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Bayesian model saliency detection algorithm
based on improved convex hull
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(School of Information Science and Engineering, Hebei University of Science and Technology, Shijiazhuang, Hebei 050018,
China)

Abstract: Aiming at the problem of poor precision performance of traditional Bayesian model saliency detection algorithm, a
Bayesian model saliency detection algorithm based on improved convex hull was proposed. Firstly, the foreground of the image
was extracted by the manifold ranking algorithm, which was used as the prior probability in Bayesian model. Secondly, Harris
corner detection algorithm based on color enhancement was used to detect the feature points of the image in three color spaces
of RGB, HSV and CIELab; the convex hulls in RGB, HSV and CIELab spaces were constructed respectively; and the intersec-

tion of convex hulls were obtained. Thirdly. the saliency region map was calculated by Bayesian model according to the prior
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probability and the observed likelihood probability obtained by combining convex hulls and color histograms. Finally, the pro-
posed algorithm was tested in two public data sets MSRA and ECSSD. The experimental results show that the proposed algo-
rithm can suppress the background noise effectively and detect the salient areas completely. The test results of F-measure value
in MSRA and ECSSD databases are 0.87 and 0.71 respectively, and the accuracy-recall rate curve is higher than that of tradi-
tional classical algorithms in complex image databases. The proposed algorithm improves the detection effect of the traditional

classical algorithm and the accuracy of saliency map detection.

Keywords:image processing; significance detection; convex hull; superpixel; manifold ranking algorithm; Bayesian model
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Fig.1 Algorithm block diagram in this paper

1.1 BHRELESE

R AR 2 35 G AR B e, D0 1) PR B (pateh) B B8 & (superpixeD) ™ | 43 # (segment) U 2 4 H

[ 3 Bt or WG . BRIMRBRS RITH B s /N AL B 2 K R € {5 R L (E R S R T B4 RS R W H bR ik

St A S R R e A0 5 M L B REAETE — E AR E IS W B AR RIS AH A B R IR

Yoy, HIER -5 5t T A RIBOR AR E . M LR PR B A L B AR R AE /N ST AT N 8 & 3 2 1Y%
JZ R R E B B R IE A B R (SO R IE A I HORR S B A LR R H AR A,

G X Ak T B s ] R B X RN — Y [, ACHANTA 50 1 SLIC MR /#1515 . UL LAB

P 25 18] 1 FLAE 1) et (e sy o L sa s O M D RS B0 0 T 2L 3 o 5 3R 1) 100 20 € AR DL A T D R A5 3R () Y 5 () o

RAATEG 3 H ., ZINE S FIR R R RE R 2R G A L LRG3 H o — RPN B 5 B g n)

R AEB AT I A) 2 BBOR S5 7 T 5 TR BB 25K — 2, SLIC B AR R 23 %1 5012 b it Y a0 250 60 R =X B

s ) R U B
d.=/(L; —L)"+(a; —a)*+b; —b)",
(D
d,=/(x; —x)" +(y;, —y)", (2)

D' = ld. +"a., (3)
S

A od, RARBR R BERGUIE R 5 d, RRER
TR 1% 25 [B] B PG B B 5 D s 8 3R W) (Y e A BE 55 S

%%ﬂ%%%%ﬂﬁ%#%ﬁﬁsng;E$ : ,
N FR M R PR 2 ALK 5 B0 e =) RE b) AR RIH

AL T 2 R SRR M2 AEESH
1.2 %BEMItE Fig.2 Superpixel linear segmentation

8B AR xr g2 BT BB G B RE AR BN L BT LUK P80 300 G DX S 5% X, SR A S e
(77 B AT R0 20 W PR RT3 AT S R O MR S50 1 A TSR i 7R R AR R SR A A



551 41 AR S R A Y DI AR G A 33

T AR S5 P EAT SRA T U N A 4 A BT 1) b AR T AR S A S R R AT HE ) A i)
PRIEICHAT A A9 805 A ) HE R (A A T AR AR B0 4 3R 5Dy 1) 1 0 3 TR B S R X 4 Tk e 3 R BEAT Rl
A R AR ARSI RT .
%SL—/\[E]EI’J@Q’W WGW.EY®im, Hi V RRHBBRE P OAEBIRARN T SES.E RrE
L H KRR EW=w, |..0EREXH

Hej=c; I

w; =e 4)
Xces Me; 7337R 78 CIELab B4 %5 [ 2 /\E%?E’JWUUE B2 A5 5550 ALE R B
WE— NP RE f =1 foaeen /010 f 0 RARTHR AW AV BHEFE. BEfR R E y =
(yisyesmesy, )My i 1R, ﬁ?iﬁﬁﬁﬁiﬁ%'ﬁw- 0 B R SO TR RS L T R Y R
B D =diag(d 1 »do > sd) s o dy = DJwyy o I AT HEFT PR KIS B 2 BT 60 45 H 1) 4% A1 5 00 15
gy A SRR

[ —argmm ! (}i:l /L /fT —f—,uz | fi—wi Il ] (&)
K e R S50, RS F- T 29 SRS 1 30 FHBLA 29 SR 5 2 30D . SCAR[ 21 JH ik B gy
f =D —aW) 'y, (6)

N

DR 30 5 0 e PR 00 L 0 S 34
5 PR e E A PR A B L 2 A 1 - A
S AR AR 0 2R R T2 (6) AT HE I k*}‘ o

WIS S FR N RN R B - + '
5 B R O (R AT e o 5

MR M . K AT IE — LB £ GO ORI
DL 31 54 S 2 3 SR AR SE B R S, = (S, (i)} h \ - A .
S,=1—f"G)y i=1,2,,N, (7 RAFR WATHERE
KM, S, .S, .S, MlFRRLLT G e Rt B3 MRAEEAER
AR A AT SR AR I W L A 4 A T R e R Fig.3 MR algorithm flow chart
MR AR R B K Ss={Ss()}:
Ss(i)=8,G)*S,()*S, (i) *S, (), i=1,2,,N, (8)
1.3 OEMItE

AL AT UK TS H RS R TRURS E A7 L 38 R RS T B 4E BURRAE ST Y . Harrds KVE T2
et A 22 A R AIE SR I 35, BT Harris A D0 53 AR 5 B2 78 Ak ARG I £ s AF X YR 6 ds A7 B8 P, A T 45
WA MR IR IR 2 . 1558 Harris 58 R 1 GO BE A8 A6 #E 47 FRAE 0K, Z20m8 T BHE b 3t
= O R AE ARG I B VE T A SCSR T B8 Ll B Y Harris B TR0, ZMBIGZE T H TBRE S X
BT A5 BN TR, A 57 R 2 (R AE 5 AN ] . HSV B0 23 [a) n] DIOKE (% U035 35 . €6 % 1l A I 5 LA &% 6
JEAFE HSV Bt 25 8] o6 Fb B L 3068 2 ] 1) 22 5% o R 5 Lab 368 25 6] [7) RGB B8 25 () M L . 80 43
WA I B & T ANIRBEGE UM 0 T A B fe . 38 3 sk K RGB,HSV CIELab 3 B a.25 [ & B9 R#1E A
FE 3 A ZS [T 40 A 8 AL B 3 NI A i 22 B s A AR B A I AL, an i 4 B R Z0  ET DUAR 4
HbH S 2 X B R KRR R TR M T ,E\nﬁii‘ﬁ's{’ﬁ‘m%ﬁw

1) 26 ol P P30 00 15 5 6 2R K Tl AR A 100 €0 3 0, DAL T B 1 T 5% AR 8 S DXl R L 8 44 K

2) % B 6,38 5 5 1 R R Harris f s 0 S0 0 #EAT R L 18] 4 26 1 2 3R0R O 76 45 > 13060 25 ] 1 A6
EEILON e

3) RRRAE RUAS I 58 BUIS 5 25 BR R 3 LAk 1 FR AR A, 3% 422 e A AR AR AR B — A o 2 3008 (8 A 55
A BVRAE 82N A TE B R A

D3 A B 5 [N AL S VR N A N AL



34 Mo B R % %R 2021 4

L4 BMCABERITE

1% 22 10 LV ABE AR 45 T T oL A A iz
ELSMER T H T A X I 199 7 PR 4 aﬁb&ﬁ@
B ORI R 2 B, SOFRBRL L hep e

HMERERNBOBALG. R IE RN 2
AP A AR BT T RoR AN IX BT O % .

JNe SCHERL25 ] 4 Uk, 8 A 7 AR 9 A K
SAEBGEE.MMNMEIH XS L T =FE. . e o
CIELab ZF M /i &1 CIELab 25/ 4

CIELab B {625 [a] [R] F 605 1 BRS04 55 B R B33 60 A
B IAF A AR 58 R . 78 CIELab B4 %8 -

I 347 290 66, 1 7 PR 9 G B 4% 2 B 9 3
ALl va, b, JF AR, N N 239 E R AT
i, PR AL L S 1 AR AL f (o) RN AR E AE
CIELab 315,25 ] (9 81 6, (8 » N 1) 75 76 ™ 42 1 B4 3MME=ET SR

%BIXiEjE T v R [ 56 56 17 1 148, 107 7 R if)ﬁi‘ﬁl i Fig.4 Convex hull intersection of three color spaces

N oo FERAE M AL SN X B, O TR 17 351 6 % Jo7 B0 251 € 1 5 T o RO A8 O 7 4 120 B0 0 A T B R L 1
% CIELab 3 €625 [ ¥ La,b 3 /N6 30 38 0057 L TR 2 0 4% 5076 ™ 4 7R 35 I 80 7 0 b 385 1 358 1 00 3
ey

HSV =5 H] 1 HSV 75 [ it 41,

N

pCu | sal) = H M’ (o)
fE€{lasb) Nl
Nocreo

po bk =[] —&L2, (10)
fE€llsasby} N()

1.5 DAtErEs

DT I 07 A TR R — oo 5 2 A Y 300 3 e 6 ABE S5 AU I R SR A SR B B0 AR A i S PR ARG DUk P R
FH DL i B A 20 38 P 4% v BRI 5 B0 AR SR 3 o HE SR 40 A G v S B M XA e DL i N 5
FRUE

P (sal)p (v | sal)
pCsal)p (o | sal) + p k) p (o | BB’

p(bk) =1— p(sal) , a2
A isal WA B FE X 0r NIRRT B E X p Gal) ERBRE T B E X BN GIH AR, LK 5K
88 5 p Colsal) R p Colbk) 43 5 3 845 20 00T L SR ABE K

1D

p(sal | v) =

2 XWHERSW

BAFL S YT 6 M ILR AT 5L (SR 5L JFT 83k VAC F95 \LC 535 . MR 53k Xie B #ATIE
B, 72 MSRA-1000 Hl ECSSD PR 28 I8 4 rp gE A7 3. A8 AR Y% e SR T 32 WL ASOR BE e 0 % 0L
FER HEEL .

2.1 EVBRELE

P 5 R AL e 2 BURE FIUAR SCHL 78 MSRA-1000 £ 4f8 42 AT ECSSD i & v iy i i 25 2R . NI 5
HAT LA S AS SCREE RO R DN 45 5 5 N AR e & SR O 4 . R SCH A T LAV b 2 7 2 25 DX, DR T A
(9 H bR 120 5 3 RE G A R 1] 17 5 R

MBS HRAT LA Y, SR A AE W 52 R B0 2 R 20, RO BRI 2] 58 48 W BT 803k B e A I 1 g A
5 AR AP B F bR DI (E 2538 S5 2R LI 8 S5 IR 75 A 50 20 4000 ) 9 B L5 07 37 8 T B2 AR ARSI R AN B
JOFE AL T SR B FT 5805 2 e UG BBl N 2R AT 1 0 25 PR S0, 24 A P AT 0 9 S IF , 25 0 4 o 08 ) Mg
e DX IR S S S DX, RSO AN BRAR . LC Bk R — R T R A A 4 SR X L BE A P A I O vk
WIS BT LA HY i 0E A RERE 75 5% 17 B 1 45 b B0 S 25 DXOR 0 o TS SRAF e AR 2 7 5045 B B X L AR A g
YRS {07 T8 3 DX I i DR A A 0 o e v S S A S 1 8 e — 9 2 T2 A B X T 2 AL 7 5 1 TR fBRG T A BEEARL



%1 AR S R A Y DI AR G A 35

a)

c)

Cio [e[ee®
rﬁ.{ﬁ-""i--

e)

A5 BAHEEHNLER

Fig. 5 Detection results of each algorithm
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