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Salient object region detection based on background-bias prior and
center-biasPrior
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Abstract ; In order to solve the problems of single prior information and incomplete salient object detection
in the traditional algorithm,a new salient object detection algorithm based on background prior and cen-
ter prior is proposed. Firstly,the edge nodes of the image are used as background seeds to manifold rank-
ing,and the rough foreground area is obtained; Then, Harris corner detection and clustering are used to
detect the prior significance of the center and capture the significant information of the center; Finally,
the final saliency map is obtained by fusing the center saliency on the preliminary saliency map. In this
paper ,the comprehensive index, precision recall curve, F-measure value and mean absolute error (MAE)
value of average absolute error are evaluated experimentally. The experimental results on the open data
sets MSRA-10K and ECSSD show that compared with 10 mainstream algorithms,the algorithm in this
paper has good performance in different evaluation indicators,and can accurately highlight significant tar-
gets andimprove the effect of background suppression.

Key words: salient object detection; manifold ranking; superpixel node; saliency map; central prior

1 8 = FAR L HTE T R R AT 15 LR L TR R
= R 3y 55 vb ) L BE T L bR AT S A B AR
RGBS — B T SR HL A S £F R Ab PR HE FEEERKMNHE . AT RFEE AR

*  E-mail : wudi6152007(@163. com
W B EE:2021-11-22 81T B #3:2022-01-04
BETUE : [ E A& T4 (2020 YFBI713600) [ 5 1 S8 Bk 27 5 42 (62006075, 61841103 (i1 I 4 2L # T 51 H (19A117,18B385) 1
WIFE A H SRR 4 (2019]150106) % B i H



+ 800 -

M HEATIRABRR L 2 B BRL, 35T 12
F AP 480 R I8 15 B AL B A Y
AT, 2 PRI Bk A . | T R (fF:
SR A A R E RIS k. AT
] R 7 36 T g5 A R 1 e R R L 2R
SCAF BRI At N 2R O 8 AR S 3 M A L O R
WA AR M Ay L B L R
SUPEAERRAE , HURE R RO 2 {5 B . B AT e
Dy fE AR B 3 B bR . R, &5 A b 0 ST
A S 00 R R TR IR B L R, AR SR A
H R ) b 7 SOk S2 8 8 3 B AR I .

H R B 3 PR T vk 22 BB E B e
5 5 HAh S K5 B 45 A Ok A W R AR A
Fehn WET &85 32 s i i i S 35 o O 3506 & 4
1% F BB 3 ARG I BE 2 e o H W MEA L IR
BEAGBEGENEEMESS. M2 Y8 FE
Pz ok ) AR 0 SR, R I 25 R OR 68 fE i . ZHU
AR — R A E MR kL RN R
W% 7 1k % 18 B a7 5 X 3 Rk B
UK /N F 15 5 X8l o8 i A 3 % o B 3%
fH. YANG % 2 /9 9 JE HE ¥ (manifoldrank-
ing, MR) J5 3 ¥ & 35 P A I 40 ok — 4~ 3 T 76 5 1]
I HE R ) 8, DL R i R R R AE RN
sENCATRIEHFREERING DSBS R HE
FEAS e o (. o R,
EATHI B B A B R R BR RS XN
T 520 JF R U B . 6 T R A 2% Y RO D i R
AE, —HZEHREE TR SR M ik, B
S SCHT S UEAT B E AR . 9% O TR B O HETE TR
BRE SRS R MERT . ™A R 4R AT B X R R
MO S L RN R T o 81 e Y Sk R
B XA RN BR RN R EEE, X
BkL7 05, A H Harris £ o5 #6045 8 — A~ 42, 2R
Je AL A Rl R AT RE A S H bR, 4R
WOHG & . #ESCRk L8] . 18 o Harris ffy pi &6 i A1 340
G m e 2 S R S iE L 8 B R
T S OB N T s Y R~ L3 N UM T e 8
AL AL B 1858 B AR X B, A 5 3B 4 s X L, &
HREER ML R AR, T hoxBmni
0 R B S R B B H AR AL T D X
I BEAZ o S 3 (B AL B 4 9 o S B 3 1 B bR
Rl I E R R S 7 S ml I R N N S E Y 7
AN BE B o A 2 M L DT S ORI AR 25

ZEE LR RN R ARSI — R T
BRI S o0 e 56 B9 W AR D Bk N AR
SER AR AR LS A MR R — R R AR 2, 3F—
AP A Oy kbR, B R EEM

WHI - B W 20224 33k

I A 2 5 (A O AR AR A T B TR AT HE R
LA R ) 0 3 TR RO A SR I S 0 AP 3 A
S0 RIGR AR o0 fOH R B F AR PO
Sl B ER R RK LA Lk 2 wE IR
ITEJIETE Y

2 Ti&EMiR

2.1 BEIWE

XF G AT AR 3R 43 E) b B 6 25 (8] A A I
FBGRRET SET M — > G=(V,E) K #
BB S EARR A V="{v | 1<i< N}, H$ N
JERBBREANBCAT S o MR MR R ESR
R E; ={e; [1=<i,j<<N}, Hr, e, j& 7 5 v,

o, B934,
_— exp(— [l ¢; —¢; || /o) sv 5 v, i
T oLz ’

D

Ko E—HEH THEHACGER R,
2.2 RiTHRE

W EGFBAR EANECN n 3T A E IR E X
={xy, s, ) s XE R, sz Jm YEEL
P s Horp — 2Ly AR IC M A T . A& f 1 X—>R,
FEmHE T pREC WX T A o, 0] i HE Y R RO A )
—NHEFAE S XA AR B A n i f
:[fl 7"”fn]To/7"\y:[y1 ,yu]Ti‘%ﬂ??‘éiﬂﬁJﬁ,
;H‘\‘EF]:

=

y, = {é:;;ﬁﬂ¥,i—l,m,no (2)

TEERE X B AR G=(V,E), K
R X SRS V. XTI HE T AT
12 (3) SR Ak IR) AR 3]

fx (l’]) = arg m}n%(;;wu H \/fd[T

éﬁ|z+#;;yﬁ—fw2y (3
2 g FH T S Y 24 TRIRGE Y P 24 T 4 1
B, A Rk I B bR R S B0 0. ok fif
155 HE 5 BB

fr=d—aS) 'y, )
KT R AR sa=/ (1w ;S & W 0 — {4
M.S=D""*WD """, i@ i F A3 — 1k 4 L A5 3
R BB 5 —FIE R

fr=M—aW) 'y, (5)

3 AXEZE
RSOt 1 T SR 5 0 SE e ) 8

s Lps X419 """



8 R ORI TR S S 0 e i B M F ARG T « 801 -

Fbst il sk e 1 R, BB BRas .y
YCRATHE 45 20 B9 238 (8 A AT i AT R e A 15

Smoothing Corners detection | Corners filtering K-means clustering Center prior
Adapting threshod segmentation

B2 3 P U T R A SR SR
Hol st TS B EAA B LR B e R R R

Ground truth

saliency map
3

Selecting background seed

Manifold ranking

Superpixel

Background-based
saliency map

Manifold ranking

Final saliency map

Foreground-based

saliency map

B 1 AXHEHBMEIER

Fig. 1 General framework of our method
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Fig. 3 Experimental results on MSRA-10K database and ECSSD database
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4. 3.

®1 FEEZEETEHIEE LK MAE E
Tab.1 MAE values of different algorithms on different datasets

Algorithm
CA SR AC FT GS MR SF GR RW RR Ours
MSRA-10K 0.240 0.233 0.213 0.227 0.128 0.116 0.169 0.163 0.095 0.112 0. 052
ECSSD 0.313 0.274 0.258 0.294 0.181 0.151 0.214 0.282 0.140 0.148 0.099

Datasets

3 BATH K B2 B B )0 AL SR 2 2 B . A SCHR s AT
ALHEE CASR.AC.FT.GS.MR,SF.GR, 4% K 0. 399 s, H CASR.AC.GR.RR H k3517

RW . RR 375 ECSSD %4k b 1000 i EI& 1 PR 5] L, S PR A

®2 BHREBETHEILE

Tab.2 Comparison of operation efficiency of each algorithm

Algorithm CA SR AC FT GS MR SF GR RW RR Ours

Time/s 18. 834 0. 585 56. 344 0.131 0.107 0.103 0.117 0.458 0.127 0.846 0.399
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