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Analytical Decision Boundary Feature Extraction for Neural Networks
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Abstract

Recently, a feature extraction method based on
decision boundary has been proposed for neural
networks. The method is based on the fact that all

the features necessary to achieve the same

classification accuracy as in the original space can
be obtained from the veciors normal to decision

boundaries. However, the normal vector was

resulting in inaccurate

estimated numerically,

estimation and a long computational time. In this
paper, we propose a new method to calculate the
normal vector analytically. Experiments show that
the provides a better

proposed method

performance.
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Table 1. 5432 4% vlu (5 dolH),

No. 27 38& (%)
Feature | PCA CA DBFE | ADBFE
1 34.5 | 52.5 62.8 62.7
2 59.3 | 65.8 84.1 84.1
3 84.1 | 84.4 84.2 84.2
Table 2. F2 Ae vz (A dolH),

No. TF AFE (%)
Feature | PCA CA DBFE ADBFE
1 34.2 | 51.7 63.6 63.4
2 596 | 66.6 85 85
3 84.7 | 84.8 84.8 84.8
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80.8%2 & FFExZE vetdo}. =3 ADBFE €1 [4] L. L. Biehl et. al., "A crops and soils data base
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Fol Hy 4% dsg ¥ Processing Remotely Sensed Data Symp.. W.

Lafayette, IN, 1982.

N No. No. total 100
=3 Fa Subclass samples | samples _
Winter Wheat | oo =90
May 3. 1977 >
S Summer 1300 & 80
Fallow June 643 3
.26, 1977 é:) 70 /
Winter Wheat - ﬂ//
March 8, 691 2 60
22 1977 1206 g é/ BrE
Spring Wheat T ol 1
July 26,1978 | °1° 7 >0 / —o— DBFE |
Winter Wheat < 40 4 N CA
June 26, 677 © — PCA
g~ 3 1977 1146 1
Spring Wheat 169 307 T !
Sep. 21, 1978 1 3 5 7 9 11 13 15 17
Winter Wheat Number of Feature
- Oct 18.1977 | 560
F A4 Spring Wheat 1101 73 1. A% 8w (8¢ dHolg, PCA: Principal
Oct 26, 1978 441 Component Analysis, CA! Canonical Analysis.

DBFE: Decision Boundary Feature Extraction.
ADBFE: Analytical Decision Boundary Feature
Extraction).
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{11 S. Haykin. Neural Networks, New York: 1 3 5 7 9 11 13 15 17
Macmillan, 1994 Number of Feature
{2} C. Lee and D. A. Landgrebe, -Decision I 2. 4% vz (M¥ delE, PCA: Principal

Component Analysis, CA: Canonical Analysis,
DBFE: Decision Boundary Feature Extraction.
ADBFE: Analytical Decision Boundary Feature
Extraction).
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