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Abstract

This paper presents a new feature extraction algorithm which can deal with the problems of linear discriminant
analysis, widely used for linear dimensionality reduction. The scatter matrices included in linear discriminant analysis
are defined by the distances between each datum and its class mean, and those between class means and mean of
whole data. Use of these scafter matrices can cause computational problems and the limitation on the number of
features. In addition, these definition assumes that the data distribution is umimodal and normal, for the cases not
satisfying this assumption the appropriate features are not achieved. In this paper we define a new scatter matrix
which is based on the differently weighted distances between individual data, and presents a feature extraction
algorithm using this scatter matrix. With this new method, the mentioned problems of linear discriminant analysis can
be avoided, and the features appropriate for discriminating data can be achieved. The performance of this new method
is shown by experiments.

Key Words : Linear dimentionality reduction, linear discriminant analysis, data discriminant analysis, distance between
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Fig. 1. The case when the use of S? is appropriate for
discriminating data: The features computed by basis

vector from the use of S?is appropriate for
discrimnating data.
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Fig. 2. The case when the use of S" is appropriate for
discriminating data: The features computed by basis

vector from the use of S% is appropriate for
discrimnating data.
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computed by DDA is appropriate for discrimnating data.
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Table 1. The properties of data sets used in experiment.

class input data
CAR 4 6 1728
CMC 3 9 1473
GLASS 6 S 214
HARBERMAN 2 3 306
IONOSPHERE 2 34 351
IRIS 3 4 150
LENSES 3 4 24
LIVER 2 6 345
PIMA 2 8 768
SONAR 2 60 208
THYROID 3 5 215
TICTACTOE 2 9 958
WINE 3 13 178
WBCancer | 2 9 699
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Table 2. The classification accuracies of 1-NN
classifiers which are constructed with input
features extracted by different methods: The first
column indicates the data set, the first row
indicates the feature extraction methods. Each
digit indicates the classification percent accuracy
of 1-NN classifier with input features extracted
by corresponding feature extraction methods, for
corresponding data set.

DDA LDA Fisherface
CAR 90.28 33.77 33.95
CMC 48.13 44.87 45.49
GLASS 75.23 74.30 75.23
HARBERMAN 67.97 63.73 65.71
IONOSPHERE 90.03 73.22 7778
IRIS 96.67 93.33 96.00
LENSES 91.67 70.83 70.83
LIVER 65.80 53.26 5855
PIMA 68.49 59.11 63.20
SONAR 85.10 57.69 62.50
THYROID 95.81 89.30 93.95
TICTACTOE 97.18 95,51 98.23
WINE 76.97 74.62 75.84
‘WBCancer 96.14 B.42 9%.14
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