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Separation of Coexisting
Communication and Radar Signals
within the Same Frequency Band

Using Deep Learning

Suk-hyun Jung®, Hae-woon Nam’

o
i)

2

FA Alze) ey A3r) U T tidgelA
TEL o As FHoR Ik 7He] BrlEshA
Aok, o)z slal EAle] EAo] Ashleh, )]
Fobr el e Faah s A 4
AN Aol AREAol R, ol ds] S8l el
g 7ak gAage] FEka glvk B =ielie F
HE B 2 el AT Relsp 91 el
zelg]l U-Nets} Conv-TasNetS ARE-3lo] vH|E o7
£(Bit Error Rate, BER)S %3l 452 v]wslich
Ae] Az, #uEE 2 Conv-TasNet HHAJo] U-Net
wajell ¥s BERe] WAl vepdAwt, Als of 7h4
H](Signal-to-Interference Ratio, SIR)7} 2 7o

A= UNet®] BER®] T | viepyrt.

Key Words : Deep learning, Communication
signal, Radar signal, Interference,
Frequency overlap, Signal
separation, U-Net, Conv-TasNet

ABSTRACT

When communication signals and radar signals co-

exist in the same frequency band, interference due to

signal overlap inevitably occurs, resulting in degraded
communication quality. Traditional frequency filtering
methods are limited in performance when the fre-
quencies completely overlap, which has led to the
growing  attention towards deep learning-based
approaches. In this paper, U-Net and Conv-TasNet,
deep learning models, are used to separate the over-
lapped communication and radar signals, and their
performance is compared in terms of Bit Error Rate
(BER). The experimental results show that, overall,
the Conv-TasNet approach yields a lower BER than
the U-Net approach. However, in environments with
low Signal-to-Interference Ratio (SIR), U-Net shows
a lower BER than Conv-TasNet.
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Fig. 5. Epoch-wise loss of the U-Net model trained on
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Fig. 8. Epoch-wise loss of the Conv-TasNet model
trained on the Quadrature-phase component
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