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An image retrieval method based on a convolutional
neural network and hash coding

GONG Zhenting'*, CHEN Guangxi'”®, REN Xiali'*, CAO Jianshou'
(1.School of Computer and Information Security, Guilin University of Electronic Technology, Guilin 541004, China; 2. Guangxi Colle-
ges and Universities Key Laboratory of Intelligent Processing of Computer Images and Graphics, Guilin 541004, China)

Abstract; For image retrieval, traditional retrieval methods based on artificial features are not effective enough.
Hence, we propose an image retrieval method, which combines a convolutional neural network and previous state-
of-the-art hash coding strategies. In view of the great progress that convolutional neural networks have made in a
large number of computer vision tasks in recent years, this method first uses the model " VGGNet-D" pre-trained on
the ILSVRC's dataset to extract the convolutional features from experimental image datasets to get the deep repre-
sentations of images, then adopts previous state-of-the-art hash coding strategies to encode the deep representations
to obtain the binary codes, and, finally, performs a quick image retrieval. The experimental results on the common-
ly used Caltech101 and Caltech256 datasets show that this method’s five strategies, compared with the previous
state-of-the-art image retrieval strategies, can obtain better, indeed excellent, performance in both the " Precision-
Recall" and "mean Average Precision-Number of bits" metrics, proving the effectiveness of the proposed method in
image retrieval.
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PRI LA 244 T A A PR AG R E 5T o A ZE I
7 HHEAR KRR R AN AR SR Z R AT IR
s R Yo TR e S e X (N
T2 AT AR SRR AE 2 3R MR A T X
N TAFHER RS AG R IT I PERE— B ARG,

IXBEPR ORI T N TR RERIARAXERT, ML g
SR MR RIS B, AT LA P 38 1Y
PRl TREE S IE LR 2 KRR — A 3, H
SHLTE T -G HEAT 5317 25 21 1 28 1 245
M3 2H A2 R R U Tl R 64 1 2 AR, B
NI BRI R i B, An P A AR5 ISR
UTELAE AR B T M

LM 25 X 4% ( convolutional neural network ,
CNN) J& N T2 R 45 1 —Fh, il T8 RAUE L 52 45
R A A: Wy e 28 0 2 BE AL, mT ATl AU A 8, A
11T AR PO 246 R ) 52 % B | B IR TR 2% T Hh Y
—ANFRIGE . HET, CNN & 285 F B0 i A
(LS RAVITERSE R AIONIE A SR Iy oal VNI Ty
PAFLAGIL

YT CNN i se gL JATrT ITER B AG &R
MR E R SRS E A R RE

1 MK T

IR ABIE Z RS ) R — AP TR
T LA AT RS R i 1T H AR 2
Syis B LA BUL TR Rt XA — A E R
B LTS BRI AT, (2, TR
— S, T 4R 0L B 3T 4B (approximate nearest
neighbor, ANN) Z1J& 70 A 81, Horb JEFR 0 77 vk
FG A J7 I TRATRORESE A A 7 vk o T
RN 7 TS, BAE R —Fh ANN 7k iz
TR BA R R b, WA > J2 o S — R R
FREBARRIPE Y B3 L3RR, (75 AH LY BT5 e
DC e EI)AH T (1 i s 7 2y

FRI, 35 AT — L8 B R B i e A
TRV AR B (A A R A A RS 2 B Ok 2
S REC T o R HAA R 2
et FH B RTL It S5 9 325 s i o 50 ) JRg 308 BRI M A (local -
ity sensitive Hashing, LSH) 2 B AR
DT S AH T () = 3 i 4 Bt 19 ME 8 B KAk, SR,
LSH 3 i Sl FHAK (P A G i A BEIA 14 A
TR RE 3K BT R B A A 2 [ T SRR [] 32
3k P (R P 1) B2, 3% W4 75 ( spectral Hashing, SH) '™

S HA R Ik, FOR AR 4t i 2
W B W) 3 1% 4343 BT (principal component analy-
sis, PCA ) 7 [) 3 i 15 2 (B 7™ A kil i
25, KR IFGEIE B B BT AR
WA g 2 S PERE . REIIAY, SCHR[ 14,16, 18 1 7E
2 ) b R BCHE 1 AR 2545 S0k AR A B I A
ER, RGP A 3 B 0 5y 3 B 2 1 et
PGB BN T ARLSE R E | 17 L T RRAE A B4R 15 &
TRIGFILE , PRI I3 3 7T BE 5 1 30 6 0 5 7 1k 1Y)
BRI BRAR T EUS A R PERE
Bl 2012 4F Alex %57y CNN FERIFE ILSVRC
ol B2k 120 J7 8RB PR MR ARAT T
(4 BG4y JERf %, Bl JLAR TR B 6 B TR A 21 )
CEE, I B HLLSE T AR BB TR K %
W02 2014 4F Xia A5 HRH —Fh MBI A ik
CNNH A1 CNNH+, 1% 7 2% 1 e N 25 B G 85 i ot
4T SCOREARLRE e R X i A3 RA A A G A, SR
R FH X 63T (A 755 A B A AR AR S I 2k — N 3
TR 4%, S T 4P BE , {12 , CNNH F1 CNNH+
HH (R R B A i 2 SR B A 5, (A5 U1 25 H b D
B, 2015 4F, Guo %™ 4 i —Fh ELEE I T CNN 1
WAy 7 CNNBH, A I {H 0 11—~ 23 B2 )
TEIE A AR 25 8, A3 200G A i fid )
B, SCHRT 26 146 5 — b 7 R AR 5 A SO TR B 2
SJHESR IZHESRAE SCHR[ 19 ] FYTRBE CNN #5550 B il
RN B2 A [ s 2 2 e e A ) AR AR
TR — L ZEA A bR, RIS T B R M RE
A X BB 75 (9 5L T CNN AR 2 7 12 LR 3K
19T ERM R AR T A% 8 LA af K
I 75 S SR I B R

2 CNN Fuoh 7 4 2 4 45 & 1 7 %

TEEGAG R T, AR T If 0 B R HR Rp Ak A
HE T IS 2 T R AR 1 7K T ) s i 2 B 58 i
HEAT S AS R A — E RE R IR AP IR . A,
ARSCHE H —h CNN LA 5 4 7KV A4 e i 50 s A
ZiE Tk, AR A SCHEK [ 28 ] 7 IMAGENET
Large-scale visual recognition challenge (ILSVRC ) %%
Ptk BTN ZRIT 1) VGGNet-D I Z5 BRI H b 1514
EFATRAESR I, 215 KR TR Z B BURIE RN AR
J Xt ik MR 43 )R LSH ' (SHY™ SKLSH!™ |
ITQ''" \PCA-RR''*/ DSH' '™ 6 iy 75 2 14 3 Wi £ AT
Gh AT BINE A i, 5 AT PR AG 3R, fF Xk B sE
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Sy 9 4k 44 9 LSH-VC  SH-VC  SKLSH-VC  ITQ-
VC .PCA-RR-VC Hl DSH-VC,
2.1 VGGNet-D M4&HER

T JLAF  CNN AR LR — 28 [ B e I A 141 4531
HIPE 2R T NENRRZ M Z5 R, SCHk [ 28]
(il AR/ INE R 0 28 204, o S IR E AT 1 42
T FR)ITAVG 5 S B 2 T, U 000 2% 118 A AR TR 5 8 n 1)
16~19 JZIF AT LUR 2 S THERE , BT A9 M 45 78 Tma-
geNet Challenge 2014 [ (7 150230 H E 73513545
TR E T ARNST, Ak, SCHRL 28 ] AT
FEOEXTFZ AN R A TSRS AT 55 Fidle S A AR otk
Mz ALRE ), REREAH LU B0 o At S 7R A IR s
ik LSS 2R AR O i

ARG FASCHRT 28 ] L5+ Y VGGNet-D (2545
B, VGGNet-D WZEM S B2 SHBLE IR 1,

%1 VGGNet-D KRB IR S
Tablel VGGNet-D model’s structure and parameters

convl conv2 conv3 convéd
64x3%3 128x3x3 128x3%3
64x3%3
st. 1, pad 1x st. 1, pad 1 st. 1, pad 1x
st. 1, pad 1
2 pooling 3 pooling
conv5 convb conv7 conv8
256x3x3
256x3%3 256x3x3 512x3x3
st. 1, pad 1x
st. 1, pad 1 st. 1, pad 1 st. 1, pad 1
2 pooling
conv9 convl0 convll convl2
512x3x3
512x3x3 512x3x3 512x3x3
st. 1, pad 1x
st. 1, pad 1 st. 1, pad 1 st. 1, pad 1
2 pooling
convl3 FC14 FC15 FC16
512x3x3
4 096x7x7 4 096x1x1 1 000x1x1
st. 1, pad 1x
dropout dropout softmax
2 pooling

VGGNet-D R 13 )2 (convl ~ 13) Fil 3
MR (FC14~16) MR, £ 11 BRI
R BN A R AR K
/Ny st.” FoRGIRP IR, < pad” FoR a5 AIHFT; “x2
pooling” 2R max-pooling T REE, E’éﬁ, FC14 F1
FC15 {#H dropout' ") J5 32 0 ) 4% F e 5 245 s
WEATAE, &G0 FC16 &2 softmax 7325 %% .
Forf, VGGNet-D 1) 3 1 PR KR A ] 5 1E 28 4 .0

(rectification linear unit,ReLU) .

2.2 VGGNet-D =B Hill 255 3]

FISCHR[ 19 ] —3, VGGNet-D W) 45 455 #54 {i ] 41t
HREE R R LE TLSVRC Bl % E it frilll gk )
AR S M DN Bhi ACE Y 1, R
ZH0 dropout Fb R FIH) U 2 > 24 55 E A 256,
0.9.0.0005 0.5 F1 0.01, 11 25 > Z& AL K F e B 245
- 38BN R SRR AR 53 22— 5 I 45 1) B — 2
AR B 4(E R 0 FJ7 228 0.01 1 = 37 43 #i K47
Tk AR IZAH (I 2kt 2] e M H AL R,
MreRgl, XEEER —HEER m WA
(D y D) e ey ) X TR R R AR
W 2 AR BR BT SR (1) .
OIS EENH IR

A n-1Sp o Sied
2T I mO
i=1 j=1

Xk, (o) SRBHZ LRI W, O 25 125 )
YOS 1+1 )25 ¢ BT A EERERUE b 2 RO
JERZE TR i 0T (1) A7 22— A R
FE BN AL I, AT DGR R 1E 48 E RPEH A R
A BRSO RS IR AR X B, SRt (1)
SUNEEIE ZAE v RN S S8y AR ]
THE J(W,b) X)W AT b (9 IS 5t o R 145 %
Ak,
2.3 AKREEAN BT S IF 7K A HONE 7 SR B

Bttt BRI 28 o E B A A S A 4y, T TR
NI GA ST B 6 FhAIE A% A |

1) LSH-VC . f1 LSH"? —#¢, 15 5 A = i e HL
T B SRS A 2 ) R R (1R 55080 st BRI e S 3] —
AR ZS A o R AR R,
FHBR AT 7 B A3 AS ¢ 4 52802 8] 43 #) il 2 A4
G, SR 5 FH W A PRBICR [ A5 500008 R S5 o5 P Bk B e
BRG], R bR ERE A 1, TE%k,

2)SH-VC: Al SH'™' — ¢ 3k F B4k 1T % S b
PCA J5 [ 1545 31 (0 A B 1iF R BA

B EE A TP RE A A x,,x, JB T A RRAE 23 1]
R {y} i 3R n AHEA SR EE R k (AR, W,
JE— N RIRHE G | P T A28 (B =2 1) i B =
FIRHABURE AR G IR S5 A RRAE 2 1] P o 3 A% 3 A
EW(@ ) =exp (= [ x,~x, [| /&%) , B8 & FL3E %5 [H]
R FRARRUESCHE 114 B 15, R AL A 30 408 18] 174 51 25 0L B B
Bl Z Wi Iy =y, |17, SRR EGRASAE ) 2t 0

i i i R Al LA A (2) R fml A
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minimize ; 2 W lly, -y II°
ij
st oy, e {-1,1}"
2y =0 )

i

1
;ZyiyiT =1
Ko AN Yy, = 0 TR ARG 15— B

m%%%%%oﬁLﬁN%ﬁ%ﬁgzxﬂzﬂg

SKRUG AR Z HANFHG XML IR S T —
AN ] 4350 ) 8, S — > NP-hard [7) 80, X AR AL A
(A3 7 30T R R AT 1) B R (B 2 AT R A )
AL —APATfR . %, PCA #RHEdE Y
YSRGS B —A PCA J7 [ {d FHAE TR T ok 3
A kA e/ I S B AT RRIE R, B 7E O A B
FRAABTRFAE PREL, TR AS — 1 2

3)SKLSH-VC: fil SKLSH' ' —#f | 5T B pLme
SR 30 A B A R AR TE e 2 AR TR AR
BT AR 2 (R L O &R T HL R T AR R
s i 2 6] 5 — AR A DO R S A R RR

gD HELH S R B — R K
(-, - )XTHIraEEN v,y e R W TN,

OK( -, ) BAFEBAZM, a0 K(x,y) =K
(x=y) o

QK( -, « )R, Flan K(x—y) < 1,1
H K(x—x)=K(0) =1,

@XF TALATIEL a=1,K (ox,ay) <K (%) o

TR K (x,y) =exp(=y || x—y || /2) B
PRI R K (x,y) =exp(~y || x—y || ) i 2
TSR R PRS2 A RE ] FRATT R A B S R £
FrOSER G R 23 1) v () g5 e i i AR 4 25 ], A5
FIHCHE ) BEDLE B R AR B AN A (A
Ak, X B AT B IR E e A T B AL — A A, A
A5 3] — 50 7555

4)1TQ-VC ,PCA-RR-VC: fil ITQ .PCA-RR'"*) —
FE P B ETEST PCA FEYGEAE B 7] FIUHE Ak Jy B 1%
B A T B AS ST B — S A A G R
HEFER 7 7 AR TS L, S ) B e A 15 22 75 31 6 1
IZBAEGE AN [R] B i 2

A — S 2y, 00,1, |, x, € R TERL
BT X e R™, HLL O A, HirEd
PERIA T AR B e {1,117, ¢ DK, X

FEREA G B ] DA R/R h B = sgn(Xﬁ’/) , W 2t
SYHERE

XTREAIL A= 8 ) 6 [ 2R 4T 4 S 18 43 % ( singular
value decomposition, SVD) 752X 1) exc B 1E3CHH

MR bR AL e % 40 [ R, W2 58E PCA 7 [nl H S

W PCA-RR-VC SIS R LG AR M W= WR 4 2538
PCA A5 OB s 55 V TR LABENL IE S % R dE4T

TS 4 T ITQ-VC 36 W o {14 W 46 B W o
) R 23 A A 1R 22 B AR Y 1E A8 4 B, XA~
AR IRV, B H e i 1E S e 5 40 R A5 2 %t
L6 A i . B, SR 28 R s AR R iy ok
fifH

5)DSH-VC: F1 DSH "' —F¢ i & BI{E R
A4S S -4 r-adjacent 41, BRI FHECHE (4 JLAn]
SEFORFE T Ay oRI B ) S 4

B3 n DINGEIRFER »,,x,, 2, e R, L
TBIRG A A K, S8 o« FEHIREAS 5 41
B, Bk EAER p AR L 05 5
%Uj‘j/-"l Myttt 5/“(’aLE(J ol /l\éj\gﬂ S= {Sl ,Sz 5t ’SaL} s

1 > =
/H;¢Mi=mz§_x,li=1,2,"',01L,%X§J\§HE/‘Jrﬂi
IABHERE W oh(3) .

1, ;€ N(w) oru, € N (u;

W, - p () orp, (M)(3)

0, |

KN, (u,) Fonmul w, ML ABES, M HAY
W,=11F, 4 S, M4 S, 4 r-adjacent ZH (AHLL T AL
WS B ERE S AR 4T 73 FF P adjacent ZH A BILET ) |
TEHE T 1Y r-adjacent ZH )5, X5 — X adjacent ZH
PR w RN ¢, HedE AT A BUE R oG it
SR A A5 WS ), e B YR A T HE Y, B s
T TR L A RS AR 40 1 A S R S 2 (4) DR 2 i
ik G

1, wix =1
D=1 4)

R R o) RS RY R x A B
3 EBRERG N

ASCHAE Caltech101'7 Fl Caltech256 2 42
2% 4 EXF LSH-VC  SH-VC  SKLSH-VC  ITQ-
VC PCA-RR-VC DSH-VC % 6 Fh 3£ F1 LSH ,SH .
SKLSH .ITQ ,PCA-RR . DSH X #& D) fif ¢ 4 7K 1 1) &
PRI A K 2R R MG A T 0T L S

FeA138 1 K FE — 49 7] 2K ( Precision-Recall ) A1
4 TE B0 R AE - 557 20 ( mAP-Number of bits) PAFPAR
HERTAS SO AT P RE AL . S, AR S 2
PERAEER 50 A fealn 418 114 - 357 BE 5 48 Sy 139 (ke ) iy —
ANV B B R 1S RN A R B e IRl — 2

ST PR . 64 {7 Win8 & 45, CPU I M
2.50 GHz,8 Gbyte N7, MATLAB2014a,

3.1 Caltech101
Caltech101 ¥ 8 677 5k A, 3L 101 4~
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o, R A Y B e R, 2R
G RIECRB/DE 31, ) 800, Horb I A B R/
BAME, AT AFHXT L, 5286 b A S #
BEHLIEHEL 1 000 5KAE A EZ

1) FRATIR Y 32 .64 128 F1 256 Z5 4 Fih
T RS ELAE Precision-Recall 3X AR _L 1 75055
S3HT, SRR LS R E 1 FE 2,

Precision

02 04 06 08 10
Recall

(a)32 i gmtght Precision-Recall £k

10
09 &
08 |
07
06
05
04
03
02
01
0

Precision

0.2 04 0.6 0.8 1.0
Recall

(b) 64 1 i A} Precision-Recall [H£%

Precision

02 04 0.6 0.8 1.0
Recall

(¢) 128 1 g AL} Precision-Recall BiZR

Precision

02 04 0.6 0.8 1.0
Recall

(d)256 [\ RIS} Precision-Recall {£%

B 1 WABT& 7K 4 B KBS 7E Caltech101 £ &) Preci-
sion-Recall #H £k
Fig.1 The Precision-Recall curve of the previous state-

of-the-art strategies on Caltech 101
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K3 fdi ] CNN FRAE A7 SC 6 FhSRIG B mAP
;g' R0 5 T LA BT K M X R 5 st R )
08 KR KW (16 F1 64 7 4 i i SKLSH-VC B 2% T
0 SKLSH) ; [f K£ 4, LSH-VC , ITQ-VC ., PCA-RR-VC Fil
_ o6 DSH-VC IfE3 I . Hor 1TQ-VC 76 AN 7] 1) 2
:% 05 (7 Bt — B i 1 mAP AR, M LT 1TQ S mE
&~ 04

—o—LSH-VC
03} =—%=SH-VC
SKLSH-VC
02F —a—ITQ-VC
PCA-RR-VC
0.1 _g DSH-VC

%
02 04 0.6 0.8 1.0
Recall

(¢) 128 1 4w fiLI} Precision-Recall fZk

10 —:?::5-.::- 5
0.9 S
0.8
0.7
0.6

g

@2 0.5

s
03 { == SH-VC

SKLSH-VC
02} —#—ITQ-VC
0.1 DSHAC
X —&— DSH-VC
(IF°

0.2 04 0.6 0.8 1.0
Recall

(d)256 i ZRASHT Precision-Recall £
AR FT ik 6 FhIRBEFE Caltech101 L #Y Precision-
Recall f£%

Fig.2 The Precision-Recall curve of the six strategies
on Caltech 101

XTLEI 1R 2, FATIIE A WA 2, A SCHY 6 A
PG 2R AW A LU T LA AT S5 G/ A P X o7 P 5 s A
ALY Precision-Recall i Zk (64 £ 45 i SKLSH-
VC W% 2% F SKLSH) ; Hif LSH-VC  ITQ-VC, PCA-
RR-VC F1 DSH-VC #0000 0, AR 25 4 1 5K
W% (ITQ .ITQ-VC .PCA-RR.PCA-RR-VC F1 SH  SH-
VC) 7E gist Fl CNN F¢AE T Fifl %5 G B 037 5519 14 Jin 45
2318 2 P AR B, 1k S T 80 PE B9 SKLSH
SKLSH-VC 5 W& i A X F R il

AN 2 F2H ITQ-VC Fl PCA-RR-VC 78 4w %
PEECE/IN R BT AR SCH A 4 0 58 g AR 7] A 1]
FAF O T AR A TR AL

2)mAP J& S — 7 i 7E A B AH S s vk
BER RS R . AT A 2R H SR B AH DGR 1Y
HELTBREERT, mAP B 0T GBI R . AR SCOT I 7E mAP-
Number of bits FrifE I SEEG2E AN 3,

&2

SR T T 103.0% ,105.7% 97.2% .93.4% .89.3% ,
BOR R,

0.6
0.5
04
% 0.31
—o— LSH
02} —»—SH
SKLSH
01% ——ITQ
' PCA-RR
—e— DSH
0 . L L )
16 32 64 128 256

ity I E

(a) gist FFIE N AN[R] GBS 240 mPA {5

1.0,
09}
0.8}
0.7}
0.6
% 05}
041 —6—LSH-VC
03 —¥— SH-VC
SKLSH-VC
02 —#—[TQ-VC
ol PCA-RR-VC
: —e—DSH-VC
%6 2 64 128 256
G K E

(b) enn FHIE T AR iS50 mPA {H
3 FFERERTE Caltech101 EA) mAP &

Fig.3 The mean average precision of all strategies on
Caltech 101

3.2 Caltech256

Caltech256 %4 % £ & 29 780 5k &l A, 3t 256
AN A HTF Caltech101 2 528 2 [a) Fide 2 vp &
G BN B AT R, TorE s TR R,
J TN HX B SEE BT SR AR AR 2 B AL
B 1 000 FRAEAMEEE
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1) Fi1 3.1 5 —%E, 7F Precision-Recall X Fr #

LFRATTRIA 32,64 128 1 256 X 4 g i (LKA 7
SEER AT, SR A R E 4 5,

Precision

Precision

Precision

02 04 0.6 0.8 1.0
Recall

(d)256 v ZRISE} Precision-Recall 2%
4 PIRTERTF/K AR REEFE Caltech256 &Y Precision
—Recall %k

Fig.4 The Precision-Recall curve of the previous state-

of-the-art strategies on Caltech 256
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Recall

(¢) 128 fi 4wt it Precision-Recall 2k
(b) 64 [ ZRILES Precision-Recall {H£%



. 398 - oo A

N S ¢

LR

1.0§= —e— LSH-VC
! —a— SH-VC
09 SKLSH-VC
0.8 —*— [TQ-VC
' PCA-RR-VC
0.7 —e— DSH-VC
06
g
3 05
5]
£ 04
03
02
0.1
0

02 04 0.6 0.8 1.0
Recall

(¢) 128 PigmtS it Precision-Recall £k

1.0 4
09
038
0.7
g
g 03
= 047 e IsHve
03 | =—#— SH-VC
SKLSH-VC
02 | —a—ITQVC
ol PCA-RR-VC
11 —e—psH-vC
0

02 04 0.6 0.8 1.0
Recall

(d)256 i gL Precision-Recall £
5 AKX Fik 6 MRBETE Caltech256 A9 Precision—
Recall B2k
Fig.5 The Precision-Recall curve of the six strategies
on Caltech 256

XFECE 4 5, A LUR BIA SO 0y 5 AR g Al
He T LA d5e 45 7K HE 1) %5 I 5K i 2L B 4119 Preci-
sion-Recall H1£k (SKLSH-VC Bg4N) o Bl g7 5
AN ,1TQ-VC ,PCA-RR-VC 1 SH-VC BI-Fik 3] Tk
RERY BRI LSH-VC 7E CNN $#E N HIA 323X 4B
il PR R P I Rl TT DL A L B 45 A
CNN FHERY 1TQ-VC K R K BEAE 4 B [F] Y bt 57
BUFAREA A HY Precision-Recall H1£E

2) ¥£ mean Average Precision-Number of bits 5
e EASEEA RN 6, 23T IE 6, AH L LT IR 4 7K
TG N SR, A CNN HRAE AR SC 5 Fh o ms 3R 15
T HE mAP {8 (SKLSH-VC [&4h) . ITQ-VC 7& fr
A Gt T — ELA B = Y mAP {E, 435104 0.401
0.665,0.785.0. 849 F1 0.886, 7£ 1TQ & T
74.2% 116.8% .109.5% . 107.4% 1 103.3% , % F ik

L EEAHT T B S5 R ITQ-VC — BA e i 1y M fig
P, AT LIAS NI T O T RRAE F 1 BE A I 1) 4 A O
WA IR 2 A AR E AR IH REME SRS AU I e BE

0.6
0.5

04 /

0.3

mAP

0.2

0.1

0
16 32 64 128 256
G I

(a) Gist FFAE T AN [F] S 240 mAP {H

0.9
0.8
0.7
0.6
0.5
0.44

mAP

03 —e— LSH-VC
—— SH-VC
02 SKLSH-VC
—a— [TQ-VC
0.1 PCA-RR-VC
0 —e— DSH-VC
16 32 64 128 256

Gty [

(b) enn FFAE T AR i i A7 £508F mAP {8
6 FTASBEIE Caltech256 1 mAP &

Fig.6 The mean Average Precision of all strategies on
Caltech 256

1F Caltech101 FI Caltech256 %U34E [+ 19 £H 52
550U T8 ] CNN RS 2 BURRAE HEAT A 75 4 D
KRR IR — SR MR T

4 HFRE

FEEIBAE R b A SR — AP 2 45 CNN LA
B AIHER I A G 50 SRS ) A7 200 3% 1 o, R
VGGNet-D IR RN H A5 5] {5 S 42 HRURTR 19 TR )2
MR TP LA RIS Je /I T ) 5 20 % SR e 312
KL 2 A B — A . SRR AR R AR
&MYy LSH-VC SH-VC ITQ-VC PCA-RR-VC # DSH-
VC HEMEAR LT LATHT 5 S 7KV 118 %o o7 SR s 4R A4 17 o
I PERE . IR ASCOTERA, 24 CNN X iR oGt



%5 3 1 FRAREE | A T A AU 22 00 28 TG A 2 ) ) PR AGL 2R O 12 - 399 -

ARE AR A PG 2R STV i Ji 1) A, — L85 Hip
22 ML P I 75 20 % R AT AN BE 2265, 30RE 7 PR R
B ERA—E WS HME, 7ok, ATEAE T
D REUAT R ik R, A BRURRALE AN J2 06 BT 1) I i
SRS AR AR, i L8 R BRI 15 i — 2B AE T

SEH

[1]SMEULDERS A W M, WORRING M, SANTINI S, et al.
Content-based image retrieval at the end of the early years
[J]. IEEE transactions on pattern analysis and machine in-
telligence,, 2000, 22(12) : 1349-1380.

[2]WAN Ji, WANG Dayong, HOI S C H, et al. Deep learning
for content-based image retrieval: a comprehensive study
[ C1//Proceedings of the 22nd ACM international confer-
ence on multimedia. Orlando, USA, 2014. 157-166.

[3]LOWE D G. Distinctive Image features from scale-invariant
keypoints [ J ]. International journal of computer vision,
2004, 60(2) . 91-110.

[4]BAY H, TUYTELAARS T, VAN GOOL L. SURF: speeded
up robust features [ M ]//LEONARDIS A, BISCHOF H,
PINZ A. Computer vision-ECCV 2006. Berlin Heidelberg:
Springer, 2006 404-417.

[5]SARIKAYA R, HINTON G E, DEORAS A. Application of
deep belief networks for natural language understanding[ J].
IEEE/ACM transactions on audio, speech, and language
processing, 2014, 22(4) . 778-784.

[6] LANDECKER W, CHARTRAND R, DEDEO S. Robust
sparse coding and compressed sensing with the difference
map[ C]//Proceedings of the 13th European conference on
computer vision. Zurich, Switzerland, 2014 315-329.

[7]GRAVES A, MOHAMED A R, HINTON G. Speech recog-
nition with deep recurrent neural networks [ C ]//Proceed-
ings of the IEEE international conference on acoustic speech
and signal processing. Vancouver, British Columbia, Cana-
da, 2013. 6645-6649.

[8]BRUNA J, SZLAM A, LECUN Y. Signal recovery from poo-
ling representations[ J]. Eprint Arxiv, 2013 307-315.
[9]LI Haoxiang, LIN Zhe, SHEN Xiaohui, et al. A convolu-
tional neural network cascade for face detection| C]//Pro-
ceedings of the 2015 IEEE conference on computer vision
and pattern recognition. Boston, Massachusetts, USA,

2015, 5325-5334.

[10] GIRSHICK R, DONAHUE J, DARRELL T, et al. Rich
feature hierarchies for accurate object detection and seman-
tic segmentation| C]//Proceedings of the 2014 IEEE con-
ference on computer vision and pattern recognition. Colum-
bus, OH, USA, 2014 580-587.

[11]LIN Min, CHEN Qiang, YAN Shuicheng. Network in net-

work [ C ]//Proceedings of international conference on

learning representations. Banff, Canada, 2014.

[12]GIONIS A, INDYK P, MOTWANI R. Similarity search in
high dimensions via hashing[ C]//Proceedings of the 25th
international conference on very large data bases. San Fran-
cisco, CA, USA, 1999; 518-529.

[13]WEISS Y, TORRALBA A, FERGUS R. Spectral hashing
[ C ]//Proceedings of conference on neural information
processing systems. Vancouver, British Columbia, Cana-
da, 2008. 1753-1760.

[14]KULIS B, DARRELL T. Learning to hash with binary re-
constructive embeddings[ C ]//Advances in neural informa-
tion processing systems 22: 23rd annual conference on
neural information processing systems 2009. Vancouver,
British Columbia, Canada, 2010 1042-1050.

[15] RAGINSKY M, LAZEBNIK S. Locality-sensitive binary
codes from shift-invariant kernels| C ]//Advances in neu-
ral information processing systems 22 . conference on neu-
ral information processing systems 2009. Vancouver,
British Columbia, Canada, 2009. 1509-1517.

[16]GONG Yunchao, LAZEBNIK S, GORDO A, et al. Itera-
tive quantization: a procrustean approach to learning binary
codes for large-scale image retrieval[ J]. IEEE transactions
on pattern analysis and machine intelligence, 2013, 35
(12): 2916-2929.

[ 17]NOROUZI M, FLEET D J. Minimal loss hashing for com-
pact binary codes[ C]// Proceedings of the 28th interna-
tional conference on machine learning. Bellevue, WA,
USA, 2011 353-360.

[ 18]JIN Zhongming, LI Cheng, LIN Yue, et al. Density sensi-
tive hashing[ J]. IEEE transactions on cybernetics, 2014,
44(8) : 1362-1371.

[19] KRIZHEVSKY A, SUTSKEVER I, HINTON G E. Ima-
geNet classification with deep convolutional neural net-
works [ C ]//Advances in Neural Information Processing
Systems 25. Lake Tahoe, Nevada, USA, 2012.

[20 ] DONAHUE J, JIA Yangqing, VINYALS O, et al. De-
CAF: a deep convolutional activation feature for generic
visual recognition [ C]//Proceedings of the 31st interna-
tional conference on machine learning. Beijing, China,
2014; 647-655.

[21]ZEILER M D, FERGUS R. Visualizing and Understanding
Convolutional Networks[ C]//Proceedings of the 13th Eu-
ropean conference on computer vision. Zurich, Switzer-
land, 2014, 818-833.

[22]SERMANET P, EIGEN D, ZHANG Xiang, et al. Over-
Feat: integrated recognition, localization and detection u-
sing convolutional networks[ J]. Eprint Arxiv, 2013.

[23] RAZAVIAN A S, AZIZPOUR H, SULLIVAN ], et al.
CNN features off-the-shelf; an astounding baseline for rec-

ognition[ C ]//Proceedings of the 2014 IEEE conference



- 400 - oo A

LR

on computer vision and pattern recognition workshops. Co-
lumbus, OH, USA, 2014. 512-519.

[24] XTA Rongkai, PAN Yan, LIU Cong, et al. Supervised
hashing for image retrieval via image representation learn-
ing[ C]//Proceedings of the 24th AAAI conference on ar-
tificial intelligence. Qubec City, Canada, 2014. 2156-
2162.

[25]GUO Jinma, LI Jianmin. CNN Based Hashing for Image
Retrieval[ Z]. arXiv: 1509. 01354v1, 2015.

[26]LIN K, YANG H F, HSIAO J H, et al. Deep learning of
binary hash codes for fast image retrieval [ C]//Proceed-
ings of the 2015 IEEE conference on computer vision and
pattern recognition workshops ( CVPRW ). Boston, Massa-
chusetts, USA, 2015, 27-35.

[27] ANDONI A, INDYK P. Near-optimal hashing algorithms
for approximate nearest neighbor in high dimensions[ C]//
Proceedings of IEEE 54th annual symposium on founda-
tions of computer science. Berkeley, CA, USA, 2006.
459-468.

[28 ]SIMONYAN K, ZISSERMAN A. Very deep convolutional
networks for large-scale image recognition[ J |. Eprint Arx-
iv, 2014.

[29] 11 Feifei, 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.

[30] GRIFFIN G, HOLUB A, PERONA P. Caltech-256 object
category dataset [ R]. CaltechAUTHORS; CNS-TR-2007-
001, 2007.

EEREN:

R, B 1991 AE AR WL BT

A, EZBETETT 1 R AL Pl g

=5

Wt B 1971 4R, MRS
U, B AE 7 ) o A A B AL
M, FRERER AR ETE 2 10,
JPE BRI A KA I R I H 20,
REMT RN =550 1 0 ) P
N A T, REFARIE L
30 AR5, B 1,

EE %, 40,1992 44 A+ WF 5T
A FEEBFSE 5 R SN R R

31,

2016 APl  ALAS N 5Fas il ] By 23 X
2016 International Conference on Cybernetics,
Robotics and Control ( CRC 2016)

2016 International Conference on Cybernetics, Robotics and Control will be held in Hong Kong during August 19-21, 2016.

The idea of the conference is providing a platform for scientists, scholars, and engineers from all over the world to present ongoing

researches , and to foster research relations between the Universities and the Industry. We are looking forward to your participation.

It features invited keynote speakers as well as peer-reviewed paper presentations. The conference is completely open (one needs to

register first) , you will not have to be an author or a discussant to attend.

The covered key topics will include (but will not be limited to) :

Modern Advanced Control Strategies;
Data Analysis, Prediction & Model Identification
Decision Making and Information Retrieval ;
Control System Application;
Database System;
Human-Machine Systems;
Robotics and Automation;
Multimedia and Communication Systems;
Hybrid Systems.
Website: htip://www.iccre.org/ index.html



