.3 ETREFIFHENHEMREBZ QN FTE

2006 4§, Hinton 2575 SCHR[ 58 ] i i 1 I i 2%
(M 2015 4F, Zhang %5 YCHE TR HE 2 2 B FH 7 B
(] A0 400, 55 P G 00 0 Jm. A %) R T R B 2 2 R AIE 1Y
DI . 255 P A ) g s 32 R 52 BRI R 24 2 L
( Restricted Boltzmann Machine, RBM)  HEZ &M { 3h 44
1 #% (Stacked Denoising Autoencoders , SDAE ) F1 35 FH
2 M 2% ( Convolutional Neural Network, CNN) 43 & &

Zhang 25" {1 1 3 F SDAE (1) By [ 90 52 .3 V4G
I J5 45 , Zhang S5 76 4 By 14 5008 72 v Il 2k SDAE, i o
SDAE $ IR RFIE T304 R 1) P &8 2 2 I, O R it
SRS S P ) S 0 R U 0 R R ke 2% I 4% ik AT
ZEG R EEZ, BRI ZREEBRN X B ER, &G
558 UG A S R AR A, 4545 Db ) i 5

Zhang 25" S ] CNN BRAF X AT 725 40 4 114 [ A5 21 ik
AT EIA B 3 PEAS . o, R T 2R ] A S Bk
(Multiple Instance Learning, MIL ) 3| 5] % A AT 2 K 1%
S A DI I 0 P A I P R OG5 s R, S BR AN G
G, I ik — 28 0 1) R 1) AR R St 5 )& T B[]
W HR BEE, R A 22 ) B (Self-Paced Learn-
ing,SPL) B2 #EMi]- 2527 ] BERL (1) 7 55 AL Ry ps i
JNAL SVM (a3, {57 ] CNN S350 (9 REAE I 2R U R] H br
AU 25 , G 0t VI ) 2 AR, LA, Jeong 4 1T
VGG16'™" CNN LRI H I 5 2 U AE , T8 I 1% B
BFERE.

Han S57E3CHR [ 63 ] A 2 T B 4 2 > 1 U [ i
FPEREIN )7 5. Han 8596k FHTE TmageNet F HUI 2547 1)
CNN $&HURFAE , 8 J5 4 B2 122 ) 1 0 Ttk A 31 SVM 3|
G it 2 AU 2 [ B 5 B )R A 2 2 >0 B )
M.

Zhang %' §2 11 3£ T RBM I CNN 125 45 1 Y[+
PRBE MR 7 v . Zhang SEETUIZRET Y CNN JZ ]
T4 R 1 52 BRI 7K 2% 2 0L, B P [) I =8 P 000
JE o HI 25 LA 32 BBUE 5 24 1 A 55 00 TR BE ARAIE , 5 J5 4%
RRBS WM HE SR S5 &, 11515 2R R i) b [F)
(.

3.4 ETHERIURMEIIE &S

T IRFHE—f H XS R TLe 4 B iz AL BB 352

55. WAh, T TAFIESRIBCR IS A9 BT R 19 2l iR

BRI, EHARMER P B e . R, BT 0
FEAE A B ) PR 0 08 2 PRSI 7 e M g RS .

TRJZ 22 T RRIE RN B2 2 2] FRAE 1 B T B804 5K 3l oy
fiE, AT UMK & 854 b A 327 ) B B A AR M R AR
L AT ARE B A B s 2 AL RE ), 56 T Hi i 4K
SFEAE By P [F) L o 0 PR A D O s B T A Y
PEfi™.

TRPE 27 BRI AT LU B4 B4t v 4 R J= AR Y
FRAE IR 2 U A, X BOHE AR 5 %) e I %) T
TR 27 I RS NIPRE Y T BB 2 ) TR B 2 2 AR gl
i 0 i i 252 > 1 21 1) 7 i 5 E B A 3 g i A% ( Stacked
Autoencoders , SAE ) 5f — JZ AU 8} CNN 26— Z &Y
AT S LU, 5 N6 2 )2 VT X R A0 o Je
WL RARLL . R B, A L TR B 25 o A 98225 S
FRIEME LB IR v 0 8 i SCRRAE , ALY, i T
JZ 5 2D REAE A IR TR AL 5 S 2 PR A DN 7 v R P RE L 55 T
TR 2 )RR T v

VR 25 M 2% ( Deep Neural Network , DNN) 1] 43k
“—4E” DNN F1° 4" DNN, {ij # i % Ay — 4k K i
B4 - SAE, J& # 1% A — e RS (s =m0 @
EHZ) , 19 4n - CNN. XT3+ 55 ML o6 1 & R AT 55, —
4E” DNN AHEL“ —4E” DNN HATHON B2 i P s A3

(1)“—4E” DNN 5 24 BR/ EHR Hebn i) 1) &
A DNN s 5126 T BB R 2 [ 254 5 5., 487
DNN WA A7 I [ i

(2)“ Z4E” DNN 3 2ok 5 B ol AL 452 1 o 43 )22 4 B
FRIERY 7 205 A58 2 58 73 Ad B 38 15 5 i LB
FEAHRL, 2 D 2 B Ry R BB A, B S5 EA T 0 S
MARJZ 21 155 )2 O RRAE 22 35t B ok B 2 Al &4k, —
4:” DNN A H A XA RRE.

PRI , 7056 T IR B 2 > R A 1 I ) 400 o S8 5 P A
M7k, BT 48" DNN 05 36 3% 0 i T3 F < —
4E” DNN 1977

L5 L TIR , WFHIE S IBOR IS 19 f R AR T
YE” GRIE 2 ) R AR W I R A o0 2 35 P D7 ik B B
S PERE.

4 ZELLESH

ARATLE 5 AT ECE 6] b [) 40058 S5 35 A
AIRA TR AT T F2 LR £ X L, JF AR 55 56 X L
5RO T RPAE SR U w6 %o S VA PR R A 52 e A B 45 8
e PRI S 2 B
4.1 HiEE

Z 5N 5 A2 TF B B 43 ) 2 « Tmage
pair”®’ | Cosal2015"  iCoseg'’, MSRC-A'®" 1 MSRC-
B LI T AR 9 (B K Ground Truth, JLr,



1356 H, ¥

2 4R 2019 4

D) 2 AR A 1, HoAth X 0.

Image pair $H5 22 2 D[R] 40050 ok 25 1A ARG 00 93 42K 119 2
— MR B AE 210 B ENR , 43 105 %, BistE
5N Ao JREE e R s A5, B BR R A
AR H AR FIA ] 9 3 5. R Z2 8RR 0 58 s RTAS
I 200 182, B H AR AR, A K 2 86 RO R
Ak, R T S —.

iCoseg K54 % H A b 5 R T2, JRASSE £ X D3 [R)
SrEUES M, A 25 MR MEIRE S
Fras 0L 5 5. BOs PR 5 643 MRk B, 43 38
A, A EGHEE DS S EE G, AR A
FAHE ) AR JEARES BN HAR RN, R E 1%
T SCLE R AL

MSRC-A J#1 MSRC-B & John 251 ¥ H #5432
(5] R0 r B i ok 1) B HiE 2R MSRC-A PR 5 i H AR Rl 2500
240 EEIG 53 R 7 A EMS , MSRC-B FE¥s 591 7 K45 43
20 4. R EE CHL R NG SE B dl R R H
PR EA — 7 B TR AR S 46, 2 138 0 3 ) e 2 1 A
M F) SZIS YA , Zhang 457 R T MSRC-A 1 7 i A
& HFRIIIES , Liu 57 LB T MSRA-B f1 6 N AIE A
AT R R0 D S 2 A T iy P R 4

Cosal2015 s JiF & Zhang %" 5 3T $2 1) % s
%, ik 4% M ILSVRC2014 ') F1 YouTube video set' ™
SRR E. o AL 2015 dE R E 1S, 4l 50
A, AR H 30 HEMR, A EHR AL B AR g6
AR R FEEROR, g g b, B 3 B 20 5 55
S5 WEE PR BRI N 455K, Cosal2015 B4l 4 £
ELkA

B iR 5 B B 2 4, iR A SIVAL %t &7
RGBD Cosal2015 % 4 %> F1 RGBD Cosegl83 %k 4
JAEH 2 SIVAL $a o el L F R R, i 45 B 1%
ZH PN AT AR PEAR =, r DA AT T P ) R o 2
PR, RGBD Cosal2015 £ RGBD Cosegl83 $ 4 JE 1)
A AR 2 & VR EE{E B 0 RGBD K4, 2T
RGBD G A 0 Wb [ 405 38 PR A )
4.2 EMIERR
4.2.1 WWEE

i £ T T AR S 2 ) B A K ) R R T
Wi n & P-R( Precision-Recall ) fi 45, Fl'E (9 £5 & 45 b
AP( Average Precision) {H 1 F-measure {f , H. & X 1=
(1) R,

G (1)
AP:fP(R)dR

(1+B)PR
BP +R

F-measure =

Hrpr, P(Precision) fX MR %, R ( Recall ) L3R A [,
M AR W m] 2 I R A F S W (518, G AR TR
{1 Ground Truth. ik B3 7] & 25 14 b () It 7 K B2 AR
R EIE, FTIS 3 — &5 P FI R {H, 155 P-R hZk,P-R i
T W TE AR AP, WFR Ry T B HERf . F-measure &
P AR W IMALSE, B %R 0. 3051 AP FI F-measure K
J& PRI R (ERGHEAR , BB R U] S PE g AT
4.2.2 HEEXE

P[] 5 % 32 2 A o B 6 S0 FH P i E 48 A, A8 3¢
TE[R—-5 T X 45 Bk B I B &2 2% B 0047 17 X He, A
S 12 R R S-S5 38 A T R) SR AR R [R] A2 24
4.3 LIEFLEE X

RIS EX R REIE 17 Bl 43 Wi, —2 R
A1V BE S 35 PR 4G 0 44 3, 3t 13 B, 43 ) S ASPMT
CBCS'" | CBCS-S'"' | CSHS™’ | DARM"™ | ESMG'’ |
IPTD'®’ 1PCS"”®' HCN"' .LDAW'™' RFPR'™' SACS™
1 SACS-R™™ 3 55— 2K Lot B 5 PRGN v, 3k 4 ol
AR RCTY MILPT™ HCAFY" [ LPS"™ (JH T 3 4iE b
[i) R B S8, 5 1 R 30 AL . S PR A 1) X))
4.3.1 HhENEEZERNEL

—J7 1,13 i by [ 2 ) 4 R e AR
Ao RS, — 2 Rk T AR B T AP A
CBCS .CBCS-S( CBCS ) Ll K14 8 35 HARKL 3375 )
ESMG ,SACS , SACS-R ( SACS it fk & #:) . HCN FlI
IPCS. HH CBCS-S .CBCS . ESMG ,SACS-R Fl SACS iX 5
P38 F T Br A 808 2. HON Fn IPCS Bk HadE T
TR R A5 B P T 00 i S 3 A 0, BT T SR 7E Image pair
BARPE F AT T S2Ie 0t b, R 7 Fhiag e iy S50k B 1y
FHBRNE . 73— R IF RS 9 6 Ak, i
AL A U 2 1 S 36 &5 Y, T vk AE i A B i R
AT S5 X F, PRI , 70 4 B A AT S 0 0 L i B ik
MR

3 —J5 T, 13 A Ak AT Hae BECRRAIE 32 IO 1% 114 A [7]
SR — R T TR A, 245 CBCS(CH
SAF ) . CBCS-S ( CH 4% 1iF ) . CSHS ( CH 4% 1iF ) . DARM
(CH F1 SIFT $#1iE ) \ESMG ( Bl 41k ) \TPCS ( il {5 F 2L
PR ) VHCN(Bifa ¢k ) \RFPR( CH F$#fiE) SACS(CH
FEE) A1 SACS-R(CH ¥FAIE) 5 75— R FHUR B 2% ) FE
TEf A A0 dE ASPM ( CNN F§4E) (IPTD ( SDAE ¢4k )
H1 LDAW ( CNN 44 .
4.3.2 YRBEHRNEX

g Y Sk o [ A0 - A A A
B DX, %5 RC  MILP (HCAF F1 LPS X 4 Fj ig 2 M4
DEE ST I 0T L, 4 PRI A AT, 5
R0 D8 k2 PR DU BTk 1 4 2 0 K — 4,4 Rkt
R — 2R T THRRE R B, A0 RC (a4



% 6 1 BRiess - PR

RFEEAGIN 7 LRk 1357

fiIE) F MILP ( A HFAE ) |, 53— 250 R R TR B 2 > 1L
M5, 4% HCAF (CNN FEAE ) il LPS(CNN H#1iE) , ¥
& 2018 A1 H TAE.

7% [ 3 iCoseg B4 7E b [] WU i 558 25 A 1) 9 4k
N Rz AT AR R 2 (13 Fpdrp B T R
T8 FH 9 P P ) A0 i S 3 1 K I 1) HCN AT IPCS
S AR 11 RV T 2 5 X ), AR SCE B AE iCo-
seg B P2 _E R4 T B ) A B S 28 P A B A 8 S PR A
DN 3EE 3 1Y) S B X L.
4.4 HWMTEEXTLE

AT T LA
% AP $5hR T HES.
4.4.1 £ Image pair £[3EE _ERIXTEE

1E Image pair I8 E I, 7] LI gEfT 8 MR sk %t L,
£145 . CBCS-S'', ¢BCS'™, ESMG'™! , HCN'™! | 1PCS™ |
IPTD'® SACS-R'"™ Fi1 SACS'™.

(1) FWXTF e

AL Image pair E408 2 (9 — > BHGXT #E 17
FAXS L, 25 B R R IN 45 A Ground Truth ( GT) [ %
Lean &l 2 fros. T IR A B, A g s CBCS-S Fi
SACS WANEIL I ZE 5.

0] L PR b R U i I % O

mn

J@r‘izA GT  ESMG CBCS  IPCS SACS-R IPTD
E5
%12 Image pair¥(Hi /5 I 6FM Y 0T L
(2) =X
Image pair 508 % 09 & & X5 tLun &l 3 s, 256 &

WX EE (L 2) A s % Ee (] 3) , HCN Fil IPTD 9256
PERERS T, HCN [ Precision 1A fx & , IPTD &3 P-R i
M AP FE bR .
4.4.2 MSRC-A 1 MSRC-B #3EE 93t

(1) WX e

MSRC-A £ MSRC-B f77£ /b A0 [ (1) R 4,
T 2L TS — 1 AT EE X BB MSRC-A
1 MSRC-B A5 BG4 11 6 fFaaIEH%ﬂf T i A
FEHACRS 52 AE P08 P B AR I i 25 R ) B9 i g
TS — 1 XS EE. WAl 4 .

(2) MSRC-A H#a 2 - i) 2 5% L

TE MSRC-A B4 e, o] DASEAT 7 Fh AL 3L 19 2 & %)
H, £ $5: ASPM'7’, CBCS-S''', CBCS™™ | ESMG™,
LDAW'™) SACS-R'™ i1 SACS™. W& 5 Fisx.

s/ 4 FIELS, TMSRC A J& |, ASPM [ P-R i
2k F-measure 1 AP 3X 3 TG R 3 & 50, LDAW (1) 3
AL R A

Image Pair Dataset Precision- Recall Curves

0 1 1 1 1 1 1 1 1 1
0 01 02 03 04 05 06 07 08 09 1
recall

(a) Image pairZdi i - 8F R L0 P-RINE XS L

0.9396
0.9F
08} I 1 1
0.7}
0.6}
05
0.4}
03}
02}

=R
AP

0 L L L L L Ll
ESMG CBCS-S CBCS IPCS SACS SACS-R HCN IPTD

(b) Tmage pairBdi . _F8FHLIP, R, F-measure FIAP{EXT L

K13 Image pairdhi P2 L 8FIAIL 12 X 11

(3) MSRC-B ¥4l i I (% FEXT L

TE MSRC-B $di & |, o] LASEA T 8 Fh 3k (1) 5 e Xt
., 4345 . CBCS-S | ¢BCS'™ | CSHS™ | DARM"™ | ES-
MG RFPR™ | SACS-R™ i1 SACS™ . & 6 frs.

HIE 4 F1lE 6 A] %1, DARM £ P-R 12k . F-measure
AP 3% 3 T8 b5 I 93 B4 2 B 0, SACS il SACS-R
FLBR Recall (B A X FAR AN, Hofth 45 b 19 e Bl 48 0
5.
4.4.3 7£ Cosal2015 $#EFE _E#3F b

1 Cosal2015 ¥ #is I, v LA#EAT 6 FPA L1022
Xt A 45 : CBCS-S'Y, CBCS! | ESMG'?) | SACS-R'™" |
SACS'" F1 LDAW™.

(1) FMx} e

Cosal2015 £ 4k i 1 1) = 00X EL &l 7 Frw.

(2) ERXT L

Cosal2015 ¥4 i I 1) 22 s %t EL U &L 8 /R,

2Z2E K T FKR 8, LDAW FE P-R £k . F-measure Fil
AP 3X 3 Tiidg bR i R I 2 AL, SACS/SACS-R 457k
1) e Bt 55 AR 5
4.4.4 7 iCoseg H#EFE L HYXT L

iCoseg J& P [F) 1 i 408, 35 A A 00 90 3 e 5 D 1 590
e FEZPE AR 15 MRS SR A4 11 Fipla)
P 5 P K 5k . ASPMTT CBCS-S'™ CBCS!™
CSHS™, DARM"™" | ESMG'™ | IPTD"*" | LDAW ' | RF-
PR [SACS-R'™", SACS™", Fl 4 F {25 1 46 00 5 12«



1358 H, ¥

2 4R 2019 4

RC™ MILP™* [ HCAF' | LPS™

(1) FWX L

iCoseg Ktli i I 15 B 5L I5 19 £ WX LNl 9 Jir
7. L9 FLOLAA JEE /s i DI ] L5 S5 AT A 3 L 56
AN A D3, i [R5 S 5 A T 25 2R BT
5 EER T A SRS HAR, B 2IARBR B, B35 1A
UESERE SRR 2 oAl SRRV RTE SR N RAR N
BRGL, 5 el R o A AR B SRS D el 4R 9 9 e
SRACERBL, 50 TUWE R P 9 B B 5 T R SR 2 38 B
& Hinb ™ .

(2) S HEXFLL

iCoseg HUHfR /77 1= 15 T 534 9 72 H0X0F AN IAT 10 Jip
- E10C) (B0 (o) (F ISR ECR Z AR T WA,

1 MSRC-A Dataset Precision-Recall Curves
T T T T T T T

precision

0 01 02 03 04 05 06 07 08 09 1
recall

(@) MSRC - AKH R b 7 FhBEVEY P-R it x 1

0.9 T T T T T T T

-~ [[EEPrecision
[EEIR ecall

0 L 1]
ESMG  CBCS-S  CBCS SACS  SACS-R  LDAW  ASPM

(b) MSRC —~AZEIFE I 7 FS335M P, R, F-measure Fl AP {EX] L
5 MSRC-ABHEEE 7R A2 ) L

10(b) Rk T 6 Fbplal ML o8 5 25 P A 580 ) JoR
T IR R S A D S A I B 1 X L
S50, RVACKE 4 B 2 P A I SRR W HE A S TR
50% N, Ut W Sk 2 A I B0 AN BE B T T DR IR
FEPERGI.

LA MK 10(a) (B 10 (c) BXT HEgs R, 78 11
Tl IR [ A0 0 S 2 Pk A I B3 v, DARML /) P-R il £ F-
measure il AP X 3 4§ Fr 9 2 & 1, ASPM ., IPTD
LDAW Fl RFPR [ R AL B A L5, Horh ASPM B34 11
Recall $8¥5 5 .

4.5 HEEREXTLL

Sk 7 G N [1) A 2% 8 0 B0 02 A W T2 A8 255 X L A
OIMT A SCHRSE B FRAE iCoseg B B HEAT S R [AI AL
B RN B (A S AR AL T ORI AR T A K
e iz AT i ACRS ) A 4 Fofr S 5 1 G ) B ) o ) A
A REXTLE.

ARSI SE 5 s 471 °F & b : CPU 15-7400 (3. 0G
F4) ., N 1E 16G (DDR4 2400) , & F GTX1070 (8G
).

W1 7R, 9 AL IS T Ry RC
LPS & ¥, H 4 4K ¥’k CBCS-S, CBCS, ESMG ., SACS,
HCAF SACS-R il MILP. #R1fif , RC Il LPS B 7L 4R & 53
P58 5. 25 P ARG I B3, A P [ 0 o 3 2 PR A I Y



% 6 1 BRIGESE - DR A1 2 A Jy R 255 1359

MSRC-B Dataset Precision-Recall Curves

precision

0.8598 —— . . . ; : . .
08} - _

0.7 F M
0.6
0.5+
04+
03+

02 I Precision

[ Recall

0.1' -[EXF-measure
C_JAP

0 LI T ) | Ll Ll || | Ll L]
ESMG  RFPR  CBCS-S CBCS CSHS  SACS SACS-R DARM

(b) MSRC -B #t¥is % I 8 f54L) P, R, F-measure fil AP {ELXf L
K6 MSRC-BEUH 18RI X 1L

&7 Cosal201 SEHE A I 6Fh A1 WX LY
R RS FE A, 27548 1 IR 10, 765 5 i [R] &2 2% 1 X6

Cosal2015 Dataset Precision-Recall Curves

precision

0 0.1 02 03 04 05 06 07 08 0.9 1
recall

(a) Cosal2015 FdiE L 6 FATLN P-R thZxt L

0.7823 T T T T T T
0.7F — —

0.5
0.4

0.3

0.2

0.1

ESMG  CBCSS  CBCS SACS  SACS-R  LDAW

(b) Cosal2015 KA I 6 FHAILM P, R, F-measure Fl AP {HXfH:

(518 Cosal201 5554 I 6 Al e s Xt L

ELEY 9 R R SACS MYZRGS PERE R , & AEA TN [
RIVERF [R] A2 25 B2 74 1y T 42 A v L.
F1 7 iCoseg BiRFE LAY B RER L

Gk AT

oo | CBCS-S | CBCS | ESMG | SACS | SACS-R
[eRRlCRS

B [a]/Fb 0.351 1.688 1.723 2.652 8.873

wCEssil Matlab Matlab Matlab Matlab Matlab

U A

- RC LPS HCAF | MILP
Al RS

Fsf [a]/s 0.023 0.112 7.893 77.691

RASE T C+ + Python Matlab Matlab

4.6 $HEREUKREXT & X 4 BE R MM AY 53 4h

Z 552060 % b A9 Bk R, BT T R AE A9 Bl IR R
B 4 3 PR A I 7 2% 4 4% : CBCS | CSHS ,ESMG , DARM
SACS .RFPR \IPCS Fl HCN. S 47 5286 %6 Ho 4% 5 ] 4521 4
T45ie:

(1) CBCS F1 ESMG 3 2 B #: % F B €, s S0 3 45
GURRIE I 7 R R M R — 5

(2)CSHS .SACS FI RFPR 7£ i Fil F T 41 A 2 hik
I T AR MR A A SR R I RE A EE CBCS A




1360 H, ¥

b 2019 4

4k

TV A
\ i ] 7

| EFGUNCImD
- R I
- ET N WO
o T I
- EE I
- T T
R
T WY
DL I
-+ O
A

19 iCosegRUdE /A I 15FhHA- 1L 1Y T 00X 1

ESMG 3k A Frde 7, Herfr, CSHS B3t i 2 4k A Uk
DA Ay iR A A0 T RFPR A0 19 75 57 T o ™
SACS SIEXS 2 Z AR AP X IR A 2 5

(3) DARM 55 3% B JR5R JH 1 & T+ TAFAE (SIFT Fy
{E) ER R TS AR A S E BT 7R I A X LS i

PEREDL S , 52 TR 22 T R AR A SA PEREANAH 1 F

He T R JE o 2] FRAE A9 5535 AL 45 : LDAW [ IPTD fil

ASPM. 43 A7 S 5% U 25 R TR B 0 2518

(1) T URPE 2 > e Ak 10y I3 () 90 5 8 3 A A 0
LR PERE AR TR T T LA AE A E 5

(2) WRERX HR A ,3 R PR RE R ik , (R
I WIS USSR R, IPTD A7 67 5t T P pd ) .

i LA, R AL £ HORE W o b [R) A 5 =5 A
P BEA B 52 IR, i T TR B2 2 o R AIE 19 B8 05 R AR
R
4.7 HiEENERESH

CBCS ,CBCS-S ,ESMG ,SACS #1 SACS-R iX 5 Fhig
TE S DR E LSS TSRS Ll e A17E S /\%55(
JE'J?FLE’J FARBRXTLE, AT LR S ANl R S22 i

FTEME) 73T, %2 TR 3 tharil e T Lk s ﬂ'%%

f 5 AEARE LY F-measure F1 AP (B} L.
T2 5AEIBE LK F-measure XFLE

Bk | Image pair | iCoseg MSRC-A | MSRC-B | Cosal2015

CBCS 0.7393 0.6860 0.5622 0.2875 0.5349

CBCS-S| 0.7531 0.6861 0.6854 0.6648 0.5595

ESMG | 0.6453 0.7208 0.5791 0.5420 0.4653

SACS 0.7621 0.7146 0.6525 0.6773 0.5910

SACS-R| 0.7773 0.7250 0.6583 0.6851 0.5994

P | 0.7354 | 0.7065 0.6275 0.6313 0.5500

R3S ANHIREE LM AP XFEE

Bk | Image pair | iCoseg MSRC-A | MSRC-B | Cosal2015

CBCS 0.8480 0.8172 0.7137 0.7363 0.6229

CBCS-S | 0.8310 0.7776 0.6290 0.7226 0. 6064

ESMG | 0.7248 0.7948 0.6418 0.6052 0.5206

SACS 0.9065 0.8479 0.7696 0.7959 0.6945

SACS-R| 0.9123 0.8481 0.7887 0.8120 0.6975

W | 0.84452 | 0.8171 | 0.7086 | 0.7344 | 0.6284

Wz 2 fFE3 prn,S NEIEER F-measure 1 AP
P M 3 B A HE 7 42 4 Tmage pair,iCoseg ,MSRC-B |
MSRC-A Fil Cosal 2015. X368 Cosal2015 %35 J&E 14 &5 2%
JIE Fpe e, WP Y PR R B 5, Tmage pair JUIAH f2. 5 52
I, Cosal2015 HcHia A 1y i 3 151 5 55 o LA D 25 7 5
B P R 2 d e SRR IR B R T R 2 s 2
i AR, 1 B S 2% s R A R b, A3 BARR BT
EHIEARAALTR RO,

25 B TiR , Cosal2015 4 42 14 52 2% i di ey , M X4
BERT G S b 5, A B 1 b A e ) 45 2R B HL
ik 7.



BRIGESE - DR A1 2 A Jy R 255 1361

iCoseg Dataset Precision-Recall Curves

iCoseg Dataset Precision-Recall Curves

Pprecision

Pprecision

0 01 02 03 04 05 06 07 08 09
recall

(a) iCoseg HUHEPE L 11 FP PRI SE 24 MERG IS EL 1 P-R ZXT HE

0.9

1

0 01 02 03 04 05 06 07 08 09 1
recall

(b) iCoseg B L 6 Flt BHFIHLGE 35 PEASIN A 4 Al i@ AL 58 35 PEAG:
MFELN P-R XL

Il Precision

LPS CBCS-S RC ESMG CBCS HCAF MILP SACS-R SACS CSHS ASPM RFPR LDAW IPTD DARM

(¢) iCoseg e I 15 F 7L Py R » F-measure fl AP {HXT 1L
110 iCoseg¥idia e L 1 SFh A2 1 5 F %) e

5 BESRE

AR SCNERR A $2 IO 14 £ 12 H %, o BRAT 114 3 [
WRGE ARG T5 ¥ BEAT 70 28 RS R E k3 A, HFAE S
AR EXSRAT RRE AT T IR X H, SR 2R
FIAFEILAE A SEIE : D FE T TR BE 2 ~J R0 1 3 i) 4L
06 R G 5 1 Pk BE BT @5 A Bl A R Co-
sal2015 Fdfe 42 1) 52 2% P die ey, X R B HL PR A A

PAp TR B 2 2 PRSI RT3 A7 A — L8 ) B 2
JE ST S fgp k. DM P2 1 BT R A A —
J7 T BRA T A A BE 5 55 — D T, N AR
FEARBOR AN 2 2 5 B0 Zhrb i 2o 1006 45 1), 3
JETRE S ST FRAE A Y 2. @5 T bl [] DL o8 2 35 4 1) 17
FHARXS AL

BRI P RS AN A A TR AL, — 15 T, 2
TG M s M 11 P ) R A 3 A I Rk B
PR N TARTEREA AU 75— T7 1, m] L2 BE T
— N BRAT 14 S R A P 2R I R B Y Rk
AT R ] RER BT R, AL 225 - AL 5E 2
FVERS I ECHE 4 Th Y Ground Truth 7 B £2 O 28 140 14
R AR I L BEAT R A R I, X B A 3 H AR

FRRAE [ e E 47 SR2E 0T, 5 R AL 18] i J T[] — 219
TG Ry — 4, U322 20 B Ik T 45 B AT T 26 19 S
F FAR AN R 1 9 5, 4 45 O J) ML A = R 00

BT PP R0 0 S ARG I RO 5 A ) ) AL, T L
11 I I A0 5 S 25 P AR LA f S T, A
Pz 8l FARAS I M B 45

£ & 30k

[1] QIAN Xiao-liang, ZHANG Huan-long, LIU Yu-cui, et al.
Visual Significance Detection Method Based on Self-
Learning Characteristics and Matrix Low-Rank Recovery:
China ZL 201610926623.0[ P].2017.

[2] WANG Wen-guan, SHEN Jian-bing, LI Xue-long, et al.
Robust video object cosegmentation[ J |. IEEE Transactions
on Image Processing,2015,24(10) ;3137 —3148.

[3] ZHU Hong-yuan, MENG Fan-man, CAI Jian-fei, et al. Be-
yond pixels: A comprehensive survey from bottom-up to
semantic image segmentation and cosegmentation[ J ] . Jour-
nal of Visual Communication & Image Representation,
2016,34(2) .12 -27.

[4] CHO Min-su, SHIN Young-min, LEE Kyoung-mu. Co-rec-



1362 H, ¥

»2,

S

P

b 2019 4

(5]

[6

[

(7]

(8]

(9]

ognition of image pairs by data-driven Monte Carlo image
exploration[ A ]. Proceedings of the 10th European Confer-
ence on Computer Vision[ C]. Berlin; Springer, 2008. 144
-157.

GOFERMAN S, TAL A,ZELNIK M L. Puzzle-like collage
[J]. Computer Graphics Forum,2010,29(2) :459 —468.
A, X IR, 2 o AR, S5 T A B 28 0 455 0
B A RS R Ik [T ] WL 12740, 2017,45(1) : 157
-163.

KE Sheng-cai,ZHAO Yong-wei, LI Bi-cheng,et al. Image
retrieval based on convolutional neural network and kernel-
based supervised hashing [ J ]. Acta Electronica Sinica,
2017,45(1) :157 = 163. (in Chinese)

JACOBS D E,DAN B G,SHECHTMAN Eli. Cosaliency;
where people look when comparing images | A ]. Proceed-
ings of the 23nd Annual ACM Symposium on User Inter-
face Software and Technology [ C]. New York: ACM,
2010.219 -228.

CHEN H T. Preattentive co-saliency detection [ A ]. Pro-
ceedings of 2010 IEEE International Conference on Image
Processing[ C]. Piscataway ,NJ ;. IEEE ,2010. 1117 - 1120.
LI Hong-liang, NGAN K N. A co-saliency model of image
pairs[ J]. IEEE Transactions on Image Processing,2011,20
(12) :3365 -3375.

[10] FU Hua-zhu, CAO Xiao-chun, TU Zhuo-wen. Cluster-

based co-saliency detection [ J]. IEEE Transactions on
Image Processing,2013,22(10) :3766 —3778.

[11] LI Hong-liang, MENG Fan-man, NGAN K N. Co-salient

object detection from multiple images[ J ]. IEEE Transac-
tions on Multimedia,2013,15(8) :1896 - 1909.

[12] JERRIPOTHULA K R, CAI Jian-fei, YUAN Jun-song.

CATS: co-saliency activated tracklet selection for video
co-localization|[ A ]. Proceedings of 18th European Con-
ference on Computer Vision[ C]. Berlin; Springer,2016.
187 -202.

[13] YAO Xi-wen, HAN Jun-wei, ZHANG Ding-wen, et al.

Revisiting co-saliency detection: a novel approach based
on two-stage multi-view spectral rotation co-clustering
[J]. IEEE Transactions on Image Processing, 2017, 26
(7) :3196 —3209.

[14] GE Chen-jie,FU Ke-ren, LIU Fang-hui, et al. co-saliency

detection via inter and intra saliency propagation[ J]. Sig-

nal Processing-image Communication,2016,44:69 —83.

[15] ZHANG Ding-wen, FU Hua-zhu, HAN Jun-wei, et al. A

Review of co-saliency detection technique ; fundamentals,
applications, and challenges [ A ]. LNCS; Proceedings of
the 2016 IEEE Conference on Computer Vision and Pat-
tern Recognition [ C ]. New York: IEEE, 2016. arXiv:
1604. 07090.

[16]

[17]

[18]

[20]

[21]

[22]

[23]

[24]

[27]

ZHANG Ding-wen, MENG Deyu, Han Junwei. co-sali-
ency detection via a self-paced multiple-instance learning
framework [ J]. IEEE Transactions on Pattern Analysis
and Machine Intelligence,2017,39(5) ;865 - 878.
ZHANG Ding-wen,MENG De-yu, LI Chao,et al. A self-
paced multiple-instance learning framework for co-sali-
ency detection[ A ]. Proceedings of the 2015 IEEE Inter-
national Conference on Computer Vision[ C]. Washing-
ton; IEEE,2015. 594 - 602.
CAO Xiao-chun,CHENG Yu-peng, TAO Zhi-qiang, et al.
co-saliency detection via base reconstruction [ A ]. Pro-
ceedings of the 22nd ACM International Conference on
Multimedia[ C]. New York: ACM,2014.997 - 1000.
CAO Xiao-chun, TAO Zhi-giang, ZHANG Bao, et al.
Self-adaptively weighted co-saliency detection via rank
constraint[ J ]. IEEE Transactions on Image Processing,
2014,23(9) :4175 - 4186.
LIU Zhi,ZOU Wen-bin, LI Li-na, et al. Co-saliency de-
tection based on hierarchical segmentation[ J]. IEEE Sig-
nal Processing Letters,2014,21(1) ;88 -92.
PINGE BT BT DX % 32 o 22 o 46 1) e 2 ThT
TERBILT]. B T4k ,2017,45(5) ;1189 - 1197.
SUN Xiao,PAN Ting. Static facial expression recognition
system using ROI deep neural network[ J ]. Acta Electron-
ica Sinica,2017,45(5) ;1189 —1197. (in Chinese)
JUDD Tilke, EHINGER K A, DURAND Fredo, et al.
Learning to predict where humans look [ A ]. Proceedings
of 2009 IEEE 12th International Conference on Computer
Vision[ C]. Piscataway ,NJ ; IEEE,2009. 2106 —2113.
LI Yin,ZHOU Yue, YAN Jun-chi, et al. Visual saliency
based on conditional entropy | A ]. Proceedings of the 9th
Asian Conference on Computer Vision [ C ]. Berlin;
ACM,2009. 246 -257.
YAN Jun-chi,LIU Jian, LI Yin,et al. Visual saliency de-
tection via rank-sparsity decomposition[ A ]. Proceedings
of 2010 IEEE International Conference on Image Process-
ing[ C]. Piscataway ,NJ.IEEE,2010. 1089 — 1092.
WANG Wei,CHEN Cheng, WANG Yi-zhou, et al. Simu-
lating human saccadic scanpaths on natural images[ A ].
Proceedings of the 2011 IEEE Conference on Computer
Vision and Pattern Recognition[ C |. DCIEEE,2011. 441
—-448.
KUMMERER M, THEIS L, BETHGE M. Deepgaze I:
boosting saliency prediction with feature maps trained on
imagenet[ A]. LNCS: Proceedings of Poster Presented at
International Conference on Learning Representations
[ C]. Berlin; Springer,2014. arXiv:1411. 1045.
KUMMERER M, WALLIS T S,BETHGE M. Deep gaze

II.reading fixations from deep features trained on object



g

6 1] BRIGESE - DR A1 2 A Jy R 255 1363

[28]

recognition| A ]. LNCS ; Proceedings of the 2016 Comput-
er Vision and Pattern Recognition [ C ]. Berlin; Springer,
2016. arXiv.1610.01563.

KRUTHIVENTI S S, GUDISA V,DHOLAKIYA J H, et
al. Saliency unified: a deep architecture for simultaneous
eye fixation prediction and salient object segmentation
[ A]. Proceedings of 2016 IEEE Conference on Computer
Vision and Pattern Recognition [ C ]. Piscataway, NJ
IEEE,2016. 5781 - 5790.

[29] CORNIA M, BARALDI L, SERRA G, et al. A deep

[30]

[31]

(32]

(33]

[34]

[35]

[36]

[37]

[38]

multi-level network for saliency prediction[ A ]. Proceed-
ings of 23rd International Conference on Pattern Recogni-
tion[ C]. New York:IEEE,2016. 3488 —3493.

HOU Xiao-di,ZHANG Liqing. Saliency detection;a spec-
tral residual approach[ A ]. Proceedings of the 2007 Com-
puter Vision and Pattern Recognition[ C]. Berlin; Spring-
er,2007.1 -8.

HOU Xiao-di,HAREL J,KOCH C. Imagesignature ; high-
lighting sparse salient regions [ J]. IEEE Transactions on
Pattern Analysis and Machine Intelligence,2012,34 (1) .
194 -201.

AVRAHAM T,LINDENBAUM M. Esaliency ( extended
saliency ) ; meaningful attention using stochastic image
modeling[ J]. IEEE Transactions on Pattern Analysis and
Machine Intelligence ,2010,32(4) 693 —708.

HAREL J,KOCH C,PERONA P. Graph-based visual sa-
liency[ A]. Proceedings of the 19th International Confer-
ence on Neural Information Processing Systems [ C ].
Cambridge : MIT,2006. 545 - 552.
& KM BB, 55 ST B BRI 45 1 SR
FAEX AR TTIENEFE [T ], i 2# 40, 2017,45(11)
2593 -2601.

ZHENG Yun-fei, ZHANG Xiong-wei, CAO Tie-yong, et
al. The samantic salient region detection algorithm based
on the fully convolutional networks[ J]. Acta Electronica
Sinica,2017,45(11) :2593 —2601. (in Chinese)

LIU Tie, YUAN Ze-jian,SUN lJian, et al. Learning to de-
tect a salient object[ J ]. IEEE Transactions on Pattern A-
nalysis and Machine Intelligence ,2011,33(2) ;353 - 367.
CHENG Ming-ming, MITRA N J, HUANG Xiao-lei, et
al. Global contrast based salient region detection [ J].
IEEE Transactions on Pattern Analysis and Machine Intel-
ligence,2015,37(3) :569 —582.

LI Yin,ZHOU Yue, XU Lei,et al. Incremental sparse sali-
ency detection[ A ]. Proceedings of the 16th IEEE Interna-
tional Conference on Image Processing [ C ]. Piscataway,
NJ.IEEE,2009. 3093 -3096.

JIANG Huai-zu, WANG Jing-dong, YUAN Ze-jian,et al.

Salient object detection: a discriminative regional feature

[39]

[40]

integration approach[ A ]. Proceedings of the 2013 IEEE
Conference on Computer Vision and Pattern Recognition
[ C]. Washington : IEEE,2013. 2083 —2090.

SHEN Xiao-hui, WU Ying. A unified approach to salient
object detection via low rank matrix recovery [ A ]. Pro-
ceedings of the 2012 IEEE Conference on Computer Vi-
sion and Pattern Recognition [ C ]. Washington; IEEE,
2012. 853 - 860.

TONG Na,LU Hu-chuan,RUAN Xiang,et al. Salient ob-
ject detection via bootstrap learning [ A ]. Proceedings of
2015 IEEE Conference on Computer Vision and Pattern
Recognition[ C]. Washington; IEEE,2015. 1884 — 1892.

[41] HAN Jun-wei, ZHANG Ding-wen, HU Xin-tao, et al.

[42]

[43]

[44]

Background prior-based salient object detection via deep
reconstruction residual[ J]. IEEE Transactions on Circuits
and Systems for Video Technology,2015,25 (8) ;1309
- 1321.
ITTI L,KOCH C,NIEBUR E. A model of saliency-based
visual attention for rapid scene analysis[ J]. IEEE Trans-
actions on Pattern Analysis & Machine Intelligence, 1998,
20(11) ;1254 - 1259.
LI Li-na, LIU Zhi,ZOU Wen-bin, et al. Co-saliency de-
tection based on region-level fusion and pixel-level refine-
ment[ A ]. Proceedings of 2014 IEEE International Con-
ference on Multimedia and Expo[ C]. New York:IEEE,
2014.1 -6.
ACHANTA R,HEMAMI S,ESTRADA F,et al. Frequen-
cy-tuned salient region detection[ A ]. Proceedings of 2009
IEEE Conference on Computer Vision and Pattern Recog-
nition[ C]. Piscataway ; IEEE ,2009. 1597 - 1604.

[45] HOU Xiao-di, ZHANG Li-ging. Saliency detection; a

[46]

[47]

[48]

[49]

spectral residual approach [ A ]. Proceedings of 2007
IEEE Conference on Computer Vision and Pattern Rec-
ognition[ C]. New York:IEEE,2007. 1 - 8.

SONG Hang-ke,LIU Zhi, XIE Yu-feng,et al. RGBD Co-
saliency detection via bagging-based clustering[ J]. IEEE
Signal Processing Letters,2016,23(12) ;1722 - 1726.
HUANG Rui, FENG Wei, SUN Ji-zhou. Saliency and co-
saliency detection by low-rank multiscale fusion[ A ]. Pro-
ceedings of 2015 IEEE International Conference on Multi-
media and Expo[ C]. New York:IEEE,2015.1 -6.
SONG Hang-ke, LIU Zhi, DU Huan, et al. Depth-aware
saliency detection using discriminative saliency fusion
[ A]. Proceedings of 2016 IEEE International Conference
on Acoustics, Speech and Signal Processing [ C]. New
York:IEEE,2016. 1626 —1630.
ARBELAEZ P, MAIRE M, FOWLKES C, et al. Contour
detection andhierarchical image segmentation [ J]. IEEE

Transactions on Pattern Analysis & Machine Intelligence,



1364 H F

b 2019 4

[50]

[51]

[52]

(53]

[54]

[55]

[56]

[57]

[58]

[59]

[60]

2011,33(5) :898 -916.

YE Lin-wei,LIU Zhi, LI Jun-hao,et al. Co-saliency detec-
tion via Co-salient object discovery and recovery [ J].
IEEE Signal Processing Letters, 2015, 22 (11 ). 2073
-2077.

DU Shu-ze, CHEN Shi-feng. Detecting Co-salient objects
in large image sets[ J]. IEEE Signal Processing Letters,
2014,22(2) .145 - 148.

CONG Run-min, LEI Jian-jun, FU Hua-zhu,et al. An iter-
ative Co-saliency framework for RGBD images[ J|. IEEE
Transactions on Cybernetics,2017 ,PP(99) :1 - 14.
ZHANG Zhao-feng, WU Ze-min,JIANG Qing-zhu,et al.
Co-saliency detection based on superpixel matching and
cellular automata[ J ]. Ksii Transactions on Internet & In-
formation Systems,2017,11(5) ;2576 —2589.

SHEN Ning-min, LI Jing,ZHOU Pei-yun,et al. BSFCoS ;
block and sparse principal component analysis-based fast
Co-saliency detection method[ J ]. International Journal of
Pattern Recognition and Artificial Intelligence, 2016, 30
(1) :1655003.

BHIE-, RRIG . 22 2R TR B Rk PCA 125 1) i i AL
PEHSAE & ORI R [T ], HL 722 41, 2017,45 (10) : 2383
—-2389.

HU Zheng-ping, CHEN Juan-ling. Featureextraction model
based on multi-layered deep local subspace sparse optimi-
zation[ J]. Acta Electronica Sinica,2017,45(10) :2383 —
2389. (iin Chinese)

CHEN Duan-yu, LIN Chuan-yu, YANG NienTzu, et al.
Sparse coding-based co-salient object detection with appli-
cation to video abstraction[ A ]. Proceedings of 2013 In-
ternational Conference on Machine Learning and Cyber-
netics[ C]. New York:IEEE,2013. 1474 — 1479.
BRIbess , 908 A, A5 — TR TSR 5 2 B B A5
SR E 3 PEAG DN B35 [T ] L7241, 2013, 41 (6)
1159 - 1165.

QIAN Xiao-liang, GUO Lei, HAN Jun-wei,et al. Aspetr-
cal algorithm based on weighted sparse coding for visual
saliency detection[ J]. Acta Electronica Sinica,2013,41
(6):1159 - 1165. (in Chinese)

HINTON G E,SALAKHUTDINOV R. Reducing the di-
mensionality of data with neural networks [ J]. Science,
2006,313(5786) :504 —507.

ZHANG Ding-wen,HAN Jun-wei, LI Chao,et al. Co-sali-
ency detection via looking deep and wide[ A |. Proceed-
ings of 2015 IEEE Conference on Computer Vision and
Pattern Recognition [ C ]. New York: IEEE, 2015. 2994
-3002.

ZHANG Ding-wen, HAN Jun-wei, HAN Jun-gong,et al.

Cosaliency detection based on intrasaliency prior transfer

[61]

[62]

[63]

[64]

[65]

[66]

[67]

[69]

[70]

[71]

[72]

and deep intersaliency mining[ J]. IEEE Transactions on
Neural Networks & Learning Systems,2016,27(6) ;1163
-1176.
JEONG D J,HWANG I,CHO N I. Co-salient object de-
tection based on deep saliency networks and seed propaga-
tion over an integrated graph[ A ]. LNCS: Proceedings of
2017 Computer Vision and Pattern Recognition[ C]. New
York:IEEE,2017. arXiv;:1706. 09650.
SIMONYAN K,ZISSERMAN A. Very deep convolution-
al networks for large-scale image recognition[ A]. LNCS:
Proceedings of 2014 Computer Vision and Pattern Recog-
nition[ C]. New York:IEEE,2014. arXiv1409. 1556.
HAN Jun-wei, CHENG Gong,LI Zhen-peng,et al. A uni-
fied metric learning-based framework for co-saliency de-
tection[ J]. IEEE Transactions on Circuits & Systems for
Video Technology,2017 ,PP(99) :1 - 1.
LECUN Y,BENGIO Y,HINTON G. Deep learning[ J].
Nature,2015,521(7553) .436 —444.
BRAHMA P P, WU Da-peng, SHE Yi-yuan. Why deep
learning works: a manifold disentanglement perspective
[J]. IEEE Transactions on Neural Networks & Learning
Systems,2016,27(10) ;1997 —2008.
OLSHUAUSEN B A FIELD D J. Sparse coding with an
overcomplete basis set;a strategy employed by V17 [J].
Vision Research,1997,37(23) :3311 -3325.
BATRA D,KOWDEL A ,PARIKH D, et al. iCoseg : inter-
active co-segmentation with intelligent scribble guidance
[ A]. Proceedings of 2010 IEEE Computer Society Con-
ference on Computer Vision and Pattern Recognition[ C].
New York:IEEE,2010.3169 -3176.
WINN J M, CRIMINISI A,MINKA T. Object categoriza-
tion by learned universal visual dictionary [ A]. Proceed-
ings of Tenth IEEE International Conference on Computer
Vision[ C]. New York:IEEE,2005. 1800 — 1807.
RUSSAKOVSKY O,DENG Jia,SU Hao,et al. Image net
large scale visual recognition challenge [ J]. International
Journal of Computer Vision,2015,115(3) ;211 —252.
PREST A,LEISTNER C,CIVERA J,et al. Learning ob-
ject class detectors from weakly annotated video[ A ]. Pro-
ceedings of the 2012 IEEE Conference on Computer Vi-
sion and Pattern Recognition [ C ]. Washington; IEEE,
2012.3282 -3289.
MARON O, EREZ L P. A framework for multiple-in-
stance learning[ J ]. Advances in Neural Information Pro-
cessing Systems, 1998 ,200(2) :570 - 576.
FU Hua-zhu, XU Dong, LIN Stephen, et al. Object-based
RGBD image co-segmentation with mutex constraint
[ A]. Proceedings of 2015 IEEE Conference on Computer
Vision and Pattern Recognition [ C]. New York: IEEE,



% 6 1 BRIGESE - DR A1 2 A Jy R 255 1365

2015. 4428 —4436.

[73] LI Yi-jun, FU Ke-ren, LIU Zhi, et al. Efficient saliency-
model-guided visual co-saliency detection[J]. IEEE Sig-
nal Processing Letters,2015,22(5) ;588 —592.

[74] LOU lJing, XU Feng-lei, XIA Qing-yuan, et al. Hierarchi-
cal co-salient object detection via color names[ A ]. Pro-
ceedings of the Asian Conference on Pattern Recognition
[C].New York:IEEE,2017.718 - 724.

[75] CHENG Ming-ming, MITRA N J, HUANG Xiao-lei, et
al. Global contrast based salient region detection [ J].
IEEE Transactions on Pattern Analysis and Machine Intel-
ligence ,2015,37(3) :569 - 582.

[76] HUANG Fang, QI Jin-ging, LU Hu-chuan, et al. Salient

object detection via multiple instance learning[J]. IEEE

EEE T

&Em 55,1982 4R 10 A TR da M.
2013 AEE FPYAL T R, 3R AA T2 A
UM AN 2 Tl 2 e B AR B R 2 B R 1
E G I ool e 2 S L b i e X
HANLEE, e B, &GS
AbBE. %23 SCI/EL 830 20 AR s BEALE 5K % W
L9 T RS EE K A AREEES T
A SRR SR E L R AR R ORI
H TR 2 e BB B3 AT LSS0 H 10 43I0
E-mail ; gx] _ sunshine@ 163. com

B B %,1992 4 11 4TI
2016 A TR E BT % B, 3R 2% 125 A0
B FBIN 2 ol 27 g vt A5 8 A 2 B At - F
M. FEOET 1 A AL S PSR T,
PLAE 5 A
E-mail ; bz532476@ 163. com

Transactions on Image Processing, 2017, 26 (4 ) . 1911
-1922.

[77] QIN Yao,FENG Meng-yang, LU Hu-chuan,et al. Hierar-
chical cellular automata for visual saliency [ J]. Interna-
tional Journal of Computer Vision, 2018, 126 (7). 751
-770.

[78] ZENG Yu, LU Hu-chuan, ZHANG Li-he, et al. Learning
to promote saliency detectors [ A |. Proceedings of 2018
IEEE Conference on Computer Vision and Pattern Recog-
nition[ C]. New York:IEEE,2018. 1644 - 1653.

[79] WANG Wen-guan, SHEN Jian-bing, SUN Han-qiu, et al.
ViCoS2 ; video co-saliency guided co-segmentation [ J ].
IEEE Transactions on Circuits & Systems for Video Tech-
nology ,2018,28(8) ;1727 - 1736.

BREE(EIMEE) «X,19824F8 ALT
TR L. 2010 4EE T AR R R R LA g
S B RN A Tl 2 e o AR B TR 24 B
R R R, B A R . BT ) A
PULBLSE AR da il A5 2 P 4. e s Rig 3
20 s ERFER A AREEES P E LG
MR A BB O 4% L T

E-mail ; wyuanyuan82 @ 163. com

T EGEREE) J,1969 411 AT
TALARAE . 2002 AR B F £ K RERh I K 2
R A2 BN E R T AR £ R,
MR Tl 2 Bt e SUfE B TR B B . &
WFFE Ty 1) LU 5 N A e AL,
il 5 R T AR SR R AL 2N S K2
YK BRI B A%/ 1T, 256 B B KUK BT
SRC NRI FlI Sematech ff 3= 2L 1 5%, B B T2
RS2 IEEE FYZK L F-Bhss 320 , Rk P I I v O 1 15 825
FEE FALFIAC T ELRI 2 e B SR K. 5 3k 2004 474 R4 KB4
A CFT Award 2005 4 3¢ [ 5 I K 2B 4 81157 %2, 2008 4F 2010 4
IBM #4223, Jek 2Bt gy SCI 8 3C 130 &5, HMUE 35 2 &6, B4 30
2R IR Q= (o O s S R S G N2 B N R N = =1
Zehmits A AR I, ALt 2B DR, 2 5+ — T E R E IR
HREAIH 4. E-mail:18900616029@ 189. cn



