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WERE: In recent years, multi-label learning has become one of
the important research topics in machine learning community. Binary
relevance (BR) is arguably the most popular approach towards

multi-label learning, which decomposes the multi-label learning

problem into a number of independent binary classification problems,

one per category. In view of the well-known weakness of BR, i.e. ignorance of label correlations,



a number of enhanced versions of BR have been developed in recent years by endowing BR with
the ability of label correlations exploitation. Nonetheless, in addition to label correlations
exploitation, there are several factors which need to be considered to make BR-based approach
work effectively. In this talk, I will introduce some of our recent progresses on BR-based
multi-label learning.
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WM E . Change detection in remote sensing imagery is an important issue in both civil and
military fields. It classifies the input regions into changed and unchanged classes. With various
sources, large amount of data, and diversiform ground objects, it is difficult to modeling and
interpreting the remote sensing data. Deep neural networks (DNN) developed in this decade have
the properties of modeling and representing complex data and unsupervised feature learning.
Based on deep neural networks, we develop methods for dealing with some problems encountered
in change detection. We will introduce four methods based on DNN for change detection. Firstly,
we introduce two DNN-based methods for change detection in synthetic aperture radar imagery.
Then on multi-source imagery, we develop bilateral networks to learn and transform the
representations into a consistent space. We design an objective function for the whole network to
learn the network parameters and unchanged labels simultaneously.

WEANE A AR, H, WA, PUIE TR R R DT A T

BG4 HL R BT B ST N e TR EEWEGUT ) D v A RE BRI A AR MR A AR A HE
IR o TFF5E e E R 863 vl HK AMRBI AR &2 RIS, K& SCT RrR i3 100
A0, eI 3500 AR, ARESR WL AR 10 R0, SRIEZ HARRL R AR 1 I
VAR E XA FER G T E SR R IRAA R SRR A S F RN
IRTTFHUNR . RICRBERERH B R . B R B0 St s N4 SCRet
R P G | A A R B . N W http://web. xidian. edu. cn/mggong/

W\ A E Bl 5 Rl

MWEN: XIUEEL

WMERWE: E£2 76 21LRGLE RS AR IE RSO b, i T T
PO, WIS SR AN 52 PR e SR H 2 A 25 o R 22 U5 L
A BERS A A i H PR BRI e, 95 RGeStk o TEAG
FEMER 0 2 T RAR, RN E 5 B IR AR £ AL P A ARy
DeF e AEHe EEENDEE MRG58 8 S DN 2R T IE 4 4
BRI HARME AR RMERIT %, LS P 5 A5 LK) F Ol N R S B i . 36
TS R B A R B A RE RS SRR, DR R AT SR B 2 A )
Hi

W NFIAr: XL, 1k, PYAETMRS: A s Beml #d%. 4T 2007, 2010, 2013
SEFRPE AL TV K2 L i E A 2247 . 2010-2014 4E7F 5 A5 5155 e 11 37 18 24 P £ 2 e
SR SR NPT s e A B e (VAR S 20N 8 SN = TR 1182 ¥ N U Se e S ok
U, UTAERAE TEEE TGRS, TCYB, PR, [HFrfE BRE o455 B b e S TR 2l B RS

9



20 R, RBRIGARHABOR AR T, LRSS HE K BRI T FEIH, i EIH A
H A IH USSR E 48 FARFE G I H NI HAE [ B fE Bt Kl r& e, PEE
SRS R0, Botid Aaibs bl Bie Ny & Rk,

Email:liuzhunga@nwpu. edu. cn

U MEEL SRR
BELEXTHR £=2 I Ao K Fodghk: 82664437 FAMHE: http://lwww.sxpaa.com/

10



