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( Study on Improvement of Target Tracking Performance for

RASIT(RAdar of Surveillance for Intermediate Terrain) Using Active
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Abstract

If a moving target has a linear characteristics, the Kalman filter can estimate relatively accurate the location of a
target, but this performance depends on how the dynamic status characteristics of the target is accurately modeled. In
many practical problems of tracking a maneuvering target, a simple kinematic model can fairly accurately describe the
target dynamics for a wide class of maneuvers. However, since the target can exhibit a wide range of dynamic
characteristics, no fixed SKF(Simple Kalman filter) can be matched to estimate, to the required accuracy, the states of the
target for every specific maneuver. In this paper, a new AKF(Active Kalman filter) is proposed to solve this problem. The
process noise covariance level of the Kalman filter is adjusted at each time step according to the study result which uses
the neural network algorithm. It is demonstrated by means of a computer simulation that the tracking capability of the
proposed AKF(Active Kalman filter) is better than that of the SKF(Simple Kalman Filter).
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