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An Adaptive Estimation for a Tracking
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ABSTRACT  This paper deals with the adaptive state estimation which is designed specially for a tracking system
containing unknown and/or randomly varying hybrid noises to provide an accurate estimate of the system state. The
range of discrete vector v'" in finite numbers(N) for this adaptive estimator to span the entire possible range of

impulse noise levels such as the binomial, the edge, the Tchebyscheff, the binomial-edge and the Tchebyscheff-edge
distribution. A feed forward path consisting of zero detector and data selector is incoporated with the conventional
adaptive state estimator so as to provide accurate estimations. Despite the large and randomly varying hybrid noises,
results of computer simulations for the various discrete vector levels show that this adaptive state estimator is

turned out to be a good system with relatively small implse errors.
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