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Abstract: Based on the obtained knowledge through ceaseless interaction with the environment and learning
from the experience, cognitive radar continuously adjusts its waveform, parameters, and illumination strategies
to achieve robust target tracking in complex and changing scenarios. Its waveform design has been receiving
attention to improve tracking performance. In this paper, we propose a novel framework of cognitive radar
waveform selection for the tracking of high-maneuvering targets. The framework considers the combination of
Constant Velocity (CV), Constant Acceleration (CA), and Coordinate Turn (CT) motions. We also design
Criterion-Based Optimization (CBO) and Entropy Reward Q-Learning (ERQL) methods to perform waveform
selection based on this framework. To provide the optimum target tracking performance, it merges the radar
and target into a closed loop, updating the broadcast waveform in real-time as the target state changes. The
suggested ERQL technique achieves about the same tracking performance as the CBO while using much less
processing time than the CBO, according to numerical results. The proposed ERQL method significantly
increases the tracking accuracy of moving targets as compared to the fixed parameter approach.
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Fig. 1 Cognitive radar waveform selection framework
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Fig. 4 Trajectory of maneuvering target
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Fig. 5 Probability of each motion model being selected in different motion stages
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ERQL-10 14.68 12,16 34.84 37.80 283
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ERQL-80 15.51 15.68 41.11 47.07 2016
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