198

#WX96-33B-6-21

Cooperative Network?} MLPZE o]-43%F PSRl &4 &

287 5

Cooperative Network®} MLPE o] 83} PSR EA&% 1)

AREEAA

(A PSRI Feature Extraction and Automatic Target

Recognition Using a Cooperative Network and an
MLP.)

Z2R®RF ",

&M,

= Rt

(Joon-Hyung Jeon, Jin-Ho Kim, and Heung-Moon Choi)

[®]
Xl

Cooperative network®} MLPE o]-&3F 9], =7] = 3|Hd|
Az} Aol
EAFEo] 7he3leE sk, £ FAeE FE] oA ube] 4 § u’ A3l EAs= EAS
42] & cooperative netrowkell §iEA1HAH 3l-e} mr|Hslel| Bl EAFEE
F25 EA 7 o v P o
75 292 JHuisle] FAIR AFERA Qdale] rlslEE dgict 9], A W
Aol sl AFste] Algksl Aladle] FA QA A& #ls)e]c)

28 Alaksieict AlerE A A==
A=Ea

2 min-netg #-4-3}d
) 98 7
kit

ok
2

B

o3 714 =} Euﬂ_—g—

2% gy AE BHQA A2
olgaled 2L FRe M

5 ek ol max-net
MLP°“ ol¥ A7) o2 MLP
Z7|wslE

g79) BALE

Abstract

A PSRI(position, scale, and rotation invariant) feature extraction and automatic target recognition

system using a cooperative network and an MLP is proposed. We can extract position invarient
features by obtaining the target center using the projection and the moment in preprocessing stage.
The scale and rotation invariant features are extracted from the contour projection of the number of
edge pixels on each of the concentric circles, which is input to the cooperative network. By extracting
the representative PSRI features from the features and their differentiations using max-net and
min-net, we can reduce the number of input neurons of the MLP, and make the resulted automatic
target recognition system less sensitive to input variances. Experiments are conducted on various
complex images which are shifted, rotated, or scaled, and the results show that the proposed system

is very efficient for PSRI feature extractions and automatic target recognitions.
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Step 1] Read input vectors.
Step 2] Compute outputs a of the each

neurons in the first layer

a = 2 vIl,x,y + (ll, 1 + ai+l) x I/V/

Xy =

Step 3] Compute differential vaule d; in the

second layer
di = a; + ( a*Wy )

Step 4] Find max and min neurons

- Initialize max-net and min-net
weights
- Compute output and select max(or

min) neuron

(1) net,,= g:l "V,, P]

=0, net; <0

(2) 0,=Anet) 0. met: = 0

where f(net,){

- Repeat (1) and (2) until max ( or
min ) neuron is selected

- Send excitatory signal to corres-
ponding neuron in the first and

second layer
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Table 1. Experimental Results.

1
Number of Target | Recognition Ratio
(Noised Target) (Noise Target)
Rotated with 15" interval 92 100%
(Fig. 3) (276) (100%)
Rotated with 45 interval 91 100%
(Fig. 8 (273) (100%)
08, 1.2 and 14 scaled 51 9.97%
| (Fig. 3 and Fig. 8) (153) (99.94%)
-
08, 14 scaled and +30° 68 99.96%
rotated (Fig. 3 and Fig8) (204) (99.94%)
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