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Tab.1 Statistical characteristics
Band 1 7 253 66.615 9 36.840 0
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Fig.2 Texture feature of each image
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Tab. 2 Classification accuracy assessment based on spectral feature
/%
3142 0 0 0 31 0 3 220 96.92
0 638 1 1 7 0 743 88.86
0 0 457 0 37 0 494 82.64
0 72 5 633 1 9 689 81.36
100 0 82 0 348 0 462 82.08
0 8 8 144 0 33 149 78.57
3242 718 553 778 424 42 5757
91.21
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Tab. 3 Classification accuracy assessment based on combination of spectral feature and 8 kinds of texture feature
/%
3184 0 0 0 1 0 3185 98.21
51 699 4 44 31 0 829 97.35
4 1 459 1 27 0 492 83.00
0 17 2 657 1 2 679 84.45
3 0 86 0 364 0 453 85.85
0 1 2 76 0 40 119 95.24
3242 718 553 778 424 42 5757
93.85
4
Tab. 4 Classification accuracy assessment after reduction of spectral feature and texture feature
/%
3211 0 0 0 9 0 3220 99.04
15 701 1 11 15 0 743 97.63
0 0 463 0 31 0 494 83.73
2 12 3 656 5 11 689 84.32
14 0 84 0 364 0 462 85.85
0 5 2 111 0 31 149 73.81
3242 718 553 778 424 42 5757
94.25
5 , , 94.25% ,
, 3.01%,
5
Tab.5 Classification accuracy comparison of each method
GLCM Bandl Band2 . Bandl ,Band2 Band3 .
GLCM Band3 ,Contrast Dissimilarity
/% 91.21 93.85 94.25 94.01 93.64
4
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Image Classification of Texture Feature Combined with Rough
and Intensive Reduction

Pan Yuan', Wang Qing?

(1. School of Civil Engineering and Architectural ,East China Jiaotong University , Nanchang 330013 ;
2. Architectural Design and Research Institute of China Nerin Engineering Co., Ltd.,Nanchang 330031, China)

Abstract : Owing to the fact that low image classification accuracy of spectral characteristics can’t meet the needs
of production, it becomes an important direction to adopt other auxiliary means for improving classification of re-
mote sensing image. This study used the gray level co—occurrence matrix to extract texture features of the re-
searched images, and then obtained 8 kinds of texture features. Taking advantage of the genetic algorithm of
rough and intensive reduction, it proposed a set of optimal combination. New images were created and classified
by uniting the optimal combination and the original images. The experiment comparison and analysis showed that
the classification of spectral characteristics with the reduction of texture features could improve the accuracy and
precision of remote sensing image classification.

Key words: rough set; reduction; texture; classification
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