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Abstract In the big data era, application research on image retrieval technology for large-scale data is a hot field. Recent
years,image hash algorithm has attracted much attention in large-scale image retrieval system in order to improve the
retrieval efficiency and reduce the storage space. However, there are some issues with existing supervised hash code
learning algorithms. Most of the supervised hash algorithms need to use image feature extractor for obtaining hand-craf-
ted image features, which influence the effect of hash code training with image features,at the same time these methods
cannot deal well with semantic similarity for image data set. With the development of deep learning research on the
large-scale data,some recent related work try to deploy deep neural network to learn hash function and make the hash
code training effect increased. But such kind of methods require carefully designed complex neural network structure
thus increase the difficulty of the hash function design and cost more time on neural network training with large data
set. These problems limit the range of the hash algorithm application with the deep learning architecture for large data
sets. To solve the problems mentioned above, this paper proposed a fast image hashing algorithm based on deep convolu-
tion neural network. The proposed algorithm consists of an optimization approach for constructing the hash code of the
training data set and a pre-trained large deep neural network for learning to improve the effect of hash algorithm, shor-
tening the training time of complex neural network. According to the analysis of experimental results on different image
data sets, both the effectiveness of hash function and the efficiency of training time of the proposed algorithm have bet-
ter performance compared with the existing algorithms,
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BT CNN, CNN & T i1 # 2 M £% (Feed-forward
Neural Network) #—# , B 2 2R 5 — 4 B & MR R T8
—F 2 BRI 2SN R R R S A
BB AE —ERENAEHE.

P22 PR 2442 £h B TR BE A A 48 T (neuron) 3 1 AH L % 5
TR R 7 N B 51, R ETHPFEE LR f(o) =
Swigi () HP wANE, REEFTERBLFEI MBI
B, f AB0E R (activation) , XMW Z TTHBAN >, B ¥
TEEH fFIERRZMATNE AR f (). FRNEERR
A sigmoid BR% . tanh FK¥ . rectified linear RREZE., —MHZE
P 4538 5 th 2SR, i UL B N2 T 5 d w2
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YER AR ZTHE A B ERE R SEEESI T LURAR
[14& 3% 8 1 (Back-Propagation algorithm, BP),

MEMEE PN AEREEEZ P ERE T BEWR
R, EEGRHNGE, nREERFHEEEERANENE
[P - EeTas I SORS ) T SN 2 Y
R, BT LR, KRENERIRIITTREE T ATRE
BB BB RE S, R B RN E F T Hikb 2, 12
BRIk % 7R 1% B 4R MY 4R 1E, 1 70 GISTH, SIFTW®, BOG™”
N, R B BB RN EI FRBRATA. B
BRFHNAFEEFTEALHEARNFERESLE S EM
FERBEBR , XA TRAEEEAR A BN FEREN
[E] 2 IR IREL .

CNN /& F Hubel-wiesel 28#, 3 F Hubel 1 Wiesel 7£
1962 EM MMM BN EEENHRES ., BERHRESL
Fukushima 3% # & # H 59 # 28 1A 541 (neocognitron) j&
E—ANFEHEH LTI B AR (E R B
LRAREWINGE SRR EBHFTILE, BR LeCun £
NEI M IR AT K 15 1% #% B B (Back-propagation
Algorithm) M & R H B B 8 kYl g5 Mg Rlo2e s I
BIZERAERF RN EBE TS ARESHRER.

CNN FZi#d 3 AR TAMNMARE —EREH
THREMERHARENE: D BREZE DO PERE;DF
F#E(Subsampling BY, Pooling), CNN R B ERNEH T
RBEZEIEREXH N EIE, FEEERERENH
ZI0H R — A 4T, FRIR 2 T 4% 1E B (Feature
Map) , B~$AE B S R AUE AR B 3L 00, IR A T B f i 8
TR BBERFE . SCERL20,24, 25 [T B T X FRAK
R RE T SN A M E I LR,

2.4 BTRERERNENBEREES

ERAFRPNEI TR L AREHFEESER TR
FERABRRHWATFLEENRANE RERFEITERTR,
A 3 B, A UK A RIRTES B ARG EGIER
AR RS —Hr BT BN GE N A RETE
Preg A R E S

Pre-ttained deep
convolutional neural network

B3 BETRESFHEMENTERGRSESEHIR

R % > (Deep Learning) B2 BORHLER 2 S Y — N34
[TRRIE. ERZSHRBREH T, REETMERE (Deep
Convolutional Neural Network, CNN)J & i1 Bl — 4 B 44
TR — M B R RS, AR ST T8 48 T
FHIEHEHAEANTEES —EBENAEME. CNN#&

% BA YR B9 MR AT 4 (I B Fp AR i (object recogni- -

tio)) B T4 ARBSFHBR" . EE_MBREIRE
R, A SRR T ERARE SRS M NS Rk

D http://www, cs, toronto, edu/~ kriz/cifar. html
2 http://yann. lecun, com/exdb/mnist
® http://Ims, comp. nus. edu, sg/research/NUS-WIDE. htm
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PAT BRI 7 BB S e SR (2109 Y 2 48 S5 M 1
HEAE, BT SCHR[40] 1R H B9 Caffe BB 22 I EZE P B
YNGR E ST 2 M4, 4 R F BRI NEE %S
Bk, R AR REEBMEMES, BB RN
0.5 Y dropout AR th W I &% #)Z .

MFLE—BER LR g MR RBEMENER
ARABE[0 ), EREMZMETHTRE—ZRAKNE
sigmoid ¥, AL RE 08 1 2L, MAREARER
BB I AR sign(b—0.5),

2.5 BEAFIERES .

BXRHT IR EURBREAERBRREFES. B
FEERFHBIT,

DOBERAEN nANCHEUEFERININGEAF (L, L,
L} Mt pIEsERE Ss

(OBAMLIEERE STENRA, BT REBAETRENL
BRI T FRE B AL B, BRI G E A R SR A
H;

OFFALB HEI BT RIDERE H MYI%E
KEEE{L, Ly LMENBATI SR EE LB RME
HERY SR HAT A 75 R A2 T

(OHFTEGBRE BB RENSAFRBUGHE L
I 9 S EAE 0€ (0,117, BT sign(6—0. H BN ZE K
AT,

BB BEEETE L E A BN THE, REHi#
A%, AL RENFEHESREBNHEMUEFEEE
BEIFHBGEHRREAX BRGNS HER. R, BT
JRBFHER BEIN - FRBEAZEREENER

3 WM

3.1 ERIEENAKESE

R T IEAR R BS B TR B 3B o B AL A B 4 5
FRBE B M B R ST R L LI HT .

TIR—IEHTLUT 3 MMM EREIIEE .

(1)CIFAR-10"

ZEARE G EA 60000 KKK 32X 32 HEEE
Fo. BRESR 104K, 56 B KE. WELE, 1
FHIH 6000 KE A,

(2)MNIST?

ZEIEEAEH 70000 K/ K 28X 28 MFEHFIK
B BFEMOF 9, 5RANAE 7 THRER.

(3)NUS -WIDE®

BN B —A4 BA5R% (multi-labe) 3R £, — A
81 AMFRE KR , HEF B 270000 3K M M 4% E MBI E .
B—-KEFERTF - RE MRS, SOR29]—#, X B
RAEBEZFEEFHIREESY 21 M55, FHASX
21 MREE XME F , B MR EDHA 5000 KE A,

ZEXEEE CIFAR-10 1 MNIST F, BEHL 8 — 3 il



H 100 3K A1 03 R 1, BP — 254 1000 3K & A 18 0
B, HRMEREN TR ERGRERE, MTITUEXIN
MAB D G HERR T W4 S 6 B R BRI RN AR,
X FA BB WA EE, AR FIFEHLH 500 FK4E
Sl graEAR , B A EMRBEE B LB T 5000 Mg, BT
CIFAR-10 1 MNIST $UE&E 4 ZA 171, B AT ARIERE
AP R E A IR

7 NUS-WIDE $3B 4, RI#EFEVL A G — 2 B
100 sKE F¥EAN MGG, B TF 21 Mr&E A, Bik—3t
A 2100 KB FYE AR, RAMBEAENEGEERE, 5
CIFAR-10 1 MNIST —&(, ¥ F T B %I MR FEL . B
ERMEREIEEERNINGES, WTHERESINEEE
25 T M R B oot 48— S AR BE ML LR 500 Tk B AR
Sl gakeAs MR T B 540 E S 10500 BIYIEREE.

3.2 LB R SiEHIRAE

HITEAHUT ERBABESTRB AR HTHR.
D) SRR A5 5 5 (LSHD , R ARENL L e B 2) 3%
WAL SH) ;) R ERRBARHELATQ;; O R/
R A B ABE R (MLH ;5 “EEMIRA NS LE
A F % (BRE) ; 6) A B MR B AWM A RE(TQCCA);
DA WERSHFEEKSH) ;O ETFTHEMNE N L ESS
B (CNNH),

ER¥T R R L, LSH # M E RN FHERBRE
BRI A AR A  HoAth 0 B B AR R IR & R AL URAD
A LEARER M T E TR,

3.3 XRERD

BT R EMERTE o B TR, B ER
FRE R NBRREIBERNBA . ST FH AT LB E, N
HRAE S 7] B 508 48 58 F HL R o PR R RRAE AV S MR R R RRAE .
Bk B, 9 F CIFAR-10 IE&E, — 4 512 4/
GIST m &V sk m HERAFEDY . X+ MNIST 54,
HE A A T84 R FRE AR EEARNKENRERE
AR 3t F NUS-WIDE #3842, W A 500 4 i bag-of-
words #FAEFF R,

# 1 7 CIFAR-10 EERAR R ERHDE I HEF MAP

Kk 12 fr 24 fi 32 f& 48 £
FP-CNNH  0.612 0.639 0.625 0.616
CNNH 0.438 0. 508 0. 505 0.519
KSH 0. 301 0. 331 0. 342 0. 353
ITQCCA  0.261 0. 280 0. 283 0. 287
MLH 0.177 0.191 0. 205 0. 209

BRE 0. 153 0.178 0.191 0.193
SH 0.125 0. 126 0.129 0.127
1TQ 0. 161 0. 165 0.170 0.172
LSH 0. 120 0.123 0.119 0.118

S rh{d Fl MAP(Mean Average Precision) /£ 45 5 1
TEMFRUE, 1 B CIFAR-10 (B £ F R4 R, 7
AR EL : TEVEM AR MAP fE 0L T A W 04 A5 K8
43H) MAP £ L B MAUR B 4F . 1245 FP-CNNH & ik
S5HRAEBEE ST LRI HRENBR. FP-CNNH 5308
BEHSIRE % CNNH f1 KSH # i, BB KR &, K FP-
CNNH B A 5wiEHN 12.24.32. 48 M ELL T, 43t
HEBEEPHRERFHN CNNH BEEBE T 39. 73%.
25.79%.23.76%.,18. 69% ., H5 KSH F& MM EAER LN
HAS BSR4 T, JE B T FP-CNNH B 5 38 it

ZMEEIR E B M ESOR % T e A MR i s (R 5
BRBHEBER.

7E CIFAR- 10 B L BB H B RSP
KV ZratE] 5 CNNH #47%T b, 3256 o A R R O B 50
B, HEER 10 WKIC 0 E I BUE X, 7T LIS A S0 T
KI5 — BRI SR g A D I M 15 i . BB S b CNNH &7
1/10 Z245 BB 1A) , 55 — B B 1 T 25 B R o 42 ) 4% 2
PRI ETRT P8 7 R B S B AR TR LI 85, 25 20 R A e 8K
S FNBIR B B S A BB SROBT 4K BR 0 i ) {4 CNNH B9
1/20% 4,

F 2751 MNIST H#B8E F ML B4R, K5 CIFAR-10
BImE LR RED, T RIRER LUT 458 MmN
MAP WERL T B WE AR IR T AR B B R E
17,3 HREE M BB 0, K2 B %8 MAP h& Rz 18
fn. FE RIESAEREELRNERT LSS, FP-CNNH &
BHISR B AR, BYRIEA T FP-CNNH BRI R G k2
M 7 R B RE I TR S i AR R R TR RO MR BB B

# 2 & MNIST BRI RKERHBNEITHF MAP

ik 12 24 11 32 4% 48 fi
FP-CNNH  0.962 0. 965 0.968 0. 969
CNNH 0. 951 0. 955 0. 956 0. 959
KSH 0. 869 0. 889 0. 891 0. 896
ITQCCA  0.653 0. 686 0. 712 0.721
MLH 0.471 0. 652 0. 650 0. 651

BRE 0.512 0.581 0. 601 0.622
SH 0. 261 0. 265 0. 258 0. 248
1TQ 0. 386 0. 432 0. 421 0. 426
LSH 0. 185 0. 206 0.233 0. 241

# 3 27 NUS-WIDE $(#f & F LK% FE . 5 MNIST
# CIFAR B33 £ R[], NUS-WIDE ) BMRER 2 5 4 JE R
E%, LLBNS 3 SR v B » FP-CNINH 4% 4R 2 PU78 b oA iy 25
WEEEN, BT NUSWIDE BB EMam K, v TH4EE
& MAP it 8 4 38 f B} (8], SR A T 4 & IR [0 A {0 /Y BT
5000 3 RN R IR B B A48, 2B O B 78 R
BEENERRE WA P EHER £X P2/ MP@
topSk, A LLE ], FP-CNNH 5 B #if 8 % CNNH Ml
KSH M & A —E MR & EH TR EFEBERRES
BT LRE R E S A MM R B, | 1 89 FP-CNNH B %
HHEMMESBELAENRREMNER.

# 3 £ NUS-WIDE L {#f A F K S % B A% B HEF MP@topsk
5k 12 & 24 fi 32 fr 48 fir

FP-CNNH  0.622 0.628 0.631 0. 625
CNNH 0.618 0. 621 0.619 0. 620
KSH 0. 609 0. 615 0. 617 0. 605

ITQCCA 0.552 0. 570 0. 580 0.582
MLH 0.432 0. 436 0.431 0.429

BRE 0,498  0.511 0518  0.519
SH 0.481  0.520  0.522  0.529
ITQ  0.431  0.423  0.425  0.421
LSH 0402 0.419  0.423  0.437
HRIE EARAENERERAGT EHERAEL R

ERHE BRI, WA BIEEER RS E/DNER A,
EHRNERRGERP R —TRBEGRHABTEA. (3 H
MEBENANERFREFENAR, ASGRL T —FET
RELEFHEMNERRERGRAEREE., ZHEELRITE
M E BB GER R RGN AR, U R R BI%
. 45 .
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