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Abstract

Many traditional methods of saliency detection have the disadvantages of intensive background
noise, low accuracy and high calculation cost. Therefore, this paper proposes a novel saliency de-
tection algorithm based on hierarchical PCA method. Firstly, according to prominently distinct
detail, the original image is divided into eight layers. Each layer contains correlated target infor-
mation of the image layer shared the same feature. Then, the method of grayscale image colorizing
is used to transplant color characteristics from source image to hierarchical grayscale image,
which purpose is to make the layered image not only reflect the pattern characteristics but also
retain the original color feature. After that, PCA technology is used to detect layered images to ob-
tain distinct object’s pattern distinctness and color distinctness in the principal component direc-
tion. Next, two features are integrated to get the saliency map with high robustness, and to further
refine our results, the known priors are incorporated on image organization, which can place the
subject of the photograph near the center of the image. Finally, entropy calculation is used to de-
termine the optimal image from the layered saliency map; the optimal map has the least back-
ground information and the most prominently salient target. 300 pictures of the MSRA, ASD and
ESSCD databases are randomly selected to test and compare with several classical methods. The
layered PCA technology can effectively separate the significant object from the background. The
detection results of the proposed method are closer to the manual calibration, while taking ad-
vantages of performance parameter include accuracy rate, recall rate and F-measure value. At the
same time, it accelerates the calculation speed and improves the detection accuracy.
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EFXF 4 AT M BRI B ERNE REER R, BRAEERRUKITEERSRE, RH T —METF
S EPCAEA M BE M B il BE . 7 EE KR BRGBEGFEBAKEER, HEL LEFESE
BAKEHEKERG S HSE, BEEGAE5ZERBHEMLENEE BERER: B85, UEERKN
BREMASERRG, BURER - BOZRBAEANTERNRKEEGENRRE, 22EG MUEIT
EFERMESHRHET EARMAE T REBBNEERE: RE, X4EBRI#ETPCAGT, BATEHE
BEFEBS T A EREMERFEURCEERE: 25, KHEMHERTRE, PEBER. &8F
Mo ERER, AR OERTEREE B EIR DGR NTTRH BRI, B3NS
BHEEE. &5, MOEEEEATERBEAR, HHEBI—EEREERIMEERFERHNR
i 5.2 & . ZEMSRA . ASD ESSCD5 545 42 H BE AL B3 007K B 8 2E4T 7 ML FE SITTI (IT) GBVS (GB).
SR. LC. HS. CHSSJLMAMITERIT T E, LRERRPFTIRH T ERBAE RN EEAREE R
M, MIUBREELAN TR ENER, SXRTEM AR R (PRE). B E % (REC)FIF-measure
EHRSEF AR HEME. FMRTSHFEE, BE TRIEHE.
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IS EALH AT B TR0 S Tk AL 0 AN UG AL PR S S B A AR KR L. sy, BT
A TR P S 3 P DX A I ARG 3 T I N MR T 538 ()2 R0, 12 5VE A BUN T RIS
s bR AT ORI RS TR, H bR BRI TR DA R 4 B A A 2N T

TR S 78 N GBS B AL Y AR B R kR, XA R oy B Rk
() S 2 PR AR . e 1t 25 N [RGB 2 4o 22 20 B X B « 2 BE RN 7 TV A R R S LR, IR P
O = JEIL” JEBREESE T ANGE A A, A SRS I T B R B A R M X A T B AR 1
B, (X HER KIS IS HER . Yang C S N[2)3E T S S Itti BRIl G, 2T GBVS
(Saliency detection via graph-based) &A% . AT 75 It BEALARL, UGB, 52 507 2% K2
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PG 3 A I, (E LB R ORI, RN HARFREE . fEmeih % A[3[38H T —F SR (Spectral
Residual) 5%, %7720 0 UG e P 1% bl 25 0 B0 R O I P i, ) T At 2 B8 o0 IO B PG,
T AU (R AR e A T AF 2 H AR R EE . S ER R R, (RS EAELARIE . Shen 55 A[4] [5]4&H
1 LR (Low Rank)iZ¥s &)= e g — 2MEARIAESS b, e 4RIV 2 1) BEE4RE, EHOTHEERR, 4
B0 B SRR ZE o MR, BN R VR RS LR A, A8 SRR R, SRS AT
(ELA5 2 (1 235 AT 25 SR AR A i B A ) S p R R TR MR 43, DR Gy S I S 3 R () T AT S B

AP R ARSI T VAN B TR R . R AR BT A R b A £ SR AT T
MRy KR/ FRAESL. BIES S ILI[6]. Flln: Achanta 25 \[7132H () FT (Frequency tuned) ik ik
e N 48 I iy BB I U LG (00 B8 3R MR B PR I~ 3045 3 2 [R] P X BE B 4 SZ m i s 354
FERR T —Fh 3 T4 JRxet bU A 2 25 XIS W 53 . Cheng %5 A [8]42 ! ) RC (Region Contrast) 53 il i i+
BN o X B EAE, M T BT RO LG BE 1 B35 . Dalal 55 A [9]8& T — i 116 B BT
URRAE B NARAS N 7 V5 o %5 3245 F R B2 7 1) B 75 U JE SRRk NARSEAE, BRI A EAS B AIE
ER, FEMAR T EERREE. XM A i T REL7] [8] [9135 & 8 i G i R Skt bb B AR AE 10
AT R AT, BRI A T R AL, RULIZ H 08, I 55 2 2D IR & WA
EINN AR SR 7yl LR TE Y NPN 2

AR, V2B L AR 2 ) S 2807 VR N T 0 3 A 7 ThI RS T R . ikt s
[10] [LLTHRHE N HRAW o0 53, ) S R 3 45 R 28 ) 248 A5 2B (CININ) &5 5 15 3R SR 2R D7 V2RI B X SRR AIE
I I PR AE EAT 2 ST SBT3 I XA . Ying Tang 25 A 12152 ) AL %8 27 =3 RS 7 4 5 1) v
RMEFI SR AT BRI . RIS HE 1. Sk, Bing Yang %5 A[13] [14]#F
F A TR (PCAYE FH B B MR I, AR T LA 2 I ik, (A2, MG S5 B ER
KBS, A DLA IR B AR B3 BRI ERME R, IS BOR I 25 5 & A BRI e

TERZEERIMES T, BTG R0, X8 — g0 ke 7 VA4 20 0 B35 R AN . N
TR G AL FERS IR, Che 25 A [15]42 1 T HS (Hierarchical Saliency)& i . %758 i) E{E 2 2 5F
TR REE, AR 78 S S AR I . 225 A [15] [17] [18]AIH T 4 2 BUE LA
Sl % SRR B 7 SO A AT R, FRHAS T LR s U 28R

BT FRAHT, N T IRES LA AE BRI SR R DL B PR B ML A ) R ke, AR SRR T —Fp
BT 507 PCA BRI S5 M BARK I, FIH 732 PCA HiANR B 4 i 515 BB R BEA R 2
ZREMG, #5592 RG-S HEMEEAILA W 52 BhrE R, ARuhRl 7 8% BArtmd 7
SRR, AERESR I 5 B AR D TH R R IR T RE BRI R T, AR T B AR
5SS E, RENAESE I m R, MR E .

2. BiEiid

572 PCA M B Fkm e i 1 pos. HIEARME R y: B, SHEGEGETSZ,
AR Lo 2L & 8Os S — iR R, TR B2 BRME R . B8, N T a2 MEE, KR
Kl o R a5 M 7 300y B IR K FE G b, 154 = BUG A 5 5 BHGAR T R (o 4k . 3=, i
F PCA (principal component analysis) 5Lk I & B S5 M RHIE JBARFE. 550U, K4 P9 b 22 SR e AH
e/ ZREER: &5, @dEREEEHRRER.

2.1. e mE Ry ERE
—Iig 8 ELdF K PG, AT LA 8 AN 1 BRI FIE A ik, A FHaa & 5HAMAHILE R EEE R
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Figure 1. Chart of algorithm flow
E 1. BERiEE

Horb 4 ASmf LERE i, R B E A BRI, B TR B RRIR B SR . TR LRy P i )
FE UG L DTk 7 SRS AR K FE RS, I SRR W] DU A B 2 B S 2 i e 2ok SR, SR R 2
FIARAE B MR R P T RO . BRI, AT AR LU 2 A5 Bk n 7 2 a g . PRy

1) KRGS IR RGN — 2 B

2) HE-REEBRERAM T ZES, B2\ U R R BRGNS R E &R,
AR RE B ST R BTV =2 MBS, DU, BRIEGRMNRE - HRZ.

3) A1 21 HLARF RO R 1 Kt e el T BERMR R B, N3RS 5 LU 2 AU RS 2 )= R

TEFEA Z B 2 — LURR R TR SR B 2, B2 R DU H ARy 1245 2 1]
%, WAOEFERRTFI. HARELS R s 2 s,

M 2 TR B, ASE R 2 68 0 ERAE BRI, 28 )\ LR B s b 1 B 25 Wk iy
BEIEL, SRRSO I R B AR XIS Al B G T 5k ) R R AN R thAE — e R L/
THREE, RETEZARTEEHNER.

2.2. BEER

F T HURR ) IR 23 J2 A A RE PR Bk B BEAT /0, O 1 2 R R B SR B ERRFAE R
BB B R R A BB 70 2 T IR R BE B AT U R e 7

fER A e, W RITKI BRI Y- A He, Bt B A B & L —MER A, TS
RN R AR AN =Nl IE L I St A A 1A, P B AN Ry Gy B M52 AE, BIFTRBE (0 B 5o
REER B EOAE, RS IR R R R B35 BAR 51t U R, R E B et 4T 11X
gy, MR 7R3 HARROR EERE, A A I SE N U fE R AT .
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Figure 2. The results of images layered
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ASCREL T SCHR[191/ 1%, LD BN

1) ¥R EBIE NS EEIL L, (original image), 725 G AE AL EE I 1y (gray image), HF 13
JREI=EE, FETREREGS 1,0 RHEEE YC,.C B h Y RIERE S E, CiiltatEsE,
i C, /LT o i o ).

2) X 1o MR BB MR — S SR KM MME, REEBEHSHEN n x m, H
P(i,j) (1<i<nl<j<m)RFRE m IIRMZE A, WIAERE T A — 5 5 R A AR ME BATTAT AR -

P max™ =maX(IDJ_T’|312"."ID]-T1)
Pmin™ =min(F‘1f2,F}f'2'."',Ple)

BV R ER A O 1™, 1 M ME 1) Imin o
3) Xl B #EAT IH— muwﬁ%@m@ @@1%1‘%5[14]
Markl= s~ 1, I , (1)
Ig Ig“'“

Mark2 = | Lax" lo i 2)

4) BEATCRMIT RS, 5 Mark2 th AR FAG RS B0 L Markl th R 3R A b, 03 J2 5 i K RE 1A
GBEAS5REGMHFROREN . Feiss Rk 3 Brs.

3. FIASE PCAEREER
AEEE R T (PCA)R 2 ettt Mt b ISR o W e 1) — Fh 752, B — A st D B0 R R X
ATEAT IR LA BIFEARRF AL 2 M ERU N T30 A SO SR B SRR 2 B0 0 IR I B3 B AR B & MR R L
Eiﬁ@%ﬁ’] SRR LN BT 2%, B RS ML 22 . TR R,
GhE)= BG S RAE A EORE I A F T AR, b BN AR, 2R EE bR —
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Figure 3. Rendering map by color conversion
3. BRERYIRE

JEE SR BT 2 AR IR, R, i TR 2 R R, TR Bl U S
R SLIREERIE 4 Pror, Hrb(a)~(h) 7 AR _EJ7 P B 73 2 BRI 25 18 . SRR BT 53
AR g .

3.1. IRENGRHIHHE

BN T iR S MR R T B I R, AR SRR T —F 3T 3 4 43 BT (principal component analysis, PCA)
(G e RFAE THEE 7V [20]

XRS5 BUR AT F o o0, SR E R E IR oy O/ R 9 x 9 B, N &R/ %15 B
BIMEAE T REZEGOR, B ALURE S TR OREGIE p £ow, WP EIGER p, v
SA20]:

1 N
Pa _ﬁé P (3)
Ok, AT R 7 kS A AN BRI p 5P EIGR L p, ZARIEEE d (py, p, ) s FFBALE

BE B 0 KNSR S — AN RO T B 3 S5 R AE 5 PR B i T A b PR R 0 AR
by (i, ) o, THRIRIGHIORLE R p, (a,.a,) . W d(p,, p,) & LR TR [20]:

N T S(ZI a)

. 2 . 2
1 N i,—a) +(i, -a
d(pi'pa):_xzpix\]( ) (y y) 4)
Sip, 2, RPN .
FIRBIN: d(p,, p, ) BORIF, BUGHBA BERM, R EERBS. WS SCEDE Sk
TERFRIUAS ALE PCA MEFR RGPS p B Lo Y08, BRIk, 32 5E SUESHRRAE P(p;) A[20]:

P(pi) =i, (5)
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Figure 4. Significantly map of layered image

E 4. nEEGEEE

At p/ g p, 7E PCA AR R FHOMRR. |, %75 Ly S RLIRIE S0
3.2. IEH B EHHE

JRT RE A ] B R 5 R RS AIE (R S AT ARt B R b s ks (R JI B, (EOFAS R IE T TR R .
K5 Fos: BIFRSANERAR SRS A, (EHETEANE, IR L WA A B RS A B R Tk A 2 251X
s, IR SR IO AN T b

X, RAWADERAG NP 2R B G 35— RARRRLIEIERERIG R 2B
BEZ R o B s AN B, AR5 P Afl 5 T B (R B LA Ry IS RAAE . 58 20, 38 YCbCr it
[ Fpiz B e oAt B B B B 2 A SO BBt 2 5. X8, n Fors 1 A RIGBERE S
AR IIALE, 1 RoRE | MBI E . W s CETE, X BRI n SEEENERHIE R /£ PCA Ak
RARG RS L s B, JATHE r FBERHIE C (r) & CN[20]:

c(r)=>[r-n, (6)
j=1
ER, - RREA R IR B |, % Lo SHUE AT S M BRI R R 2 R O B A
33, EHISTSHESTHNESHME

X B — [P R 25 F R B B R AR R TCVE B RO R AE R 2 BRI AT AR E . N T3 2HER I R
HAw, AT &2 EG 0) 45 MR e AR AE AR 45 S R A DA [ 2 BUR I B35 X 3. X B, FRATRAR
Rl RH AR AIE AR 3 sk (7)) 15 21 -

D(p)=P(p;)-C(p) (M

ZJa, @k — Ak A R AE B R 200,198 A .

T BB ER A REREA, BTN T BESLg s ik, N7 dt— &Ik R
A, NATTE W R A A0 SIS B v E AR DX I LA O Ak o BT O S B8 (1 B[22 08 % DA E bR T
UG H OB R 2, I — AN AEAL T A0 1 e B ek e SO O SR BB, AR U A AN R
MARRMER AT EGH O EAREEE. XE, AARBE NG RERRAFEN BARXER, BE
BI51 AR AE[0, 1] X ] (B 2T HL 10 AN ERIME) . BRIk, AR ei it O R a0 R s

1) FHRRAVERERLS D(pi) A B2 R = 5 F B A B R E O

2) BASELBE—A 6 W 10,000 1o A, TS BREAR B R A E

3) 1E&ZEUE O AN In— AN E N 5 oA, s A B R

R AL LS G (p, ) s T A i 7 A KIAURT, ARG EE 7 BC K 22 5 4 T AN AL R 2 L e 2%

DOI: 10.12677/csa.2018.83044 404 R HURLE 5 R


https://doi.org/10.12677/csa.2018.83044

Figure 5. Extract color feature
5. BRAFERE

Rk, v CAEE—20 5@ U M, WMl SRR e A m i B R i A 45 A, B RIR H PO H AR k&
BEES(p), Bl
S(p)=D(p)-G(p) (8)

3.4. RMERFIR
20 TR AL R 5 T LAAS B I 235 AR 10 2 M S 25, 38 FH PRI g5 i A0S e R PR R 7 D

GERERZ.

EERIRYT, B2 — DB NES, BAER TAERLEM Y - E R, F BB
TERGESTH RS ERRAEN S MAEN. —RIELT, &2 —EEEREE X, Baer
e S PRI E bk SR H (R E B A R ) 7 S DX g R A 2 . DRI, 638 IXIa A B ] i
REETE R XIRE R, R T B/MIE B, T X 5L, Wy &RE B8
R RN REER. T —REGES X ki, HEBHE CAH:

Ens(X)==33" p(X;;)log p(X,;) ©)

i1 j=1

R, X, (1=0,2,,m; ) =1,2,-,n) TR RER X FEE VT4 § SIMG R RIEME, p(X;,; ) BORELE
B X 1, X, BRI, Ens fRAHIR BB (S .
T2 SR R F B K, 7T LA A
komzarg[nin(Ens(Sk)), k=1--,K (10)

X173 JE PCA B IR (2 2 B 25 ITHSEAE B0, 45 R R FTR
L PEEONIE 6 Fos AN BB EE B, A L5 2R NS 8 2 G HEAT HI vk, 1EFAE
BRI BB iR Es R, b3 207 55 B b i i 3 gl R i 28 45 R K.

4. LWHER R

53 WTE MSRA-1000. ASD-1000. ESSCD-1000 <54 #i4E Fxf b prde )4y 2 PCA B E M H brki
MEEEAT TR, IR S JURZ 8 ITTI (IT). GBVS (GB). SR. LC. HS Z#H4T T tbi. P mss R
3 A SCHR[L]S [2]~ [3]+ [15] [22] A5 £ DO 4 4 i) A Bl nT BAT R A8 &N ER 48 B IRAE . CHS
[2315K F SCHR[23]4F # = L3R I 7E ECCSD i 4 b A= s IR UG 5005 « Ao %ot b 4 IR an il 7 firow « Bk b,
AT BB RIS R, RATH AR (PRE). A 73 (REC) A1 F-measure (FME)%514: 5t 2 808 Fh 52t
177 VPE . HERfZR. H IR A F-measure & X R A1A R (11)~(13) s
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Table 1. Entropy of hierarchical image information

®1 TEEGERS

1 e H3)= Fa)E H5)E $6)= TR ERp
[ 7—B1 6.3323 6.3976 6.3342 6.3592 6.3084 6.3650 5.7816 6.0554
[ 7—B2 7.2114 6.7306 7.0384 7.0239 6.9984 7.0126 7.1003 7.0316
¥ 7—B3 5.7816 5.8034 5.7501 5.6330 5.5693 5.6912 5.7864 5.7906
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Figure 6. Significantly figure of hierarchical PCA
6. 972 PCA BEE

M W

G%*G

- iy

Figure 7. Results of algorithm contrast
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Figure 8. P-R curve of different data sets
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Figure 9. Contrast histogram of F-measure value
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HS HYRTEHER R 5 F-measure {H_H — @ A Bk b, A SCEIVETEA FEHE 4 L I#ER R8T 90%,
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