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A Study on Compensated Kalman Filter Algorithm for State

Estimation of Maneuvering Target

Seung Jae Chon

Department of Control and Instrumentation Engineering

Graduate School of Korea Maritime and Ocean University

Abstract

Recent development ~of smart missile technology such as trajectory
distortion demands for developing more advanced target tracking
technology. The key point of target tracking is to estimate the state of
target within reliable error range by compensating observed target data.
Linear Kalman filter algorithm and nonlinear Kalman filter algorithm had
been widely used in conventional target tracking problems. Linear Kalman
filter algorithm is suitable for real-time state estimation due to its
high computational speed, while it has a poor performance in estimating
the state of target moving nonlinearly. The state estimation performance
of nonlinear Kalman filter algorithm for the target moving nonlinearly
1s superior to that of the linear Kalman filter algorithm, while the
operation speed of it is inferior to that of the linear Kalman filter

algorithm.

In this paper, the degradation of estimation performance in tracking

the target with unknown maneuverability by Kalman filter algorithm is
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presented. As a solution to this problem, a compensated Kalman filter
algorithm which i1s linear Kalman filter algorithm combined with fuzzy
maneuver estimator 1s proposed. In this case, the role of the fuzzy
maneuver estimator 1s estimating target maneuver using changes in filter
innovation. In addition, a new motion equation of target which takes into
account of target's structural property 1is presented. Because the
conventional motion equation of maneuvering target is not suitable for
describing the target motion effectively and for compensating the

resultant estimation error under the presence of unknown maneuver .

In the result, the new motion equation suggested in this paper was
proved to represent the target motion with unknown maneuver effectively
through simulations. It was also confirmed that the stable state
estimation based on the compensated Kalman filter algorithm is possible
for the target with unknown maneuver by reducing about 90% of the

estimation error caused while linear Kalman filter algorithm is applied.

KEY WORDS: Fuzzy maneuver estimator; State estimation; Filter innovation;

Maneuver.
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Fig. 2.1 Computation flowchart of the Kalman filter algorithm
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Fig. 2.2 Position estimation errors for velocity model
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Fig. 2.3 Filter innovations for velocity model
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Fig. 3.1 Divergence of velocities in target model with step velocity maneuver
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Fig. 3.3 Velocities of target model with unknown step velocity maneuver
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Fig. 3.4 Position estimation errors for step velocity maneuvering target
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Fig. 3.5 Filter innovations for step velocity maneuvering target
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Fig. 3.6 Accelerations of target model with unknown step acceleration
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Fig. 3.7 Position estimation errors for step acceleration maneuvering target
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Fig. 3.8 Filter innovations for step acceleration maneuvering target
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Fig. 3.9 Velocities of target model with unknown turn maneuver
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Fig. 3.10 Position estimation errors for turn maneuvering target
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Fig. 3.11 Filter innovations for turn maneuvering target
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Fig. 4.6 Possible input partitions for fuzzy estimation block 1
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Fig. 4.7 Possible input partitions for fuzzy estimation block 2

_48_

Collection @ kmou
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uy, = Kiep+ K,r+ Kya,, (4.12)
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[nitial conditions

z,(+), Py(+)

\ 4

Predicted estimate &
A priori covariance
z,(—)=Az,_,(+)+ Bu,_,
P(=)=4pP,_,(H)A"+Q

\ 4

K,

Kalman gain
=P, (=)cTlcp,(-)C"+R]!

\ 4

Filtered estimate

Estimation
z,(+)

O3 4.8 HA 7]F FA7IVE A2¥dE BA Kalman ZE £ 2EAE

Fig. 4.8 Flowchart of the compensated Kalman filter algorithm based on fuzzy

Measurement L z,(+)=2,)+ K. [2,— Cz,(—)]
Fh 2/« = Cék(_)
€r = 2 2k
\ 4
A posteriori covariance
Py(+)=[I=K,ClP.(~)
A 4
oI
ko k—1 5= Z%i‘
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No S>n

l Yes
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maneuver estimator
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Fig. 5.1 Position estimation errors for velocity maneuvering target
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Fig. 5.2 Estimated maneuvers of velocity maneuvering target
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Fig. 5.3 Position estimation errors for acceleration maneuvering target
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Fig. 5.4 Estimated maneuvers of acceleration maneuvering target
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Fig. 5.5 Position estimation errors for turn maneuvering target
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Fig. 5.6 Estimated maneuvers of turn maneuvering target
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