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Visual Saliency Detection: An Information Theoretic Algorithm
Combined Long-term with Short-term Features
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Abstract: In order for removing the drawback of the traditional visual saliency detection methods which solely used
the information of current viewing image or prior knowledge, this paper proposes an information theoretic
algorithm to combine the long-term features which imply the prior knowledge with short-term features which imply
the information of current viewing image. Firstly, a long-term sparse dictionary and short-term sparse dictionary
are trained using the eye-tracking data and current viewing image, respectively. Their corresponding sparse codes
are regarded as the long-term and short-term features, respectively. Secondly, to reduce the problem of existing
methods which derivated features on the entire image or a local neighborhood with the fixed size, an information
entropy based the estimation method of probability distribution of features is proposed. This method can infer an
optimal size of region adaptively according to the characteristics of the current viewing image for the calculation of
probability of the appearance of long-tern and short-term features. Finally, the saliency map is formulated by
Shannon self-information. The subjective and quantitative comparisons with 8 state-of-the-art methods on publicly
available eye-tracking databases demonstrate the effectiveness of the proposed method.

Key words: Pattern recognition; Visual saliency detection; Long-term features; Short-term features; Information

entropy; Shannon self-information

Vol.35No.7
Jul. 2013

1 518§

ENRIDE RGEH, M EyUEE G R &
BEIAE R, e FRATTAE 10 0 i AW A A R
fE [ 20 Hb A AT A e R B A % 5 0 O 45 IR S h A
PHMEfE R, R, EOFE2E. ML RGE T
AL S A A AT AR 2 22 38 W LA T . AE TS

2012-09-25 W3, 2013-01-11 [ml

[ & H 4R Rl 2 3 4 (61103061) A1 A6 T2k K 2% 356 fill F 90 5% 4
(JC20120237) % Wi 5t

MEEES: BRI gxlzengli@gmail.com

P AT, AR ML ST — A BAR RN -
25 MRS, A0 W G P R A XSOt T AR e i
RRFER, FHKERATEN . XA TR
W ERTI, AR B RO B . A
o E PR AT T LA s AT A )z BN
filtn: HAsRr, EAGEE, LR AR R
HBI%E

PR ik 25 PER I m] 43 A i, — K2 AR b
(bottom-up), HHa KA M2 EIERIG 5—HKEH
T[] R (top-down), 4145 9K AN 2 & PEFE . H T
0 T RS, 38 R e ANATIHE 52 R AN



o557 3 (B30 D R T E R e e

bR R R R AL )7 e 5T 1637

WAL P, o B HOR I (free-viewing) ,
[[IRERUALNRTE R é R il VPR EE R LNHER R Y (EPS
BRU, ANHARHINE, Pk, H g R8s o B b
FH PR I SHAHR L A R T L

CARZAHRRE T4 B R 5 Pk I
k. Koch A5 NPIBEH T 55 1 AMRUGE 25 M voH S A
PRI 25 B € 30 T2 AUk L AT HLURE AR S AL
U VR SR ey Teti AN, ARATT
Jok B G R TR REA T RS, IR LER R
THESERE . BT [ B L AR FEDR ELRE, R iX
JRJZHFFAES B IEWAL 5 B nAe 215 2 LR, fx
JrvRE S R0 R ik Pl A1 23 3 TE A i B T A 453 21 ¢
2R A 25 P o SRS TR R A PO AL B S 2 Y
H T2 8 1 — N RS 38, peabh, Ay
TR A 2 PRI SR, R TR A Y A
TR v (19T R T LA 2 1 S A I A
VA O DL R R T A Rt L JRE ) S A T A
%,

DA A28 B AL GE 5 P SR FE AR I R A4
O &5 s R AT 5, AR, Zhang 48\
fath, AT AR £ 1 5556 J e S 2 Ve il
FWRAEERELENAEN, JFHRRMAISHE <
B AR SRR B AR, HAASEHL L,
SCHR[18] AR 2 H A8 3 55t B b BEALIE X T KB
8 x 8 PG ERIFKe LN e Rt i g, 32X/ 7 ] it
S MR SR IR — MR R . WERIRATHE
M V) S AR DR s » R AR A i ] gt 1] 4
AT AR A L RE R A 0] MR U, 73 2 A
ST UG M2 R IRE, 320, RIEK
SR 2 0 SE0 An  YI k H AOAR RA i, A SORR 2
IR A S, A BRI, A SRR
Oy CRKMRFAE” . SCHR (18] IR AR A T 40 3
FVERI, JFAERE 20 PR IR R 2 A
DSEAG ORI, A L DU =4 Hir UL Pl 482 PR A
S EPERIN ST, AT A S T AT ROt R A S
WL ZR AR, TR T AP 5650 AR i 45 2
P o AR SCHR 18I I I A HYIRF AL BEA T A0 5 5 TR A
DR SEVEIEAT SCHR[19-23)45 . X1, I A IR S 56 4
BT RAT IR, AN RaER - LH IR
Wik se, BT, AERARRSIRSCBL, Bl
(SRR SV IR e S S AT YN PN v
BN (R AMRAT IR 748, DUIYIRR  in] iy
B, i T EATH TN ia S B AR5 SRR A
ATER, RS B R R A S B AR B AN R RESE RE
AT R B R (R e 2 H

EREWTUAE Y, FRal s ] = s & 45

BB B AR ARG, B, ACHIAN TR
HR AEARACE 2 B LI R 45 L, JF 3R T Fh
FETF DR C K R AT Rl S, S
SEIG FRAN I BRI S A R H . PriE R s
fiE, SR AR 2 AR R UG 2] — A “ R
i ) B, PR A A SRR 1] SO 2 B O P R kA T
LTI IR L S (R i E DU AT oo ST S
TR, LI G o AT T RIS 1) Y SREY
fEIR, BUEASCRRZ A “R7. HAh, fEZM He
A5 N PSR i Y (100 L ) ML PR 1 R A B B A
BAEH Mairal S NPURATHEH G SPAMS T HATZ
ey FATTER AT WAL ) v H SRR EAT T2
peid
AR TR BB A R A & & A 1F
S92 (Shannon  self-information) K & XA B ik 3
PER . AR B BT A AN,
T E N SRR R VRS, AEAS SO R R R
MERITESL, o — A AR AR AT AL . BT
FRREAE A 20 A0 A T 70 mT Ao e R, — 2K
TR G EREATAG TS0 o — 2 e — A [l
KNSR R Y BEAT A 01 BY, X R EE A o5
TS JR A A B AN R 42 SR
N BB AN R AR W] BB G, SR, X PR
FRAEAEAE A AR T RE R X BLEAZE, A
S T — i T R B R AR MR A A 7
25, 5T RS 2 s A R B B AR TS O B &
8t 326 49— A e A R XA /N SR A THARFAIE PR A7)
Ao [A] 8 FRRAT SHAEAE 2 TT I NHR ERER U2 (eye-
tracking database) FREAT ) 3 MUHIE 5t S50 EE
W] T A SCEE AT R

ARSI L TTR AT (1) BB b
A PRI SR B A Y 2 w0 PR ) A
S ER BB, ASCHIN T KPR (R S 5 %0
P AR Ak (AR OB R 0 45 2 IR 2
FFR I — AR TR R SR EATRES: (2)384E
TR TR B IR R AT TS, e
DA Fh: =2 700 00 A0 Py EL AR 0 1o S b o B —
A A R DX IR/ AR A THRFAE RO (3)[A] 8
FRRAT SAEAE A TF )N R BREZ D e AT T 3 A
JE SIS LE .
2 KHARNIE HR4FAE

AR BT, R TAR i) ST A5 A T A A et
(KU RL R AT A X AR KD IERE, KA S P 7 G
AR ERIRAE, P, S A A R )y
U DU DA 20 516 B SR AG X I (14 ST R et 301 i ] i



1638 BT H5HEEB %M 9% 35 %5

I T S A 28K R R S0 i v e A LS . ) fRh R, SR, B 1(c) PR — e i

ﬂ@%ﬁﬁ%ﬁﬁﬂﬁo KGR A ZE, Bt BRECR I RE 4, K
—HINGHEARLY = [y, 9,9y, € R, Rt i) L R AT

i 1 ﬂﬂD [dy,dy, -, d,] € R™" vl sk Ag (1) CLAA L D = M%,,Aemm PN =R

Fra i) H b ek 5 s /M 1) 84S 2] xz e R" MG a" e R" A0 I SR AR R 10 1, 785
H e/ ME ) R T

min S gl Pl led | )

aERq

L oty Aoty 23 AR 1 Y0 HAN 2 BB H, A2
— AN TPR 2GR (D) EE 1 I AR TE (R ()
(2 2 ) T 40

SR G A D, , HAIGREARE Y, — K
H A2 L 7E AR 2 H AR 5 UG A B A LA O 511 ]
BRI R B R 2 152, B, He 25 AP
M Judd 25N BRI H T R 0 IR R B s 1
rh BN IR DG sSUAR I EHR B D I ZRE AR, S
UERH, X R EAG B I I 2R AR BT A LA
e REALIE R 7 U aF . PRk, A SO SRR [14]
PEAE IR BRER SO b 88321 AN A HR G A5
Wb 8 x 8 BB HAE A INZAEAR Y, (m=8x8 x3 =
192, ¢=88321).

W 4 mr i N BRI 5y B— LA 2 18] 50%
B8 x 8 EGH, M. P={p,py.py} » &EIUE
BN G A B A R ARIRHEEY, p 25 A
BG, ¥PREUTH: X=[z,z, - zy]
€ R™N o V)R A L 1] M D SRF R 9 I A AR 4R
Y, = X o SRBONGFEARSE Y, AY, )5, il Rkgt
(1)BP A4S Dy Al Dy o & 1 FroR B A Fefi Tl ik SPAMS
AP SIS (1) 1 43 280 0 K I i 1] LR >
UL VL FORT I Py S ] L, B ) 34 £
300 AR [ 5 (n=300) . MELE 1 HAT LLE H
AT HARR B 1A B 1 (R . NBCER 2R
KF, T 1(a) KU o & BUR I 4 5
Hry BORMIFRRLARIRZ, W 1(c) SRR M0
WG, A S 3 S BT e T, S

* 1
a (z,D) = arg min§||a: — Dal} + Mlall (2)
acR"

3 (2) AT B — AR Lasso ) £k
PRI ) 8, wlaE T DARSPOSTEYEBATSRAR . SRAR
KX (2) G, LB AAG 5 o B R aE N -

z~ Da’ .
M X =[x, 2y, 2y ] € R™Y RART L &
%.Wﬁwﬁiﬁm&%ﬁﬁﬁﬁbﬂ D, f1 D,
T =0 (2) /T BAAS 21 X K A R S R Ak PP, =
[a;,a;2,~~-,a;N] , FP :[agl,a;,m,a;N]GR"w o
FP, f FP, 25 1 S N R CLEHR 0 547 1) oy
1k, SR, AT RS EMITE, WEARGER
PIRFIE. T BB A 50%ME S, Kk, %
MEEBFE R ol S Az g w5 E G
BUREE IR AT 2o ARl B AL T (2,y) IR
F R IAREN £ (z,y) € ", R, AN THE
TERFACH £ (z,y) b € [Lon] o[RBT 550 A% B AE
fy(z,y) BUE ISR kA THRAE £ (2,9) -
3 RMEKHFEHIFENERICEX
FE TR R IR 2 P A I B AR
5 %EE’J%/}\%%XJA%@E’HC/J\ HHEOLT,
A Bk A5 S 1R/, R0, Bruce %%
N2 R A e B 5 ok e LB & &
&, T, & XEBRPALT (2,y) FRE SRR 2
ZVERN Sz, y) M
S(z,y) = —lgp(F = f(z,y)) (3)
Hodp POy RAE R — SRFIE I BENL AR &, f(o,y) R
B (z,y) MEBEHE. NGB BEEMAT 2 —

(b) Ak A {2

0 Y A
() et AFL R ] e

Pl 1 AT e JUd R )



o557 3 (B30 D R T E R e e

bR R R R AL )7 e 5T 1639

TRy T UG BRFAE f(z,y) 5 300 AR AE AR
FO3A0 p(F = f(x,y) WALTE. EBEHERTHE 2 A
LR RIA, X R B IR R A AT A
T BL R e ) 5K (3) kel b — 4 v =Rk H A A
UL IARFAE , 25 ARG 38 25 MR/ i AR IR TE
KHE B 732 (5(3)) Sk il A K S A 0y
AERT PANERS EARRR NN o 150 2 AR R 118,
PS(z,y) = p(O =1|F = f(z,9),L = (z,y)) (4)
Hrh o A AHRNAR R, FRRA R G 5
R E T ARG A MR R L, HRERAER
IR RN E s PS(x,y), HSRERIEEGH AT
(z,y) BB 2 2R T NI OGHE s AR . X (4) 7 X
A AEEANHE - SRR R B B AL B AR
SR Z SR TR O AT o A4 DI Hr A =X,
X (4)n]5h
p(F = f(z,9), L = (z,9)| O = Dp(0=1)
Polmy) = p(F = f(z,y),L = (z.)) )
RS FIRFAIE F A2 (A8 L (B AH B 7, )
A
PS(z,y) =

p(F = f(z,y) [0 =1)
p<F :f(may»

:W:—Mp(F: flz,y) [0 =1)

p(0=1]L=(2y)) (6)
X (6) R 321 EORE £ T 1
lg PS(z,y) = ~1gp(F = f(2,y))

+1gp(F = f(z,y) [0 =1)
+1gp(0=1|L = (z,9)) (7
FATHF TR 2 F T ) b R ol 2 PRSI,
T ABE NTE S EUR IS AN A AR AR i 1) %, A5
& 3 U (free-viewing), M4, AFFIFHIE P44
HOT e AR TR, g p(F = f(z,y)| 0 =1) AT EL
WA RIS A, & g p(F = f(z,y) | O =1)
HHE, ATLARNE . 1gp(0 =1L = (z,y)) RIBLHZ
RN O AR DG (5, VA A Ll
FEH O ERS, B BEEE GO E,
Je& T N OGTE RU AT RE MO . AR T L& 2 A
rhC P A JE P S0 5 A W ARV A ) LI 2% oy
PRI, HEm T EVEARS RS, T A

EEEL 1gp(0 = 1| L = (z,y)) TH M p 20 . 152,
K(7) A Ky
lg PS(z,y) = —lgp(F = f(z,)) (8)

7€ X S(z,y) = 1g PS(z,y) BIAI155(3), Bl DAMEF AT

J& N ARSI 1 AR R0 B A DA 1% i (IR i
FHHERAN.
3.1 FHEMER DRIt

TR AL MR R O A, FLSE Ot SRR
MDA, R L AR R A, D58 AR
FLBH /D AR N5 2% 8 T NIRRT
MATRER LR . X BT e e B AN, AE
2 KNG N GETH Rk i A A 7 SCRR[18,19) /24
e B AR AT eV, 1 SRR [21] W AE AN E K
AN RS E E AREAT Gt AR, XA AN
FAATEAINE, DUONAT 28 H br e DA 78 4 JRy v LR
TR N T R T A 2 H 2 A A 4 S 8 DX sk B
BARFFIMgaE R T2, BAMRE T Mopri gt
T3, B AT DU 2 00 I 1 45 0 B A 0 O Y
R AR EERI G DR

MNFEGHERE - MEE A (y), B
Kr(r>1,r e Z) ALY

Nyr) ={@yllz—il<nly—ikr} ()
Blhn, N(z,y,1) HACER A (2,y) 2R 11 3% 346
o LIRFAE f(m,n) , (m,n) € N(z,y,r) I BEHLA &,
5 B Al 3 f(m,n) ) PDF(Probability Density
Function). 3CHR[19,21] 2B E f(m,n) MM IEZS i
o)A, AR, FHBBIEUR I 2R, ASCAh %k
BE AT AT 0 A K A AFAE — € [ Jm B,
IZARE B s B T g, R, RS R
TE N(z,y,7) WAL f(m,n) FIE T ES0E, DUH—HIY
FL7EAER f(m,n) 1 PDF, BATkRCIZE T & N
Hist (f(m,n), N(z,y,r)) « #5ic & (z,y) X N ) HF Ak
f(z,y) 1 N(z,y,m) WHHILHINEZE )y PF(z,y,r) » W4

PF(z,y,7) = Hist(f(5,), N o)) (10)
L, PF(x,y,r) HUEAE RN 2r +1)x (2r +1)
1418350 P e THRRAE R A P T A5 38 (R MR %0041 1]
e r 0] USRI PF(z,y,7m) o T4, BATTRGEE
B A r RAF BN AER) PF(z,y,7) -

BMIES, Yr=RE, WU EI— AR
PF(z,y,R),

R = argmin {H (PF(z,y, 7“))} (11)

Ferb H (o) AR GRS B RIa 5. X3 (11)
FERELTT o AR NI SR A R 1 ML Sl P A
UIREIEDE L TR ATE e IR ST ST SN PN
K, H%&M Fisher 73 RAENIET,  — AN 3 HE LY
PR AT REM AN [ ] (1 22 S B K R I Lf] — 2
WIRZES BN, TR R, e & A% T
AE S Y 52 DO A AE 25 Dk, Lk 3 DXk
AR 25 X2 [ RAT R R (R e SO LR, R
A0 2 DX SRR A58 35 DX A 0 P 0P AR I 2% FL AT 5



1640 BT 516G 8 %R

%35 4

P28k, WKEBEITE ERE, BT BNz
PO FEAEAN RIS, e it, BARNNRE. 5—
J7ifl, BT PF(x,y,r) 5O SRR A8 N A7 B N
AL OGEM T RETESBOR, Kk, PF(x,y,r) A LLE
e B, WA RKEES BEERR . X
FEL A5 S0 5/ I HE B — FE v LUE T PF(a,
YyT) o
2k, ] LA 2 AT R — 8 (z,y) KT DY IR AE
fz,y) WL 50 A1 N
p(F = f(z,y)) = PF(z,y,R) (12)
3.2 KEATNEHAYHERIRL &
FEEE 2 sk B A HIRRAE £, (2, y) RO HAREAE
f(z,y) » ARANK(3)HI AT
S(z,y) = —lgp(F = (fi(z,y), fs(z,y)))  (13)
76 H EMIAAE TR, AT W2 137 54
it A A LI 13 sk R BEMLIY, DAL, Rk
KA SRR £, (2, y) R IR B AL £ (2, y) #H 5
PSTEAEN, T, aU(13)4& N
S(z,y) = —lgp(F, = £,(.9)) p(Fs = fi(z.y))
= —lgp(F, = fi(z,9) —lg p(F=Fi(z,y)) (14)
FRFASIE £ (z,y) B £ (z,y) #BAE n GERI R, HAER
() FAFAE 2 [T AR 2, i, 2(14) nT A8

Sy =-3 lgp(F = f(zy))

SSlgp(R = fmy) ()
k=1
1450 (12) K OB A3 R SR (15) A

S(z,y) = —Z lg PF (z,y,R) — Z lg PEY (z,y, R)

k=1 k=1

— _i: lg Hist (£ (z,9), N(z,y, R))
k=1

- ilgHist(fsk(x, y), N(z,y,R)) (16)

4 SRIGXTEE
4.1 KHgIt

N T B TE R PP A ORI AT A5
SRR, BAVEASCENLIR 8 FiiftAT SR AE A FF
MR BREREHE e L BEAT T AN E B 256 &5 0
bl DL [R5 48 A1 T (32 S5 [ 56F L o 5048 2 1 Bruce
2 N 1920 25 H (http:/ /www-sop.inria.fr/members/
Neil. Bruce), {ECATFHAIRBRERNZE S, %3
I PR A H BTAE PP PO 2 P S A TR
Z AR . BRI 120 TR R S R Y
PN EREF G, AR EREZZ G 11 Bruce 11 Group

T N AR EREF 1 2t s 20 ASSEEG & 7R A S
)RR B IRI, B T i g i s T Ak 3 i
32 NRR Gy Kl (fixation map), W&l 2 f )5 —4T T
7N, CAAE A BRI Ground Truth, 225 L
(1) 8 Py AT H VARG AIMPY (L T5 Bg i
R s, PR AR B ER R 1) Bruce 55 N e
TAE), GBVSUIGET KIS B Ak, A
A H AT I HE A R ), SRIVAN IS8 (B F-45
AR 5 R U 2 Rl R 501), TCLRY (5]
USRS 15 BRI W MR AE3%), TTTTY
(A5 | B % (4 k), ROV (G AR5 |
FRBUE £ k), SUNSI(EET ULk p 72 () g
FPERN SR o 31X 8 PPAT B R e Bl L
TERFAEE BRI T (CVPR, NIPS, PAMI 45) I
) TAE, i HAES A3t 7 9.

2 (1) A ] S )1 2 A2 (2) 19 LARSPO5 vk
yn] i Mairal 55 NP5 HEH ) SPAMS T HAR K
S, (D) A (2) T R S E A SCH A
SPAMS T HAMEAKE 0.15, [HAF RN ZE, A
B TFEF WA E S5
4.2 EWFFLE

w2 fras, AT 120 BRI EAG ik T
6 MaEME, HTEWH AR 8 MmidT &
FASRIM B . DRI ER B Lok, AR SR
PIHERD S ey Blan: 26 1 RS, ARFFH
R R ENIRFTOGER), N A SRV LR e B S
Mk 28 5 MREMER, AAE PR G o LT R
R S P YN FS SE AT E A NS A ey FISE S e
PRGN A B R L IRER ), 8 R AT AR A — A
R ke, RS AT SR E AR R 2 T A xS LR
AT A e R AR R B X, A S
VA W T 2330 (R R AR TR o AT 35 X SR
R I L PR, AR R AL .
flln: fef5—MREE, BAR IS A1 ICL #Hok il i T K]
N, AERAR SRR R L B ey o
4.3 EEXTLE

N T B PPN A SC VAR BN PR L 3k
W, FATIALH A Sk H A E B ROC(Receiver
Operating Characteristic) {12k >k & 2 DL A SCH.
AR 8 FhATE . Wl 3 P, ARERASCHEIEN
M mi . o, ARSGESHIVHE T 120 M@l
W4 ] AUC(Area Under the ROC Curve)[32){H
FIRRUEZE, SRVPAL & HVA N S AR RN RS E M, i
XPLERE I E M. 1k 1 s, ASCHEVER AUC ¥ME
e, PRAEZE RN

Z 5 RIX 8 FmAT HIETT LUy Rk



o557 3 BRIEsEaE: AU PER I — PR A KA IS AL (5 SIS 5% 1641

R P SRR AR S, R AIM, ICL, R EERAT R A S04 L Al Y 56 36 A iR B0 24 i
SUN, HARM 5 MHEAR Al A s s g S EGRE B AR IS .

Il R, Mo, MR ERAE R, &A1 4.4 BEAES L

ARG S8 ASCER I IR T 5G9 A U 2 N T RASCHE W S 2 LA T VA, AL

Original images

SUN RC ITTI ICL SR IS GBVS AIM

Proposed

Human fixation

K2 A IR EREA SO B R 000t



1642 BT 516G 8 %R %35 %

] 1.0
T
0.8
3 3 0.6
= - AIM H - ICL
L - GBVS o 04 - ITTI
- IS - RC
- SR 0.2 & - SUN
S A F i e
0 02 04 06 08 10 0 02 04 06 08 10
MIEHH MIEFH
(a) AL TLIRIAIM, GBVS, ISFISRIF*} L (b) ARSI HFICL, ITTI, RCHISUNIFXfLL

3 E R EREZSARE L ROC gttt

F1 EANRREEEEE LB AUC H{EFFREZRIRTEL 5 gﬁ;ﬁlﬁ_
1k AUC Jfi AUC hrth2e ASCEEH T — PRI 15 SIS 5V T &5
AIM 0.7530 0.0810 FERTI, ZERRA T AR AR K Ry
GBVS 0.8271 0.0598 AEFIACER 1w AWl P A5 B B R IR AE, Ak T
IS 0.7961 0.0846 Sl FH S 045 B B i W UGS B R o thah,
SR 0.7306 0.1073 RICREE HT — POl 5 15 S0 R %20 A
ICL 0.7692 0.0804 TR, ESEETT DL EE N S N R )
ITTI 0.7755 0.0917 X IBR /AN RGEVHRE HBLRNE RS, g vl T A 55092
RC 0.7515 0.0721 BB M EE L BURAE — N K/ Ry 20k
SUN 0.6875 0.1058 W TS B b . 8 A TF IO IR PR ES B 14 E A
A3 0.8449 0.0449 AR 2 AT SR LOAIE B T A S A S LL B Al

FH 5 58 6 VR ot =4 i U0 el A B IR Sk R L
1E Intel Core 2 Duo 2.0 GHz, 2 G WAEHI & EX I

RSCHHA 8 LT HAE ARSI L b s%xm

KR 0P 2 is BN R4 T Tt Wk 2 s, A

Iﬁ{iiﬂi mm@ﬁﬁ*ﬁ% g 0.6s /iti, /\ﬁ&ﬁ% [1]  Rutishauser U, Walther D, Koch C, et al. Is bottom-up

HIsi . MWHEZ SRE ZIKIﬁ/zJEE’J ﬁﬁ"ﬂlﬂ LT attention useful for object recognition?[C]. IEEE Conference
qu e 7}(%2, f 8 ﬂ] {}ﬁ’/f]tﬁ /iqﬂ IS SR 1CL ﬂzﬂ RC on Computer Vision and Pattern Recognition, Washington,
4 BRI SR S BTV S T 22 2001; 57-44.
Z:ﬁ’ l}é;\ 1S %/Zt‘.ﬁ]" SR. ICL %D RC ﬁ/ﬁ%ﬂzlilﬁ [2]  Han J W, Ngan K N, Li M J, et al.. Unsupervised extraction
7N L)
VEIIE A A B TRl — BE g . 4RI Eﬁ%(?@ of visual attention objects in color images[J]. IEEE
1)22[]5\2_%5# Jf] W‘jﬁﬁﬂé%’ zlixﬁ{jém ﬁ’fjﬁfj“o Transactions on Circuits and Systems for Video Technology,
2006, 16(1): 141-145.
2 ANFEIZR 8 MiITHIARIZH AT EI X bt [8] Wang Z, Lu L G, and Bovik A C. Foveation scalable video
Ik 16 f A SR (s) coding with automatic fixation selection[J]. IEEE
2o i
Transactions on Image Processing, 2003, 12(2): 243-254.
AIM Matlab 8.6450 ) ] o
[4]  Yang J and Yang M H. Top-down visual saliency via joint
GBVS Matlab, C++ 3.4719 CRF and dictionary learning[C]. IEEE Conference on
IS Matlab 0.0412 Computer Vision and Pattern Recognition, Rhode Island,
SR Matlab 0.3050 2012: 2296-2303.
ICL Matlab 0.3374 [5)  Koch C and Ullman S. Shifts in selective visual attention:
ITTI Matlab 0.7611 towards the underlying mneural circuitry[J]. Human
RC Ct 0.3833 Neurobiology, 1985, 4(4): 219-227.
. 6 tti L, Koc! , an iebur E. model of saliency-base
Itti L, Koch C, and Niebur E. A lel of sal based
SUN Matlab 3.5813 . . . .
visual ~attention for rapid scene analysis[J]. IEEE
AITr Matlab 0.6197

Transactions on Pattern Analysis and Machine Intelligence,




o557 3

e

(B30 D R T E R e e

bR R R R AL )7 e 5T

1643

(7]

(8]

(9]

(10]

(11]

(12]

(13]

(14]

(15]

(16]

[17]

1998, 20(11): 1254-1259.
TR, VREETR, miEEr. BT E SR AN A 1)
RPN TV ). LT 55 AR, 2009, 31(7): 1646-1652.
Zhang Jing, Shen Lan-sun, and Gao Jing-jing. Region of
interest detection based on visual attention model and
evolutionary programming[J]. Jounal of Electronics &
Information Technology, 2009, 31(7): 1646-1652.

Murray N, Vanrell M, Otazu X, et al.. Saliency estimation
using a non-parametric low-level vision model[C]. IEEE
Conference on Computer Vision and Pattern Recognition,
Colorado Springs, 2011: 433-440.

Harel J, Koch C, and Perona P. Graph-based visual
saliency[C]. Advances in Neural Information Processing
Systems, Vancouver, 2007: 545-552.
T and Lindenbaum M.

Avraham Esaliency (extended

saliency): meaningful attention using stochastic image
modeling[J]. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2010, 32(4): 693-708.

Hou X and Zhang L. Saliency detection: a spectral residual
approach[C]. IEEE Conference on Computer Vision and
Pattern Recognition, Minnesota, 2007: 1-8.

Li J, Levine M D, An X, et al.. Saliency detection based on
frequency and spatial domain analysis[C]. British Machine
Vision Conference, Dundee, 2011, 86: 1-11.

Hou X D, Harel J, and Koch C. Image signature: highlighting
sparse salient regions[J]. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2012, 34(1): 194-201.
Judd T, Ehinger K, Durand F, et al.. Learning to predict
where humans look[C]. IEEE International Conference on
Computer Vision, Kyoto, 2009: 2106-2113.

Liu T, Yuan Z, Sun J, et al.. Learning to detect a salient
object[J]. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2011, 33(2): 353-367.

Borji A. Boosting bottom-up and top-down visual features
for saliency estimation[C]. IEEE Conference on Computer
Vision and Pattern Rhode Island, 2012:
438-445.

Cheng M M, Zhang G X, Mitra N J, et al.. Global contrast
IEEE Conference on

Recognition,

based salient region detection[C].

Computer Vision and Pattern Recognition, Colorado Springs,

18]

19]

20]

21]

[22]

(23]

(24]

25]

[26]

(27]

ERIDE

¥

A

2011: 409-416.

Zhang L' 'Y, Tong M H, Marks T K, et al.. SUN: a Bayesian
framework for saliency using natural statistics[J]. Journal of
Vision, 2008, 8(7): 1-20.

Bruce N and Tsotsos J. Saliency based on information
maximization[C]. Advances in Neural Information Processing
Systems, Vancouver, 2005: 155-162.

Hou X D and Zhang L. Dynamic visual attention: searching
for coding length increments[C]. Advances in Neural
Information Processing Systems, Vancouver, 2008: 681-688.
Bruce N D B and Tsotsos J K. Saliency, attention, and visual
search: An information theoretic approach[J]. Journal of
Vision, 2009, 9(3): 1-24.

Borji A and Itti L. Exploiting local and global patch rarities
for saliency detection[C]. IEEE Conference on Computer
Vision and Pattern Recognition, Rhode Island, 2012:
478-485.

He S, Han J W, Hu X T, et al. A biologically inspired
computational model for image saliency detection[C]. ACM
International Conference on Multimedia, Arizona, 2011:
1465-1468.

Mairal J, Bach F, Ponce J, et al.. Online learning for matrix

factorization and sparse coding[J].

Learning Research, 2010, 11(1): 19-60.

Journal of Machine

Tibshirani R. Regression shrinkage and selection via the
lasso[J]. Journal of the Royal Statistical Society. Series B
(Methodological), 1996, 58(1): 267-288.
Efron B, Hastie T, Johnstone I,
regression(J]. The Annals of Statistics, 2004, 32(2): 407-499.

et al. Least angle
Deng Y and Manjunath B. Unsupervised segmentation of

color-texture regions in images and video[J]. IEEE
Transactions on Pattern Analysis and Machine Intelligence,

2001, 23(8): 800-810.

9, 1982 4R, IR, BSOS BT G AL B, A
iR

e U, 1956 4EE, R, RSN, RS T

FRASE BEH S BERS.
B, 1977 A, B, ARSI, FEORRAUEN
FHMSE . 2 SR



