B19% 12 e G TR Vol.19 No.12
2011 4£ 12 A Optics and Precision Engineering Dec. 2011

XEHS 1004-924X(2011)12-3025-09

FHEEREFIREFERZBITEXPRINHA

v

OB RRE DR

Z

(ERA%¥ LERARKARHABER LR, ER 400044)

FEE O T AR C R0 5 AR IO AR & 8 B AR 00 FOF B 3210 T — o i 2 WB i 2 > O ik — 2 W B TR
Bk A (SSMDE) 1277 1 F| FI AR 1046 4% 119 28 310 (5 68 S 286 oA 1 R 2 ] &1 ke 2 A1 A A B50HIR 109 288 00006 3% O 1530 AH 7 1)
R A P 5 1) P A G2 R R s T R A 4 Sy T R I Ok SR AE 3R R A 5 4 . AR LR 3l e pR Ak B A e RS B 4
RE R 70 ORFRRAAE 25 ] rh 508 B R 5 A0 A AT 38 T ol (M) 2 48080 o5 22 RN AR B IR 4B 06 R O W 28 S BE R T RE K, 7
N T U008 R8BSR R SE 38 25 R B, SSMDE 43285558 92, 36 %, H 4r 28 25 3 5 BUM 40T 80 2 (B i iR 22 ¥ /N T
5% o X T7 38 A ROR > ARG AR AS RO B JOAR 0 AR AR 52 I W B A o A R e TR B AR R A R

X B WEAPR LR, R BARS R FERIGEREALST

FE 4 %S TP391. 4;TP73 X EKFRIZAD ; A doi:10. 3788/0PE. 20111912, 3025

Semi-supervised manifold learning and its application
to remote sensing image classification

HUANG Hong" ., QIN Gao-feng, FENG Hai-liang

(Key Laboratory of Optoelectronic Technique Systems, Ministry of Education,
Chongqing University, Chongqing 400044, China)

* Corresponding author, E-mail : hhuang. cqu@ gmail. com

Abstract; To improve the remote sensing image classification accuracy by incorporating labeled and
unlabeled samples, this paper proposes a new manifold learning method called Semi-supervised Mani-
fold Discriminant Embedding (SSMDE). This method uses data point labels to construct two relation-
al graphs, within-class graph and between-class graph,they then are taken to encode the class relation
information indicated in the labeled data points and to construct two weighted matrices. The labeled
and unlabeled data points are utilized to construct the total scatter matrix to describe all the data
points. Finally, the projection matrix of SSMDE is obtained by solving an optimization problem. The
SSMDE method can not only take into account the discriminant information of labeled data, but also
preserve the global structure of all data points. The experimental results on both synthetic and remote
sensing images show that the proposed method can achieve the classification accuracy of 92. 32% and

the error between the classification results by the SSMDE and the government statistics is less than
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5%, which demonstrates the effectiveness of SSMDE.

Key words: remote sensing; land classification; image classification; feature extraction; Semi-super-

vised Manifold Learning
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Tab. 2 Comparison of different methods on
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20k MMC  75.11%2.3 0.828
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Tab. 3 Evaluation of classification accuracy

ARG B2 o
Kappa coefficient
/()

K-NN 45. 359 0.421 5
PCA 60. 268 0.612 3
LDA 70. 827 0.694 1
LPP 75.413 0.736 9
MMC 71. 247 0.701 2

SSMMC 75.744 0.732 8
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1 BUA L T AR AT TR e M. AR 4 AT LU
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/NG 0,830, AT LA SCHR M Y 7 I B 2 i i Ak
VR ZEAE SR R AT AR Y
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