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Department of Control and Instrumentation Engineering,

Graduate School, Korea Maritime University

Abstract

In order to control a linear time-invariant stochastic system subjected
to system noise and measurement noise, first of all, it is necessary to
estimate the state of system with reliability. Kalman filtering technique
has been widely used to estimate the state of the linear time-invariant
stochastic system with stationary noise characteristics. Since Kalman
gain matrix and filter error covariance matrix are computed in off-line
from initial conditions and they are converged to small constant values
in steady state, the computation time is not only relatively short so
that a digital implementation can be possible, but also the estimation
performance is very good under statistically stationary noise
characteristics.

By the way, Kalman filter often fails to estimate the state of the
linear time-invariant system whose parameters are partly unknown,
because Kalman filter is the model-based estimation theory and thus it

can not completely compensate the variation of innovation process



caused by the parameter errors. Then, the control system using the
wrong estimated state by separation principle, can not naturally present
a good control performance. Kalman filter also fails to estimate the
state. when unknown inputs are occurred. The reason is that Kalman
filter with small Kalman gain in steady state can not sufficiently
compensate the influence of unknown input although the innovation
process has a large value.

In this paper, a new state estimation algorithm is suggested, which
can estimate the state of the system with reliability regardless of the
influence of uncertainties such as system parameter uncertainty and/or
input uncertainty. The process for compensating the influence of
uncertainties for filtered estimate by Kalman filter is composed of
three steps. At first, the occurrence of uncertainties is detected by
hypothesis test method with finite window length using the sum of the
square values of innovation process compared to the constant threshold
value. At second, as soon as uncertainties are occurred, they must be
estimated as a total value in order to compensate the filtered estimate
for correct state estimation with reliability. A fuzzy uncertainty
estimation technique as a method is suggested in order to estimate
the uncertainties. At last, the total value corresponding to the estimated
uncertainty is fed back as an additional input type in Kalman filter
algorithm in order to compensate the influence of uncertainties.

Several simulations are accomplished to explain all developing
procedures and to verify the effectiveness of the suggested state

estimation algorithm.
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