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Abstract

In this paper, we proposed a new design methodology of a pattern classification rule based on the local linear
discriminant analysis expanded from the generic linear discriminant analysis which is used in the local area divided
from the whole input space. There are two ways such as k-Means clustering method and the differential evolutionary
algorithm to partition the whole input space into the several local areas. K-Means clustering method is the one of the
unsupervised clustering methods and the differential evolutionary algorithm is the one of the optimization algorithms.
In addition, the experimental application covers a comparative analysis including several previously commonly
encountered methods.

Key Words : Linear Discriminant Analysis, Local Linear Discriminant Analysis, Differential Evolutionary Algorithm,
Pattern Classification Rule
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Table 1. Design parameters of the proposed classifier

Number of local areas (p) 2 and 3
Number of Individuals 100
Number of Generation 50

Crossover rate 1.0
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Table 2. Machine learning dataset used in the
experiment

Number of Number of
Dataset
features patterns

Australian 14 690
Liver 6 345
German 24 1000
Heart 13 270
Diabetes 8 768

% 3. 5 fold cross-validations ©]-&3 A<ty EF
et e BRVI%e BF A% Ha

Table 3. Comparison of the classification error of
the proposed classifier and other methods using 5
fold cross—validation
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Australian| Liver |German| Heart |Diabetes

Proposed

Classifier |18.49+2.42
(K-Means (p=2)
Clustering)

30.14+2.129.44+0.]26.37+1.|27.11+0.
04 67 03 36
(p=3) | (p=2) | (p=2) | (pP=3)

Proposed
Classifier |11.97+0.33
(Differential | (p=2)

24.35%1.124.20+0.]12.30+1.|20.49+0.
30 49 06 46
(p=3) | (p=2) | (p=2) | (p=2)

Evolution)
Generic 33.80+0.|28.24+0.|16.07:0. |24.400.
Lpa | 140620271 o, 3% 42 57

LVQ1 [14] 33.3 325 30.1 36.0 26.4

LVQ2 [14] 34.0 32.7 28.5 34.0 25.8

LVQ3 [14] 31.1 33.6 28.7 34.0 26.0

SVM1 [14] 35.0 31.9 30.0 39.2 24.3

SVM2 [14] 36.1 42.0 29.2 345 241

SVMS3 [14] 44.5 40.8 30.0 44.5 34.9

LFDA [11] NA NA 29.9+2.8|21.943.7|32.0£2.5

F 4= e #F g9 BERrE9e HA5S vus)
9 0 fold cross-validations 33 2343

3 4. 10 fold cross-validationg -8 At &7
7Sk ke wRIISke BH AE v

Table 4. Comparison of the classification error of
the proposed classifier and other methods using 10
fold cross—validation

Liver Sonar Diabetes
Proposed
Classifier
(Differential 22.03+6.28 13.57+9.24 18.10+4.43
Evolution)
LBDA[15] 32.41 13.58 23.84
LFDAI15] 38.38 12.20 31.79
AMPSONN/[16] 34.75 NA 24.95

*LBDA: Linear Boundary Discriminant Analysis.
AMPSONN: Adaptive Michigan PSO based Nearest
Neighbors Classifier
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