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(A Comparative Study of Image Recognition by Neural
Network Classifier and Linear Tree Classifier)
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Abstract

Both the neural network classifier utilizing multi-layer perceptron and the linear tree
classifier composed of hierarchically structured linear discriminating functions can form
arbitrarily complex decision boundaries in the feature space and have very similar decision
making processes. In this paper. a new method for automatically choosing the number of
neurons in the hidden layers and for initialzing the connection weights between the layres
and its supporting theory are presented by mapping the sequential structure of the linear
tree classifier to the parallel structure of the neural networks having one or two hidden
layers. Experimental results on the real data obtained from the military ship images show
that this method is effective, and that there exists no siginificant difference in the
classification acuracy of both classifiers.
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(a) decision boundary

~-- ORing
--- ANDing
--- Partitioning
- Input
(c) BPN2's structure (d) BPN1's structure
3% 1. LTC ¢ BPN2 22 M (a): §Ag7ke] AAAA . (b): LTC & © BPN29 7z, (d):

BPN19] +&.
Fig 1. Mapping from LTC to BPN2 (a): decision boundary, (b): LTC's structure. (c): BPN2' s
structure, (d): BPN1 ‘s structure.
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Table 1. Types of military ship images.
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1 Destroyer

2 Container

3 Civilian Freighter

4 Auxiliary Oil Replenishment

5 Landing Assault Tanker

] Frigate

7 Cruiser

8 Destroyer width Guided Missile
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Fig. 2. Example of segmented ship images

(a): images at short distances (b):
images at long distances.
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Fig 3. Comparison of learning rates of the
backpropagation algorithm (a):
BPN1 with random initialization
and BPN1 with mapping. (b):
BPN2 with random initialization
and BPN2 with mapping.

gkl idE AgARel 2shd AN B
ARERA} ok $4 Ao2 ehtort 2
ol fldeh o)A F7HA ERVIY 718 F3
Wel7h ok fateb) wole) ie::iz % 2%
Soll 4 g ED R

A el 2] 7]z 9]'6

YA
=

J\m

=44
Aug ahgol mE Ql4e] &sHE zﬂaolw Al
$5E 913k0] oS FA SAolch wetd 48



148 AZREF7Io A B ER71e A%

o el R dlolEt 2 A ARHEF]
o} Abgo] 71Ee] MY Ee)FF =
VEE gieh et £ delel ¥ ¥akn AR
5 2berek oida otwel
s Hgs Qdrke A,
173vp B 73717F $ s}

Azkaha] e &

ek A% 249 73
Soll o3k ¥F719 Ay
% qepasdd goldt A7

oo
o @ 54 i Sl o

%

o°1°

Lr

AL 71E9 ¥-F7] Bud % 7l%e|r}
2 Z XK

[1] D.E. Rumethart, G.E. Hinton, R.J.
Williams: “Learning internal repre-
sentation by error back propagation”,
Parallel Distributed Processing:
Explorations in the Microstructure of
Cognition. Vol. 1! Foundations. MIT
Press (1986)

[2] J.D. Villiers, E. Barnard: “Backprop-
agation Neural Nets with One and Two
Hidden Layers'. IEEE Trans. Neural
Networks, Vol. 4, No. 1, pp. 136-141
(1992)

[3] Y. Park. J. Sklansky:' “Automated
Design of Linear Tree Classifiers”.
Pattern Recognition Vol. 13, No. 12.
pp.1393-1412 (1990)

[10] R.O. Duda. P.E. Hart:

GArelAle] wlnted PR

[4] Y. Park. J. Sklansky: “Automated

Design of Multiple Class Piecewise
Linear Classifiers”. Journal of
Classification 6, pp. 195-222 (1989)

[5] P.A. Devijver, J. Kittler: “Pattern

Recognition - A Statistical Approach”.
Prentice-Hall (1982)

(6] J. Sklansky., G.S. Wassel: “Pattern

Classifiers and Trainable Machines”,
Springer-Verlag. New York (1979)

[7] S.R. Dubois, F.H. Glanz: “An Autore-

gressive Model Approach to Two-
Dimensional Shape Classification”.
IEEE Trans. Pattern Anal. Machine
Intell.. PAMI-8. No. 1. pp.55-65 (1986)

[8] C.T. Zahn., R.Z. Roskies: “Fourier

Descriptors for Plane Closed Curves'.
IEEE Trans. Comput. C-21, pp. 269-
281 (1972}

[9] M.K. Hu: “Visual Pattern Recognition

by Moment Invariants”, IRE Trans.
Inform. Theory IT-8, pp. 179-187
(1962)

“Pattern
Classification and Scene Analysis”.
John Wiley & Sons (1973)

& H KA

#h 8 F(EEE)

1979%F 28 M-gdgtn A3}
(gHh). 19814 8H FI=st7|ed
A7) U ARFEIH (AL, 1989F
128 University of California,
Irvine A7) ¥ ZHFe]FHA(Ph.
D.). 1990% 18 ~ 1990# 7H
University of California. Irvine (Post Doc.).
19904 7H ~ 19914 25 Innovision Medical Inc.
19914 6H ~ 19924 1A dS$-EAl Ft A4,
199248 3H ~ A AN HAgIT(EalF).
FHA Bolke e vlA, d®lall], A= &

Fol& 9.

(680)



