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ABSTRACT

* This article presents an approach to estimate the
general 3D motion of a polyhedral object using multiple
sensory data some of which may not provide sufficient
information for the estimation of object motion. Motion

can be estimated continuously from each sensor

through the analysis of the instantaneous state of an
object. We have introduced a method based on Moore-
Penrose  pseudo-inverse theory to estimate the
instantanecous state of an object. A linear feedback
estimation algorithm is discussed to estimate the object
3D motion. Then, the motion estimated from each
sensor is fused to provide more accurate and reliable
information about the motion of an unknown object.
The techniques of multisensor data fusion can be
categorized into three methods: averaging, decision,
and guiding. We present a fusion algorithm which
combines averaging and decision.
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