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Abstract Using the least manually labeled samples to train a good classifier is a key problem in image classification, Ai-
ming at selecting these samples for labeling, this paper proposed a criterion combining two different measures of sam-
ples: uncertainty of classification and representativeness. The best vs. second-best (BvSB) method is used to get the
measure of uncertainty. The dataset is first hierarchically clustered and then the measure of representativeness of each
unlabeled sample is defined based on the structural information of clusters and the distribution information of those la-
beled samples. The proposed method was compared with the random-selection method and BvSB method on an optical

image dataset and a fully-polarimetric synthetic aperture radar (SAR) image dataset. The results show that it has 'stably

better performance.
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ZHRERWESRAEREALNEERSHIIGREE
SkF A/ BR, LR, ARBREASITIREIER
BN . B AR TAEIE AR FERT . R, X T — R
W B8 404 7L 42 B ik (Synthetic aperture radar, SAR) El{& ,
Tl AP X AT AR B, REEHR—-SRNE
SPRBERFERGRE R EFRTERARE. HEK, Bah/¥ 8
HIREFTERAT —EMERY , X ERAMAITEIR
BT ALHSATRE, B T 8 r ey sh i, (HHCBA]
ROVARETHEIRERAZES 5488, AR BLE
BAR, ER S B ERPESREAERNNEES, TREE 4
REUEE TR -LEEABWEWE., FHik, I ERON
REAEAT A TARIE, FIRBBIT 1 5 S M AR B R 4 28
N B — N e8P A

T

BB R 2012-10-17 EB B H:2013-02-25

R T BRI E R R 09 A R AE LT 694> 2K (R E,
FE 5025 (Active learning)™ B2 B P28 3 A AR5
FHRRRR. BRBEICVIEEEI T EERR F &
A REATEGIE, H R — 2oL Brp i, RITT LA BIRA
M, Bl EREREHBBABMYEIFEP, UL SVM K
#1,SVM W43 R EHE R 53X R EA X, B, mBEA Y
SRR P IR SR B A, A 2B M AT KSR,
MXABIFAIE AR AT B R 2 7E T, B4
HX RSB RM N RNEERREERMS . XhEET T
BgERAESEIRARE T I ERF.

FERETF SVM KyLES 3 3 M A , Tong F 12 89 £3h
2 FRELBB T ERINTTAMA. EXEHEIFE
W, AR IR S T X4 B 43 28 T MR B IA O R 2K I B (B R
15 BERIRE AR, BB sk oA A 0 B SR AR T FF A B M BT Y R
BAES, ZHENESEIENEFERNEE: DERE

AXTEE HRBFEES(41161065,40901207) % B .
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AR RBBEHE 1 TR, IR R M A, B (R I X 2
i R R R RER; 2) FUE SRR SVM, 43t 2443 %0H)
BELLXNEREA S M EBEHE TR, B, FEED
AREDAEEA. ETHOENTTUSTRATEAK5%KH
B, BR YA BB LN, AR RRITARER N2
KPRFEHEDT . Joshi R HUNETFRMAIFSMKMERS
(Best vs, second-best, BvSB) #)Fsh2 3 fE T 3 — ik
TREANRE. A EFEHNERTHREEFIARHE
P, MBA B RZREARNARE. S LR R, 330K £3)
LSRN KBS, — BRI ERHEEER, B
SARFHRER., FHEHEERBREREAXT Ya74%
BERAERHEREEEEFTERARERD EROELZ A
JURME, BT, B T —FhET 6 BvSB M43 B H 2 (Hierar-
chical Clustering) 8y X 52 3 ¥EW BvSBHC, 3:#1E T HE R B9
FEH¥EIEE.

2 ETFBvSBCHEHFEIHE

2.1 BvSB&M
TEZFEAIISREP , ¥ R E A E R BB .
ENT* =arg ng-y% Yb(y,» | z: ) logp(y: | z:) ¢))

H U pRbrEriase, Y REMA T RRBHRIES.
BANEEE, RARRHENAHEERRE. YoREE
RSB 2 BF, T HM 32 ST HENLR Ly E R
FIERMEREII 0. 5 WREAEFEN. BTHES%E
AR I o W 7E 2 S [l BB vh e — A [R) B - S RO (ELTR
BEHZIRUAEBEXRHOERGE WY, Joshi FRINH
FahE IR EEEN BSBIRIFMMER T XA RE. &
BvSB 0l vh R 2% B Ac 43 KT BRIE B KB PIAN2E3, R I
XSRS B RE R MBNRB] . BHE o HRHK
S MRS RS IICE p ie |2 T 5 (Yscont b |
z) , HEN AT AR T

BuSB=arg gleir[}(p(y&u V) = P Ysvcond_Bess | %)) 3]

YA R IR BEET 2 6F, BvSB LR LY 2k #
JR T IERMBEREHEGE 0. 5 AR EIEEN.

& BvSB M s e — A, BP R A it B o R
ERTHANIBAHEYE, MBRTHEHRRE. A
1BIF#AT o0, £/ 1, Al T SVM 53 RB[ 152K
L 2 AR SR ANE RS HRBFMBINGHS, REH
B a b HWAHiREA, HE BvSBHEN,a B YRT42K1E
MBERGE—28, Wit o BT ERMARKMREAN T o B
/NS5, BRI A o INABIVIGERE AR, EHRE o KHE
BEA NGRS, SRR R A o MABIUNGREAR, 1R
SHAREHRABER. AXMAE LR HE o BER
BARMG A b MR E BRI R o /D HEREE b—Bin
ABIYIGREE R, 343 S8 T i) T BREE WA LLRE AR o K, B Ui, 46
SERYFEA b X U R BMB A E R B ER— L.
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2.2 BvSBHC ER

MEL_EX$ BvSB #EM 3 4347 AT & i, ZEAR A E A R
(U8 B ) S AT E YR A » B 5 i8R A Y
RFEME. RFEHETAFATTERAEIR

DASEHEYIFREERZE MK R, Fikh s
BHASEARAZENZEAKRHNERIIR.

2 NEEARIFER AR Z 7] X Rk UF, BTk t R
ZpLRA SR AR, AR — BB ABINGREESR
W, RS ISR AR EFBAREIRIFERER .

EFXNER, &30 B3 I AR L FRENR 5 R W
ARG, —BARARERER, S-S RREEEER.
BXRESE S — AR A A «

BvSBHC=arg min(S(z))
ziEU (3)
S =a* m., () +A—dm (x)

HAPpE g & m, (D EF BSB RN, i

m, ()= pCYpest | 2) — PCYsvcomd_Best | 2D @

REWEFR m (OEH 2.3 FHPRG). NGB, &
oo B—A P EXHSE, BUELE 0 Fl 1 2, FR AR
FRHARERAME. FH W LURERERT 8 RE.
2.3 R&ieER

33 B PR 2 70 A 235 18] 1 B S 30 R 40 BB Y A ) M %
HE , BP SRR AR 70 RRAIE 25 (8] s BT » JUA S T B A
HEEZEMEETARA, WMEREETHh—MeRI%
B B — M BANRFHERE. NLAEH R #%
Dasgupta PR M E T2 RA M0 £35S B4, X HR
T average linkage M)A R REH R RBURRIEER

2 HERIWEN

XERIRERERHEIT BRI BB R PR BTA B
AEREF, BB 2 AHFL BB FRE-AREH
B ANRISHPIF EIFE R, K BE B S/ 2 B 1
BT, Kb, BARBHAER n—1 4. X B average
linkage RAG7ETTH 2 MRBZEMEERRT, R 2 1~ REP
& WA TR Z EIRBE R P39 THE n—1 M REK



HIPI PRI EE R, A3 2 MER B/ R A FF, XA, 8
RAEBER n—2 M EREGHIR, HRTABRKIEH R
— AR XRRER T — M REWH X R (B8
W, A 2),

B AT RS ISR LD

et () = R ®)

A H s Netea DR R i FHRTEESHINEEEARBE, Now
ORFF R i PRSHFTIARRNEE. ATHR-MHA
TRIREAT LB 1ER LB A, — DA BT EE R AT Y
T tect TR, DABR T B T AL A ROV SRR 1 LU B G, A8 2. 2
RENZY A THEBNSGES, NS S5HAENSERERR
HRITAR, BREABA N A A AR, B, AREA - B
BISLHT R rera ENZHEF R BEER, U fa(@REFMW
BEAR z AT AL A

m, (L) =1 (fa(2)) 6)

it b, F R SVMBRE THEREHEHE, B
I, FEME S BRI SN, RITERZRBERRINFH
RISz I iR AR Z [ R R .
2.4 ETF BvSBHC By Zh¥ I M

ETF BySBHC ¥, By E5h¥ BB, KB HER
A 3. BESRERGHIRERREN AR GRA N
BRI EREHTHIE. AT EHEIBEERT
SVM %88, B BA SR BN BAERER SVM,

Inputs:
U unlabeled dataget, L: labeled training dataset;
T Tree structure of hierarchical clustering;
Batch_size; number of samples sefectedin eachiteration;
Meoe_ite: wanber of iteration, Seed: size of initial training dataset.
%6Training dataset initialization
L=
Jor =1 to Seed do
Pick arandom point z from I/, query z's label/
Ll Uz UslAz
end for
Update 7oy, for all notezin T
%Sample selectioniteration
Jor =1 to Mes_ire do
train SVMs using L
Jor eachsample = € U do
Calculate labeling probability p(y,)2) for all poszible labels
Calenlate n4, (2= (¥ ol 232XV SnoonatBest|Z)
Calculate ns, (S Fpgtee (FH2))
Calculate S(z)=a - 11, EH{1-0) - m,.(2)
endfor
Sort the S of all samples in U, and guery the labels of bach_size
samples {z,,,} with the smallest §
L=l U (5.}, U= {5}
Update 7, for all nodes in T
end for

3 BvSBHC F3h=# 3 By hininE

3 SAXBESSH

NWUEAR SR H 49 BvSBHC 313 I BB AR, B
fi17E % E WE B USPS F 5 # ¥ ERETf— 2Rk
SAR BEifg b33 T 4283, A BN B KRR RZ A
A BIE B AR BEHA T EHFT IR, I SR F
#(Random) , BvSB #% 7= 15 55X W F J7 3 B0 HE BB HEAT LUK
R LIBSVMUSAE RSl SVM L HL.

3.1 USPS ‘i@ Ry
EUSPSFERKFEBE D, HEEHHAARF
0—93X 10 K51, B K5 W EKRHE 1100 8, 3£ 11000
W, BRERKADR 16 % 16,8 S I KEER, NEBEER
ik 600 IEAL R — AN 6000 WIRIFTERESE, BRFT
i 500 MR B R /H Yy 5000 MK ERE., BEEEEZR
FEMREWREEHESES, 48— 256 ERIFEME.
a3k B RBF # (y=0. 01), Seed = 100 (% 10 1),
Batch_size=10,Max_ite=41,a BUA P B CCHNEH TR
fHR0.1/10.5 ER) . SRGIH TESBRERPSHE
BT WA IR R, Y REERBIEZE, &7
FHRES MRS XERE FHEHOLE 4.8 5.
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BvSB #1 BvSBHC # LLRELE ) 43 8RBT . 7ESCH
R T LALBER, ERNICLHFFTHHELRD,
BvSB FUPERBERE HBEMLIE BRI (PERE R 6% AR » X5 X
ML7IP LR B AR,

Xt BvSB #1 BvSBHC M EBERH 2R, AT E M, 7EC R
o, TE AR B RTSHER 53, il o S0V BRUAEL, b O 25 A0 P BE R
H AL GX AT BB R ZERTLUGE T, BB MG HEAR K E
HXTBER R N SRR A B E RN D, BEREEERR
BRRIEMERD . 7ERHZ /5%, BvSBHC Mt pEREE, T
BvSB: X4 o BUEH AR 0. 9~1, B} BvSBHC £ E# B A
R, AR ENERHERE; Y o« BEPEH N
0. 5 BHIE) , BvSBHC #) ¥ BB A%+ BvSB A8 B B B9 7+ (2%
ZEHD ; ¥ « BUES /P (0 0~0. 1, 1Y BvSBHC X E 48
REEER , MEEREE W/, BvSBHC K#k 5
%HERE2E T BvSB MERAVER DB R R4 .

7E Batch_size Z¥AIEE L , B Tk N S ATHERE
RPEHER, FEH-SHTKELR. NER LB,
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Batch_size #/]N, BVSBHC ¥ RBR Bl iF. X B E AL
FEEBRERNEFLS MRS, FREEREEE
Z a5 BHTTAYE, BT Batch_size B/, BYER N EFH
BEA IR, X TE RARE AR TUA R AN,
3.2 £t SAR B R

SR H ALOS PALSAR FREUH b3 4 X Jb £ B LM
4 R EL iR AL BE ) B 32 E Hh R USGS 42 AL HE R 13
YEEE, ER T FIEFEGIE TR X R ground truth I,
& 6.

e, FE@ B K/DRK 1070 = 1236, FE (b)) BRI K
989 * 1036, H FRLE B, RATOUE JBAK IR 4k Ak B b
X 42, MAE BRI LMY ARG, SRPETERNRE
A HE : Sinclair BUFHERME (6 48, A ZHEM (9 4, T4
R (9 48 , 25 TE AR 10 38 B L0 3R M7 2 BRI SR AR E (7 4B,
Pauli 434% (6 4E) , Freeman 43 (6 4t), Huynen 43 #% (9 4k),
H/Alpha/A 538 (6 40, G R IEH R —A 52 BB . B
ETEGPRIET . BERIIAERMN FH, FHRY
KK 5 %5, I F L HMAHER BB R TREN, B
M B PR NEEHETE SRR EE N R T
FEIE. W7 B (D FENRIRERE AL (34534 M), TH
(@FER IR 4R (47288 MR . LR RBF B (y
=0, 01) , Seed= 800 (4§28 200 4*), Batch_size= 40, Max_ite=
41,0 BUETTAE,

@ Water B Wed land

F6 2t SAR ¥IEH ground truth B

Helit SAR AL RERBHNER S HAEHK
BELRERBINESLHMY. FRIKNEZE SARFEES
RSt RE B 4R B Bh AR L BE K (Gl 2 R, SAR EAR
thHEAH E K8 Z ), BvSBHC #1 BvSB % F Ran-
dom KHEREIEA T 10% AR . B 7THAHT « BUEN 0. 4 B
SAR BB REER.

alpha=04

n
= ok b W it
§ 85, R % e :
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SRR EIEIPBEERORRNFEL T REBREH
EHR, ERMALZRS ,HXFEVL R B ARITIRE,
BvSBHC #1 BvSB ZBH R KIS R HERREF (T ~1000), 3
BT £33 A MEMEERN AME. Ed 5 AR
RUEER, 4 X ZECEREKE L, &30 BvSBHC Kjf&
SEYEEMET BvSB, RITIAAHHERRRENTIABRAN Z R
EA A PERR, HIF R RBH A 28 2R A PR AR R A TR Y R EK, BT
PLARFA I~ 20 AL ERBHTRERKRE, AR Y
MESEIFERARN.

AREHERMREEEREMNERE « BACHE
FEENSH, EMEEETE2RARNRRREMRERE.
FR-NMREBEEAEEHEERBESH, LEEER
ABRP BN ABRSEO T ERARNFATERZ —. I
SHRAAFRRAS AHEEERNRREER, YRR
ATTUERERARREEEE RN ESREHNRE %, TR
&it—HRA IR,
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