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An improved hyper spectral image classification method for
a multiclass support vector machine
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Abgtract :SVM is a machine learning method developed on the basis of statistics theory and originally de-
signed for binary classfication problems. The most eff ective way to extend it for multiclass classficationis
still an area of consderable discusson. This paper presental a secondary classfication method based on 1-
al SVM clasdfication algorithm after a general overview of typica methods for a multiclass SYM. Our
method improves the penalty factors, s it enhances the divighility of classesthat were difficult to classfy.

Experimental results of hyperspectral image classfication showed that the suggested multiclass SYM has
higher classfication precison.
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Fig. 2 Grey image by 1-a-1 SVM classification
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Table 1 Mixture matrix of 9 waveband

3 9
Fg.3 9waveband grey image by ssoondary dassfication
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Table 3 Mixture matrix of 9 waveband

1072 0 4 1 357 0
7 315 43 93 30 9
0 2 722 5 17 1
0 0 2 486 1 0
1019 0 10 2 1 437 0
0 61 15 0 7 1211
“74.9 %.
2)18
1-&l SVM
4 4

4 Iral SVYM 18

Fg.4 18waveband grey image by I-a1 SVM dasdfication
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Table 4 Mixture matrix of 18 waveband

985 0 4 1 444 0
7 315 43 93 30 9
0 2 722 5 17 1
0 0 2 486 1 0
1027 0 10 2 1429 0
0 61 15 0 7 1211
:74. 30 %.
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Table 2 Rdation between penalty factar and dassif ication
precision for 9-waveband
196
o 2000 201 195 100
C 200
! o 62.10 63.92 64.17 64.20 64.17 63.86
0
5 Cc 200
3 3

1030 0 4 3 397 0
7 319 42 98 26 5
0 2 721 7 16 1
0 0 2 486 1 0
1069 0 8 4 1387 0
0 58 15 0 6 1215
174.44 %,
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5 18 Table 7 Mixture matrix of 50- waveband
Table 5 Rdation between penalty factor and dassif ication
precision for 18- waveband 952 0 4 9 469 0
89 6 266 27 92 46 60
00 2000 94 88 85
c 93 0 0 725 18 3 1
0 0 3 486 0 0
Iy 62.17 62.17 62.97 62.99 62.97 62.92 878 0 13 17 1 560 0
0
0 77 12 0 5 1200
5 18 Cc 90.
. 0,
5 6 174.89 %.
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Table 8 Rdation between penalty factor and dassf ication

precision for 50- waveband

C

43
500 56 42 0
55

[ %

69.95 70.26 70.85 70.89 70.85 65.22

5 18
FHg.5 18 waveband grey image by secondary classfication
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Table 6 Mixture matrix of 18 waveband

50 Cc

7

50

Fg.7 50waveband grey image by ssoondary dassfication
9 50

Table 9 Mixture matrix of 50- waveband

1 046 0 4 3 381 0
7 319 42 98 26 5
0 2 721 7 16 1
0 0 2 486 1 0
1053 0 8 4 1403 0
0 58 15 0 6 1215
1 75.67 %.
3)50
l-al SVM
6 7

6 -1 SVM 50
Fg.6 50-waveband grey image by I-a1 SVM dasdfication

1126 0 4 9 295 0
9 266 27 92 43 60
0 0 725 18 3 1
0 0 3 486 0 0

828 0 13 17 1610 0
0 77 12 0 5 1200

:178.12 %.
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