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Table 1 Parameters of Spatial Information Extraction
2X2 3X3 4< 4 5X'5
A 4 9 16 25
8s 9s 12s 15
SVM 105s 175s 240s 305
73.00% | 78.00% | 82 00% | 84 50%
600s 800s
BPNN 8s 12s
59.00% | 63.50%
55s 78s 105 160s
ARTMAP 56s 6ls 125 180s
73.00% | 74.00% | 80.50% | 84.50%
1
SVM.ARTMAP  BPNN
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2 44 (84.5%, kappa= 0.793)
Table 2 The Error Matrix of 4< 4 window
Cl 2 3 Cc4
Cl1 50 10 0 0 60
Cc2 0 33 0 1 34
C3 0 0 48 2 50
Cc4 0 7 2 9 47
50 50 50 50 200
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Fig. 3 The result of wban information dlassification
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Support Vector Machine for Spatial Feature Extraction and
Classification of Remotely Sensed Imagery

LUO Jian-cheng', ZHOU Cheng-hu', LEUNG Yee’, MA Jiang-hong’
(1. LREIS, Institute of Gaographical Science and Natural Resources Resaurch, CAS, Beijjing 100101, China;
2. Deartment of Geogruphy, the Chinese Univesity of Hong Kong, Hong Kong, China;
3. Xi’ an Jiaowng University, Xi' an 710049, China)

Abstract:  Extracting and classifying spatial features from high-resolution satellite sensor imagery, especially from the
image covering urhan areas, is a very significant but challenging task. However, it is very difficulty to be implemented
and the main obstacle comes from high-dimensional and complicated poperties of spatial features. In this paper, the
Support vector machine (SVM) is introduced as a new technique for solving a variety of learning and function estimation
poblems and it has shown great potential in pattern recognition and computer vision problems. The optimal decision
surface of a SVM is constructed from finite support vectors, which are conventionally determined by solving a quadratic
pograming (QP) problem and independent of the dimension of the features. Based on the idea of SVM, a new approach
for spatial feature extraction and classification on high-resolution satellite sensor has been developed by the experimental
case of spatial feature classification in central urban area of Hong Kong with SPOT Panchromatic image. The algorithms
are synthetically compared with other established algorithms which are epresented with conventional neural network
algorithms including BPNN and ARTMAP. Finally, the conclusions can be drawn that SVM holds some particular
advantages on its faster leaming speed, self-adaptive and representative capability, no limitation by high-dimension
poperty in feature space, etc.

Key words: Support Vector Machines; remote sensing image; spatial features



