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I. Introduction
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II. Related Work

oolean Map Based Saliency (BMS)

@ J. Zhang and S. Sclaroff, “Saliency detection: A boolean map approach,”
in Proc. IEEFE Int. Conf. Comput. Vis., 2013, pp. 153-160.

o Fh: AT Gestalt B —H K45 H (figure-ground segregation),
PR AF 3R 48 (surroundedness) #9 X33,

o HhE: RAMTHRGRMEE, EAREMTAZRAR L&FTHRN, £—R
AR LZETREA L
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II. Related Work

olor Name Space Based Saliency (CNS)

@ J. Lou, H. Wang, L. Chen, Q. Xia, W. Zhu, and M. Ren, “Exploiting
color name space for salient object detection,” arXiv:1703.08912 [cs.CV],
pp- 1-13, 2017.

o FhL: AT IR BMS Fikasers, &A1F BMS K LAB B é 2y &
2| e % =1 (Color Name Space), H3IANAANLRHAEXEH BMS 4
BN Y ik

o H b BT RALATIHEN &KL LRIEL XK, BT Bk 282502 69
2 FMik, CNS 7 &AM X 5

o X FH: 53/ N RBD &%
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II. Related Work

Robust Background Detection Based Saliency (RBD)

@ W. Zhu, S. Liang, Y. Wei, and J. Sun, “Saliency optimization from
robust background detection,” in Proc. IEEE Conf. Comput. Vis.
Pattern Recognit., 2014, pp. 2814-2821.

o FHHL: LA HF, LB BEREMRBRAR, NMEFRAK
o %@ ¥ (boundary connectivity)

|{plp € R, p € Bnd}|

BrGonl®) = e Bl
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o HRAmALaysF LA (background weighted contrast)
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ITI. Color Names Based Hierarchical Model
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Figure 1: HCN #AR
ok TEHBRAZ, PHERIBRf S &

(1) H#RBEBAE 3IANMRELSHTHEZZER (single-layer saliency map),
B.4E5% Eake 57t (single-layer combination and refinement) # />4 3%

(2) Bd 3 ELRFEERLF A (single-image saliency map, HiTH SM),
0.3 % Eakd 52t (multi-layer fusion and refinement) AN 3%

(3) E—3tEgzE, ARCAHYEEFRXBATHRE I, LRIFDELHFK
B, 72 %86 E 2% E (co-saliency map, LA Co-SM)

v
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A. Single-Layer Combination

) 3E 5 J 45 A

FERE R EMIRK DTG E S, M3 BEMH (LY, L2, £3), BENA
185 5% B2 4 100px, 200px, 400px

¥ E v gkd CNS 4= RBD 42 A

stF % L0 E, 2AERA CONS = RBD BAFEZEE L1 A L1, Bk
EREERFINLELFR Lion, HTLT (z,y) ROTFEA:

££ICN($7 y) = (wf‘CéNs(% y)+(1— wf)‘C%{BD(xﬂ y))
% (26_|£6Ns(xvy)_'ci'{BD(xvy)| —9¢ 1 +1) (1)
2 F M —8 M (consistency)

A,

L X consistency 749 A A MEFE: ARG T AABRASAEA = A AMLEY B F ML
R, AN Lio(ny) BRARKGZEME; WmRALERATRE, U IHFEA
mF 0 (B@aey “+17 3 A Kk L F IUTF AR B AT 3 KR
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A. Single-Layer Combination

R

(a) £ (b) Lons  (€) Lrep  (d) Lion
Figure 2: # Eak&4 %7

E: ZIRT 48 MR MR ERRAS L (AR Lt -T4. kb olE
FEIE3E), FHER 3 B MaxF #8AR69HMEIFMER, REHEKX (1) 8975 X

YT (Border Effect)

B AR A AAE, KRk CNS a9t , $OK T2 % BT RLB4E
o AMEERIEMZAT, APATEMZAL (3£3%: MATLAB R2017a)
o T RBD, #iEHW¥ 3 EHAENLAR K HFIH R
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B. Single-Layer Refinement

BEHREM AR X —ABR KR &H A, SEBGHEZ -
i Eig, PEEFMARRBREAHINIFEMEL. FEAH0

Rin, ZATKIH5GRFW T EFZAREINT@E )

BLEREZA, #—VHREREIFR, AFZLHEI 3 KEFXBEM
YR R

fRRFH: ATEEEAMRGREN)H, £ERMEANLTME LG LR
@ LA A R Bt ¥ kA 45 % (color names based refinement)

E: ATREBBAEEHER, KMSKT 16 AR 2 ZZ#HTE (G
HEARGHBEFAE, THFRRES), FHFFM 3 & MaxF #4769 3/E
RIFM &R MR
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B. Single-Layer Refinement

Color Names Based Consistency

o EKX (1) A

= (W © (ﬁéNs)(ﬁ) © (W © (‘C%BD)oz) +(£§ICN)O2 (2)
ML —

o EXF8y W R—AELES, @il L7 44 E % B (color name
image) Bt H. BiIxMLFE Li(r,y) BTH EANARESL, 1

11
z,9) =Y fillex — ¢l 3)
j=1

[ AH GARELGRE, o fo ¢ DANAF kA F jAME LM RGB 1A
o LiygoLipy MLAH Cf, MK (2) P8y J THKHEH

T = (Wo )+ (Lhon)™ (4)

v
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B. Single-Layer Refinement

)G %32 B (post-processing)

Algorithm 1 refinement for the saliency map L},

Input: C* and J*
0utput refined saliency map EHCN

1: L‘HCN = RECONSTRUCT(CI JY

2 CHCN = (LIHCN)°2 > background suppression
3: CHCN = ADJUST(LIHCN, ta) > foreground highlighting
4: EHCN = HOLE-FILL(E,HCN)

5 Ll = NORMALIZE(EHCN)

v

o 1 A Hadamard #& “o2” % H ZH F e L F14
o AIAA&FMET LA, #t— PR ARNaREALA LA G I F KK
o A% &% (ADJUST) ¥ LRTFRE, to A Loy B
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B. Single-Layer Refinement

¥ 2 4 R A5

(b) W (c) C (d) S () Lhen
Figure 3: (a) CN: B 2(a)#9 i & & B %

o H¥ZH AL R (B 2d) Kk, EEKHBHLER (B 3(e) THY
Hodh 2 83 X%
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C. Multi-Layer Fusion and Refinement

% ZEak4& 5t (Multi-Layer Fusion and Refinement)

o H¥ R XNEM, QLIERPLIE: %E:%i/—\ﬁvmé/\é*%?ii&

v ‘o
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B AAER T B 69 A% K (3 L Border Effect). iw%’:ﬁ:&#[%k M E,
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C. Multi-Layer Fusion and Refinement

% J&&k4 (Multi-Layer Fusion)

o AF&EL3 E%iﬁiﬁ@ﬁﬁ%f@i di, WHAAE S RS EH R
/K)L 3 %'lejj’_%lg [’HCN = SE’L_ E%—ICN’ J d 7’7

d; = NZZ |£HCN z,y) — HCN(‘T y)| (5)

=1 y=1

0 ZEMEULERALT 4, W% EmK, HHEAXHA

3

ZHCN = Z (eXP(*%) : Eii{CN) (6)

i=1
Hdd d= Z?:l d

o XEWEEBATRAALNEEZTLY, HRLX, 5EBEOER Luox ¥
AT EH Luon 1A EE L H R
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C. Multi-Layer Fusion and Refinement

& 25 Xt (Refinement)

o KNHHELS III-B ¥ext TR B H kLM, BTFA4 3 KA,
# Hadamard & A “03”

C= E%{CN 9 E\%ICN o Lyon (7)
T=(Wo0)” + (Lucw)™ (8)
Sy = (RECONSTRUCT(C, J))* (9)

o WARBEGRMELEE, FHEFXEE LB F¥es W kR .
0 S W¥EBERE, B LA HCON F ikt XML R
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C. Multi-Layer Fusion and Refinement

(a) original b) Lhon ¢) Lhon ['HCN (e) Lucn

(¢ (g) CN (h) W (i) Ss
Figure 4: % Eaabd 5t Th

5 (b)-(d) #E&RA (e) B ARELERAL, FRIFR S ZAHMHA
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D. Color Names Based Co-saliency Detection

P B B35 b A JR )
o ATH¥RMEFH, FREZFAFTELNHIELE

Co-saliency = Saliency x Repeatedness (10)
o AXLATHEM LIFIE, ZMEIFIER HA4T4E A M E L (Color Names)

o FMAL: AR BRI HE L E KK, BA&ENAEmME
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D. Color Names Based Co-saliency Detection

(1) =R aERRME 27 Y0 Y0 S(ny) H#ERLER

(2) AINFEGEEBRE r, £RETELSZGTE, HETF Color
Names 3 1z KB A-FHHRE A(r) = Z}ilfjcj

(3) st F—xt BB T RKER, 2517+ HERR K806 FH e £ 7

. . . 112
Dy = pise(rh, ) = | A(r]) — AGD) | (1)

o, r @ TAR LR 2 AFEEBAAEGRRSS, Lif i3 ETER
WA HBEENE ID 5

(4) HHEPA KRS (rf, 1)) $9FHME £ F Dy 093918 D, 4o B3+ K69
FHRE £ FAKRTHAMA, Wiat RAAAA A I F ZFRA, A
SAMAENSBIFRTER (2: SEARKARASL SRLEN, 2
BH—FAAR AR LFRK, T ARE)

(5) # B2 FEFHFT I FIRMARLEIE L H R

Lou et al. (NUST & SEU) HCN (ACPR 2017) (Sep 9, 2017) 19 / 29



IV. Experiments

A. Data set
@ Image Pair #48% €45 150 *F B4%, Bp 210 KB %
o ATiFEMEFXB @M ), F3¥&AARKE@RK I 23.87T%

B. Evaluation Metrics

Precision = M0 ¢ , Recall = |M|2|G| ,

(14 ?) x Precision x Recall
32 x Precision + Recall

(12)

Fs=

o B XIHIELSE (Tre[0,255)): BRLHMFE -BAd&F Fy &I, ik
T AvgF #= MaxF

o AEFBESE (T, A 2 EH18): RL4HE -BEIKEN, Lk
7 AdaptF

v
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C. Parameter Analysis

HCN Z k@4t 6 Mo RAFEM 6, BEFREFRNEMAE 94
FBw Ao w, TELTHRYGEAZ I, Fo gamma R I, AKR—A
BN E R wp 455 E E 09 2 F B kb

A 5 NS HABMAEE 5 CNS 7 AT 8948R, wp 69 BALTE B 44 2 50 41X
EH[0.1:0.1:0.9]

FRByEEMT EETBEAHREKRDARR, AMNFE w. o w, £
R EDAPATRASERA; WA S 6, I, Ao 9y, WEFTHELBAR
LV R &l ]

BAARIE R TR MaxF o X 69448 5

R we Fow, I8, RESRKIASZET 3 & MaxF 6939E 8 & (L5 %W
LE P ER) LFREEL
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C. Parameter Analysis
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D. FEvaluation of Saliency Fusion

B S ik 09 A7 AL IF45

o DAIEMET RERRE (Lioy) LA (Lhoy) 5 ERALSHEE (Ss)
0y 5k P A

o RAE—RAK LEARNT KRS Forkdt H koA A

Table I: MaxF statistics of single-layer combination Table 1I: F3 statistics of multi-layer fusion

‘ Model ” i=1 i=2 i=3 || Average ‘ ‘ Layer ” AvgF  MaxF  AdaptF || Average |
Lins || 8078 8103 8148 | .8110 Chew || 7995 8148 8027 8056
Chep || 7597 8288 8526 || .8137 L3 || 8391 8510  .8435 8445

| Chow || 8020 8487 8641 | 8386 | | Liiw | 8568 8657 8591 || 8605

| Cion | 8148 8510 8657 | m43s | PG EEE
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E. Comparisons with Other Models

53w m kb

WET 14 ANRFR T EF 6 MR EFWT &, b4 A A HCONg A=
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E. Comparisons with Other Models

o FETHMBAAETARLRALAILKIESR, 22

o KA -BEHL: BTRIANIER/MALFRELT AR, &%
Tr>108, HCN #9 g XM EL% A —ANE DO RBA; 3 Tr=08, 39
1, HEHA 0.2387 (BF 23.87% #9-F3# L F XBEAR, # L% IV-A H)

<} Fg W& RAEGEE, ¥ Tr=0 t, Fg # 0.2848; W% Tr>1 B,
HCN 9 & 2 A -Fle, X ETEE0IEMRLEES, BALERT
Z O B X 1) A4 E R F—ANEAE, AR AR B AR 6G 4 E 4

o FE|Fds, REMRAEMAR LR —NRBAF BE,IBEE, HITZRL
B R FGIRD BRS04 B AW ST A B — sk R4S A0 — A B
ZH, BFERRKRT EEEME509EE, BABRMEE T F AR LAES
R
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E. Comparisons with Other Models

Eﬂ.ﬂﬂﬂﬂﬂﬂﬂ

(@) b @D (e) @ (h) @)

Figure 6: ML (a )%A@ﬁa (b) AL#RiE [13], AR AUER (c) AL
HCN 7%, (d) CoIRS [11], (e) CBCS [12], (f) IPCS [13], (g) CSHS [14], (h)
SACS [15] #= (i) IPTDIM [16] H—i' ESEA AR
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E. Comparisons with Other Models

Table III: Fj5 statistics of saliency models Table 1V: Fj statistics of co-saliency models

l # ‘ Model H AvgF  MaxF  AdaptF “ Average ‘ ‘ # | Model AvgF  MaxF  AdaptF || Average

1 [ BMS[7] || 6592 7763 .7666 7340 1| ColRs [11] || 5150 5548 5512 || 5403

2 | eNs (7] || 7612 7817 7787 7738 2 | CBCS [172] 6433 8028 7816 || .7425

3 | DSR[30] || 7098 8063  .7945 7702 3 | IPCS [13] 5855 7612 7526 || .6998

4 | GC[31] 6634 7553 7446 7211 4 | CSHS [14] 6894 8559 8157 7870

s | oMR 3 || 7391 saon s 8109 5 | SACS [15] 6499 8571 8114 || 7728

6 | aur 6642 7553 7303 1166 6 | IPTDIM [16] || 6161 8671 6070 | .6968

7 | HFT[3] | 4421 6772 6575 | 5923 | [7 [ HCNe [ 8520 se65  se2s [ 8637 |

8 | HS [3] 6688 7345 6826 6953 | Average [ 6516 7951 7403 [ 7290 |

9 | IRS[I1] || 5149 5491 5380 5340

10 | MC [32] || 6933 8171  .8280 7795

11 | PCA [33] || 5251 7277  .6506 6345

12 | RBD [26] || 6950 7727 7587 || 7422 o MR RE 4N 7 ik HCNo B9

13 | RC [19] 7383 8031 7840 7751 MaxF #4794 F IPTDIM 7 ik

14 | TLLT [4] || 5885 6892  .6908 6561 (%5 0.692%0), 123 E M A5 HrEk
[15 [ HCN, [ 8587 8663  sell [| 8621 | Z KigAe, RARLEELEAE
| Average || 6614 7574 7407 | 7198 | T AR AR G —

v
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V. Conclusion

o ATAANMAWIEZHERFfe— /R & o LR
o 2 A Color Names #4723 M AN 69 5 — A~ E B 5F 52
@ Color Names B # & B T W F] 8 3 40

° ;E%‘Ft CF B EMRR, FEB T3] Color Names # &89 i @R (d=
BRMEREERTNBH)

o KW BHEMMEEMNF, FHHEA—ITEBEY EB|I 3 —mEg e E
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