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Abstract With the rapid development of information technology, multi-view data has become increasingly common and
how to obtain the shared information from the multi-view data has become one of the hottest research topics in the field
of machine learning. As a shared subspace method for multi-view data, Multi-output regularized feature projection
(MORP) has been proposed recently to build the correlation of multi-view data in the shared subspace by matrix factor-
ization, Compared with the classical multi-view analysis method CCA, MORP has been proved to be more effective. On
the basis of MORP, we proposed a local structure preserved shared-subspace analysis (LSPSA) method by imposing an
extra graph constraint. While obtaining the shared information from multi-view data like MORP, the local geometrical
structure of data in both shared subspace and original multi-view feature space can be well preserved. Thus,in the ob-
tained shared subspace, the over-fitting problem of multi-view data can be avoided to some extent for MORP model.
Meanwhile, we also proposed a graph approximating method to provide an online extension of LSPSA for the problem of
out-of-sample. Without loss of performance,the computational complexity of online extension of LSPSA for seeking the
representation of out-of-sample in the shared subspace can be reduced greatly, especially with the increasing size of data-
set. The final experimental results on UCI multi-view hand-written digit dataset demonstrate that LSPSA achieves much
better performance for classification and retrieval tasks.

Keywords Multi-view, Shared-subspace, Local structure preserving, Graph model,Online extension

g,

5=

FEE (R BE AR BRI R R, AL 5 REN BT
FRORBE S, BT R M4 B R, R TE sk
AR, BB BEN . SREM SRR A, X
FEERHEE RIS NALKE. WTEIERASTIZES
A BP0 & B A5 B B BN M ATHLAS 2 S ST 5 iy

BT E A MR B T B AR B X
(Canonical Correlation Analysis, CCAY™ | {58/ — 5& (Par-
tial Least Squares, PLS)' 4% CCA e W54 CCAM L B #%
PLS®), CCA B Hotelling 7F 1936 4E48 69— FPEFFE R —Xt
KBTI A BER R AR A B, A RS 20
FIBIEHAT BB MR BAE A Z 1B BB R R X

R HH5:2013-07-02 R AHE.2013-08-09  ACFEFK9737HRI(2012CB316400) , E &K B RBIEWE S (61172129) , R B ARGk
FHEIMB 4 (2012JBZ012) , AL T B R FM2EE S (4112043) 1 PCSIRT(IRT201206) ¥E B .

FEEKHE (1988 —), %, 4, ETAFF 7 14 ARG SRR (1974 ), 5B, BISE, TEM R F a I E G S HBER HEIWE V8%
% ,E-mail. zhfzhu@bijtu. edu. cn; B (1987 —), 4, W4, FEHRRF FNEGLTE HLE%S & WA%67), B, 48, BHLERW, £
EHRG R AR SVAGRS HF KNS5 EERE. ETHRENEBRE.

o 67 o



¥, PLSE—MZEET PCAERA 24 #1 CCA BB,
BHE R WA R AR RE S, Fe R R &
ERSIRFFEIRELE BRSNS . BT, Abhishek %
ANEBH T L WA 457 (Generalized Multiview Analysis,
GMA)YM , 3£38 i PCA,CCA K& PLS &7 i4E GMA
TR, Ak, EZREWIFR T . TT A SR &M
R T281a]. Chen EAZE CCA AR ER B TRATFEMS
S RMRE R MRS T2 BT BN, R EHEET
FRA ARSI FEESTTERRARRMES.

EAER, Yu BARE T 4 ENEREED (Muld-
Qutput Regularized feature Projection, MORP) , iZ% & 3 4% 5
KA ) B b 2R A TE A B 25 4t ARPAE [ B S B — 3t
BFaSE], AT A RIE S R E K XEB., MORP AR
fE—M BRI B GRS, EmREL R R EEE
REBARELXFR#HAR - SR MRA . ZHEEREE
T &AM, PIRGREA, B MORP #1523
ZHABE I RERFRIE #EAT 2 28R, BB R T CCA. &
T, 26 40 ) IE MR R , by T IRA Z B HA R B G 1
ik, R EMARLELE FoBRSBIREFEEE, £ 0
PR 0 R IR RE AR 2 B 8 BIR AT W AR R, RlBT .5 T =
AR E R, ok, £ 3T E R A (Out-of-Sample) [H]
A, MORP & A % i — A RERE I B

g% R, 43¢ 78 MORP foERS B, @d5I ABY
FORRIS I E T2 [0 5 R 1A A BB A RIS e, U
SRR LRI, HAh, R T — R, DA
#EAS (Out-of-Sample) HITELR T B [T,

2 ZWHEMNRE

ZHHIENRERE SR A NS 7, B BT aE %
NBHE [ B 70 ph 2847 B TH B A 25 4 L AR 1) U S B — 3t
P, NS ASRAE SRR B R . R IR
—IFRH) n ATRREAR (2, 3} € RV XA, FHop {2 }imr O
{y: i B BIREFTRA X FRA Y, X=[z1, 2 [TER
gl Y:[yl [ 9yn:|T SRy REY YRAERE (T i i
HYSS i XPREAR . TN 2Bt U T U048 B % 7 Y A Ak 1) BB T i
H:

min(1= || X—UA | 3 +p | Y-UB i

D
st UTU=1

Hep ,U=[u', - JER* YA X MWUA Y EREFS
Bl p EREHR, AC KT BE R 3 HIRMA X F
Y BIBASERE, |+ || F %R Fresenius {U3(H | Al r =
V2% 5 BO<BDIER— MU E RECR P ER A
HERE BADPHERARUU=] HENRREEp %
HEFRESH p MEBEEHM . Sl R OSS
T

max UT((1=@ XX +4YYDU
veanxe (2)
s. t UTU=1

W R EALREE (2) A LIE 1, MORP R A B i U=
[ul yoee s JERP MEERE (1 — Q) XXT +RYY' i p TR KAE
PEAE X 57 BOARAE TR B .
* 68 .

3 RMSHKRFHNIEFEESHK

ATk MORP ZERFF R &M tEr 5 =L 2 WA
BABEFEF A A A o HA AR B, A e BRI R (1) 1
Al ERE T T RALBRL,

min(1—p) | X—UA | #+8[| Y—UB || # +

Wi (3)

F

.

d;

U;
d;
s. . UTU=1

T wy 9 SR o 5
MHEFREE ] METRRXRE, B .

wy =
{eXP[—dz(Iny;)/Zoz)], ;€ Ni () y0r 2, € Ny ()
0, else
ﬁqj yd(x; s Vi )ﬁ%ﬁﬁﬁgﬁﬁhxi €N, (xj )%ﬂ? ZXi E:J:Ij
Bk ISR, AP RAKKERER, o AEHEER 0=

ii{jl Jé]ld(xi,y,-)/nzu
A2 ) AR, Z 553,
min(1—p) | X—UA | }+8I Y—UB || #+
ATr(UTL U o)
s. t. UTU=1I
Hep,L,=1—D " WD AR YR EME, W=w; ], D=
diag(zw-') EEEE;EQ(LL)%&HE‘J@E%I‘@@EPJEEZ’J%IB‘?

_._____1._

wy; =Tr(UTLU), 7] LU & #b {R i 75

E”Eilél q’@ﬁﬁﬂ@ l‘i&ﬁi):ﬂﬂf&fﬁ_—elﬁ] mhXd R B BRSBTS
AP H, NT IR T REAROE B RER G et . i, A2 3C
FRAEEL (4) g Jo B 45 g AR 15 9 3L 22 25 (] 4 AT AR &Y (Local
Structure Preserved Shared-subspace Analysis, LSPSA),

sk 12], 4R B (O BRI, F T EH 1 g
2,

EHE1 HU,AMB BB L) RN WA .
A=UTX,B=U"Y,

UERA 3¢

JA,B,U,L)=0—p | X—UA | 3+8IY—UB || } +

ATr(UTLU)
X A,BRZA15:

{‘”-2(1 P (UTX—UTUA) =0=>A=U"X

—I—3=2ﬂ(UrY—~UTUB)=O =>B=U"Y

EIE 118iE.

EH2 FU,AHBREBIRKEEGLHBRILHE, HG=
A—PXXT-+pYYT, MBI (D a7k 5 .

max uT (G—ALDu

weR™ (5
s.tuTu=1
BEMBU=[d" v JHEE G—AL, ¥ p TRKFFEHE

FF 7 B REAE ) B2,
iEAR . e 1,4
JABU,L)=U—p || X—UA | +8I Y-UB || 2+



ATr(UTLU)

m%:o sg—lffo A8 A=UTX Rk B=U"Y. #—sHa

JABU,L)=U1—p | X—UA | }+8ll Y—UB | : +
ATAUTLU)
=1—p Tr((XT—ATU(X—UA)) +
BTr((YT — BTUT) (Y —UB)) + AT~
WTLU)
=Tr{(1—PXXT+pYY"] —Tr[U"
(1 — /) XX +gYYH U] + aTr
WTL,U)
=Tr(G)— Tr[UT(G—AL)U]
Hot, BARAL R () EHTF
max UT(G—AL)U

UeR™? (6

s. t. UTU=1

RAET 1, 2.(6) HUR AR U=[u e, 1€ A fySE R
G—AL, B p M RIHHEEM BT BER, S8 28
k.

FEVHE ST, i T LSPSA BB R nXn E/EG
—AL, BIFFEMERB (R EH) , Bk HF MORP,CCA,
PLS HARIMMITEERE, B O,

4 BEGHRFNEETSESTRBNERT R

UORG Fr i, X F B W R B A (Out-of-Sample) { xa41 s

[] 23T
LE""'U:[ LY (Lntrg) ]:[Eﬂﬂl_[
Loyt Latia+

(]
Hes, Dbt = [D 0
0 Dn+l.n+1

U™, MR (DOFAL R «
mirll(l_ﬂ) ” Xn+l _Un+1An+1 ” 12-'+ﬂ ” Yﬂ+1 —
"

j'o /?"\ CI>"+1 — (A"+1,B"+1,

Un+1 Bn+1 ” %--F,\Tr( (Un+1 )TL3+1Un+1 ) (8)
st (Un+l )TUn+1 =I[n+1]
Hep, AT € 274 #1 BT € 27 g JFA U SR BE A i A KT 3

(D[n] )“O. SW[n] (D[,,] )40_ 5
(Dot 1mt1) % Wogr, o (D) 708

Yt} MR BEFE I B 23 H] h R B Z 3 B89 241 » MORP
MFARER (O BEFRB—NERER O((n+1°) KHFIEE
I, R A AR KR, B A G T3 B AR BE R R M
— B ERER M ERLET R, MERE. A, A
B —MEAELEAR, UL EBRERREHAETE
] 4347 (LSPSA) MY 7E R 3™ R, #fF TR 75 20 R BT T 2 A A
{Zut1 s ut1 VEFBEFE R PRI st WS ERERE.
HEFRE#L, XBEHIIA-BFSEHH. H X
Y HFRNGREAES, EAR n FR xR R b R n

Xn
/I\-‘LJ” %*}ﬁz':miﬁ’ Xn+1 a— [ - :le g(z(n+l)><x ﬁ Yn+l —

Ln+1

Yn
[ e semen—mmm A st be A 5 B Ik

Ynt1
BEARE BLRIAERE , HAR n+1 RARM NERE B RIS A 5
FrimASEARIEE., EXHEISGEAS XY WERX
RAERR W M EAR(n] R EERE R n X n BT, A
M8 Laplacian 48 f [0 = 100 — (D) 0.5 W (Dt y-o5,

I Yy e, B D7 =diag SWED . RER D, BHR
%] WAABBASERE A" A0 B BRI B E T M RAE O
=[at et JER? . HIAFFIIRRER (Zrs 2 31 ) 2S5
BA o+ 1A H R E %R K W —

Wi (Wot1,007
[W s ],an = [, U GERER RS,
nt1,4"

Wn+l.n+1

FERE A Laplacian %6 7 .

(DEDY 705 (W1, ) T (Dt ) ° :l N
(Dot 1,041 7 Wit tntt (D101 ) ™8
EREFSRPHREEP U =[d, " JER*? 4 €

R PR REA Tt s yors JEEIE R T 25 [ Y RAE
SYIZREA R K, AT IV BT SRR A B AR &
B R VI A BAR L S5 M S R, A 0T PR SEGE »

W (Woa,e)” D o
Wintll o E Dt = .
W"+1,¢" Wn+1m+1 0 Dn+l,n+l

Un
HARRBOBRASIE U™ = | |€@m e it AR BT R W5 DU IR A (D), AT,
Un+1
Lo =[ LY Ly g)? ]MW] _[ (Db o s Wil (Dldy o5 (D)7 (W1, )T (Dt ) ™ ]
Loty Lottt (Dn+lm+1)70.5Wn+l,¢" (DM =05 (Dt ywir) ™ Wiyt (D g ) F
L'En] __(B[n])—o‘s (W,,+1.¢" )T(Dn+1.n+1)_°‘5

B l:_ (D1,0+1) "* W1, (D1)y=os

SR, HYNGRREA R RAT, Brin A R IRAE A B R
SR ASTE L T 25 ) o B BB S M o BRAR KR i B
! \ArH"l ‘Bn+1 :&{Wﬁ@é, Eﬂﬁ Artl %An ,Bn+l %Bn ’Un+1 —

L]
u—;—*—l ’

LR » B2 (8) 4 AL R R AT IR 1 K -

e )
I:+1 ur-fﬂ

Yn Un _ 2
S I
Ynt+1 Un+)

min(1—pR)

“nt1

F
+

F

B

€))
1= (Dp1,n+1 ) 7" Wit t,nt1 (Dot 1,041 ) 73 ]

fjn T L[n] (LZX)’I‘ ijn
(P el e L
o d Lz oz Jlan

HA, LY =—(Dyrt1) " W, (DFD ™5 i F U BF
EX, OO0 =", RO P ZB TEXAR
O HTOH =101, E8 3 A TERALIERRE.
FE3 ARXQOHF U =[a', 2] A =O)VX" K
B =0")TY" B E& Iy R EROBE, T4 E sl
BREAR x40 ERNG y,00 € R, HN L IFEFE T4 6] 9
FTIEW o1 €ERP, W v THINTFTRADEH .
et 1 =[(O)TGUHALZIP ]« [A—R (U)X 201
+BO) Y y oy —A T TALEHT] (11)
e 69



Hd,G=0-) X (X)HT+8Y (YT, IEHIME,

IR WA AR T T2 H M RIE we, AR
AL UFEHELSY REBNITREERE Y O X p), i@
AROWERIET BREERNITEEREN O((n+1)%),—
BEST A ETERNER p TN THANRE., 48¥E
BHEAN  ERY BEERAMERRTHENEAE. &
FRWE, X FMRAREAE, FRERESITRAEHREER
QD HE W0 (L2 48 H) BIHHEAR M

5 KBS

5.1 MEEEHRA

AR UCT BHEF 5 R B8 DY 4 54T 73 K H0
KMRER, UCI ZFHEFBHRERE 0—9 3£ 10 MRFEH
EREBERE , BIA 200 MR, A ZEUF B REE RIS
B 6 MR SRIE s mfeat_fou(76 4k, R B A fou) .mfeat
_fac(216 4, fac) . mfeat_kar(64 4k, kar) . mfeat_pix(240 4,
pix) .mfeat_zer(47 4t ,zer) ,mfeat_mor(6 %, mor),

BN BATR AR S8 EN i — T HEHTH
FEIRME LSPSA HILAGHERE, M HHRIBERE—1
FATF 45 A6 00 i i e B PR B R AU 4 AR LA
MEFATELSE, BRI RT SR SR LW
2, XGRS BIFRER 432 455 4 (Audio) FIRLHE (Visu-
aDFHER A A R R . LR A, RITEVLER T —
AELE 3000 MEFRE T, HpIEr &5k 2100 4, 448
3L 900 1~,

5.2 LIHRSH

RIHBTARBRE UCI S EFEREIEE LK
SrRVERBHE, TERTH T RN RALEE L HIER
XMY,®H G=15 AFHA. X TEMHES, BFLHN
PR SOV EIREA RTINS, BIARA TR, TREH N
1310 R BUEHZRIE A BRAERIER. N BHEEH
SR BRI R MERE. WNR1TTLES,
HELFHHEEHFRT, LSPSARER SEMEERMEL. BT 4
& 8 Ltk PCA tERERE 2240, FEH At 14 P4 &80T S
BiftERE. 55 CCA.MORP A LL, LSPSA R I Bl B it %,
XK, LSPSA H15| A K RS WA R AR F L= F 2500
EREBRAEES A EN,  WRE TESHANEE. |
HX AR EIM PCA R RIEH X HARES Y RAddE s
PR B TR, AR b ARFE T,

F1 AEBHEA UCI FEEEEE L8R R

AAEX RAY CCA PCA PLS MORP LSPSA
fac fou 0.8696 0.96256 0,9633 0.9601 0.9748
fac kar 0.9602 0.9647 0.9677 0,9548 0.9704
fac mor 0,7478 0.9029 0.88%2  0.944  0.9626
fac pix 0.9397 0.9707 0.9718 0.9602 0,9722
fac zer 0.8465 0.9642 0,9474 0.9606 0,9698
fou kar 0.8948 0.9560 0.9536 0.9448 (.9676
fou mor 0.7536 0.7211 0.7572 0,7641 0.8112
fou pix 0.8252 0.9753  0.961  0.9628 0.9744
fou zer 0.8248 0.8250 0.8048 0.8138 0.8542
kar mor 0. 787 0.8735 0.8704 0.9148 0.9471
kar pix 0. 9580 0. 958 0,9650 0.9584 0.9665
kar zer 0,8998 0.9509 0,9278 0.9426 0.9596
mor pix 0.7288 0.9031 0.8838 0.9531 0.9651
mor zer 0.7202 0.6896 0.6736 0.7301 0,8229
pix zer 0.8198 0.9682 0,9549 0.9614 (.9688

ROMFE 3R T ELRMEHEE LI FHE (fac,
fow) 1 (fac, kar) , L2225 [A] ) 4k B X5 2 Fh B 05 4 K vE A 3R
B, ARPAIUEN. 4 HAZFEEHBEENERTE
[BI4EBE LA B . XA S R, AR B F M E LY
e 20~30 4 A RSB ARIERE .

F2 5SHBHEMTHE (ac, oW FERFYEE i 73 A HERE LB

E3:4 CCA PCA PLS MORP  LSPSA
10 0.8511 0.9527 0.9385 0.9471 0.9661
20 0.8696 0.9625 0.9593 0.9601 0.9748
30 0.8605 0.9661 0.9633 0.9472 0,9719
40 0.8517 0.9683 0.963  0.9416 0.9679
50 0.8441 0.9682 0.9615 0.9232 0.9617
60 0, 831 0.9695 0.9628 0.9085  0.9477

3 5 MEEXTHAS (fac, kar) EER FIZE B 40 K e AR L2

H#H CCA PCA PLS MORP __ LSPSA
10 0.9479  0.95487 0,9492 0.9485 0. 9551
20 0.9602 0.9579 0.9585 0.9519  0.9681
30 0.9547 0.9643 0.9664 0.9548 0.9704
40 0.9495 0.9647 0.9677 0.9525 0.9702
50 0.945  0.9641 0.9676 0.9475  0.9694
60 0.9388 0.9644 0.9674 0.9389 0. 9686

RAGHT 5 MERANE T SRRE LSRR
W, AZLTES, BAMEOILESE 300 R TFIIE, #K
BEARTUR. TREERAT S K. B EHLERENRAHE
Betr. AFE 4 TTLIE 1, LSPSA B kw4 B BETF
CCA.PLS.MORP F} PCA, iXthifh—5i B} LSPSA #AI
KRR IR R M 2 2 8ER T B,

#4 ARERE UCI FEREERE i ae b

HAX HAY CCA PCA PLS MORP LSPSA
Audio Visual 0.741811 0.9739 0,7784 0.9660 0.9840

AR, AR SCRNT LSPSA 5 M EFRAIERIHFIT TR
g, B 1 ME 2 4504 T ERIESR S (fou,
kar) 5 (kar,zer) PR RIERER AR, ERELH P, BAHEL
BB 0 MR P TWERREEE, MR HEERRE
B, HERESSEXTRAHEF. AE 1FME 2P LEY,
LSPSA f# RN BT HAME B, i B HEE R B 5 RE
IR, A SCIR H B LSPSA LB A B EMHE. 5
MORP BikAHERR LR R AR B WS AR RN
HEARBUELER

(foukar)

#CCA

-~ mpoA

- @&PLS
uMORP
wLSPSA

-3 7.4

BENE

B 2 & (kar,zer) BRE R MERE
TR R , 4 3 B MK AE A { xr1 » Yot | FEFRBUFLAH BE



BIFL T2 B RAE w0 IR E Z B 07 1 , A SC 82 3 19 LSP-
SA ST BHEZREH O+ DHFEN Of Xp), X
O3 — 5B R E LB RIE LSPSA MTELRT BHA
M, B 3AHT BEIEA S K (fac, fou) B RBEBRHE R
2000 RO RIS, WNFT B S FEIR MR EENE
b, LY B SELEY RARRER T EREG TIEFHEM
KRG R. EERGEREFE, B 4 RHEXKY RIOIE
RIEL Y BRI 2100 5. WE 4 PHFTES, EERE
ARWK, ERYT BEENITEREREESTNALE.

~EBY R wERET R

i
x
A%
#
10 2 20 60
RER RN
H3 LY BAEREY REA TRRERRILE
g 56 ——
g 3;; P
M 296 /
:}5: 276 —
P Vel
& 2w 4
& 216 _/
g 400 1200 1600 2000
RANE

B4 LY BMEELIET BEL TRRRELE

BRI SIXTEBRMAMTERE, B MORP R i) 5
B ESIABAR, &SRS TR EBEHRSHIEETE
B4 (LSPSAY B vk, EE 1B Z A BR8] — ML 2T
Z5 18] B[R] B, PRERIRUAA 2 R AR AR 2 (A 5 36 2 7 25 ] P A 3
FERA MR R UTE KR, T8 5 2 W M B 7R 3L
BFEAE T E R, Hoh, 43R A R
JRIFE , A SRR M T — BRI E R Y R ik (78
KB AT L T2 ) RAE A B A R AR

& % x o

[1] Estellers V. Gurban M, Thiran]. On Dynamic Stream Weighting
for Audio-Visual Speech Recognition [J7]. IEEE Transactions on

Audio, Speech, and Language Processing, 2012, 20 (4). 1145-
1157

[2] Li Haojie, Wang Xiao-hui, Tang Jin-hui. Combining global and
local matching of multiple features for precise item image re-
trieva J]. ACM/Springer Multimedia System Journal, 2013, 19
(1):37-49

[3] Kalamaras I, Mademlis A, Malassiotis S, et al. novel framework
for retrieval and interactive visualization of multimodal data[J].
Electronic Letters on Computer Vision and Image Analysis,
2013,12(2).28-39

[4] Hotelling H. Relations between two sets of variates [J]. Bi-
ometrika,1936,28(3/4).:321-377

(5] EEX WD _REHMHEESIELEF EIM]. L. By
Todv i it 1999

[6] AkahoS. A kernel method for canonical correlation analysis [C] /
IMPS 2001 International Meeting of Psychometric Society. Feb.
2007

(7] #4%,%ER. LW EREEXSTTERI] 4%, 2008,19
(11).:2822-2832

[8] Rosipal R, Trejo L J. Kernel partial least squares regression in
reproducing kernel Hilbert space[J]. Journal of Machine Learn-
ing Research,2001(2).97-123

[9] FEik, A%k, M NI REMAIM] b5 . FERE
i faL, 2006

[10] Sharma A,Kumar A, Daume H III, et al, Generalized Multivie-
wAnalysis; A Discriminative Latent Space[ C] // IEEE Confe-
rence on Computer Vision and Pattern Recognition. 20122160~
2167

[117 Chen Yaonan, Lin H T. Feature-aware label space dimension
reduction for multi-label classication[C] // Advances in Neural
Information Processing Systems. 2012,25:1538-1546

[12] Yu Shi-peng, Yu Kai, Tresp V, et al. Multi-Output regularized
feature projection[]J]. IEEE Conference on knowledge and data
engineering, 2006,18(12) : 1600-1613

[13] http://www. ics. uci. edu/ ~mlearn/MLSummary. html

[14] Liu Nan,Zhao Yao,Zhu Zhen-feng, et al. Exploiting Visual-Au-
dio-Textual Characteristics for Automatic TV Commercial Block
Detection and Segmentation[J]. IEEE Transaction on Multime-
dia,2011,13(5):961-973

(E#% 56 ®)

[10] Bay H, Tuytelaars T, Van Gool L. Surf; Speeded up robust fea-
tures[ M ]. Computer VisionrECCV 2006. Springer Berlin Hei~
delberg, 2006 ;404-417

[11] Rosten E,Drummond T. Machine learning for high-speed corner
detection[ M] // Computer VisionrECCV 2006, Springer Berlin
Heidelberg, 2006 :430-443

[12] Calonder M, Lepetit V, Strecha C, et al. BRIEF; binary robust
independent elementary features[ M ] // Computer Vision-ECCV
2010. Springer Berlin Heidelberg, 2010,778-792

[13] Leutenegger S,Chli M, Siegwart R Y. BRISK ; Binary robust in-
variant scalable keypoints[C] /2011 IEEE International Con-
ference on Computer Vision (ICCV). IEEE, 2011;2548-2555

[14] Rublee E,Rabaud V, Konolige K, et al. ORB: an efficient alter-

native to SIFT or SURF[CJ// 2011 IEEE International Confe-
rence on Computer Vision (ICCV). IEEE,2011.2564-2571

[157] Quinlan J R. Induction of decision trees[J]. Machine learning,
1986,1(1).81-106

[16] X388, FHEM, KM T #HB R I X THENDT ER
PRt L] ]. & EW o, 2012,39(B06) : 327-331

[17] 3BF195,%. T L REF FAST-9 MEGHGRICEREE(T]. i+8
PLIT#,2012,38(12)

(18] http://www. ee. columbia. edu/In/dvmm/researchProjects/Fea-
tureExtraction/NearDuplicateByParts/ INDDetection, html, 2004

[19] Tan H K,Ngo C W,Chua T S. Efficient mining of multiple par-
tial near-duplicate alignments by temporal network[]J]. IEEE
Transactions on Circuits and Systems for Video Technology,
2010,20(11).:1486-1498

3710



