Bayes RiskZ 0|2%} False Alarmo| EXlist= ol e oidl EX-CIEMA =X oT2(E

Bayes Risk& ©] 43 False Alarme] £A)3l+= A A9 T
ER-qFAN 34 GdadF

27249 3 dW, a3 e gy
FFA571e9, radqsta
A3 : 062-970-2410 / A=F : 011-687-6831

On using Bayes Risk for Data Association to Improve

Single-Target Multi-Sensor Tracking in Clutter

Kyongtaek Kim, Daebum Choi, Byungha Ahn, and *Hanseok Ko
Kwangju Institute of Science and Technology, *Korea University
E-mail : 77ioseph@kijist.ac.kr

Abstract

In this paper, a new multi-sensor single-target
tracking method in cluttered environment is
proposed. Unlike the established methods such as
probabilistic data association filter (PDAF), the
proposed method intends to reflect the information in
detection phase into parameters in tracking so as to
reduce uncertainty due to clutter.  This is achieved
by first modifying the Bayes risk in Bayesian
detection criterion to incorporate the likelihood of
measurements from multiple sensors. The final
estimate is then computed by taking a linear
combination of the likelihood and the estimate of
measurements. We develop the procedure and
discuss the results from representative simulations.
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