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1 Feature Transformation 
2 Pattern Recognition 
3 Feature Extraction 
4 Feature Reduction 
5 Feature Selection 
6 Principle Component Analysis 
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7 Linear Discriminate Analysis  
8 Kernel Principle Component Analysis 
9 Kernel Linear Discriminate Analysis 
10 Eigen value 
11 Eigenvector 
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Normal LDA PCA MMI 

NaveBays 

Iris 96 98

 

93.33 97.33 

Glass 84.11 89.25 84.11 97.19

 

CMC 42.49

 

27.33 38.96 41.01 

SMO 

Iris 96 96 95.33 97.33

 

Glass 80.84 79.43 81.3 89.25

 

CMC 42.7

 

34 42.7

 

42.7

 

RBF 

Iris 95.33 97.33

 

94.67 96 

Glass 93.45 89.25 94.39 95.79

 

CMC 43.38 20.67 40.46 45.14
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Normal LDA PCA MMI 

Kstar 

Iris 94.67 95.33 90.67 98.67

 

Glass 89.71 85.04 91.12 98.13

 

CMC 39.71 30.67 35.91 46.23

 

KNN-1 

Iris 95.33 93.33 92.67 96.67

 

Glass 91.12 92.05 93.45 99.53

 

CMC 35.64 32 35.09 38.42

 

KNN-3 

Iris 95.33 93.33 94 97.33

 

Glass 92.05 91.12 89.25 97.66

 

CMC 38.64 21.33 37.74 42.7
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Iris 94 96.67

 
90 96.67

 

Glass 95.32 89.71 92.99 98.59

 

CMC 42.7 33.33 42.7 43.92
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CMC 38.36 33.33 42.56 43.92

 

RandomTree 
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Normal 71.90
PCA 71.66
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