o & R i

‘a‘i 5 5i Kl
Wit~ gF Ry fpEsg
%lﬁm %1ﬁ¢
m97622005@ m97622020@

mail.ncue.edu.tw mail.ncue.edu.tw

&

% P i gi(Multiple-Target Tracking,

MTT),: Ao TR S LRI T T ER
Bl E%]%B#‘%Faé G E R MAE o AR

TGRS A T e (Competitive Hopfleld
Neural Network, CHNN) 7 42 4p B 5% & $oiis > i
B BREREDP R HEE FRNEFY
o forid Bk SRRFTHREAM S E
o A2 EILE o X B e #iﬁ*r’
BEE ORISR IR o B P g
BB T 0 T HLE A S B P
g B o @ FERIUELE PR § L T
fo o SHFMEFRT > A2 H NP2 NG %
R - AR Fe TR B ¢ TR AP MR & Bk en
RY L o

MeE: @ B0 EFT N BTN N

B’
R
B~ FORAPBE 5 & B %ﬁﬁx&ftj&

Abstract

The data association technique which will
determine the correlation between measurements
and existing targets plays an important role in
Multiple-Target Tracking (MTT) systems. In this
paper, we apply a data association technique
based on Competitive Hopfield Neural Network
(CHNN) for multiple-maneuvering target
tracking. The basic concept of this approach is
extracting its particular operation structure that
reforms tradition Neural Network occasiona
irrational solutions efficiently. In order to
enhance the tracking performance, we design one
image processing flow diagram to obtain
numerical information to tracking system. The
computer simulation results indicate that the
proposed approach can solve the data association
problems efficiently under complex conditions.
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