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No. of No. of
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grass/pasture- 373 2468
mowed Wood 239 1294
Soybeans-notill 197 968
SPPP Corn-notill 208 1434
Corn 197 714
Soybeans-clean 205 614
() Corn-min 220 836
Grass/pasture 197 497
Grass/trees 217 747
Hay-windrowed 207 489
SPPP Total 2260 10061
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1 -Training Samples 2 - Hyperspectral 3 - Multispectral

4 - Classifier 5 - Supervised 6 - Un-labeled Samples
7 - Dimensionality Reduction

8 - Classes Separability Increasing 9 - Projection Pursuit 10 - Feature Extraction
11 - Low Pass Filter-LPF 12 - Principal Component Analysis

13 - Discriminant Analysis Feature Extraction
14 - Decision Boundary Feature Extraction

15 - Orthogonal 16 - Index Function 17 - Exhaustive

18 - Separable 19 - Of Information 20 - Fisher Criterion
21 - Divergence Distance 22 - Parametric Index

23 - Parametric Projection Pursuit

24 - Top-Down Binary Decision Tree 25 - Sequential

26 - Sequential Parametric Projection Pursuit

27 - Nonsingular Transformation 28 - Invariant 29 - Feature Space
30 - Spectral Mixing 31 - Ground Truth 32 - Corn

33 - Overall accuracy 34 - Spectral Angle Mapper




