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An Application of Observer to the Linear Stochastic
Continuous Systems
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Abstract

This Paper deals with an application of Luenberger Observer to the Linear Stochastic Systems.
The basic technique is the use of a matrix version of the Maximum Principle of Pontryagin
-coupled with the use of gradient matrices to derive the gain matix for minimum error covariance.
The optimal observer which is derived turns out to be identical to the well-known Kalman-Bucy

Filter.
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