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‘

Abstract; Image attribute annotation is a refined method of image annotation. It can narrow the “semantic gap” be-
tween cognition and features. However, a single feature is used to characterize images and the deep-level semantics are not
fully explored. So annotations cannot depict images comprehensively. The traditional effective range based gene selection al-
gorithm is modified to complete feature fusion. And transfer learning strategy is designed to complete material annotation.
The cross-modal semantics among features are mined by the discriminant correlation analysis algorithm. So the relative at-
tribute model is optimized to complete deep-level semantics ( practical attributes) annotation. Experimental results demon-
strate ; Material attributes annotation accuracy reaches 63. 11% , which is improved by 1. 97% compared with baseline. Practi-
cal attributes annotation accuracy reaches 59. 15% , which is improved by 2. 85% compared with baseline. The proposed hi-
erarchical annotation mechanism can more comprehensively depict images.

Key words: image annotation;effective range based gene selection;relative attribute; transfer learning ; cross-modal
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BT R MEARELBER ] T B AR EE
REAZE SO m I A P H R E GG R TR
PER V9 B R R R AR A TR R
B 4EE, HZ R4 —J0)8 P ( Binary Attribute, BA)
it BRSSO E P (17 KRR,
“0" XA ). M X & % ( Relative Attribute,
RA) PR SE On R e, BB I RE
PERERE. BRL, AH G @ R 28 O R R 0I5 UM B g
e ANHLAS HAR S .

AFETFBA TAE ™ A S0 1 ER M 5 1 K
Hprza & S A s vk (B K ME B RESE. BATR A A&
I, WOPR S M) A i < 57 b S 1 55 4 MattrSet
AR o PR R HE £ Matte_RA 44 244 R 1 -5 AH X &
PER] A S 3G AR 5 32 BUR) i — (A% 5K (Local Binary Pat-
terns, LBP) | R B A4S 4 A 2% # ( Scale-Invariant Feature
Transform , SIFT ) | Gist, 3 FH 41 28 W 4% ( Convolutional
Neural Networks) 4 SRR, 22 1 220 i EG s T Y
FEAERL S o8 R G b R B T 5 0 A
() 5 B A 1 S, DATSCHE AR 0 R PSR, bR S & e , 1)
UN(RE =0 PN SR o8

2 HRAE

2.1 EfgMRBEERERTR

BT ADHE < b BB B A EMRRRIE 2% 2] AR il
B RS T LT B2 2 45 Bt 1 s B4
A T g bR s 22 MR %G hitp .//www. made-in-china.
com/ YNNG, TERTBL 22 % G246 T T X Hi a2 e i
TE AR, g R T PR . DRI B0 4 A
FE PR B 58 RS R AE . SIFT \LBP Gist. 3£ T VGG ( Visual
Germany Group) " 71 55 [ 4 VR 15 2% =3 4% {F : VGG-
16 (4EfE 1000) .VGG-19 (4EFF 1000 ) . gttt A »4 X 35 3%
% # ( Effective Range based Gene Selection,
ERGS) "™k SE MURHAE P A, 2B b 5 I b
FEEARY . JLT 3] W) A 2 43 ¥ ( Discriminant Correlation Anal-
ysis, DCA ) """ A U5 4 S A R E W P S AR 250 S, 25
JiB P e 6 5 A 20 Sl o RA R S iR s
JEVEARTE. F3E P IT RS 2% 2] SRS - i 88 7 R 8l b iy
ARFEA Y TG s TN GRar iy rh Rl SR, X L
PIZRIER% 2% 2 Rk 4.
2.2 it ERGS =B LI ER RS

ERGS 525111 ) i X i) A 1A AR5 AE 76 4
— AR L B ARG ] - MR i R AR AE S A A ] Y
B X, TR RRE X 2 B8 ), AR BURFAE AL . i ERGS

576 U1 e SO TR 5 R A AOE T 0 3 L AR AR, R TS
AR 18] B AN | 23 R M AR PR RE. A8 300 ERGS £
YA - FERRAE VAL SR AE b BT — AN PR R AR,
FI A FEAE 3 [ PR e A bR T B 4R Data = { (x,,y,) ,
x,;eR',y,eY,i=1 2, mb.n HEEAIEEL, m W REAS
B.Y="Ac,cp, 0 ARBERSG FIEE F=1/,
LS b BUBHHE fi e FLTE ¢ REEA B AT RLYE
ER, R :
ER,=1[r;,r;]

=[py = (L =p)yoy uy + (1 =p)yo, ] (1)
ro A g SRR RHE f, T o, REEAR FARGER Y ER
R 5t s B oy S0 BIRIRFRAE f, TE ¢ EREA 1Y
TEFIARE DR 25 50, A ¢, REEAR R (0 <p, < 1),
(1 —p,) K F AT BEARPRAE I 25 o, W RFAE A RGE BT
AR 5y ZE YIS KA ER (K (2) ) #EF 1
o, B 1L 732

P \F-,Lik,\awinsyl—z (2)
T UG ERGS BIAIRHE R @l & F .
F15 AR o AR FARGER ER,,.
FE2H IME WESXI 04,
04, = 3, ¥ 0.h) (3)
(k)— riz—ri, riz>ri; (4)
e _{ 0, otherwise
F3L RS MESXIARLAC:
AC, = 04, 5
i_Man(riZ)_Mink(ri;) (3)
F4% IFEFHER ERGS AUE w,
AC,
(6)

Wi = sum(AC,: 1 <j<n)
E5F BOFRREEL BT SVM BIRL 2% 2R
ST HE A, A4l ERGS AUEE w, XFRFE 1 504k HE 5
A, B KB A IRl B 25 2R TR RN R
max(p,;) =max{sum(p, * w,:1<j<n) | (7)
2.3 ETEESEXNHNZABMERE
FET DCA R i R AiE 18] 26 55 19 5 185 2508 3L, 1K
PG RN BRI 5 S R kbR . AR X
2 IR 5 Ja 1 v A2 40t TR TR S Bl KM B R
B AT ARG R B . B AT T I A AT, S
PrETE R, 16, W52 T s PERE BEHEA 7300 4, 28 1 ) b1
J5T Pk 5 5 HYB PR SR DG R , Tk 1 IR,
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' Bag KRG TH

Mo RABEE T Vo B
F1 AR ER R AR T T %
F1 HREESEAREZ MM KR
ZICH R AHXT WG G &
M EE
BizkdE | BAME | FEME | KueME | BN | Bkl | BKME | FEME | kukk T P 1
Pu( iz #4r) 1 0 0 0 0 4 2 1 1 1
Canvas (.77 ) 0 1 0 1 1 1 4 2 4 4
Polyester( i545) 1 0 1 1 0 3 1 4 2 3
Nylon( JE& J¢;) 0 0 1 1 0 2 3 3 3 2
W1 s AR ZoT S O R h, B MR Oy 0 B m(x;) =w,cm, (8)
L fi4n, Pu B K ARG 1,378 Pu HAT B K 1. 7EAH Y (i,j) €0,:0,cm, >w,cm; (9)
XTBIES OG22 v, O b BT A S 1, i AR [ e Y (i,j) €S, :w,cm, =w,cm, (10)

K, VUIZORA J3 %ok o7 g S g P R ey, e o R S AL AY
4. 40 Canvas (B MEARIC R 4, BIE (9B SRR AT 25
b TSR T OC R AR X B OC R B AT %) 1
M & Ve 5 S T Pk a) 38 SCOOCEK, A B T A1 4
TET AN HAA o S 1. 7 R AT AR R P R I, SE ) —
MEE a, ,me (1,2, M) , M B& M S8 138 —4
X R 0, Al— MRS S, & (L) BT 0,
Woa, 76 i PECj A HERRI, BV S PERE S . A (L))
BT S, W a, 750 M7 RIEAZ, B e PR A
L X FEA a, 2 —AHEF R WT PR

w,, JF 2D BN AT, em, 2 AR SCHZ 4 Y R AIE 7] 25
BEASTR S AR EUHE Y eR UR , 3B — AT ER, 2 T AL
H o, WRHEBRTX m DRI R, RIAT XS
PE. CAHR P AL 1 H AR s 8 (1) B

min( - ol 3+ C(F e+ T y2) (D
S[j’v<i’j) EOm

subject to ‘wZ(Cmi —ij) ‘$Yij5 Y (i,j) €S,
8l-j20;‘yij?0

w, (em, —cm) =1 -

(12)
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o, Fl y, AR i, € FRAE S 2R B0, P RE AR A A,
R0 2 I OB, at (12) B 2 53 S48 M 1
W w, 5 B ATHEREA G TR AL o, DN, 3
TR 5 R PR

3 KWER

3.1 #HIEE

N7, MattrSet B4 42, T A 11021 5K ER 15 . Pu,
Canvas Nylon ,Polyester PU2$#4 i J& 4. Pu £ Canvas J& 4
£ 4 Bag,Shoes P S 1 it Bag #4 5 J #4734y : Pu 1982
i .Canvas 1948 5K Nylon 1764 5 Polyester 1715 5. Shoes
@ 434« Pu 1757 5f  Canvas 1855 3K ( Nylon , Polyes-
ter JEHFFHL) . Mattr_RA J& MattrSet ZIE4E 10 T4, LA5E
FRARXT AR < 2 I 800 7K Bag 25 [&{%, Pu Canvas \Ny-
lon Polyester PUZSAF 5T J& 1445 200 5, A4 BT @ PR dE 1 752

FHIEVEREEEHET , RIAR ISR KPR G S (i s Rk
DT K A A B sV IR0 SO Y RAABE A 5 Tk
PRFR (R D) SEMEFEAE ] B4 Matr_RA A R
YRR, — o0 @ AR T Mattr_RA {14 , 7
A 10221 FREG 1A ZR 5. AL F LR 4545 58
JPEAR : Accuracy | Precision ,AP ( Average Precision).
3.2 ZWHER
3.2.1 E-TFi#n) ERGS B MIRIEHER

2 ekt ERGS BAL S MIARiESS R, VGG FoR
VGG-16 \VGG-19 B FFFERL A, S. G. L 7w SIFT Gist
%% LBP = Fh434E Rl 4. 40 VGG&SIFT_Linear 3275 VGG-
16 \VGG-19 SIFT —Fp4pfik @il 5, I 2% T 2 P A% 58 iibn
T, HE s iy 4 [A).

k2 prom.

£2 ERGSREARMIREL R (SIIRMMEM 68. 07 HFoR, BAI:% ," 1 "R~ ERGS hRt & F1EEEIRT)

RS RHE s AP ierial Accuracy
Pu Canvas Polyester Nylon

VGG&SIFT_Linear 60. 40 50.04 1 42,911 44. 89 49. 56 51.43
VGG&Gist_Linear 55.31 1 48.05 1 41.871 42.16 1 46.85 48.57
VGG&LBP_Linear 56. 44 48.55 42.99 1 43.70 1 47.92 49.49
VGG-16&S. G. I_Linear 62.38 54.78 1 45.56 1 47.79 1 52.63 54.62
VGG-19&S. G. L_Linear 63.02 52.99 1 43.111 45.45 51.14 53.46
All Features_Linear 61.72 52.411 43.811 45.11 50.76 53.00
VGG&SIFT_RBF 61.14 51.84 1 39.93 1 41.49 48. 60 50. 65
VGG&Gist_RBF 58.92 50.22 40.50 1 40. 49 47.53 49.19
VGG&LBP_RBF 58.08 50.91 40. 14 40.57 47.42 49.27
VGG-16&S. G. I_RBF 68.07 57.83 1 47.98 1 47.121 55.25 57.29
VGG-19&S. G. L_RBF 65. 89 57.521 43.38 1 44.92 52.93 55.32
All Features_RBF 64.70 56.22 42.68 43.33 51.73 54.02
VGG&SIFT_Sigmoid 60. 73 38.01 32.96 48.80 1 45.13 46.25
VGG&Gist _Sigmoid 44.56 32.75 29.44 50.34 1 39.27 37.23
VGG&LBP_Sigmoid 36.97 27.871 0. 00 0. 00 16.21 31.32
VGG-16&S. G. I_Sigmoid 66.36 44.33 37.421 47.28 1 48.85 50. 86
VGG-19&S. G. I_Sigmoid 66. 33 44.22 36.94 1 46.90 1 48. 60 50.76
All Features_Sigmoid 63.27 39. 69 36.92 1 51.19 1 47.77 48.25
VGG&SIFT_ Polynomial 42.99 1 34.98 1 22,111 33.88 33.49 38.42
VGG&Gist_Polynomial 48.34 35.451 25.93 1 34.511 36.06 39.98
VGG&LBP_Polynomial 45.08 1 37.44 27.28 1 37.14 36.73 40. 60
VGG-16&S. G. L_Polynomial 50. 46 37.00 16. 67 35.83 34.99 40.77
VGG-19&S. G. I._Polynomial 53.58 35.94 28.44 1 37.57 38.88 41.41
All Features_Polynomial 50. 43 36.75 22.73 39.00 37.23 41.82
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(1) 331 42.71% 1 ERGS $5brbrit tERER TH, %
GERFIE 5 R BE o 2T AL (8] A7 05 L AME.

(2) bR M REf A A% R U RBF, 5 22 119 2 Poly-
nomial , 3% & fH T84 5t J& MEAE IR 4E 25 8] iP A7 e R i 4
AF 7B, RBE AHXS Polynomial X HFAIE iy 1K 24 2 1]
WSt 38 v A 2 ) S P R AR G 1 PT 3, XoF o e 1 Pk
. 4 T % ek 5 MAP {5 %)% HEF)] . RBF > Linear > Sig-
moid > Polynomial.

(3) VGG-16&S. G. L_RBF F I, HoAr 1K e
3K 57.29% , B IR AL 48 #7 VGG-19&S. G. L_RBF £ 7}
1.97% . A, 4= & 5 AL #il & 1 e OF JE f A, B $hAT
ERGS BB B 5 PR ER R , AR IBUR 1 BE.

(4) Bitk i) ERGS AU Iz by T Bl 35 Polyester #1 J5

100 H M T B MR TR R S HE A 1
Il VGG-19&S.G.L-Linear
90HEE ALL Features-RBF
3 VGG-16&S.G.L-Linear
8O+ VGG-19&S.G.L-RBF
B VGG-16&S.G.L-RBF
701
60
50F
40+
30F
201
10F
0

HERH (%)

Pu Canvas Polyester Nylon
L sivgs
(a) BT AE S5 R 2 [ ER 0T 107 5 2%

3.2.2 EIBRFIXHHER

B T RIERE KM AR AT RS AR RS, 20K
W S A, WP IS J5 0] : (DFE T Bag JEMYIEHS , K Shoes
Frp KR I # ) Bag 25t (“Shoes > Bag”) ; @3 T
Shoes ZRAYIT S, ¥4 Bag S KIRIEH% F| Shoes H1 (“Bag
>Shoes™ ). % & F| Bag 2P A7 PURIAA B ML, T Shoes 28
o LA PR, ORI J8 P58 GRS, K] 3 ik $ Lin-
ear ,Polynomial \RBF #j{ &z Sigmoid Z¢4% pR % )5 , SE BN EE —
R SRR T A SIS IR B AR R
o MR TR TR0 G RETERE. K] 4 ikdE Lin-
ear ,Polynomial . RBF £ Sigmoid Z54% pREN G, SE A5 —2%
WG BB AT Ty 1] i S IR A R W AR 2L A
I3 FOR TR E 2T H S RIARTEVERE. B S 2P T
RUER G S 25 A FATTIE AL B2 Bag 28 (B2 Shoes 28
EARTEERE SRR RBF 58 BT RS, © Bag-Shoes” 36
INIEFRE HE T Bag BdE AL IR 47 1Y ERGS #5251, “ Shoes-
Bag” /R 1EMFE T Shoes Fdi I ZR47 1) ERGS BLTL.

WK 3(a) i 1282 Ja,8 AR AEPERE A 12
Tb, 3 328 T1 R BE 3. 73% , i A )RR B Hod,

PRYEVERE, A 17/24 =70. 83% (1 ERGS 4545 14 B A 42
Th AR Sk oGS Pu b BUAR T PERE AR 3/24
=12. 5% (4 brrERESE Tt

(5) VGG-16 % VGG-19 R PLhRTEVERE , H
Z: SRR Rl 25 2R i A

Shy S R R b B J M 5 TRTRRRAE ) A OC &R L AR
P2 2 2311 2 Ca) s kg i o6 2 4.

(1)VGG16&S. G. L-RBF 7EPUFP#1 i & 1 _E
K Uf. B Nylon #f Jifi, Pu, Canvas ., Polyester = Jg& 1 ik
S g

(2) RBF B (A5 1 Mk B e , Linear K Z. RBF
1% 6 S R b B T I b 5 e P, AR U P RE R F
/NEFF . Pu > Canvas > Polyester > Nylon.

5 B AR R 2R HE 2 i

B VCIonseael s
3 ALL Features*

80 -l VGG*G*
= VGG*S*

100

60 -

HERHE (%)

a0t

20

Bikt  BAME R KUEME T
S
(b) I EAE S R 2 ] R 0T 17 56 7

P2 PG P S R 2 ) P X B DG 2R

VGG-19 2T B3, X £ WK [ Linear B}, VGG-19
FH I VGG-16 1E Bag Shoes Wi 24 [ 9 A7 S0 4~ & 4%
PE”. iT#8 )5, VGG-16&S. G. L PERe & . tnl&l 3 (o) fr
LR A JE L8 RHIEVEREAT $2 0T, P Y SR TR
10.99% ,iE#% 2 S AR T B 3. VGG-16 &7t ie i &,
X B & ] Polynomial #% i, VGG-16 #H I VGG-19 7&
Bag Shoes W 28 £ #f% [0) 41 A7 S 4 “ B B ME”. TR )5,
VGG&LBP PEfigffE:. WK 3 (¢) Fims . 1% ¥~ )5 ,8 4
FREVEREX AR TT PR THIE BE 6. 91% , i: B2 ) &%
Wiz g 2. VGG-19 T B #. T# )5, VGG-16&S. G.
LPERESRAE, HAE T 3 Hog e fias R i 3(d) fr
BT IR L8 HARFE AL S AT REA $2 71, 1T R 2
AARCRA . AR Sigmoid AL AT TA1 5t & HEAR T )
TR 2. L5 b iR 2 2 JEokG U BE 1 4 T B2 [ )Y
#EF) : Polynomial > RBF > Linear > Sigmoid , Polynomial #%
PR A AT 4 M Ja, R RBF %11
VGG-16&S. G. L AL 5 v 1 68 x££, HAF UE F 3k
63. 11% . I AR & 2 J FRE ), it 29/32 =90. 63%
TEPRRYVEREAT BISRTT, IX E— 2D U W] - TR 3 27~ A AE RE
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BF IS N TSR A AR B R S .

e 4 Fros: k¥ e, A fr e se X A T
[ , FoAp Polynomial 4% (14T F&0E B /N, 1 Sigmoid % 1T
R ) MOR e 22 IX R WL AR 2 LA — g 5 —
iL# 7 1] (“ Bag >Shoes™ ) J& , 15 B AR AT 202 1) 5 1Y)

Linear Kernel:“Bag”VS”Bag+Shoes(Canvas,Pu)”

100
I Accuracy of Bags
I Accuracy of All
80
£ 60
=
=
iz 40
20
0
b 2 &= z 5 — = 3
= G} &} &} 3
S 8 % 3 =3 2 3 %
> > g g g €& g =
> 5 & © 3
G ARIE
(a) Linearl% pR%L
RBF Kernel:“Bag”VS”Bag+Shoes(Canvas,Pu)”
100
I Accuracy of Bags
[ Accuracy of All
80
S 60t
=
=
£ 40t
20
0
b 2 £ z 5 — — 3
S & Z & I 9 g =
© © 2 3 2 % % 3
= = I Q &) 3 3 >
6] 1% O 2 2 -
4 > > <) © 2
] o <
> >
PEUGAEAE

(c) RBF#% PR %I

HFUIE R M, Bag R IIEAS DGR AF IR A 7E 44 TR
BRSO AR tAh, AT ERGS FRER Rl 5, 0
TR R FT R I RS I, A G T 2 #R A AN ] A JE 4
Tk X F W] e 9 ERGS 57 ) 552 8 M) F 4Ry Al 18] )
HAME B ARTHRIEERE.

Polynomial Kernel:“Bag”VS”Bag+Shoes(Canvas,Pu)”

100
[ Accuracy of Bags
I Accuracy of All
80
S
= 60
IS
‘LHE 40 -
20+
0
b 2 = z 5 ~ = 3
= G} &} &} 3
> > g g g €& g =
) g = =) O
> Q &} =)
” g =
R G ARRAE
(b) Polynomialt% %L
Sigmoid Kernel:“Bag”VS”Bag+Shoes(Canvas,Pu)”
100
I Accuracy of Bags
I Accuracy of All
80
< 60t
=
=
£ 40
20
0
A 2 & Z & = = 5
. =} G} ] &} 5
e € § ¥ % 3 3 3
> > o 8 g g & =
B &) - —_ .
S > > IS} 0] =
o O <
> >
FEHGURFAE
(d) Sigmoid#% PR%L

3 SCBUER 2 . BB R AE Iy T S AR AR HE R X L

WK S frR AR E RS 2 2 1, “ Bag > Shoes” [
M 53 25 P BE AR T Shoes > Bag” , JUHUZFFAIE H il &
S5, PEREREI™ . 33 16 B : Shoes 28 v 14 79 o b4 5 5k 4
RERCLT Hh % 1] Bag 25 v 4 A4 0. AH 2, Bag FUCHE i) 1
FARK BRI JS  RAIROR A B 2

ZE b N EE 3 4 B S, AT LUK B FEAS T RS AR
TR, AT AL i M K.
3.2.3 MREURESEEILR

SIS — RS B R Ay 1 DA RS 2R
T SR W 1) A 58 T b Yo 5 5040 46 v DU OB O R 2, AR
SRS — K mE B — R M e T S
TP IEL AT LB TR G - OB, PSR A% ( Deci-

sion Tree,DT) K jf 4 ( K-Nearest Neighbor, KNN) % #5
B9 ( Logistic Regression, LR ) , b 2% D1 I # ( Naive
Bayesian,NB) . [ffi #/l. # #& ( Random Forest, RF) ; 2 Boos-
ting AR Y | BA B HE T} 2k SR B4 ( Gradient Boosting Decision
Tree, GBDT) ™' | [ & 7 & F+ ( Adaptive Boosting, Ada-
Boost ) " % ¥t 6 B #2 T} ( eXtreme Gradient Boosting,
XGBoost) ' ; @ ERGS Z54#11"”) GS-DT , GS-KNN . GS-
LR (GS-NB ,GS-RF %, R JEF e #F (1) ERGS BRI TR
fEFA s @IA TAE , Farhadi ™' (1) SVM BEAL x§ F-20
7Y Boosting JSHLAY  Farhadi (1) TAF, 437 45 4 DU Bl 4
TEHEATAL B8 PEAR T , 2 UE # 2 2 PR e B A A 245 4L
6 A SIS R (B 3 (¢) ' Our Model: VGG-
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Linear Kernel:“Shoes”VS”’Bag+Shoes(Canvas,Pu)”

100

[l Accuracy of Shoes
[l Accuracy of All
80
S
)
E 401
20F
0
= 2 £ z & = = 9
S F 8 3 v g2 2 =
&) @) = = _
s > > ©) ©) 2
] ] <
- > >
PEGAREAE
(@) Lineart% pfi%k
100 RBF Kernel:“Shoes”VS”Bag+Shoes(Canvas,Pu)”
I Accuracy of Shoes
B Accuracy of All
80
S 60
=
E 40
20
0
b 2 & z & — = 8
o} <) 7! g = 8 a 3
©] o 3 o ] 3 S S
> > 2 3 3 3 X =
> > T & 3
- @) O <
> >
PEUGURFAE
(c) RBF#% BRI %L

I (%)

Polynomial Kernel:“Shoes”VS”’Bag+Shoes(Canvas,Pu)”

100 I Accuracy of Shoes
[ Accuracy of All
80 |
60
40
20
0
b 2 & z & S = [
! ! z 9 3 9 E]
g 8 % 2 % ¢ 3 3
> > o 2 g 202 4
> ¢ °© =2 2 4
s > > %) 1) o=
] o <
> >
PEGARFIE
(b) Polynomialt% PR
100 Sigmoid Kernel:‘Shoes”VS”Bag+Shoes(Canvas,Pu)”
I Accuracy of Shoes
Bl Accuracy of All
80
60
40+
20
0
e 2 £ oz & = = 3
v v 7 8 4 9 9 E
© °© 2 3 2 % % 3
= > g g g ¢ 2 =
> > T O 3
- &) @) <
> >
PEUGRFAE
(d) Sigmoid#% pF %

4 SCBE 2B . 5B (2) BT I I n MR HEREXT L

I Bag—»Shoes
80| Bl Shoes—m~Bag

< ot
=
&
g 40r
20}
0

5 &2 E = 2 £ =B & 2 2 8

5 9% E ¢ 3z § 39 9 3

© % & 3 2 4 % 5

> x> 0 g g ¢ g =

Oggfi\q

© © 2

. S g =

FURAFAE

K5 ZETRBFESIIER — IR o] SR IR R HE R A LL
16&S. G. L BIFRTETERE:63. 11% ) 5 FEILL ) LK.

7 W, “DT-G” 3R DT BRI EH Gist FFAE 4
AERAL. Xt T ERGS GBI, AT 3 2 Fp 4 0 4 Ak il
B, IFE BT #8 o o 1k RE e AL 45 R Ui~ GS-DT-S. G.
L” /R ERGS JEB A« GS-DT” |, ‘& ik Bt = Ff £ 5 45
fiE S G 1 L A 5 i P RE B . di B 7 AT I, AR S
BRI Tk AR Y, LR A I R A ol R 2R 4R
F1.97%.

3.2.4 HEMEERELER

FETF DCA A2 4 435 AiF ) 0 5 B 2508 S, DA ik
RA B0 52 18 S B PERR . T RAHIE - ks R
PEFHHERE " A E A 6 TR S2Ee4h . VGG = KR
VGG-16 \VGG-19 WFPFRAEIEFT 5 A E A2, S * G
w Lo« FRonf SIFT  Gist Jz LBP =R iE AT ISR 515
SR B R AE L A i 44 R B

K 6(a) (b) R AEAE — 0 8 bR 78 A Xt
JEHEARTE PR 22 R B 6 (¢) (d) BN BRI L%
P T 08 AR i AU X R M AR T A 45 R AR Sexd
Ft Zhang'"”' {9 T4, 7618 6 (¢) (d) H' Zhang 455 54
SCEE A T LR,

WE 6 (a) TR, SIFT 7£ — G J& P45 3 b i Al
DCA 45 5 i R AE 3 3 AN 4, TR R “ VGG = Lox 7 4
fiE, BVEATZ 1R L AMERAR. anEl 6 (b) s, 13248
PERIAIE SOFPATRHE LA 5 , A SRR IE R B 57, 0
HE“VGGIL6 S * G L+ "Rk, FAHN & PEAR K B2
K59, 15% A i IR AR T 2. 85% . W&l 6 (¢) Bz,
TOCIBMERR A B AN, e B A e SR,



%4 SRELHR - 5 Tt 19 20 DX PR 1 9 15 B AT SCAZ i 9 J AR P b 797

CORYENE” S MEUR. AR R AR L BR K VENE” Z 5,
ESARTERPERE S, %45 R 5 6 (o) WA I
IR, ZIUIETEANREAL BEAR4EZ DCA FFAE. Wi 6 (d) P
N FEFE R AR ASTR SOF AT R IR RS 5 BR ™ SR AR
2O e HE MR PERE XA 1T, BoRIRIE T —o0
JE AR, Ferp g R TR R R S R S R 6

00

(=N o«
S (=]
T T

FHIET- IR (%)
B
S

[
(=] (=3
T T

5 OF B 2 2 h oL M Oh N %
QEE&@*&D***B
@ O o v v O 2
Owooo**w
- -
S 2 A
o o A
© o <

> >

PEGRFAIE

(a) F: T U B PSR A AP A R i 2

REEPEEIE)
5 2 = B

[553
O

Dl beow D

(=]

Bkt EAME M KR TEE
S
(c) BEF T B PRSI () JE MV B e i

(b) Wy T2 o0 Jm PR A X i A f) 40 By 3 22
BT MR, 2B LB TEZ A 25, H A B
Jo P ) TR et 2 P 5 S e AR . A
RO i A TR 2 DYl S R 1 9 A T O Wb i,
BT ERREAS ] WO 3B D 58 . T 28 5 s S
WS 5 SR PEAR R RERE— 22 $E Tt

100

HEAE TR (%)
5 2 &

[
(=]
T

(=]

- = - B - =) U U S N N S
5 5 8/ T 07 £ 9 £ & 4 8
2 88@@@@03
o o O ® ¥ &
>
2 2 A
CHENCEENS!
o O <

> >

[EHGARFAIE

(b) FE TG AR R A

(=3
(=

o
(=]

(=N
(=]

JEMEFEMER (%)
s B 3

DIKHE Bt eACHE vkt s
ST
(&) AR PO T A e

Ko AR AR TSGR T L

B 6(b) JErR 19 Ia kS BB RHE ] 19 5C & 0
B 6(b) 7R, Bk VGG = S = &b, HBE Rl & J5 FHIE B bR i
PERERCI M X Uil - Z23d DCA By Z 5, AN [l FRAE 1]
A AR RAR ATE 2 AU, Rl 5 IR A4 B L e
BEAM,VGGL6 = S+ G Lo+ BEARARFEMERE R AL (3 i

2232 %203 2% 3173
% = = - VR CEECENCRNCENC
EREZEZ52R2 340444 3
£ B8 X £z % 25 g
< O QZ»—JZPFO
< 3 [ B B )

O p © OO

o

BRI

P7 AR S R PRI E X L

0,2 AL - X KW - A B B TE A2 4, VEG-16
FROES LA 5. A, VGG * S = FRE RBLAFE
(2 iRl ,3 M es) .-
£i b SCHUR MR A B T 5 R | 410 b 22 e A
BB, FF LA B LSS (HE UL I 1, B 445
Pl PR AT HoAR B A R RS ).

4 HFRRRE

P58 PR A 3 DA ) 3 52 20 1 Ao P 2, HLis
SAFBER FE e EALES L U R A TR
IO FH 5% AR SR £ 0 5T 1 S HL BT 28 1 S e
PRI FEAR G R FRAE R B 2 > FR AR BCSE A L, Bk
#E ERGS BHY DLl A AS [ 4FAE , 58 B o I A .
H, GIAGERS 2% 2 SR, A 3 R U SR 5 42 B A [H)
FRAE B] Y B AR ST S, DA G R T i AR TR o g
bR 8 25 A TR 2T S R . 45 R



798 TR

EE ¢ 2020 4

YR ERGS BIRIGE 78 43 F FH AR o) B MM , DAk A
JJEERREPERE ; L2 S WMk ek TR LA A,
SN S B ) A TR AR TR B T EE S A R AE (]
SRR SO B T4 S s e An ik fi. 28 b AR
SCTAE R AATARAE T — A 2 WAk B9 b1 R 2 R A
2, LABHB S A i O A7 L7, 5 4 1 o\ 0 A
. RO B R PR RN AR R AE R SRR LA AR E
JEATRL B Bl P45 40k Aol & 3 EAE A

KAAUHELT Attention HL‘FEU[B’M] RAEEG P R
%}uiDﬂi FEAROR B BG5S 45 ok H PG-
GAN'™' BigGAN > 465 5 S Fi o w5 Joi 45k 116 0 0 38 5
51 IRGANT R | 2k ke A oF 8 P8 1 Rank 2R
B, AR5 R s PR e

5% 0k

(1] 265 R, 57 6, 6. T Bk 2 M 46 9 R

/mlﬁ/i[ﬂ HL 72741 ,2017,45(3) :619 - 625.
LI Qian-yu,JIANG Jian-guo, QI Mei-bin et al. Face recog-
nition algorithm based on improved deep networks[ J]. Ac-
ta Electronica Sinica,2017,45 (3):619 - 625. (in Chi-
nese)

[2] ZHU X Y,LIU H,LEI Z et al. Large-scale bisample learn-
ing on id versus spot face recognition [ J ]. International
Journal of Computer Vision,2019,127(6 —-7) 684 —700.

(3] FAZEBL, XM, #E e 0, 45, HE T AR RIIEIE RS 2 > (1 4

PREELT ] R B ¥ K 2~ 4k ( A 2R B i) L 2016, 31
(2):22 -26.
ZHOU lJia-qi,LIU Li, CUI Xiao-ping,et al. An image an-
notation method based on similarity transfer learning[ J ].
Journal of ShanDong Normal University ( Natural Sci-
ence) ,2016,31(2) :22 —26. (iin Chinese)

[4] Chen C Y, GRAUMAN K. Inferring analogous attributes

[ A]. Proceedings of the IEEE Conference on Computer

Vision and Pattern Recognition (CVPR) [ C]. Piscataway,

NJ.IEEE,2014.200 -207.

JAYARAMAN D, GRAUMAN K. Zero-shot recognition

with unreliable attributes [ A ]. Proceedings of the Ad-

(5

[

vances in Neural Information Processing Systems ( NIPS)
[ C].New York:Curran Associates,2014. 3464 —3472.
[6] IvE, 2R, B, ikEESE. & T AL =R e A X B i %
FEAREGARELT]. BT 515 B 5 4k,2017,39(7) : 1563
-1570.
QIAO Xue, PENG Chen, DUAN He, ZHANG Yu-yao.
Shared features based relative attributes for zero-shot image
classification [ J |. Journal of Electronics & Information
Technology,2017,39(7) :1563 —1570. (in Chinese)

(7] sk AP, S0 HARR BB KRR [T ]. 724l
2018,44(8) ;1915 - 1923.

ZHANG Feng, ZHONG Bao-jiang. Image retrieval based
on interested objects[ J]. Acta Electronica Sinica,2018,44
(8):1915 - 1923. (in Chinese)

[8] ZHAO B,FENG J,WU X, et al. Memory-augmented attrib-
ute manipulation networks for interactive fashion search
[ A]. Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition (CVPR) [ C]. Piscataway,
NIJ.IEEE,2017. 1520 - 1528.

[9] YU A, GRAUMAN K. Thinking outside the pool; active
training image creation for relative attributes[ A |. Proceed-
ings of the IEEE Conference on Computer Vision and Pat-
tern Recognition ( CVPR) [ C]. Piscataway, NJ: IEEE,
2019.708 - 718.

[10] KOVASHKA A, PARIKH D, GRAUMAN K. Whit-
tleSearch : interactive image search with relative attribute
feedback[ J]. International Journal on Computer Vision,
2015,115(2) ;185 -210.

[11] YU A,GRAUMAN K. Just noticeable differences in visu-
al attributes [ A ]. Proceedings of the IEEE International
Conference on Computer Vision ( ICCV) [ C]. Piscat-
away ,NJ.IEEE,2015. 2416 —2424.

[12] SINGH K K,LEE Y J. End-to-end localization and rank-
ing for relative attributes[ A |. Proceedings of the Europe-
an Conference on Computer Vision ( ECCV) [ C].
Charm , Switzerland ; Springer,2016. 753 —769.

[13] DUBEY A, AGARWAL S. Modeling image virality with
pairwise spatial transformer networks[ A ]. Proceedings of
the 25th ACM International Conference on Multimedia
(MM)[C].New York; ACM,2017. 663 —671.

[14] KRIZHEVSKY A, SUTSKEVER I, HINTON G E. Ima-
geNet classification with deep convolutional neural net-
works[ A]. Proceedings of the Advances in Neural Infor-
mation Processing Systems (NIPS) [ C]. New York; Cur-
ran Associates,2012. 1097 - 1105.

[15] CHANDRA B,GUPTA M. An efficient statistical feature
selection approach for classification of gene expression da-
ta[ J]. Journal of Biomedical Informatics,2011,44 (4) .
529 -535.

[16] Fmetty, phivg 21, B 8. JE T RRE AT R4 B (Y i 1] 7 Ak

Ve S e 2 [T ] AN ELV ORISR PL R 48, 2016,
37(6) :1159 —1163.
WANG Xiao-mei,LIN Xiao-hui, HUANG Xin. Algorithm
of forward feature selection and aggregation of classifiers
based on feature effective range [ J]. Journal of Chinese
Computer Systems,2016,37 (6) ;1159 - 1163. (in Chi-
nese)

[17] SIMONYAN K,ZISSERMAN A. Very Deep Convolutional
Networks for Large-Scale Image Recognition [ OL ]. ht-
tps://arxiv. org/abs/1409. 1556 ,2014,/2019-12-18.



% 4 M TR LT « T Bl A S X PR B 5 B T S 3 i RGP 1 799
[18] HAGHIGHAT M, ABDEL-MOTTALEB M, ALHALABI [23] HAMKER F H. Predictions of a model of spatial attention

[19]

[20]

[21]

(22]

W. Discriminant correlation analysis ; real-time feature lev-
el fusion for multimodal biometric recognition [ J ]. IEEE
Transactions on Information Forensics and Security ,2016,
11(9) :1984 - 1996.

ZHANG H B,QIU D D,WU R Z,et al. Novel framework
for image attribute annotation with gene selection XG-
Boost algorithm and relative attribute model[ J ]. Applied
Soft Computing,2019,80:57 - 79.

L. Geit a3 7 ik LML bt 3 2 7 R,
2012. 151 - 152.

Chen T Q, Guestrin C. XGBoost:a scalable tree boosting
system[ A ]. Proceedings of ACM SIGKDD International
Conference on Knowledge Discovery & Data Mining
(KDD) [ C].New York: ACM,2016. 785 —794.
FARHADI A, ENDRES I, HOIEM D, et al. Describing
objects by their attributes[ A ]. Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition
(CVPR) [ C]. Piscataway,NJ ;. IEEE,2009. 1778 —1785.

EEE T

SKEDM  B5,1979 4F 10 H A4, TIN5 A
AR IR R B 2 e A B A A S R
BERFFEIT I ST ALLOE | B SRR AL B AR
B
E-mail ; zhanghongbin@ whu. edu. ¢n

[24]

[25]

[26]

[27]

using sum-and max-pooling functions [ J ]. Neurocomput-
ing,2018,56(1) :329 —343.

WU L,WANG Y, LI X,et al. Deep attention-based spa-
tially recursive networks for fine-grained visual recogni-
tion[ J]. IEEE Transactions on Cybernetics,2018,49(5) :
1791 - 1802.

KARRAS T,AILA T,LAINE S, et al. Progressive Grow-
ing of Gans for Improved Quality, Stability ,and Variation
[OL]. https://arxiv. org/abs/1710. 10196, 2017/2019-
12-18.

BROCK A, DONAHUE J, SIMONYAN K. Large Scale
Gan Training for High Fidelity Natural Image Synthesis
[OL]. https://arxiv. org/abs/1809. 11096, 2018/2019-
12-18.

WANG J,YU L,ZHANG W, et al. IRGAN:; a minimax
game for unifying generative and discriminative informa-
tion retrieval models[ A ]. In Proceedings of ACM SIGIR
[C].New York:ACM,2017.515 - 524.

TR UIL,1997 fE 4 A4 TG ZEIRN.
IR R 2 A 2 B A L F 5 2R B AT
J7 1l Wlain s~ G R

E-mail ; ziiliangjiang@ 163. com



