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Multi-class Image Classification with Active Learning and

Semi-supervised Learning

CHEN Rong* CAO Yong-Feng? SUN Hong'

Abstract Most image classification methods require adequate labeled training samples to train classifier models. In real
world applications, labelling samples are often very time consuming and expensive, especially for some special images,
e.g. synthetic aperture radar (SAR) images. So the number of labeled samples is usually limited. In this study, we
propose a novel image classification method based on SVMs, incorporating best vs second-best (BvSB) active learning
and constrained self-training (CST). In this method, BvSB active learning is used to explore examples that are the most
valuable to current classifier model for manual labelling. And CST is used to exploit useful information from examples that
remain in the unlabeled dataset. With this new method, satisfying classification performance can be achieved while the
human labelling load is low. We demonstrate results on 3 optical image datasets and a SAR image dataset. The proposed
method gives large reduction in the number of human labeled samples as compared with random selection, entropy based
active learning and BvSB active learning to achieve similar classification accuracy, and has little computational overhead
and good robustness.
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Fig.1 A typical framework of image classification with

active learning
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Fig.2 An illustration of why entropy can be a poor
estimate of classification uncertainty (The plots show
estimated probability distributions for two unlabeled

samples in a 10-class classification problem.)
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Fig.3 A typical framework of self-training
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FIN Ynn,

3) LIRS

EREESY®
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+ CST FEAIEHFEN) SVM £ 2K G o e ik. Jir,
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TN ZRAE AT b 78 R
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FEAR L Sy RAsBIMI 25, BvSB 1:8)4% > . CST
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Fig.4 The framework of image classification with
BvSB + CST
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W INGFEAR LRI ARFRERE ARG A L U,
TERIER 5y 2RI, N U TPRENLE R K NFEAS, HH
FUONH BT N AR, Bz AR S0 Sin. Xl
GFEALE L FURFRAFEAL U HATH B L = Sin,
U — U\Si.i- HIIZEE L %k SVM 43245, AR,
X ARFRFFEARLE U R B0 AT 1,
HILE T B LMW p (yi|z), y; €Y,z € U.
2.2.2 BvSB x#=3)

BvSB =347 2 H >k T IS L8024 i 4 25
B AT B PR A, R i 1 75 21 1 AR AR VEFE A S
TR p (y;|z), WL BvSB J&E 5 #E N
MU ikt Kgesg MEA, 10 H Sgoss, HIH XL
Sgvsp T IIFEABAT N THRE.
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By, HEAEFASE U DI a AR &S
PIREZ p (Ypest| ), X5, THE U AL T L
PREFEFEARSE S, B 4B s, Hid sk bR X
U PRELREKM (4) A (5) MIREASL R IL A bR
5 IER RN NBR AT HES, I FR T Kost A
FEA, WA Scsr, ¥ Sost HIIFEAR R BALFR 5 1E
h4% BRI
224 NHHERER S LFJEEER

FH BT 32 HY 0 A A6 I 25 FF A 45 F0 K b v A
AEWHATEY: L = LU (SpwspUScst), U —
U\ (Spvsg UScsr). HIEHT G B ZRFE AL T8
25 SVM 4r s, WAt Rt AT,

3 SREKREXSH

H T BAEASCH LT BvSB + CST 1K
By REL A B E RS, AT BI1E 3 A
EEGAER 1 A SAR BIHR4E Bt AT 4098585, 7
NI B 1) A 2 R S . RN 2R B
FYERf 2 bRy AR EE 3 ANy TR SR 1 Re AT
PRA, R RAI 7L S R T REALE R (Random) .
FETF 1 E8)% 2] (Entropy based active learning)
DL AT BvSB [ 3852 (BvSB) X = 51
PEREUEAT ELERL.

K LIBSVMU2 Ay sz 86 b SVML (1) 55 JE.
LIBSVM K H % — 77 2ok Ak B 2 9 53 2 ]
I HLRE 8 4 tH MR A8 T & AT RE I 20 2.
3.1 wEXFEGE LMY ESIE
3.1.1 XHEE

AT UCT Hds 208 hig % T 3 A i
G AT R ER Sk B AT S . A 9 S
FREEARAE (Letters) 3¢ B MR B F 5 AR 50+ 4
£ (USPS), UL o —NFE5EH 7 E B4 (Pendig-
its). 3 MFEEGHEARE ARG MR 1 s

PAERAEUR L EJT T 10 IR4r2R5E5, 5K
RS E IR 2 s, £ 2 PEANSHEA
PR SR

Kini: VIURBENLE BN AL AL

Kgosp: BIEARTIE L BvSB Ea)2: >k H
PIREA S =

Kegr: BRREAH I CST i H A%
threshold: LIRSAT (4) I EIE;
Kernel: SVM 43 2848 A% H 1% pR 24
Mazx_ite: f KIERIREL (WIGEFEA L AR R 5
1 KIEAR).
K1 3N EUREMEARTE I

Table 1  General information of 3 optical image datasets
- . Rbjdse
KRR R ’ PR A
N
2 it PCA
USPS 10 56 G POA 6 00 5000
%% 65)

Pendigits 10 16 2000 5100
Letters 26 16 10000 10000

ity UL, XS 1 S A E N, Al
PRAUE TAEIZZHCE, BRIEAH L CST AR AT
FIARBREFEA B K T T Kegr, 13 CST B
g R AT

312 HEMEMR
FATH A B R 1 1 70 S Al A R AT V1 5,

13 273 FUERR AR IR A2 I ER, T4 10 Ik
S50 15 B 1K) 7 SN R AR i Ze b AT 1 2y, 53—
NGt BRI R AR A i 2k, s 5 B, R
5, o HRERIEACREL, y MR e .l
Xt o SEHERA R AL AL L REAT L2, FEIEAHIIY, SR
BMREAE S LR 2y M REM ZE AR, KT
FEIEABIY, WIZRFEA R, INZRA3 2 728
A RARAER, EIXPE DL N, SR REACE FE VAL
AT BEHLERE. BEATEAAARTELT, BvSB + CST
(R AR B R R, SR Z 5 10 20 Rk R 20
T AL =R IR EAR I ([ 2 %),
KM BvSB + CST Jj ik nl LASRAT 5 i 0 73 SR HE A
. mTEAHER IS, S FA R kP
N TARVE (B AR AR R Y, XU WIAEA R T
PREEFAR S SL R, BVvSB + CST JidaAixt + oAb
J7VE REWS AT RO B i 2 SRR A R AH [ £ 23
FUERfAI (€ y ), BvSB 4+ CST J/ikii it
IEARUE R D, DEWIIRAFAH [R] 0 ) SRR N, %05
EPTHR N TR D, RN, 78 USPS

K2 s

Table 2  Experimental setup
Kin Kgyss Kest threshold Kernel Maz_ite
USPS 100 5 10 0.7 RBF (y=0.01) 51
Pendigits 50 5 15 0.6 RBF (v=0.0001) 51
Letters 260 10 10 0.6 RBF (v=0.05) 101
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FI Letters MBI AR b, KL TR0 F 3027 > fIpd
WLIZE B 11 BE 22 AN K, 3k B AR IX P9 S B 46 I
905 IF A BRAR 2 AR AL AR 20 A 58 1, IX AN
SEE EUOH TS 1 AR e L AE 3 AN
£ 1, R BvSB + CST Jy vk 1 43 FEUE A R A 22
KM BvSB 3805 2 Tk 1) 43 RAERf A 1Kt
B CST Wikt MFEAR S A3k, A ZhFE
AL G Ree A St P = oy SR AR 1) o Rk e A
Letters #(#54E I, BvSB + CST #HX/ T BvSB i
EAE o RUEI 2 B R AR, XU Rz A b
MEERF S CST F AR A AR K5 B2
AHRT LEAAT IR, Ko A Ik Refe A K.

6~ 8 Ialgh i T1E 3 NERAE |, & s
TR ) R RIEARIR S, K A SR ) BvSB
+ CST FEAEFETT A oA 3 PP 7248 %2600 F
SRR L. B AR K BvSB +
CST J5i%5 & Flow b7 A %A 2800 1) 0 2K e
R 2, IFBUE BvSB + CST e85 Ly
R 2 = Tz b . AT LU 3, BvSB
+ CST J5iEAHNE T oA = Fh 7 VA8 48 K 2 5029
R R e R AT — e R . b, BvSB
+ CST #%}F Random F1 Entropy #Fh 772 1)1
RedE TR EROR, AHXT BvSB A PERESE T A1

TN, X BEIAE BvSB + CST J7ikH, BvSB &
B 2 e A IR BB L i LR B ST
DRI BENPERIFEA, T CST Y- 2% 2k
FEA AL & S B A BN, AH T CST EH 1)
FEA S A BhbRVER), WA I ThrvE S, Ak
CST 3R v LAk 247 HI ).
3.1.3 AIfrikfaig

KT BvSB + CST JrikAEb N TAsiE
S TR (A, FRATT 23 ) B A T A B AH [F] 1)
Iy RUER I SR I VE I 75 AR S, X 3 4
T X USPS il 410 20 58 v, SR &Rl A )
(PVRE AR 36 B 7 V2508 BIAH 7] 149 43 S Ay 2 1 e 5 149 3%
ARREL. FATTLL BvSB + CST J7iE4E A 3EHERE T L
B, Bln, KA BvSB + CST J5vkidkAt 14 Wtk
IS B R %, KA Random J7 k7 21548 39
X, K H Entropy 777 B4R 36 X, K H BvSB
JTIETR AR 20 IR A RekAS. & 3 hil “—” FoR
1% 59 WA 3 38 S 56 v 8 1) B KAk AR IR B, A7)
ANBEIA BIAH B (1) 73 AR .
3.1.4 KESE threshold 335214 BEHI 22N

7t BvSB + CST Jiikh, i — AN EE NS4
threshold. ‘e HlFE1E CST H A >k B ahbriE A

%o

95 _ . 100 . . 95
: H H H H H A Ranada i g
i £ i - RO | | SEFURURS Sttt ERLors LGOS v | SR
Soglcanatiinig & o5} .ﬂﬁw pud ... 2 "
g i . 8 o M‘&«?‘Md § 85}
5 i E ) e B g sl
2 7] 2 g0 ‘.J-t.’.f'f'.‘..‘ nggg,yﬁ’w ....... = i
k= P g /:;c{ & ; : i S 751
5 gol.... febafad 2 5ol LA L1 (1) Y P SRS (R, R S
280 ol et W . £ P
Z ?;:!%;- : . i z |47 : Z 65 : :
k| g& ; ——Random = {RF i —=—Random = g —-Random
SEL — —r BvSB © BOHES- e ——BvSB O 60 g% ——BvSB
i —&—Entropy i —=—Entropy 554 ——Entropy
o i i [ BvSB+CST 75 i ——BvSB + CST]| " : ) i | +—BvSB+CST|
10 20 30 40 50 60 : 10 2 30 50 601 -0 20 40 60 B0 100 120
Iterations Iterations Iterations
(a) USPS (b) Pendigits (c) Letters
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Fig.5 Classification accuracies on USPS, Pendigits, and Letters datasets
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Fig.6 Classification accuracy comparison for each class in USPS dataset
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Table 3

The numbers of iteration rounds required of different methods when achieving

the same classification accuracy on USPS dataset

BvSB + CST selection rounds

Random selection rounds

Entropy selection rounds BvSB selection rounds

4 6
6 11
8 17
10 24
12 31
16 48
18 -

6 5
12 7
23 12
26 13
31 17
43 24
51 27
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Fig. 11 Classification accuracies on SAR image dataset
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