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Radar Signal Detection Applying
Deep Learning to the Correlation
Between Adjacent Windows in Time
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ABSTRACT

For a pulse radar signal, the radar pulses tend to
occur periodically in time domain. Based on this, a
previous work™ presented a radar detection scheme
which performs circular convolution between two

signal sets in two adjacent observation windows in

time domain and employs its maximum absolute
value as a test statistic. In this Letter, in order to
further improve its performance, we present two
improved versions of it which apply deep learning to
the circular convolution between signals over two
adjacent observation windows and the absolute values
of Fourier transforms of the convolution and

compares their performances.
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Table 1. Deep learning model adopted in the proposed
schemes

Layers Note
Input input size
Dropout dropout=0.5
Dense layer output size=10, batch normalization,

activation=leaky RELU

output size=5, batch normalization,

Dense layer activation=leaky RELU

Dense layer output size=2, activation=softmax
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Fig. 1. Detection probability versus false alarm probability
for SNR=-10dB
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