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Saliency Detection Based on Fusion of Global and Local Features

Wang Hongyan', Gao Shangbing®
(1. Experimental Teaching Center for Economics and Management, Nanjing University of
Finance and Economics. Nanjing, 210046, China;
2. Faculty of Computer Engineering, Huaiyin Institute of Technology, Huai'an, 223001, China)

Abstract: The saliency detection methods have been widely used in the field of image processing
and computer vision. However, the saliency detection algorithms via global feature and local
feature extraction have shortcomings. Therefore, a significant saliency detection algorithm is
proposed based on fusion of global and local features. Firstly, an image is partitioned to non-
overlapped blocks. When each image block is mapped to high dimensional space by principle
component analysis(PCA) method, according to the law that the isolated feature points corre-
spond to the salient regions, the saliency map based on the global features is obtained; Second-
ly, based on the color dissimilarities between center block and its neighborhoods, the saliency
map via the local features is obtained; Lastly, based on the Bayes theory, the two obtained sa-
liency maps are fused to the final saliency map. The simulation results on three public image
database verify that the proposed algorithm can combine the significant advantages of the global
and the local saliency detection algorithms, and it is more effective on saliency detection and
object segmentation compared with other state-of-art algorithms.
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Fig. 1 Image blocks mapping to high dimensional space
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Fig. 4 Saliency images by different algorithms on Bruce& Tsotsos database



FLLHE 45 LT AR FR SR RRE Bl B9 2 2 AR IO

o0
(@)
wl

'--

HE I

-
L

EEREEGEaN
HERECROEN

EIMELC

(@ RE

I

)

£ MRl

v

=3
=
L]

INET 1

|
L

i

REIE

N il

e

B

]
| 3
| 4
{
|
{
Ll
,

%

L]

i
&
(i

1

31

b AT (¢) LG (d) ICL (e) SF (® SR (g AIM  (h) GBVS (i) SUN
(a) Original image (b) Human (c) LG (d) ICL (e) SF () SR (g) AIM (h) GBVS (i) SUN
K5 MIT $d e B A ) Bk iy 2
Fig.5 Saliency images by different algorithms on MIT database

MIEL 4 vha] DL 3], ATM S5 BE 98 46 0 2] R i
2 H AR AR 2 MR s, 1F 2 3E 3 H AR )
FEBERS I 4>k . SUNLICL,GBVS i1 SR 2 1 R i
PG rp R 43 0 Pk H BRI >k 6 T ET 5 i 8
TR 10 17 EMG Hh AT N FIREERI 2k %, SF
IR T HAL L B L X T SR — W ER . SF
SR R A A 80 A ) G o i S M E AR X RS
S 2% T SR MR R IE S H ARSI Bk R
SREBEAGIN 2]tk 25 1k H b, (HE 5 55 i W 7S [ A A
BIAAE oy 1 2 Pk B AR T ok

4.2 MIT #iEE

R4 Sk U T Flick B L B0 A La-
belMe EG B FE A5 1 003 k&G, A 779

K SOULIE RN 228 5K H AR B8 B i 18] 158 1Y) die R 4
JER 1024, 53 —4EEENIAE 405 3] 1 024 Z[A] 4214k,
1542 EMd AHWER R 1~3 s, X UWE M
B R 7 hmoE A BN ThR e B4 . &5 hag
LA g T MIT Bods P v w9 8 o0 R il T
K AR B i R TR — 4E

e MIT ¥4 B b, ICL 43 2 i 45 3 1 1
Bruce&. Tsotsos ¥4 2 I 13 3 19 45 L Z w1, A
X HAB L B LG RSS2 1 g 2 Xl 0 42
TN TThRERE . mH W 2 o] LA H, LG Bk
) AUC {H 5 & » 2 B Tk RE s e i

4.3 Achanta B{&EFEE
& 6 i Sk A [R] 5 ¥4 7 Achanta B4 B 4 & 1

x2 AEAEXRE MITHIEE EHHERELKR

Table 2 Performance comparison of different algorithms on MIT database
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