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Salient detection via local and global feature
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Abstract: Due to the most of existing salient detection methods have some disadvantages on using
background seeds and local area contrast salient detection model, a visual saliency detection algorithm
named salient detection, which combines local feature and global feature, was proposed. After image
segmentation, the algorithm firstly applied a background image created by multi-feature methods and
a foreground saliency image created by foreground area contrast method, then, the fusion results was
optimized by using Gaussian filter and the local feature saliency image was formed. Secondly, the
sample set of various features was collected based on the local feature saliency image for practice and
finally the global feature saliency image was obtained. At last, it combined the local feature saliency
image produced in the first step with the global feature saliency image and created the final saliency
image. In part of experiment, the proposed algorithm showed great results of precision, recall rate
and F-measure on CSSD data set, with values of 0. 837 5, 0. 743 4 and 0. 813 7 respectively, the
performance on other data set was also perfect. The results show that the proposed algorithm can
effectively suppress the background area, highlight foreground area and detect the salient target better.
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Fig.1 Main steps of our algorithm

2.3 BEEEESEML

TE 2.1 /N5 R A 21 4 235 181 AT DL 4 3 1 5
PR DXL T 2. 2 /N5 v A B A 35 1R AT DL B
b A ) R M o P S K R R AT R
AT RIS R A A R A

I\N/Iz(xyy)il\fzo(x,y) * (1—exp(—f* Ml(x,y))),

(3)
o, g T 1 i 3 T [0 5 F R T sy i 2 A
TERADER P LILE, SRR H & 6,
R T 2D A M AR SCR T R
B xt B RIS T AL . 280 & 3 m AR
GCxs y) IR AR AT AL G 1Y & KR .
M; (s ) =M, Cxy ) X Gz y) s 4)

Glxsy)=exp(—9 ((x—d)/w?—9 ((y—d,) /).

(5)
Hrpow B h 25 AR B SE M &, (dy s dy) s B
B A B AR Gl A O FGHRE T4
HEE AR R ER S &2k
Joi o SR R AR B TR

2.4 BROEBFIEE

i 241> 55 4 K de AT R ARAE 2 15 3] — A i
AR . Ol 22 R 1S L AH X T B R AR B R
T, 5 A 1) 1 LSS G BB AR A5 b B B A0 Y 1
fel . BTLAAS SCff ) Sigmod, 48 [ E 4%, KM%
DI K Z 0 XA 4 AR eR B AT AR R 1 2 4%
PRIEK -

M M
K(x,2) = Zﬁj_fj(JHZ)»Bj 20,231 =1,
i=1 i=1

(6)

Horp B SRR EL £ X B AL, M H A R [
F% bR KBRS R4 IE B9 559 43 2 2 R K

ST A% B dE B R or 2 AR AR DI ZRORTI LR

AR A SO A B R 0 1 370 2 VR S IEREAR

B AE I AR AR ST N R . X T — 8540

Hmm ARVEREA BB NLHB 400 Uk 16 RE A 1 AL

TEHIE BN o (k) =1/N,k=1,2,--, N, {14}

— R B ARG R G — 55 0 KA IR A A

KOO AANL &t TWEAUS /T LIS B AR N 1Y 1



5 3 250, A A5 R AR A K A R R A A S AR 775
B TR R ERD IS, BoERER FIENER,

LA 2 AT RS R A E R A AU
1

Bj:a]-'?[l‘i‘sgn 11’11;6}}}’ (7)
o=t (8)

Hors e o255 00 R AR IO IR 22 3, 7 R IR 22 R
/N AUEE RGBSR S BV 58 73 S A A e 28 1 o e o
PERDBOR . 12 — ek AQH B AS B A T i A
O REAAUE B R IA N

wi;.k) ° exp(*ﬁ;lky,‘(rk))’ (9)

Forpro b ORBPEAR MY ZEHARZE v G 255 20 Je e
B — A B LR AT 55 73 28 o T X IO A4 H A e R
AP I SR se ) g B A . Z R A A
T RO

Wi+1 (k) =

Z=2 V/e(ei—1). (10

FE WA KA Rt TWERJEM T A~55
ORI B R . oy e, AR LA B
G EHH B EME M (x, ).

'@ S IR E AN =R RV PSR RO S
M E RS, M A% o 2 e AAE B Y 25 KA
W R T A A TR Y A R AR K P
BERHFETE

M(x,y):ql\f%(x,y)—’—(l*q)l\w/f,l(I,y)’

an
Horfr, o Sl L SR g R L B 0.7,

3 FERLEREHSHN

TE 3 AN TF I e 45 AR SO 3 s 1 B3
HEAT VAN, IR0 LS 11 Ah 3 Mk 1T,
GBM SR FTH  LRPY, SF#), GSB, g,
BLMYT, AMCPY ,GBMR™ 47 T %F 1t

A3 R ME B A B A (PRO il k.
F-measure {E7PF 40 48 A5 X 5% iE 47 2 2 3P4 .
T PR e 09 2k 72 SR Sy [ 2 1918 43 %1, 38 2
TEO0~255 Z IR 22 W E . A] DI i 3 KA — {0
b ¥ A Z 5 S5 R 5 BAEAE i, AT DO
DEE S o A 1 R 08 7 34 o 1 2R DL R A [
L GE A ROC T4 F 0 1 AL (AUC) >k P74l

115 F-measure B3 2 XFR A A i B
), BP BT R I B FR AR T Y 3 AR B E
F-measure 1E 4% (& ¥ 58 09 PF M AL 0 T 255
W HER R L S %, AR AKX T .
F,— (1%,82) X precisionX recall
: B X precisiont recall

Horp; precision b #E# K, recall i 73 Bl K, B &
R F-measure B SCHR[26 ] 1 E F =
0.3,

A AR R T R — 2D I A S %i")X]L—F
— AR R R e, R, SR g —
BB A Y B B R AT #Uliﬁﬂ*i{?ﬁ
TR E R R, mE 2 s, H
i, background % /8 3 T W 5 A im0 45 R,
foreground /R 3 T 1 5 A4 LAY 45 5 5 union
73N Rl G T 5 B e DX R S AR A e 3 1A L our
TR R B A Ry A 45 5 AR B B 3
M 2 A] LA Y A SO0 ¥ S 4 A Y 8 35 TR 4
REAG T A R R A ],

4 fF1. 73

A

1.0
0.9 _“._\.:..‘ T
0.8
0.7}

£ 0.6f

3 2 0.5}

= 0.4}
0.3
0.2}
0.1H =

Background|

0.0 ! i i . i
0.0 U ] U 2 U 3 {}4 ﬂ 5 ﬂ 6 07 08 09 1.0
Recall

Kl 2 76 CSSD BG4 FxF k&AL BRIy PR
Fig. 2 PR curves of each step of proposed algorithm on
CSSD data set

A AE CSSD, ECSSD, DUT-OMRON 3 4~
BOHH A T XA SCHE R 5 o B O 75 Sk
TTEE e, B/ 3 A HESHA
W) LB TAT I 8 PPk X HL & . X EE PR B
AR SO RS A R T S DO, O HL e S A
X 358 , E 1% 0 4 i AG ) ) 2 E AR



776 7\%%

% TR

%25 &

“CEEE

fof el

ri -

it I‘I TLAE

BEECE
el
BED

LR SF Our

B3 ARUEFZREIWA 8 FE LN L

Fig. 3 Comparison results of proposed algorithm with other eight methods

== =

0.
0,84 3
2 3 o7t T . I
. Rt osl |0 W -
e e ol (U e
s, 10 Bl o4 [} i | |
il w‘"‘--:-i:') eI | T |
2 o2 R |
LR o1t (B I8 | |
( '.

ol [ i 0.0
0 001 02 03 04 05 06 07 08 09 L0 BLOrGC GS SF LR FT SR G l! IT. \\| GAMR
Recall

(a)CSSD

0s
03]
o
05|
ol
0.3}
0.2¢

0.1 ff =S 0.1

PIBLOUrGC GS SF LR FT SRGE [TAMLGBVE

h H

ad Iltllllt‘-'-}IRI]\R![!II\\Il-\\ll\

00 01 02 03 04 05 06 07 0.8 09 10 [
Reeall

(b)ECSSD

1.0, 1.0

o pl=—==d _
G0 001 02 03 04 05 06 07 08 09 L0
Recall

()DUT-OMRON
B4 ACHESHA 11 ME S CSSD.ECSSD,DUT-
OMRON 3 A48 52 119 X b 45
Fig. 4 Comparison results of proposed algorithm with
the other 11 methods on the CSSD, ECSSD.
DUT-OMRON data sets

B 4 AR SCE S 11 FE 24 3 7E CSSD,
ECSSD,DUT-OMRON 3 /™58 45 | 19 [b 42 45
W 7E CSSD ¥4 b, A SO A HERA 2R L 43 ]

X PL K F-measure 43 3 35 3] T 0. 837 5,0. 743 4
1 0.813 7; 76 ECSSD %4l 4 143 54 0. 728 3,
0.613 7,0. 698 2; 7E DUT-OMRON % ## 4 | /¢
Sk 0.520 2,0. 625 6,0. 541 2, MIE 4 # 1Y
ROC Hh £ T 1 B /N LR HE AR ] rpodd: i & B AN
MEFR A SCR AR T e BOR TR M L B
KM F-measure NYWHEET —FRE RS

4 % b

AR SCHR ) —Fh GG G SR B AR AE LA B 4 JR R AR 1Y
MG I ASE A, L e 4 R TR SR AR BT ELW
il TSR R AN o % T R R B4
JfE B . ARSCHE Je R 2R AE 1 O U5 3L 71
S R 7R AL b A T S R AR
BERZ A IR R A B T 5 Thi st 2 KL JF R
ﬁﬁﬁ%%ﬁnﬁﬁ%&xﬂﬁﬁ%méﬁ%m%%mﬁ%l’é‘léﬁ

HEATORAL . SR G U253 2 e X Z i A6 i B 3
l’é‘luﬁ_ HARAL B 5 K v TR Uk A AR IS
825 TEUR 3 2 208 i 0 A5 B 1 S R AT A L A5
A E R, LR RPA SO R TH
"B 11 S A T A R o R D A TR R
—ERRE AR A E CSSD Budl 4 E
HERA R 0. 837 5. P H %R 0. 743 4, M3 F
FWFEA —E R UL T 85 A R AR AR DL K
G Jry R AR IR AT S A I A T AT



CHER:]

250, A A5 R AR A K A R R A A S AR

77

& k-

(1]

(2]

(3]

[4]

(5]

(6]

L7]

(8]

(9]

(10]

[11]

ITTI L, KOCH C, NIEBUR E. A model of sali-
ency-based visual attention for rapid scene analysis
0l
Machine Intelligence, 1998, 20(11) :1254-1259.

ZHANG C J, XUE Z, ZHU X B, et al.. Boosted

IEEE Transactions on Pattern Analysis &

random contextual semantic space based representa-
tion for visual recognition []].
ences, 2016, 369:160-170.

JIANG H., WANG J, YUAN Z. et al.. Salient ob-

Information Sci-

ject detection: a discriminative regional feature inte-
IEEE Conference on Com-

IEEE Com-

gration approach [ C].
puter Vision and Pattern Recognition.
puter Society, 2013:2083-2090.
CHENG M M, MITRA N J, HUANG X, et al..
Global contrast based salient region detection []].
IEEE Transactions on Pattern Analysis & Machine
Intelligence, 2011, 37(3):409-416.

SUN XS, YAO HX, JIRR, etal.. Toward sta-
tistical modeling of saccadic eye-movement and visu-
al saliency [J]. IEEE Transactions on Image Pro-
cessing s 2014, 23(11):4649-4662.

PERAZZI F, KRAHENBUHL P, PRITCH Y, et
al.. Saliency filters: contrast based filtering for sa-
IEEE Conference on
Computer Vision and Pattern Recognition, 2012
733-740.

ZHANG L, TONG M H, MARKS T K, et al..

lient region detection [ C].

SUN: a bayesian framework for saliency using nat-
ural statistics [J]. Journal of Vision, 2008, 8(7):
1-20.
BORJI A. Boosting bottom-up and top-down visual
features for saliency estimation [C]. IEEE Confer-
ence on Computer Vision and Pattern Recognition.
IEEE Computer Society, 2012:438-445.
TONG N, LU H, XIANG R, etal.. Salient object
detection via bootstrap learning [ C]. The IEEE
Conference on Computer Vision and Pattern Recog-
nition, 2015:1884-1892.
ZHANG X Y, WANG S, YUN X. Bidirectional
active learning: a two-way exploration into unla-
beled and labeled data set [J]. IEEE Transactions
on Neural Networks & Learning Systems, 2015,
26(12):3034-3044.
ZHANG X Y, WANG S, ZHU X, etal.. Update

vs. upgrade: modeling with indeterminate multi-

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

class active learning [J]. Neurocomputing, 2015,
162:163-170.

KA, %, EBUL, F. SRS E B4 W
KB W X BRI )] e HE L
2, 2015, 23(3): 819-826.

JIASM, XU T, DONG ZH Y, et al.. Improved
salience region extraction algorithm with PCNN
[J]. Opt. Precision Eng., 2015, 23(3): 819-
826. (in Chinese)

TRAA, RIS R LGS A A Y
PR R EPE M ()], 5 45 42, 2014,
22(4): 1012-1019.

ZHANG Y Y. ZHANG SH, ZHANG P, et al..
Detection of salient maps by fusion of contrast and
distribution [J1. Opt. Precision Eng. , 2014, 22
(4): 1012-1019. (in Chinese)

ACHANTA R, SHAJT A, SMITH K, etal.. Slic
superpixels [ R]. School of Computer and Com-
munications Sciencess EPFIL Technical Report
149300, 2010.

BORJI A, SIHITE D N, ITTI L. Salient object
detection: a benchmark [ J].
on Image Processing, 2015, 24(12) :414-429.
OHTSU N. A threshold selection method {rom
gray-level histograms [J]. IEEE Transactions on
Systems Man & Cybernetics, 1979, 9(1) :62-66.
Bladk . 7 AR AR AL F L LA B R B R
PLRE IR R A& 26T ] £ 5 # % 42,2011,
19(4) .878-883.

GAO H ZH,WAN ] W, NIAN Y J, et al.. Fusion

IEEE Transactions

classification of hyperspectral image by composite ker-
nels support vector machine [J]. Opt Precision
Eng., 2011, 19(4) . 878-883. (in Chinese)
SIAGIAN C, ITTI L. Rapid biologically-inspired
scene classification using features shared with visual
attention [J]. IEEE Transactions on Pattern Anal-
ysis & Machine Intelligence, 2007, 29(2) :300-12.
HAREL J, KOCH C, PERONA P. Graph-based
visual saliency [C]J. Neural Information Process-
ing Systems,2006:545-552.
HOU X, ZHANG L. Saliency detection: a spec-
IEEE Conference on
Computer Vision and Pattern Recognition, 2007
1-8.

MANNAN S K, KENNARD C, HUSAIN M.

tral residual approach [CJ.

The role of visual salience in directing eye move-

ments in visual object agnosia[J]. Current Biolo-



778

H o T

%25 &

(22]

(23]

[24]

gy» 2009, 19(6) : 247-248.
REYNOLDS ] H, DESIMONE R.
roles of attention and visual salience in V4 []J].
Neuron, 2003, 37(5):853-863.
RUTISHAUSER U, WALTHER D, KOCH C,

Interacting

et al.. Is bottom-up attention useful for object
recognition [ C]. IEEE Conference on Computer
Vision and Pattern Recognition,2004 ;37-44.

JIANG B, ZHANG L, LU H, etal.. Saliency de-

tection via absorbing markov chain [C]. IEEE In-

EE R

EOB969 ), BL.EKAKNAN,H
4L %, 1991 4F 2003 4 F AL A
1 N NE= 5 [ 7 = e i 18 = < VAR
1994 4FF b5 Toolk 2 B 315 1 4 2
LB de s TR RIS F R T
A BEBE S, 2 F B AL EDIE 2
TR ILA R 2 n] Ak R RE A5 S A B
07 W B 5% . E-mail: caiq @ th,

btbu. edu. cn

[25]

[26]

ternational Conference on Computer Vision,2013:

1665-1672.

YANG C, ZHANG L, LU H, etal.. Saliency de-
tection via graph-based manifold ranking [ C].

IEEE Conference on Computer Vision and Pattern
Recognition, 2013:3166-3173.

ACHANTA R, HEMAMI S, ESTRADA F, et al..

Frequency-tuned salient region detection [ CJ. IEEE
International Conference on Computer Vision and

Pattern Recognition, 2009:1597-1604.

MIEZ (1993 =), &, P KA AL %
+,2015 4F FAL B T K F 3R 8%+
EE e s N T Y Rl ISR AN B
575 1 A BF 8. E-mail: haojiayun _
happy@163. com





