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Tab. 1 Statistics of Classification
1_NBC NBC
N
A M A M
1) 56 0.94 9 0.72 39
, ( 57 0.94 9 0.77 33
) 6 58 0.93 10 0.75 35
. 59 0.94 9 0.73 38
’ 60 0.90 14 0.72 39
2) (5) (6) 61 0.94 9 0.72 39
D, Dy, ; 62 0.92 1 0.79 30
3) 63 0.94 9 0.79 29
D. D..: 64 0.94 8 0.79 29
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Aerial Image Texture Classification Based on Naive Bayes Classifiers
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Abstract: In this paper, a new method, aerial images texture classification based on naive
Bayes classifiers, is proposed. It is concluded that the new method performs better in overall
classification precision than naive Bayes classifiers on the basis of the experiment results.
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