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Abstract

Radar detects the position and movement of objects by transmitting radio waves. It is often used to detect targets such as air defense
interceptors, warships, and fighter jets, owing to its long maximum detection distance compared with optical devices such as cameras
and infrared. Radar can measure the distance to an object and the speed and direction of movement of an object. However, owing
to the limitations of its resolution, it is difficult to distinguish targets in situations in which multiple targets, such as missiles flying
in clusters, approach simultaneously. In particular, when narrowband waveforms are used, some targets may not be detected when
clustered targets are detected, making it difficult to distinguish between individual targets. To solve this problem, this study proposes
a method to detect the number of targets in a clustered target group using a convolutional neural network to distinguish targets even
in pulse waveforms with a narrow bandwidth, and verifies the performance of the method.
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Table 1. Parameter for Target Modeling in FMCW.

Parameter Value Unit
Center frequency 10 GHz
Bandwidth 100 MHz
Frame duration 3 ms

FFTSize 8,000x1,200
Reference range 90, 300, 420, 600 m
Reference velocity 90 m/s
RCS 0.01 m’
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Fig. 1. Result of 6 Target Generation in FMCW waveform.
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Table 2. Parameter for Target Modeling in Pulse.

Parameter Value Unit
Center frequency 10 GHz
Bandwidth 20 MHz
RCS 0.01 m’
Range resolution 7.49 m
Velocity resolution 150 m/s
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Fig. 2. Result of Target Generation in Pulse waveform.
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Fig. 3. CNN Network for Target Count Identification.
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