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A Preprocessing Technique for Remote Sensing Bayesian Networks
Classification and Its Algorithm Implementation

LI Qiging, CHENG Chengqi, GUO Shide, HE Huawei
Institute of RS & GIS of Peking University, Beijing 100871

Abstract  BNs classifications for remote sensing image is divided into three courses include preprocessing, the BNs model construction and
image classification. Preprocessing is the foundation of the other two steps. The preprocessing step has large effect on the whole classification
results. The goal of preprocessing is to extract the information high-efficiency and exactly and to eliminate disturbance from image features. This
paper introduces the process about data preprocessing technique and the algorithm implementation. Because of the characteristic of remote sensing
data and BNs method, the preprocessing is divided into two parts, one is spectrum space segmentation, and the other is mutual information
computation. The principles and the algorithms of two parts are introduced. It is very important for the development of preprocessing technique.
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case KEY_ESC :
keyflag=0;
updown=0;
if(menu==0)
break;//

do{
for(k=0;k<menu;k++)

{ if(menuTable[k]==menu) break;}

1
menu--;//
Jwhile(k==menu+1);
/lk==menu+1
1 ( ) menu
menu=k;
MenuP=menu;

for(j=k;j>0;j--)
{

for(n=j;n>=0;n--)
if(menuTable[n]==k)

break;//k
if(n>=0) break;// n>=0
k=k-1;
1
1
}
I k
updown=menu - k;
1
1

DrowCaiDan(menu);//
break;

4
MenuDisplay( )
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