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A Radar Target Trajectory Detection Algorithm in 3D Space
using Time Accumulation and CNN
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Abstract

When detecting targets with radar, the CFAR(Constant False Alarm Rate) algorithm is used in many cases. The
CFAR algoritm can keep the false alarm rate constant regardless of the noise level, but it is difficult to distinguish
between a false target and an actual target because it uses only one radar beam data of a moment. In order to
detect the actual trajectory of a target over time in the presence of many clutters, this paper presents a method to
extract the trajectory of a target formed over time from the plot data detected by the CFAR algorithm. CNN-based
methods for generating training data and learning 2D targets are presented. More specifically, we present a method of
extracting the target information from a three-dimensional space by associating three two-dimensional
target-information-extraction methods. The algorithm presented in this paper was verified through actual radar data,
and it is confirmed that this algorithm works well in the heavy clutter situation.
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