e

I E L LA g

R RIS

B 1 B i

PR

NSC89-2211-E-009-084

HEDPF 89#Z P 290~ T 7

LR A e

-, PR

%EH Pnd Rt B kR ik K
:th’»m" 0 2 P 4% Price (1990)%
Tu, etal. (1998)ik B E Bocrig B 2 o 7
S iy~ W 5 2001 & * GER3700
HokiFHERERTH RE LE 1992
# AVIRIS 7% ?‘- B k%P > AVIRIS
FA e R IFR L o kTR
7 » Price ¥ Tu, et al.& f&;% ¥ i3 #1iE
Mg B EF AR E X R E
el G KR * Price > 2 € B LR A

# 543~1241nm > Tu, et al.7 2 € &
B A # B 755~1124nm - AVIRIS F
L Price » jEfmE et R E R E &

FILLEK ¢ 4 4700m g A 3d
et £ B rﬂ‘é‘-@l“’ ; 550nm H_
% P yenE & =8 5 1280nm &_

>3EE R RESER 2R o
PPN N T 5
B3 P
ABSTRACT

The accuracy of classification can
be improved by increasing the
seperability between classes, reducing
the dimensionality of data, and choosing
an effective classification scheme.
Low pass filter, Principal Component
Analysis and Minimum Noise Fraction
Transformation are studied together with
different classification schemes such as
the maximum likelihood, Spectral Angle
Mapping (SAM) and others. It is
found that MNF is more effective than
PCA and maximum likelihood is better
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than SAM.
KEYWORDS: Band selection,
Hyperspectral images, Feature
extraction.
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