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Abstract: The visual features of the state-of-the-art image retrieval methods lack of learning ability , which lead to low
expression ability. And the efficiency of traditional index methods is fairly low for large image database. In view of this, an
image retrieval method based on convolutional neural network and kernel-based supervised Hashing is proposed. Firstly, a
large convolutional neural network is employed to learn the intrinsic implications of training images so as to improve the dis-
tinguish ability and expression ability of visual feature. Secondly , kernel-based supervised Hashing is applied to learn from
the high-dimensional visual feature and map into low-dimensional hamming space and achieve compact Hash codes. Finally,
image retrieval is accomplished in low-dimensional hamming space. Experimental results of ImageNet-1000 and Caltech-256
datasets indicate that the expression ability of visual feature is effectively improved and the image retrieval performance is
substantially boosted compared with the state-of-the-art methods.
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based supervised Hashing

1 2= ¥6:2% ( Text-based Image Retrieval, TBIR ) i% i & J&& b 36T
= P00 Il 14 6 2% ( Content-based Image Retrieval , CBIR ) ,

B I B AR BRI R B RS K, cpr S I G S S S 0 A P 28 32 3.
R R SORN R RIRAET IR g ukmm i n (i o pere (LR 4 S A T 0t

Wk H 1 :2015-06-25 5 {11 H 391:2016-02-29 s SEAT 44 2 55 8¢
SEGTE  EK ERFE LS (No. 60872142, No. 61301232)



158 B *

¥ W 2017 4

[E6 5 1) G20 PR A A 3R 1 /D2 S R T, BRI 1 LA
BNASRIRRE ST XE LA IE N 2R 1) G s

A B R R B N AR RS R R, AR R R
A XA PE R VR A BRI , Hinton 45252 351 D4 R i 2
>IN FH T G A BRI v Sy £ BT In A A8 R R
TEFRAE T3 L. Tang %57 8¢ DBN 45— )2 R AR sk
T , [ I A1 P HUE 5 [ MR 350k 4 sy DB i HE R il o) g
PG PETE. Lee 251 #7145 BUA B B {5 9 45 ( Conv-
olutional Deep Belief Network , CDBN) , ] F§ CDBN g
RFRTERY AR EIG b2 28 500 3 B R AiE 6 78 . Huang
5 fE CDBN PSR E 3 7 R 6 B sz IR Bl /R 25 8
#IL ( Local Convolutional Restricted Boltzmann Machines,
LCRBM ) #5871 | 2 5% 780 ) FH X6 52 288 (1) 6 A 45 4 2 =
AiE, 28 N R BT 55 v AR 6 4 280 He 2570
T AE TR 22 M 2% ( Convolutional Neural Network , CNN)
T E &R E A SPP( Spatial Pyramid Pooling)
JZ  HHN AR KNEUG AT 5 20 55 A2 i 2 R FRHALE.
(EJ2 TR 2 > A i) PR R ik 4 B e, A 7 4 0K
MET) R, Y GBI I R I, 5 R R A% 58 11 B i 408
H R 75 (U0 R-tree™ | KD-tree" ™ 25 ) HE47 4 R 23
2R T SRR R, ME LLGE T R A B

R LB A o A PR B AT A UG R BF
FKERHE T 5 5 ir 4548 & K 1% ( Approximate Nearest
Neighbor, ANN) . JH:Hr 5y i 5 AR 2 fifk o 10T D dc 3 <R A
F IR 3 9 7 1%, L EARR R TG A bR BIO7 4 5 4
PR A I S 380 I 24 225 [i) v, ] B k1 745 J52 22 ] o B8
ECAT 1 e S 3 I 24 2 ) i AT DR A 500 1 B . L A
FNE A J7 15, 0 4 07 B U 75 (Locality Sensitive
Hashing, LSH) K HC ot ik 395" A1) FH Bl AL e 6 44
WA BRER, O T DR TE 38 v 1 T A 23 A K A
Aty AEL Bl 8 A i 1 3K, AR AR 1 e A i I S
) [ 15 A W M 238 25 1 A0 /D, T BUBIR Y 4 [l 8.
LSH R ool 91 g s oy 8 i o8 B0 2 5 08 G
ORI AR BT AT T %ok Gy 45 4 B0 e s A 3 A
BB A R EAR I TS . Yair R T
T Ay /712 (Spectral Hashing, SH) , B 55 % Al UL I&] #9 $ii
7 S0 R 2 AR AL (L N R AR ) i R AT 40 A, R 2o T T
R 25 AT 5 T G AR ALE 1) i s ) [ R0 2% A6 DAy i 38 it S

1@227x227 96@55x 55

fnu}/\lgH%l BB TEREE S, B, TR
B1 FTEGRERERN SRS M %4 E

96@27x27 256@27x27 256@13x13

IR [ 7 5 A ) RO AT SR Mg L 2 TR OB B A B A=
ICE G| FEBE AL ™ A e A oK B0 5 38 B B e 1 HE A R
TC B 17 201 A 7 B EMR I S B AR
LR 1) T K 2R 45 R I8 UL L, i, Wang 2517
FUG 3E SRR PRV o W B 5 8, 38 i 1 2 W B i A
751 ( Semi-Supervised Hashing, SSH) . 7F 2} 5 B =2 3] Jy
DA R AT T — S B A A
A W A 7 R HE T AR A Dy v RS B B R 10 ME
B H AR FR N 52 2% N ABCRAR A ), i
7 PR T AR R A R .

25 LTI, kS BRSNS R ARG R, AR S
P B — P TS R R 28 I 2 TN W B A G A I LR R
i B, B AR E M XN ZR G727 2T, F
FH AR IR P 265 235 g I o 2 20 15 38 UG B0 80 1) v B 3=
N AR BCEA TR X PR R IA RE ) R IR FRIE s R S
5 AW %S % )51 (Kernel-Based Supervised Hashing,
KSH ) 38 5 X 2 A AN ] 43 £ 408 1) 43 3% 7, [ g ) o A
i Y FR DU B B 1) 45 A 06 R B S N A 0
H AR R, I 45 5 I 25 R B9 AR 145 8 0T v ZE 1R
FRESEAT W 7 2] O AE R B At s ieJs , AT E
YIZRGF I e Ay R BSOS 3 R R 51, 58 BUXT AR &1 15
LG IS T
2 EFEWMERETSEREESNEE

R

2.1 ETHERMEMEZNEGRBEFERI

LR PR 25 W 26" ( Convolutional Neural Network ,
CNN) 25— FIE I 2R 2 12 25 25 16 1) 2% 2] 55
25, IRz W T i R n il 8 B A ST R R Y IR
JEERAE TS 1 CNN B A JEARL 4 P4 1 S 3 e
DI AR R 26 A 15 ST R A i B A [m) 1 )28,
JE I — A BT U A 25 AR IBUR B e 7 RN 4 i B
A AL B FRAE. T T PR HOEMRBR 2 R AE 1 45 R
MR L5k e 1 R

AT R 25 1 g A RMR R /N Ry 227 x 227, 4 i
4096 x 1 Y ENR IR R L, — 435 5 M ERUZ 3 4
TRAEIZ B2, i — 2R« Sl g
HR KT, BN S RE AL mifig (- ) &

384@13x13 384@13x13  256@13x13 256@6x6

i

4096 x1

s, BB C, BB C, BB C, TR S, Ak



o1 M T[N « 5T B U 22 00 248 R B A% e i 9 PR AR R 1 159

X — 2Ry BT
v’ = g( YK, ®x'" +b) (1)
ieM,

Hopy " R LAERZ C v, @ IREEREE,
b, AR, BB K, T 51— 21— 5 2 A
e TR M, RS ARHERI RS W I AEZ
BRHCH g(x) =tanh(x) Fl g(x) = (1 +e ™) ' 5 Lk
FEL M R B LL g (v) = max (0, ) BEA B4R & Il 2L
R G RR A AREAE B KN by
h,_, +2 xp, -z
h, = /\—l +1 (2)
Hr b, R L= 1 JZFHEEI KN 2, FRoREE 126
BN, A, BB A, p, FR7m 8 s F X
i — 2R E B G E M F 5 X B, % )2 B B R/
Z=Az=11,2,=52,=2,=2,=3} ,BaiEK A=1{A, =
40, =25 = A, = Ay = L REEGA AN EINEL P = {p,
=0’P2 22’/)3 =P4s =Ps5 = 1 } E%%ﬁ%,i@([ 19} it
FERBIART AL 58 1) IO B R AE i F 3 B SR AR AN Y
REPE = R 0 VB 1, 38 w] RAB)T 1k I 2R B B s 305 42
B PRI, 336 FER i 28 SRAE X A T A T e KA
KA CRAEIX IR 3 x3 R R 2 MERK.
A B 2 N 45 1) I 25 3 2253 1T 1) 4546 RS 1) 4% 7
PP B
(1) Rif ) 7 4% B Bt MU ZRFE AR Hp e B — AN R AR
(X,Y,) X i A\ JZ 2B B8 4835 B 3 2, 3T 5
JOF ) S o i S
0,=F, (- (F,(F (XW'" )W) )W) (3)
(2) Ja &4k By B, R iR 22 AL 6 o Be. 1 F 58 S5 bR
Hith O, XN AR Y, iR 2E
B =y Y, -0, (4)
W22 E, S 2 5 AT B4 2 1R 22, JF 4 i
AR 7 VTR B 26T, 0% E<e b, 52
BOZA I AAEA I 5. 25 P A R 256 U |, #
15 i A\ A R 22 0 2% v T 5 8000 02 8 e ok 4% 1> Y
2RI e o BV AT 75 3] R B9 TR R R
2.2 ETHEZBREHNEGKEER
RS SER Ay bR RO M T G ) 4E B X =
{2, 0, ) CRY WS HES A RE R - R —
RFEEMG A5 BRAC AR 1, = 1O b i R 301 7 Bk
5P A B A i, M Ay BRI AN

S = 3 ka0, - b (5)
1 x) >0
H) =smio) <[ T ®)

:/H\:I:P ’[lj ER ,b ER ’x(l) ,'” ’x(,,)%y\x EP%*)’L&H‘XE’J m

AFEAR O T S BLDREE Ay WEST , m /N T n R
W A5 BRI B () B T 1 AR A U 1] 2 [ 5 o A4 25 [
FRIARALL— SRS, i O PRI A= B A e A 2 2 A8 1, B

WA R h (o) B2 Y (%) = 0, WHRE b =
LSS ke e, b BOEARAS(S) T

flx) = i(K(x(j) ) —%Z‘K(x(/.),x))aj

=a'k(x) (7)
Hop,a=[a,,a,]" k:R">R" EBS 0
E=[K<x(1),x) _Mlvl"’K(x(m)yx> _Mm]T (8)

B, = Y (o on) ALEABUEH 5], 1658

We A 7 VA ZR AR i e i LIRS B m ZEn]
i OISR AL B A B ) DA R A R A ER, A
SCR PN ZRECE B AR S PR (5 2 HEAT B 27 ) 1531 R 8
6] 4 @, ¥4 38 5 HCHE RH G A IS A SR AR
SEMR A AR r T E r A i ey, a, 1
PO T B 4 = |y () = sgn(a'R(x)) ke [1,r]]. ¥
GRIER A BR A5 L r] i i R 0 18 SORH S0 2 [R] B
B4R lable (x,, %) =1 IR EMR «,,x, AR ; 2
Z lable(x; ,x;) = =1 fEREMG v, ,x, ZRABK. Nk
PREEEIGREE x, = 1oy, POCR Z MM E R R, 2
B RRE S R
{1, lable(x,,x;) =1

sij:

-1, lable(x,,x;) = -1 (9)
0, otherwise
Hrpr lable(x,,x,) =1,8,=1,8, =0 F/REUR x,,x, Z[H]
AL PE AN B 2 . S 3 S A 5 1Y X 43 BB ), AR 7RI
B2 (] v R v 280 A IR P15 22 T A R RL e, g il
UG x, e, BOTUIRE S D, (v, o0 ) B A
0, §,=1
D,I(xi,xj) = {r, 5= -1 (10)
TR B 158 8 SO 2052 A%, AR e 1 42 0
HEATPEAL , PR AR SO T 1) B N BRSBTS e A i 2
[E] A PR IC R » IS AN code, (x) = [hy (x) -+,
h() T e 11, —11 " UBHR =, v, BB D(x,.x)
D(x;,x,) =code,(x,) * code,(x;)
= | {klh,(x,) =h,(x,) JA<k<rl|
= [ {klh,(x,) #h,(x,) 1<k<r| |
=r=2|{klh,(x,) #h,(x;) 1 <k<r| |
=r—2Dh(xi,xj) (11)

©  TEMZRR B — 17 AR 07 HuA , 75X Bl A7 08 Aiv 2 T8 475 2
07,



160 ST S 2017 4F
2 (1) W] T S04 7 B ) B2 5 0 B3 RIS

=
4%&EQ,HD(%,%) € [ _r’r:l ,XULD(%,,%)UEIQHSE%
1

. D(x,,x; .
a5, = PN o e e s =
H H) 5 W8 S S BB R/, o SCERR R
min [ = %HIH'I"—S (12)

Hoop, |l - [ 3 7% 5k B Frobenius 5 %, H, =
code, (x,)

]e T, = 1E b s BERAE X, WA A i
code, (%)

W B sgn (- ) HETBIRERE A RIE AKX (T) L H, W3R
N'E

hy(x,) = h(x))
H1_|: cee cee cee ]—Sgn(KlA> (13)

h(x,) - h(x,)
:/H\:EP ,T{[ = [];(x])’”.’ic(xl) ]T ERIX/”’A = [al ’”.9ar]
eR"™ K H ARA(12) 15

Lsan(KA) Gsen(KA)) " =5

2

min  I'(A) =
AcR™

F

(14)
= min || 3 sen(Ka) Gsen(Ka)) " -],

(15)
5 BRE AL, HARREL T(A) 1853 R TR , %)
ZHA BRI E W BUETE =k %], C I i e,
"',a:,la %gfﬁ%‘ a;;,ﬁij(%ﬁﬁ R/(,1 =S -

k-1

D, sen(Ka,) (sgn(Ka )", it Ry =S, WAl i i

t=1

AL MEA (15) BAAG R a, .
|sgn(K,a,) (sgn(Ka,))" =R, I}
= ((sgn(Ka,)) 'sgn(Ka,))” -
2(sgn(K[ak))TR,“ngn(Klak) +tr(Ri—l)
= -2(sgn(Ka,))'R,_sen(Ka,) +* +tr(R;_))
= -2(sgn(K,a,))'R,_sen(K,a,) + const
(16)
RO, AT LIS 3 SR Y H bR R
da,) = - (sgn(Ka,))'R, sen(Ka,) (17)
o1 T H AR R ECH Y sgn (o) BEEETR 9 (a,) A&
22,11 H 9 (a,) WA IE ™ SR AL ARME B X 9 (a,) J/)
0, SCHRL21 JWF5E R, 1wl > 6 I, LR @ (x) =
2/(1+exp( —x)) — 1 REARGFHL I ABL sgn (x). PRI, 4
ORI @ () Btk sgn () , 75 EE WL H AR eREL 9 (a,)
B(ak) = _(Go(Kzak))TRk-lﬁp(K/ak) (18)
AR R R 9 (a,) F/MEL R D (a,) KT a,

Vd(a,) = -K ((R,_b)O(1-bOb)) (19)
Hp,b=¢p(Ka,) e R',1=[1,-,1]eR’', OFxR
Hadamard NBLGEH. LA BG 19 O AN %L, TG
PR R R R, 0 T I 9 B, A ORI B
A R B T 5 R AR BRI EA M @), PR SOk 22 ] o
() J5 5 A B S R

A WA ) AR B 1) i R A a 5, B AT AR NG A
PRI = FING Ay 32 H ) 25 08) MG I R 2 RRAE R 17 06 A
WL 153 code, (x,) ,TTHE code, (x,) 5 Ay 3R H HIG Ay
T ) B g, R [ P B 4500 1 MR A A R R 45

3 ZRERSMHRESH

3.1 ZWigESMHREITM
A HAE ImageNet-lOOO:m I Caltech-256"* [/ 14 4
XA AT TG, TmageNet-1000 [ {245 J2 Tm-
ageNet [EIR 4 19 — 4> 74, & R R g 31 ) 52 7%
(Large Scale Visual Recognition Challenge, LSVRC) f) 1
K 4, (3 & 1000 A 26 51 231 120 J7 5K & 1%
Caltech-256 R4 & H bn 70 84T 55 i B %, &
T 256 NI 30608 5K EIfG, e rpr A28 5] v & b
£35 80 s ENMR. SC I M F E N7l 6G 1Y GPU X
44 GTX Titan £l Intel Xeon CPU, NAFH 16G 1R 55 %
F g AG R PERETR bR I T 24 A fE 3R {H (Mean Average
Precision , MAP) 185 4% ( Recall ) , H5E XANF .
, A R
MAP = gﬁ@]%gi?ﬁgi@@&% x100% (20)
HLER = mi?ﬁ%;ﬁ%ég{% x 100% (21)
3.2 LREREHW
I W B A G A U 1 (TR AR KSH) K 2% M RE Y AR
FEPE 5 Y AT Y — 28 JE S Ay J7 i 7E ImageNet-1000
KI5 4 E AT T 9050 He A, f4% LSH'™ (Locality Sensi-
tive Hashing) . SKLSH'”' (LSH with Shift-Invariant Ker-
nels) .SH"'®' (Spetral Hashing) .DSH"*’ ( Density Sensitive
Hashing) ., PCA-ITQ"”"’ ( Iterative Quantization of PCA) |
BRE " ( Binary Reconstructive Embedding ) 28 )5 1. 5236
T Y5 M ImageNet-1000 IR A BEALLEHC S0 28, Ffxhix
50 ZREMER LI GIST HF1E; SR J5 , B> 28 rh Bl AL 128 X
1000 5K R B FHAE (211 50000 7K R AFAE ) 1F Sy
BNZEna A R B VI 252, AR RRAE S A i T 0
Gl A Ay O AT R R, AT B L g 25 R an 1A 2
Ji7R.
M 2 e LUt B IS A B L% r B3, 2%
iy MAP (A T e, SR, 24 r 33— & H ),
MAP {F 35 i (B0 2 7 28 /)N TR RN XS BE 25 W A T




o1 M T[N « 5T B U 22 00 248 R B A% e i 9 PR AR R 1 161

—a— KSH
—e—BRE
—4—PCA-ITQ
—v—PCA-RR
—e— DSH
—<—SH

—»— SKLSH
—e—LSH

1 1 1 1 1 1
8 16 32 64 128 256 512
Hash Bits

&2 7F ImageNet -100 545 % I EGAG R MAP {E

) B A 2 MAP 0] A1, >R A SC 55 (KSH) 3R 74
R HE F Wy A B eE, X = o T B
W 75 7 v (1 LSH, SH, DSH, PCA-ITQ &) 1 5 B iy
A J7 1 BRE BA AR G-t ) F MG 0 A JEAL 3 5 Ay
PR, T SR AR RIS 5 11 KSH 5] AR pR 50K 15 VA A
BRI SR T X 2t AN T 3 B5HE 1Y) 4 BERE T, IR B 45
T EMR AR A X e A R B AT N 25, A R
B A T & T B A R R RE.

SEIG NOKs KSH 55 Y 1 5= 004 A J7 78 A 7 sR 0
SRETHFEEAT T b, AR &L 3 FrR. N 3 HhAs
MEFR R 0 W= W A T v ) B R] I AR 2 B B A
Tk T W WG A O TR AR S A AR B TR R AE 1)
7 B OB S Ak E AR, T W A A O R DL R R
SORARE BAEAIEEE RS, K B R 2%, M L
JC B W A 7 T B 8] B K. X BL W A A O ik
KSH il BRE (# Il 2kt () FF 45 1T LA 24 065 7 50740
B/ if, BRE A E KSH I 2R (8145, 1 Bl 4 4 A i 4K
FERT I, BRE YN ZRbsf () Pk 3 K, (115 BRE Y1 25} a] 3
eI KSH. thF KSH DUz /IMb AR oL 5 1) 6 7 B I
PSR (] i 75 AN A R P10 1) s i R 0L S B 36 3] e
KAEN B A5 o B, R G 7 5 P B 5 10 B B s 1) 4
P& 2N H AR RECEAT IR AL, 51 A SRR RIL Ik B T
R I S R, A1 EE BRE fe /N g A 1) B A4 12 22
YEA AL B bR, KSH -0t i 75 50 7 2.

10000

—a—KSH
—e—BRE
—4—PCA-ITQ
—v—PCA-RR
—e—DSH
—<«—SH

—»— SKLSH
—e—LSH

8 1‘6 3‘2 64 1‘28 2‘56 Si2
Hash Bits
3 YIRS ] B A B 45 7 b 25
Sy B8 R o B 2 ) 24 A MW A A 1) RS A
RITE(fRiFR CNN + KSH) B4 3¢ , 7F TmageNet-1000

PR AR AN S8 01 Hh BB I 500 5K KR I RRAEAE Sy e
BN ZEna i ok B I SR, A R AR S A 3 4513k
Tt 858 10 NER 1 HPORHER Y, 2T CNN $2HUE
JEFFEHATRL R 1Y MAP (i T 42 ) GIST FRAE#E4T
Kz 2 ) MAP {855t 10% LA L, BB A H CNN $2HC 1]
PQURZFAE 2 A B3R Y Do FL RGN RE ). ik 2 R
GIST FRIEFR UL SR E , AN HA B F22¢ 2T BeJ7, i fift
MG SR RE S 2 B, T CNN BB A7 K g b B 4K B
ARSI R AT e AE 4 B, iy LR 22 1) 9 2% 45 4y
REA RO 248 R N FE B2 & OC R, M0 1 R AE iy R
Fikfe Sy, Horp, CNN + KSH [ 7E £ 46 R i [E] o 1. 843
x107" S, 5HE E R LM M, 1 MAP {Hik 5] T
38.57% Ky P RE WY W vd T B Ok, R A S i
TE B REE T BAT B i 38 A
F1 FREFENEGKEER MAP E1 REF BT EE (64bits)

MAP | Time MAP | Time
(%) | x107%s (%) | x107*s

GIST+LSH |17.73 | 1.351 CNN +LSH |32.27 | 1.417

GIST + SKLSH | 17.12 | 1.384 | CNN +SKLSH | 34.05 | 1.406

GIST + SH 15.64 | 134.2 CNN +SH 32.16 | 131.4

GIST +DSH | 23.21 | 1.411 CNN +DSH |34.51 | 1.452

GIST + PCA-RR | 22.44 | 2.154 |CNN +PCA-RR | 35.34 | 2.088

GIST + PCA-ITQ| 23.35 | 1.943 |CNN +PCA-ITQ| 35.91 | 1.987

GIST + BRE | 22.51 | 1.897 CNN +BRE |34.85 | 1.912

GIST +KSH | 25.07 | 1.905 CNN +KSH | 38.57 | 1.843

g — 2 WE CNN + KSH 45 %M, X AE Caltech-
256 EG 4 FbAT TS5, 530k 13 ] iy LSH Jy
e, 3CHR25 ] TP iy SKLSH J5 i, SCHR [ 16 ] i SH Jr
25, 3CHR26 ] iy DSH 73, SCHR [ 27 ] 1 i) PCA-ITQ
F1 PCA-RR J73k DL B SCHR[ 28 | i) BRE J7 75 #E4 T 55 5%
XFEE. B4, M C I 2R 47 19 CNN X Caltech-256 &4
EPTA S HR I 4096 4k BUS TR JZRHE s SR 5 , NREAS28
HBEHLIE I 80 5K 4 (21 20480 5K %) 1Y ¥R J2 4
TEAE Sy W B U 25 0 A bR B I 2 4R, LA IR AE Sl
IR, 19 2045 07 1k K5 K % MAP 14k 5 Precision-Re-
call £ AN 4 (& S k.

ST ELIE 4 5 AT, CNN + KSH 75 28K B A 75 44
5 MAP {355 Hw E 307k, i ELAE ORI A R 25 o
RIYZAF T ,CNN + KSH Rk 3 Fb H & 07 i i i A 4
K[ 13,16,25 ~ 28 | H i 7 VAR 2 0 AR B L GIST
FHIEIG S I AR T EMERES], BR GIST FHEiH £
RE £ 7515 Gabor JEIE 2L FURIE N G138 T 42 R4
FAIZS [E] 1T SO B, HUZ GIST RRAEAL B2 45k HELRE | 1
HEeZ [ 2208807, IR T HERFRARE ), Hax e



162 i, F

¥ W 2017 4

0.6

0.4

MAP

—s— CNN+KSH
—e—BRE
——PCA-ITQ
—v—PCA-RR
—e—DSH
—<—SH

—— SKLSH
—e—LSH

0.2

8 16 32 64 128 256 512
Hash Bits

4 1£ Caltech —256 %54l I BG4 K MAP{H

precision

recall @ 32bits
5 {F Caltech-256 £ i I Precision-Recallffi £k

SCHR PP ARG 7y 7 i 25 SR AT 45 6 Rl J A T s
PR, B AR 3R F USR8 UE S S B MR AG
FRYERERLAR , X LATE LT AR 546,58 ; CNN + KSH J7
A ImageNet-1000 [E[{R 4%+ CNN #4711 25, K22 1Y

YIZREIG AT CNN BB HON 2k LS4y, RE A 3842
P RN TER S R AR ARSI T RFIE Y R SR A e
1117 L KSH I L AR (A5 500 e A R B4 B
k., TR SRFH TR S AR BE T R I e S A, A
CNN + KSH It F 5 fif T 9 75 3. SERE Rk 743
J71% (CNN + KSH) 7£ Caltech-256 KR 4E |- iR R MEREN]
BILTHETE

4 Zig

ARICHR M T —FhJE 15 AR 2 o0 246 00 i A s A
RIG A R 7 5. 5, B 0 AL G TR BRI 2 A g
28 IR AN 5 S TR A 5| N A B 8 N 4 32 T2 X
SRR AT 2 2, B JH AR 9 199 265 235 4 A 282 4 )1
KRNI NTERR & AR, 14 2 BB 1 i B 6
B T EUSAFE A X P P IR BB JT 5 SR 5, BT BF

A 7 6 A s IR T s A G R0 A R 1 R A 1)
T, RS R AR DL A S 42 7 5 A 280 H s bR
B BRSO R AT A B, ST X R AR B R B 1) 5
BRI 25 SR RO IE T A 3C7 3 1 R 3 A R
PERED T 24 BT 320 7 ¥ ey o b 2 AR 28 0 2% 1) 31
IR BE AR 1k B U LG AS S — 2 B
FET5 1. AT, QAR S ROM) B B B R A
B BRI A R A2 2 A 24 R AR i DR 4 ) A

£ & 30k

[1] Oliva A, Torralba A. Modeling the shape of the scene a ho-
listic representation of the spatial envelope [ J]. Internation-
al Journal in Computer Vision,2001,42(3) 145 - 175.

[2] Lowe D. Distinctive image features from scale-invariant
keypoints [ J]. Int J Comput Vis,2004,60(2) :91 - 110.

[3] Bay H,Ess A, Tuytelaars T, et al. Speeded-up robust fea-
tures [ J]. Computer Vision and Image Understanding,
2008,110(3) ;346 —359.

[4] Hinton G E, Osindero S, The Y. A fast learning algorithm
for deep belief nets[ J]. Neural Computation,2006,18(7) :
1527 - 1539.

[5] Bengio Y,Lamblin P, Popovici D,et al. Greedy layer-wise
training of deep networks[ A |. Proceedings of Advances in
Neural Information Processing Systems [ C]. Vancouver,
Canada; ACM,2007. 154 - 156.

[6] Hinton G E. To recognize shapes, first learn to generate im-
ages[J]. Progress in Brain Research,2007,165 (6) ;539
—-547.

[7] Tang Yi-chuan,Eliasmith C. Deep networks for robust vis-
ual recognition [ A ]. Proceedings of the 27th International
Conference on Machine Learning[ C]. Haifa, Israel; ACM,
2010. 1055 - 1062.

[8] Lee H, Grosse R, Ranganath R, et al. Convolutional deep
belief networks for scalable unsupervised learning of hierar-
chical representations[ A ]. Proceedings of the 26th Interna-
tional Conference on Machine Learning [ C]. New York:
ACM,2009. 609 -616.

[9] Huang G B,Lee H,Learned-Miller E. Learning hierarchical
representations for face verification with convolutional deep
belief networks [ A ]. Proceedings of IEEE Conference on
Computer Vision and Pattern Recognition[ C ]. Providence,
USAIEEE,2012. 2518 -2525.

[10] Kaiming He, Xiangyu Zhang, Shaoging Ren, et al. Spatial
pyramid pooling in deep convolutional networks for visual
recognition [ J ]. IEEE Transactions on Pattern Analysis
and Machine Intelligence ,2015,37(9) :1904 - 1916.

[11] Gong Jun. A new implementation mechanics of database

for integrating R-tree and levels of detail[ A ]. Proceedings



%

14 T[N « 5T B U 22 00 248 R B A% e i 9 PR AR R 1 163

(12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

(23]

of International Conference on Audio Language and Image
Processing[ C]. Shanghai, China; IEEE,2010. 484 —488.
Liu Qiang, Huang Hao, Wang Yongmin, et al. The KD-
tree-based nearest-neighbor search algorithm in GRID in-
terpolation | A ]. Proceedings of International Conference
on Image Analysis and Signal Processing[ C]. Hangzhou,
China:IEEE,2012.1 -6.

Indyk P, Motwani R. Approximate nearest neighbors: to-
wards removing the curse of dimensionality[ A ]. Proceed-
ings of the Symposium on Theory of Computing [ C ].
Dallas, Texas, USA : ACM, 1998. 604 - 613.

Brian Kulis, Kristen Grauman. Kernelized locality-sensi-
tive Hashing[ J]. IEEE Transactions on Pattern Analysis
and Machine Intelligence,2012,34(6) :1092 - 1104.
Datar M, Immorlica N, Indyk P, et al. Locality sensitive
hashing scheme based on p-stable distributions [ A ]. Pro-
ceedings of the ACM Symposium on Computational Ge-
ometry[ C]. New York,USA:ACM,2004.253 -262.
Yair Weiss, Antonio Torralba, Rob Fergus. Spectral Has-
hing[ A ]. Proceedings of Neural Information Processing
Systems [ C |]. Vancouver, Canada; ACM, 2008. 1753
-1760.

Wang J, Kumar S, Chang SF. Semi-supervised Hashing
for large scale search[J]. IEEE Transactions on Pattern
Analysis and Machine Intelligence,2012,34 (12,2393
—2406.

Fukushima K. Neocognitron: a self-organizing neural net-
work model for a mechanism of pattern recognition unaf-
fected by shift in position [ J ]. Biological Cybernetics,
1980,36(4) :193 -202.

Alex Krizhevsky,Ilya Sutskever, Geoffrey E Hinton. Ima-
geNet classification with deep convolutional neural net-
works [ A] Proceedings of Advances in Neural Informa-
tion Processing Systems[ C |. Lake Tahoe, Nevada, USA .
ACM,2012.1106 - 1114.

Nair V, Hinton G E. Rectified linear units improve re-
stricted boltzmann machines| A ]. Proceedings of Interna-
tional Conference on Machine Learning[ C |. Haifa, Isra-
el: ACM,2010. 807 - 814.

Wei Liu, Jun Wang, Rongrong Ji, et al. Supervised Has-
hing with kernels[ A ]. Proceedings of IEEE Conference
on Computer Vision and Pattern Recognition[ C ]. Provi-
dence, USA ;. IEEE,2012. 2074 - 2081.

Nesterov Y. Introductory Lectures on Convex Optimiza-
tion; A Basic Course [ M |. Kluwer Academic
Publishers,2003.

Jia Deng, Wei Dong, Richard Socher, et al. ImageNet: a
large-scale hierarchical image database | A ]. Proceedings

of Computer Vision and Pattern Recognition[ C]. Miami,

[24]

[25

[

[26]

[27]

[28]

Florida, USA :IEEE,2009. 248 —255.

Li F F, Fergus R, Perona P. Learning generative visual
models from few training examples: an incremental
Bayesian approach tested on 101 object categories[J].
Computer Vision and Image Understanding, 2007, 106
(1) :59 -70.

Raginsky M, Lazebnik S. Locality sensitive binary codes
from shift-invariant kernels [ A ]. Proceedings of Neural
Information Processing System [ C]. New York, USA:
ACM,2009. 1509 - 1517.

Zhongming Jin, Cheng Li, Yue Lin, et al. Density sensitive
Hashing[ J]. IEEE Transactions on Cybernetics,2014,44
(8):1362 —1371.

Yunchao Gong, Svetlana Lazebnik, Albert Gordo,et al. It-
erative quantization: A procrustean approach to learning
binary codes for large-scale image retrieval [ J ]. IEEE
Transactions on Pattern Analysis and Machine Intelli-
gence,2013,35(12) :2916 —2929.

Kulis B, Darrell T. Learning to hash with binary recon-
structive embeddings[ A ]. Proceedings of Neural Informa-
tion Processing System [ C ]. Vancouver, Canada; ACM,
2009. 1042 - 1050.

EEET

WZEN 55,1991 422 T BT 1. 2013
AR TR AR B TR R BN RS
BIRKAW A, RN E RS
AETRT5 AT
E-mail ; keshengcai0705@ 163. com

BKE 55,1988 4F 1 H AR T4 A O
1. 2016 4By T A i 2547 6 AR R 2 3R 1 1
SA0L, DU BCE TR £ U, 2228 I S35 ]
BB B A T3 TR R
E-mail ; zhaoyongwei369@ 163. com

EWB(EEMEE)  5,1970 4 T WM& MG HTT. #8 H+
Az 0, 1998 AFRHE ) T [ B RLRCOR 2 AR 2. IR R (s B T
FERFH L. EENFE ARG BALH 5 T
E-mail ; Ibclm@ 163. com

HRIB 55,1978 AEA T WAL 4G B M T 2008 AF 5l T A il A
F B TRER AR A 00, BUA T TR 2 B /) 8% T Ak
F R AL B Ty TR Y.



