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Saliency detection based on the background block reselection method

Chen Xingyu', Ye Feng"?, Huang Tianqiang''*, Weng Bin"**, Lin Wenzhong’
1. College of Mathematics and Informatics, Fujian Normal University, Fuzhou 350117, China;
2. Dugital Fujian Institute of Big Data Security Technology, Fuzhou 350117, China;
3. Fujian Provincial Key Laboratory of Information Processing and Intelligent Control ( Minjiang University) , Fuzhou 350108, China

Abstract: Objective Many saliency detection algorithms use background priors to improve algorithm performance. In the
past, however, most traditional models simply used the edge region around an image as the background region, resulting in
false detection in cases wherein a salient object touches the edge of the image. To accurately apply background priors, we

propose a saliency detection method that integrates the background block reselection process. Method First, the original
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image is segmented using a superpixel segmentation algorithm, namely, simple linear iterative clustering (SLIC) , to gener-
ate a superpixel image. Then, a background prior, a central prior, and a color distribution feature are used to select a par-
tial superpixel block from the superpixel image to form a seed vector, which constructs a diffusion matrix. Second, the seed
vector is diffused by the diffusion matrix to obtain a preliminary saliency map. Then, the preliminary saliency map is used
as an input and then diffused by the diffusion matrix to obtain a second saliency map to obtain high-level features. Third,
we develop a background block reselection process in accordance with the idea of Fisher’ s criterion. The two-layer saliency
map is first fed into the background block reselection algorithm to extract background blocks. Then, we use the selected
background blocks to form the background vector, which can be utilized to construct a new diffusion matrix. Lastly, the
seed vector is diffused by the new diffusion matrix to obtain a background saliency map. Fourth, the background and two-
layer saliency maps are nonlinearly fused to obtain the final saliency map. Result The experiments are performed on five
general datasets: Microsoft Research Asia 10K ( MSRAI0K) , extended complex scene saliency dataset (ECSSD) , Dalian
University of Technology and OMRON Corporation ( DUT-OMRON) , salient object dataset (SOD) , and segmentation eval-
uation database 2 (SED2) . Our method is compared with six recent algorithms, namely, generic promotion of diffusion-
based salient object detection (GP) , inner and inter label propagation: salient object detection in the wild (LPS) , saliency
detection via cellular automata ( BSCA), salient object detection via structured matrix decomposition ( SMD ), salient
region detection using a diffusion process on a two-layer sparse graph (TSG) , and salient object detection via a multifeature
diffusion-based method LMH (salient object detection via multi-feature diffusion-based method) , by using three evaluation
indicators; PR (precision-recall) curve, F index, and mean absolute error (MAE) . On the MSRA10K dataset, MAE
achieved the minimum value in all the comparison algorithms. Compared with the preimproved algorithm LMH, the F value
increased by 0. 84% and MAE decreased by 1. 9% . On the ECSSD dataset, MAE was the second and the F value reached
the maximum value in all the methods. Compared with the algorithm LMH, the F value increased by 1. 33% . On the SED2
dataset, MAE and F values were both second in all the methods. Compared with the algorithm LMH, the F value increased
by 0. 7% and MAE decreased by 0.93% . Simultaneously, we separately extract the generated background saliency map
and the final saliency map from our method and compare them with the corresponding high-level saliency map and final sali-
ency map generated using the algorithm LMH. The experiment shows that our method also performs better at the subjective
level. The salient objects in the saliency map are more complete and exhibit higher confidence, which is consistent with the
phenomenon that recall rate in the objective comparison is better than that of the algorithm LMH. In addition, we experi-
mentally verify the process of dynamically selecting thresholds in the proposed background block reselection process. The
F-indexes obtained on three datasets ( MSRA10K, SOD, and SED2) are better than those in the corresponding static
processes. On ECSSD, the performance on the dataset is basically the same as that in the static process. However, the per-
formance on the DUT-OMRON dataset is not as good as that in the static process. Consequently, we conduct theoretical
analysis and verify the experiment by increasing the selection interval of the background block. Conclusion The proposed
saliency detection method can better apply the background prior, such that the final detection effect is better at the subjec-
tive and objective indicator levels. Simultaneously, the proposed method performs better when dealing with the type of
image in which the salient region touches the edge of the image. In addition, the comparative experiment on the dynamic
selection process of thresholds shows that the process of dynamically selecting thresholds is effective and reliable.

Key words: saliency detection; background priori; re-selection of background block ; Fisher criterion; diffusion method
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Frimd y' 247 26 hal(3) B, fEBoR, ik
HH A SR RO B I, DATRD R B0 7 5 TR
Iy ok . 28k f AEARPE(3) 715

T)WER fHHEKRT S AT £ FIE N S,
OB p (MEN B AR A) s W AL IR 4) o

8) % p WIELIREZS B, 175 y' (9 RT B 1> IC R K
S b, [AIN IR [0 4846 B Ml b

r =

2.3.2 HRBEEWA U S EE R AELER A

P13t s Sl Sl it b A E AP U
A (D) TP BUR SR R R R Ry,
)iy, HRES IR I T X 0 A R 2R s R
A A S

KE s gy, 522RRERm Ry o
TraEgettmn G, Bk

¥, = (0.5y, +0.5y.) xe = (4)

KP,0.5y, + 0.5y LA HE T HREFES TR
BERE, e NG ARIEL N Z X R B E
K5 2 0 B R G 25 R AT R 8, [ S 4K
-5 SRR . B B M R
JCE B T X5 N7 9 AR R B e BRIV AT A5 e 4
HH,

3 % I

SEHAE MATLAB 2017b 345 T #0147, # A SO
5 GP (generic promotion of diffusion-based salient
object detection) ( Jiang 4§, 2015) , LPS (inner and
inter label propagation: salient object detection in the
wild) (Li 4,2015) .BSCA ( saliency detection via cel-
lular automata) ( Qin Z%,2015) . SMD ( salient object
detection via structured matrix decomposition ) ( Peng
& 2017) \TSG( salient region detection using diffusion
process on a two-layer sparse graph) (Zhou % ,2017)

A1 LMH (8 45,2018) B3k AT 32 RS L oA

AT o
3.1 HURERITHIERR
3.1.1 FuEsE

MSRA10K ( Microsoft Research Asia 10K) %542
£i35% 10 000 M [ER , F3 i R — A RS A — D i
FEUEYRHE S —, BT R ZE A%
BAELE AT AR B, AE B A b X
— R BAE LR

ECSSD ( extended complex scene salliency data-
set) B4 4E B CSSD ( complex scene saliency dataset )
Bl EY e 2,425 1000 M@ 1815, %8R ROk
IRT M 2%, REZBOREERE A0 A SRR, B iR &5
w2 AR — RS 1k — A A B R
JEERZEMNZES AR B 22, ECSSD £
P A AE AT vh o B K, H R R 2 8O s A
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ROREA

DUT-OMRON ( Dalian University of Techonology
and OMRON Corporation ) #{E 515 5 168 IGE 14,
BIREGEAH AR BEEDIR, TR ARE
A%, )8 T A PR E RS A

SOD ( salient object dataset) £ & 3L T /3 # %%
PR, £ 5 300 WG, FRR S A & — D 2
AW EHbR, BB RN EERZ 2, 2 HRTA R
AR BA P B — DR

SED2 ( segmentation evaluation dataset 2 ) {45 4E
BWIHRIEAL 7 B e RE , 5ok 2 T B3
PRSI, 0,55 100 M43 BEAASE R R, i R
B BEEYE, HATR S5 E SR IEAE k2
A TR A v e R R A
3.1.2 PHlESR

1) PR phi £k ( Martin 28,2004), P 48 i &R
(precision) , R 5 #4253 (vecall) o 7ERFETER I,
SRR ARG LA S PR XA S 5N AR g 1Y I 35 Pk
XIR G HEAHS R IXEL O, W2 iR 5 A 4855
HE LH

P15

0| (5)
R =1t

G|

2)F 4845 (van Rijsbergen,1986) , 481 PR
A 2 SR, — A T P stg o FEAS [T
G5 WA R S A R R M E S AN ], PR 2
AREFRNEIX L T il R F 48 b5 ) Bk 47
LAV, BAAE SO

1+p8) xP xR
R = IBZ’BX)P +R (6)
A, B2 NEESE M < LI BEREAEXR
RN TS B > 1B, AR R Y 8 = 1
IR — MR F, $8hR . 5 RZECR E Ry
R AR SO BT BUE R 0.3, F 48 b5 9 {1 K
AT

3) - 2y 45 Xif 1% 22 ( mean absolute error, MAE )
(Borji 5,2015) . 2 PEAGIN 380 A R .25 18 55
N TARE W EAA B Z R AR LM To ki i PR 4k
5 F S8R RBL, T MAE 7] LAAR 47 3 )32 63X B AR
P, Bk Sl

MAE = WLH; ; [S(x,y) = G(a,y) | (T)

L, WA H 43 R B M Je fes , (x, ) AR
BE AR, S BB LA R B EEL,G RN L
PR ) EAEE . AR MAE {H B/ AT
3.2 BESWH

TEA SO W A FE T Fisher W 1975 5 He B 2R B
Tk, 8 ZHNBUERH G, — 5, 6 BYHL
EIE /N S S H TR, r AR,
WIRTRTIA , ¥ S YR Uy o S 7 2 i 0
mli y, B R TEARRIP)AD BE E  E B
AR, BT E TR B E R X
ol g 2 B A, X St E 5 H A
[ fFTEIRZE , AR IR IR ZE 60 UL, R IXE WP
RAVEIG I 7 5500+ 502k A% b iy isf ) 9 4, 1 HL 52
75 & W T EIENE SRR R, St B
H NI/ E LU SEPRTS St HAN BT 19 f B K, T3k
RIS B H. 53— A 6 (AR, W 5Tk
TEOUA R o BGET, 3/ 75 S HUl & IX () A] g {44
BANRERE— i B 1 5 R B 22 1 B B
Heo FIUN—IE EUZR T SeHSEPRA 50 S, i &R
XMEZELL, 40 ], XA S B0 45 R e i 75 5t ) i
P O R AN 8 4, AT BRAR S s P B . S
TS = 12 BOE L
3.3 LWERSH
3.3.1 BEARANES T

RIS IEEE T Fisher 0 A48 S Rt O 2219
AR, ASCHE S AN L TS0, SEIR S
FAEZRER 1 iR, 3R 1, B [ (488 sk
PN BRI BRI AR SR T 25 0, o 13X Pl ol T~
PR R AT e,k B RO R IXH [/,
rI KM, BV B = ro B SMETSH A U
TR ESR A E B A

*1 BEEESBHITEESHEELWFE
Table 1 F-values of B fixed values and

B dynamic values on data sets

FIGRES B [ fH B ZhiE
MSRA10K 0.7217 0.7219
DUT-OMRON 0.5290 0.524 4
ECSSD 0.638 6 0.638 4
SOD 0.529 6 0.5323
SED2 0.675 3 0.677 7

L A B T I (L
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1 ATLLE W, 76 B A S (ER, M LT B
T S8 (E B0 T O, 380 AE MSRA10K . SOD F1 SED2
AR L F A $2TF. {H4E ECSSD $udla 4k I,
FAMH TR NEMNEL, R BRE ¢ 230
IM#£ DUT-OMRON %48 4 |-, F {8 H B0 T F& 114 Ji [
bR TiR2% e Ab, A AE IR B A 1 UG 5 S g B
L AR R o 7E B G R B30 i R
SRS 2R DX A] P AR I d R 15 S A48, A
F B WUSh S AE MG O, B0 E R RE AT 2 10
s, MAE B BB EME T, i FARSCE E R
2 X [a] 7E DUT-OMRON %l 42 1 2 45 /0N, Fn
FiR2E & (RN, S B LR AR S B BOR R
REIREHE R XM R R(E . B, F AR,
PR 5P R XA 4R A SC L A DUT-
OMRON ¥4k 11 £, 28 L rik, 3 F Fisher
YD) P 75 S B FAR By 325 A B AR SR HE 1 s i

K& )ss 1 2 3 4 5 6 7
] = i

iz

2

LMH
AL

HE

& 2

AR5 GP LPS BSCA . SMD ,TSG F1 LHM
BRI BRA G B e 3 s, MWE 3 i LLE
i AH EG T LMH S35, A SCO 45 3] 1) o5 ¢ B 2 &
A SN e 2 EL i B 5, 15 St A 31 T R A A
Ml AW ERASRE 2B ER ST R BE
A TAE L A R 15 20, — 7 T A 75 5t
B R TE 0 ) A B T 8 ek, s — r iR T
T 2 T A T X T 5 i B PR 3 5k — 2R L e
HA M
3.3.3  HWXF AT

7E MSRALOK #4545 b A s2 6 25 L an e 4 K&
T2 Pim. B4 AT AR SCR R PR e g 4
F LMH 8k, R 22 F 7 — i e - &
RUn—e Bk (HASC IR B 1A = /0 A XK,

B REEARL
3.3.2 FWRT LT

ARICF AT S B E K S LMH 33k R
JZRFERRIR LA 2 Fizn .t TkT 7R
eI A AR H ) T S R AT 5 R A EE
B R R S S AT AR SO A B 1 R R
F8 48 2 P DX 30 i 5 L SN WA e {ELAE T xk
559 11 14 W@ BRI, A SCREAERCR S TH 10 [ s
L B TR T SRR AN SR B R X TR
PG b S5t X 5 i 5t X B 0 T
SRR IR R B R TR R EEAR
WAL, DRI SR 17 S5 P IO i AN REAR 47 3t
Rk ey SRR e ), T AR RGN B S . T
—J7 I, FET 5 10,12 (15 i ERACR 1 B 5 VEY)
A fi S PR A B X — 2 0L, AS SO I R Bl
LT LMH ik

ARSI T 5 AE A S Tk LMH (19 75)2 2535 B H
Fig.2  Comparing the background saliency map of our algorithm with the high-level saliency map of LMH algorithm

P DN IV e YR R AR A R A B I Ol . X
et s DA W, B0 A LAY 2 3 TR IR B8 P48 7
e B B T Ao —(EH MRS 5 HEENR (=
(BB FEAT X LU A RICR I AN, B 4 R R
THER R BRI 2/, IR X — 5 B AS SO
BT AR 2 AR AR SCRE F S
MAE 43514 0. 721 9 5 0.092 8,41 It F LMH 533
SRR 0. 715 9 F10. 094 6, Hirb FAE4R T T 24
0.84% ,MAE fHFEMR T4 1.9% o 165 HABR L1
XFEEH  ASSCEEVEA 9 MAE AT 1 B/ ME . S
AUER S A ] DU B, AR SO A vE A L
LMH B5A7 B R A, (8 A 42 S i 42 T i B2 B K, i
5 T M v B 25 R — B, BRSO B 7
SERMAT S RN SE R
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K3 AL S AR A R A AR T

Fig.3 Comparing the final results of our algorithm with those of other algorithms
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0.3F . M1
— AR
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HAER
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Fig.4 Comparison of PR curves on MSRA10K dataset

1r. ECSSD Bili 4k L i sL g 4 R 5 J2 4 3
fse HES R, A SCR AR PR 20 { T LMH
1 LPS 539k, B2 A0 B 22 B 7 — M i AR B
AUHARF B 5 MSRALTOK a5 (91 o — F,
AR SO AR BOAT SE 1 2 70 b A DX, PR AR X — A |
fh 2 20 T A . 3 3 A, AR SO Y
F{E} 0. 638 4 41 kb F LMH 5.1 0. 630 0 #2771
2y1.33% , I HAEFTA B AL P BUS TR K

%2 MSRAIOK HIRETHEHEER,
B4 % F{EF MAE &
Table 2 Precision, recall, F and MAE values
on MSRA10K dataset

GERFS F{H BERE P HLKER MAE
GP 0.6869  0.7810  0.6599  0.1231
LPS 0.6188  0.8163 0.5220  0.1238
BSCA  0.6626  0.7806  0.6453  0.1252
SMD 0.7615  0.8760  0.7159  0.104 6
TSG 0.7229  0.8861 0.6549  0.1142
LMH 0.7159  0.8260  0.6265  0.094 6
A3 0.7219  0.8135 0.6586  0.0928

T I P R 8 e

{Ho BRI HrarEse 5 dr e n] DUR SR 575
MSRAT0K B4 h B 026 Rl , A SCE
MAE {E >4 0. 163 5, %= F LMH 4509 0. 162 2 ,{H
BT HARR

£ DUT-OMRON %45 5 |- i) 52 36 XF b 45 2R
K6 Je3kd fizn. dilEl 6 Al ASCEER PR ik
U TR GP, oGk 4 il e 52 3L, M £ 40 ]
2 T J5— D T AR B A SO A A S I (2
MSRA 10 K% 45 48 19 15 00— 25, il 2k B A % il 2
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Fig.5 Comparison of PR curves on ECSSD dataset

3 ECSSD HIE&ETHEAE EL X FEM MAE &
Table 3 Precision, recall, F and MAE
values on ECSSD dataset

RN FAE HUER P HERR MAE
GP 0.619 8 0.711 8 0. 660 6 0.191 0
LPS 0.520 7 0.768 3 0.4305 0.186 0
BSCA 0.602 8 0.7379 0.618 3 0.182 4
SMD 0.621 3 0.7517 0.635 8 0.173 4
TSG 0.580 8 0.765 2 0.557 3 0.180 4
LMH 0.6300 0.772 5 0.539 8 0.162 2
AR 0. 638 4 0.7513 0.590 3 0.163 5

T I PR B e e

e FAR DX, PR A X — o5 BB A T .
F 4 AL ASCE D F(H S MAE 7351124 0. 524 4 Fi
0. 153 7, 440 LMH &3 HU5 1 0. 541 4 F10. 136 2 ,{H
LT H AR D, MAE BUE56 3, i 5090 4
B B 28R 5 Hh B R MR B 1 e g B 3
%o W TASCRE I StHE R X E) K/, S 30T
PER R S B A8, S PR g Rt 3z S5 )
R S R X R R, OR 25 W
o LIGZEREH Y 5= 2 B, AR SCH LM F{E1R
4 0. 535 4 MAE FE{Ih 0. 140 0, # R X ]
45/ [s,/6, s,/2 ] HEBRT s,/6 8 SUHAETER)
WZE e T, AP FAEATHE T4 0.540 8,
MAE [&4 0.136 3, & i 42 F+ 4 0.606 8 I T
LMH &1 0. 605 0,

TESOD £ 5 A b 1Y S 90 25 S 1817 J 385

0 0.2 0.4 0.6 0.8 1.0
EARR

0.1

6 DUT-OMRON %i#i54E Y PR &5 L
Fig.6 Comparison of PR curves on DUT-OMRON dataset

#*4 DUT-OMRON ¥ iE&E THIE AR,
&4 K F{E MAE &
Table 4 Precision, recall, F value and MAE
value on DUT-OMRON dataset

RN F{g HUER P AAERR MAE
GP 0.471 5 0.509 3 0.667 0 0.208 5
LPS 0.477 2 0.622 0 0.470 3 0.144 9
BSCA 0.479 4 0.549 8 0.628 4 0.190 7
SMD 0.5115 0.588 7 0.6355 0.166 1
TSG 0.505 1 0.604 3 0.595 3 0.176 9
LMH 0.541 4 0.605 0 0.5929 0.136 2
ViN'Q 0.524 4 0.571 4 0.6333 0.1537

T I PR R B Bl (i

0.9

0 0.2 0.4 0.6 0.8 L0
HARR

K7 SOD %fide TR PR i Zexs bt
Fig.7 Comparison of PR curves on SOD dataset
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x5 SODHW|ETHEAE ELE FEM MAEH
Table 5 Precision, recall, F value and
MAE value on SOD dataset

Ak F{H HUER P AR R MAE
GP 0.526 8 0.6419 0.554 0 0.260 5
LPS 0.404 3 0. 695 2 0.310 4 0.256 0
BSCA 0.509 6 0.679 1 0. 506 4 0.2525
SMD 0.532 8 0.710 2 0.503 2 0.232 8
TSG 0.483 1 0.692 2 0.452 1 0.254 7
LMH 0.5252 0.717 4 0.414 2 0.232 4
AR 0.5323 0.685 8 0.456 6 0.236 3

E L P R R B B

FEARGHE AR RS THALL T, (H
511 3 MR R, AU 2R E i E
e B AR, PR A 3 — b R B A AR
H2e 5 Al AR SCHE IR FAE R 0.532 3, M L F
LMH & 3019 0.525 2, 3T 749 1.35% , 5 SMD &
290,532 8 $23k AL T HAN SR VE . [, A S0
71 MAE Sy 0. 236 3 W& F LMH f1 SMD & 3: 1
0.232 4 F10.232 8 (HARFHAR

£ SED2 $4ln e FRySEgn 25 R anpl 8 J 3k 6 Jir
o B8 AIAHL A SCRIA R PR 2R B 5 i
4 AMBHRER RIIEEA —B, &6 nH, AHE
P F AR MAE 73524 0.677 7 F1°0. 149 8, AH L
F LMH &35 0. 673 0 F10. 151 2, Hrp F {4
PETET290.7% 1 MAE {EFF(K T 290.93% . [RlAT,
A SCE P FAE A MAE #5418 bR 7E BT A X e Bk
AR AL 1 RS

1.0
0.9 [ mrmsioni e
0.8}
0.7}
i?@
gt 0.6
#
0.5F GP
- LPS
0.4}~ BSCA
-+ SMD
- TSG
03F . LMH
— R
0.2 h . . |
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HERR

K8 SED2 $dlidk T HY PR HIZXT 1L
Fig.8 Comparison of PR curves on SED2 dataset

6 SED2 HEETHELEE HLE FEM MAE &
Table 6 Precision, recall, F value and
MAE value on SED2 dataset

A7 F{H fER P HAERR MAE
GP 0.650 6 0.776 0 0.589 4 0.1759
LPS 0.626 4 0.855 7 0.454 2 0.154 9
BSCA 0.635 1 0.794 0 0.552 7 0.170 7
SMD 0. 694 2 0. 866 0 0. 566 8 0.141 7
TSG 0. 656 4 0.836 0 0.540 1 0.166 6
LMH 0.6730 0.886 6 0.468 7 0.1512
AR 0.677 7 0. 860 1 0.506 1 0.149 8

E L PR R 9 Bl (i

4 &

ARSCHR T —FhIET Fisher Y75 5 H Pk
BT, AR SCRE AN T 25 4 DX fh B Pl 45
SRS DU R B S 0 HE A ] T ST
B, (AR LA 45 R TCIE A T WIS JZ T 2 %
WAEAR)Z AR BT T 5 Al 5 140 B, AR S8R
IEHURRY FAES MAE ¥HEZ A8, PRl 2t s /b
H B e A R IR A R AR e 1 O o {FURE, AR S
THEARAFAEA L o 4, /£ DUT-OMRON %45 5
b B B A R Y S B R X ] P A e
IR BB AR IR , 32 B I PR A SCRk 197 5t
BREHUX R i e 4 N A /N AP FEIR 22 &0
PRI, Jim S 1) AR 8 r A G o] A 2R Bk TR L e
PSR S RIE R R L 7 — 5, 4Tk
TR BN KL, PP 255 T — M
11735 TR A 22 I 245 (0 7 ik B SR AT AR A T QARG o
14 22 W PR T SO 45 TR, (E 725 S PR AG 1 4
AR T EREETY, (EAR SO AR IR ST TR L
SR AE S E ARSI 5 1) 1 AR PRI, AEROR Y
AR RO R T IR B 2~ B 7 vk S R 4 05 i
PEAT ARG & AR AR, M 245 4% A i3, it
— BRI PR R PR RE o
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