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Saliency Detection Based on Conditional Random Field and Image Segmentation

QIAN Sheng' CHEN Zong-Hai' LIN Ming-Qiang® ZHANG Chen-Bin*

Abstract
region detected by most saliency detection methods.

The problem of sparse and unclear boundary with uneven and non-compact interior existed in the saliency
In order to solve this problem, this paper proposes a saliency
detection method based on the conditional random field (CRF) and image segmentation. This method comprehensively
utilizes boundary information, local information and global information to extract a variety of salient features from an
image. By fusing these features into the framework of conditional random field, a coarse detection for saliency region is
realized based on region labeled of saliency region and background region, and then a fine detection for saliency region is
achieved through combining the result of region labeled with an interactive image segmentation method. Experimental
results show that the proposed approach can clearly and accurately extract saliency regions and improve the detection

precision.
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Fig.1 Diagram of the saliency detection method
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super-pixel segmentation
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Table 1 A background template set based on the combination of boundary regions
Yy 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
ba 1 0 1 1 1 0 0 0 1 1 1 0 0 0 1
bs 1 1 0 1 1 0 1 1 0 0 1 0 0 1 0
b 1 1 1 0 1 1 0 1 1 0 0 0 1 0 0
by 1 1 1 1 0 1 1 0 0 1 0 1 0 0 0
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Fig.4 An example of calculating the number of colors and color spatial-distribution
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DA FCAt {2 35 MEAS I 7 VA AT S8 IR 45 320 #
Horr, P 5E SO

(1+ %) - Precision - Recall

Fg = 26
g (2 - Precision + Recall (26)

oAy T SR AR Sk 2 PG DU RS FEE AR 4 [ 4 ) i
[ SCHR [25, 39] —2L, K 32 %4 0.3.

1) FRAIEFl 0T HE S5

h T VP AR AR A G 2 R AR A RO, AN SOl
BLAN Zi H5 45 ik 2 1000 5K B 7 2 57 I 25 203
&g, N TWwT 74 CRF g8 3 MHAH—
PREAE ) CRE B84, 3 ANflh & AR AR 1) CRF
BEAY, 1 ARG P A RHIE CRE B A SO
] CGSD (Saliency detection based on CRF and
GrabCut) fjic 4 1t 225 1 DX Ssloder IS 2, A
H sfev esd sre 43l Aw id 7% S8l AR LE BE R AR
(Spatial frequency-tuned contrast). Ei 4 =% [f] 73
A HEAE (Color spatial distribution). b & 4 %
ZERFAE (Sparse reconstruction error), ff H + &
AR P A B R AE AL A o, CGSD + sfe.
CGSD +csd. CGSD +sre. CGSD + sfc + csd.
CGSD + sfc+sre. CGSD + csd+sre. CGSD + sfc
csd +sre 735l id 5 CGSD1 ~ CGSD7. [AEf, b
T HE CRF B AERFAE R A b AT R, ASCie

2 DLW 70 2 R AR AT A R B
RIS JUAT 3 R, I 0 Y. 1 A5 288 43 i) a7
i & FMax. FAve. FGem. FMul. X} % i
J7 R IEAT ZRFAE R A B, BT g i X
W R, AR ES [0,1] HHUE. A%
SCHR [39] BT, MR X TSRS [0,1] #EAT A
TN (AR 53 R, DASRAS N B 43 K46 {0, 13, LA
fESEAT X LE SR8, 70 B 45 ok DL B AT AR 3k 47 %
Pbsge, 3 2 FE 5 os 7 X S8 o 3k 15 1 v
. AN S0k 3k YR ak ] R 0 S 5 4 SR 3k AT s 4
B, w6 fras. b, K 6(a) ZEAK R, K
6 (b) ~6(d) 70l sfe. esd. sre 1X 3 Pl Z VEEF
1E, B 6(e) ~6 (k) ol CGSD1~CGSDT
XN RS2 M DR 25 2 B 6 (1) ~6 (o) 4
A FMax. FAve. FGem. FMul X W [
o DR I 25 R, B 6 (p) S e X ST
TCSE R 45 B GT. XF T2 T 5 AN R A 1 A5 R
CGSD +sfc. CGSD + csd+ CGSD + sre, M Preci-
sion FRbRE, b 5 R R 22 AR IR AH XS T A P AR
AIE A 3 S 25 e I B Ok A, IX SR B0 S X e
g 3 3 PR DX P AS I B AR 1S R M Recall $8
PR, 2ot Sl AR b R AR5 O R 00 €8, 2 [) 43 A1 e A1k AH
N T o 18 A % 22 AR I A 1 08 Y2 2 1 I B Ok A T
1K 2 W Jy 08 DX 3l R 4 Jeg DX S R 1 DAy Al 3 1 DX S R A
ML AER TS B WEEAREREFE AR F-measure A&,
£, 7% [] 4 A 4 A R0 A 536 A4 i 22 R E AR T %
SR AT LG FERFAE. ) T2 T PR RP R i B 2R A
T CGSD + csd + sre $k15 &) Precision 1 F-
measure, FEARNERER UF; £ CGSD + sfc + sre 3k
AL Precision fl F-measure, #4A M g 4%,
i CGSD + sfc + csd #4534 % 1 Precision fl F-
measure, {{IRS MK Recall, BAAM ek 25, X
2 W LT 00 23 1) 3 A e Ak AR R o A 0 2 AR A 1)
2B Be AT 5 e S DX S S DR B RN A [m] .
LEFTE AR R CGSDT7 $RKAF AL Precision
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PERE. ERFIE LS VR e, M Precision $R#x
F, SR FMax LT % CGSDT7; M Recall #5845
Fa AR GEFe bR F-measure &, #A CGSD7 W &

XKW, T CRF MFHIERLG 5 20T 4 F RFE
SR B s 784 = 1190 B A M4 05 o R <%
A CGSD + sfc + csd + sre fijic 4 CGSD, Jf45 HigH
M CGSD Pk iS4 p3,,, HALA p3, =
(—0.1245, 0.8486, 0.5741, 0.7778, 0.8486, 0.5486,
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2) FEUREAST I 5 K5 4RSI (/)56 EE 52 56

RS VA T S 2 DX 3 A N 3 A R R

T FMax. FAve. FGem. FMul. SZIE5R ARV G PE, O T B e fe 7320 5w i) 7
K2 BEMEREGTE

Table 2  The statistical table of models’performance
FEET CGSD1 CGSD2 CGSD3 CGSD4 CGSD5 CGSD6 CGSD7 FMax FAve FGem FMul
Precision 0.52 0.86 0.94 0.74 0.84 0.89 0.89 0.83 0.86 0.88 0.95
Recall 0.80 0.78 0.62 0.84 0.72 0.73 0.81 0.71 0.70 0.70 0.58
F-measure 0.57 0.84 0.84 0.76 0.81 0.84 0.87 0.80 0.82 0.83 0.83
1.0
Precision
N
: ]
0.9 N\ - S §
0.8 \ § §
0.7 \ § §
0.6 N\ § § §
\: \ § = §
CGSD1 CGSD2 CGSD3 CGSD4 CGSD5 CGSD6 CGSD7 F FGem F
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Fig.5 The bar graph of models’ performance
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Fig.6 An example of the contrast experiment of multi-feature fusion
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5 BRI cRERE BI0RS 40 00 2 A0 A I R S8 25
WL, 777 LD B Precision. Recall. F-measure
459 0.73.0.91. 0.76. 7E Precision Al F-measure
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PrafAt R vERE. &8 7 A g5 R an il 8 frox. 3
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XA EAE Y, CGSD 5kt CSD. LD fig 3 47
T ARSI LT 350 B0 Had I I I A 1 S R X
W, RIS R S B T — SRS I ) T S X
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| Precision

Recall

0.9

0.8

0.7

CSD DGSD LD
P 7 REURRAS I S A G 0 e S & R
Fig.7 Results of the contrast experiment of coarse

detection and fine detection
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Fig.8 Examples of the contrast experiment of coarse

detection and fine detection
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Fig.9 Results of the contrast experiment of saliency detection
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Fig.10 Examples of the contrast experiment of saliency detection




43

RS BT AT RER LI A 50 T A St 2 A D 721

K&, LA L, Hik CGSD. SR. FT. RC.
CB. CA. DSR #8Hf3 T Lhacarmgh 4, H CGSD
v BCIP) uk 385 1 DX S S S e, S LS ) W
PED S de il Ak 25 P DS RS DUDRS R, 592
CGSD  #& H 1y S 25 1 DX 3 g Ay Bl B8 J 35 PR X
3, HAL T PRSI X 35 B /D
HE— 20, ARSCHEAT T 5 3% PR GRS Gt Lk s
5. FIBRNATTERM T 43 #1771 GrabCut,
BEAE BEAT A G LU 7 v 1) S8 3 PR 6 GRS B, AR
SCAEIX Sy vk i S 48— R 4> #) U7 v Grab-
Cut HEATARBE. 156, A SCLLHAd T LE 7 V1
F W N, R SR [40] 38T B g ) 07 vk
R — IR M HERS ], R 5, Do) 4s 1 HE iy
KIE A Wl da i N, R 2 #1777 GrabCut #H4T
AR BE, DR 1S 35 M0 S R 4 . S S A A
5 ) S 5 M R S A IR LG S 6 25 B & 11 o,
Syl R I 25 R 12 Bros. W 11 W]
PLEH, 5% IT. GB. SR. SEG. FT. CA #

tk, CGSD TET A fabn b #m Fax Lo 57y Bk
Re ] AL TIX s sy, 559k CGSD MLk, Hik
RC M%7 DSR 1] Precision. Recall. F-measure
89 0.91. 0.72. 0.86 A1 0.89. 0.79. 0.86, 1F
Precision fll F-measure = F #1251, AR1MAE
Recall It CGSD Lt RC i 12.5%, Mk &/
CGSD Mg+ RC. CGSD, 5 DSR PEREAM
2. 575 OB 1 Precision. Recall. F-measure 43
73 0.91. 0.67. 0.85, 7E Precision il F-measure I
CGSD 5 CB L, {H7E Recall = CGSD Lt
CB it 20 %, WAk -F CGSD PEREZAL T~ CB.
FER 12w, DD P P S S0 AR X 3k 11 32 507
BEKF, MHEEILA ST 595k CGSD. RC. CB #BHK
37 R g5 L. SRk U, CGSD P i 2
B e S B b B e ) | LR R R 7
SR DX SR I, A B A DN DX A s A X 3k
B,

MAEA KRG A R, ASOTTA R 1k

1.0
09}
038
07
06
0.5

0.4

0.3 LE

GB SR FT SEG RC

Precision

CB C

K11 S X GRSl xf Ll s &5

Fig.11 Results of the contrast experiment of salient object detection
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