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Salient object detection based on structured labels learning
CHENG Li*» WU Jin, ZHU Lei

(College of Information Science and Engineering .Wuhan University of
Science and Technology sWuhan 430081, China)

Abstract: This paper proposes a salient object detection method based on structured labels learning,
applying a structured learning method to salient object detection. Firstly, we get a fixed rectangular
region randomly from the local image which includes the labeling, and record the corresponding struc-
tured labels. Then, a collection of decision trees is built by using the regional features which includes
the structured labels. Finally, the final saliency map is captured by using the supervised learning ap-
proach. Experiments show that our method can detect the salient objects accurately, and the AUC
scores are 0, 891 8 and 0. 705 2 on the MSRA5000 and BSD300 datasets, the result shows that our
method can achieve good effect in salient object detection.
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Fig.1 Framework of approach
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Fig. 6 Visual comparison of saliency maps

H & 6 AT, AR SCIY vk AT A v 5 b 3R R
PR 1 S 35 P X3, A b At Dy 2k B 423 N T
IRMEER . ATkl THEIBGE SHGE
(25 0] 5 2R L RE A% A 450k S AH 4B 1 W] J T i 5 /75
SR R S D S AN TR] 1Y Sk 8 2 TR G 45
WEhnAER . s 2 sk E L R R E R B iR 2R
53 AR S 1 B o A b ARG 0 S PR A JEE T X

- 79 [l =5 2 A et o 2 P G SR 4 A 2
— . XFFAEA B R T, e TR K S Lo,
255 ]2 ) iy 1 {6 % He R 47 4 81, 15 5 256 (0
K, e K5 AN TARid ) ground-truth

XL T TRORG S A IR e e 15

B e b P A AR BRI 3 BR B ZR A Y

VA A5 o BOORS B ol Rl 2k, iR ground-

truth & H22% X R R S8 S, i B (E

3 FEVT AT ZAE Y 2 1 R R RO S,
FE U A A

S=S,NS,- (6)

A 2K BE (Precision) 1 4 1] 2 (Recall) i 31

NN W
precision=5S/8S, , (7
recall=S/S,. (8



%71 T

355 IR T A M BR A o o 1 5 1 H A A 731

AR5 LR 10 By vk o B AE B R
MSRA5000 1 BSD300 H1 3K B . 3% &1, 3 i X kb
i F K5 ground-truth B3R BE A [0, B
3 BKE BE-A Il Rl LW 7 R,

YA 5 A B 4% -MSRAS5000

Precision

== RC(0.8374)
.3 [--==+=-HSD(0.8361)
025 -arastsn-CHM(0,8222)4~=rsosk == wachormendoncchoneaschoaces
02 1 1 1 1 1 1 1
i 01 02 03 04 05 06 07 08 09 1

Recalll

(a) 5 B 5 7 [ 4 k-MSRA5000
(a)Precision-Recall curves on MSRA5000 dataset

5 R 5 7 [ Hi£% -MSRAS5000

Precision

i i i
01 02 03 04 05 06 07 08 09 1
Recalll

(b) 4% & 5 13 1] Z4i1 £6-BSD300
(b) Precision-Recall curves on BSD300 dataset
B 7 K EE-A Il 2k A

Fig. 7 Precision-Recall curves

HIE 7 AT L 7R 8O B MSRAS000 1, &
SCOT RS B2 R 4 TRk 10 Fhr ik 7
Wil e BSD300 H AR SCT5 34 BORS BE- [l 5 il 2 R
ki T HAR T . AEREEFE MRSA5000 5 BSD

Z * X #:

300 HH Y AUC fH 4351k 0. 891 8.,0.705 2., HiHH
AR ST VA AE T 2 MR I TP A B B R AR

R T2 A BT AR SO AR DU AR o AR
SCT5 R ARG S B At s R AT X EE L DU 4
Bk 2 iR,

F2 WNEERILE

Tab. 2 Comparison of detecting speed
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