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Abstract

Clutter is the radar noise signal that is reflected from the elements surrounding the targets. Since clutter degrades the radar system’s
range and doppler frequency detection capability, clutter suppression is a critical signal-processing algorithm that can improve the per-
formance of a radar system. This paper proposes a ground-clutter suppression method using denoising encoder-decoder deep learning
network with dual encoding channels, residual connections, and skip connections. Radar signal dataset pipeline was generated using
MATLAB in order to train the network. In this paper, deep learning-based clutter suppression method that can be applied in various
operating conditions, is discussed.

Key words: Deep Learning, Supervised Learning, Radar Signal Processing, Clutter Suppression, Denoising
.4 2 stol B4 A % BRE FADE £A A7} 5

#lojth Al2E > e RF A58 T AT E o] & ojthe o Sl tdt A wEel AEFAt =

]

o] Are AH(HA7eH BB ALORE AT A Yg Hhol S8 A7 (No. 2022R1A2C1011862)01 3 = 2021 % A F(343H7]
EARFANY] ALLE FRFAVEY7HA] A Tol £ A7 (No.2020-0-01343,90 325§ A MBI A (4T 8L ERICA).
LIG Nex] PGME47] A2 RF Seeker R&D, LIG Nexl)

* gkl sk ERICA #4385 (Division of Electrical Engineering, Hanyang University ERICA)

- Manuscript received July 4, 2022 ; Revised August 2, 2022 ; Accepted September 7, 2022. (ID No. 20220704-054)

+ Corresponding Author: Haewoon Nam (e-mail: hnam@hanyang.ac.kr)

720 © Copyright The Korean Institute of Electromagnetic Engineering and Science. This is an Open-Access article distributed under the terms of the Creative Commons Attribution Non-Commercial
License (http://creativecommons.org/licenses/by-nc/4.0) which permits unrestricted non-commercial use, distribution, and reproduction in any medium, provided the original work is properly cited.



W Bolol 4 84 AN del g STl

e dole) Awao £20] Y@ v A%
FASHE AS ohTh 4, vt UR 53 g2 Fu A
B4 £2 A0l 1 U2 WAL F G, 09

l-fEI
tlo

T AYA &S BAHEG WA o] A7) wjfol S
+ 4 ARt A Helte A8t 19 1

19 2¢ #Heolthet 3 0] & 7PAAA HEs 3t
Fhol A FeEl7E ZREA] o4 oAl Helt
2l clean radar signal3} S21817} 34 # o]tk
9l cluttered radar signal< A]7F %‘334 Tk
vl gt} 19 1004 S2E Y F4l Al A7
A7NE st =, 240 g g
ol B7ks e As & & Utk 19 29 F3
o A cluttered radar signals& #53 Al 43} &
ek =5 Fapprt gl FAlE 76l #olt
o &% 54 FYo] agrt 53], dolvrt §AlE vl
YA 9] 7%, lookdown oA FAlE A EEHE
gojtte] Af 2 &% 4 58E& A AN o

£ O,

12

=2

i
o

_[NA r)’

Ay o N0 )y A rlr >1E >
= o?i

o X K
19 o

i)
o
=

o,

l‘

Clean Radar Signal X10 78]

=
oow

Time (sec)
= ~ w
ey

e -
o 2 v bW

1500 2000 2500
Range (m)

Cluttered Radar Signal
(Clutter Type : Rugged Mountain)

Time (sec)

Range (m)

J& 1. Clean radar signal?} cluttered radar signal®] range-
time intensity ©]"]*] H] 1

Fig. 1. Range-time intensity image comparison between
clean radar signal and cluttered radar signal.
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Table 1. List of simulation input parameters.

Parameter category Parameter name

Probability of detection

Probability of false alarm

Number of range cells

Range resolution

Phase array row

Radar design parameters Phase array column

Number of pulse integration

Transmitter gain

Receiver gain

Receiver noise figure

Frequency range

Radar scan pattern Azimuth scan range

parameters Elevation scan range
Flatland Woods
Clutter type
Wooded hill Rugged mountain
Radar trajectory
Radar motion Radar speed
Radar height

Target trajectory

Target motion Target speed

Target height

Target RCS Target RCS size
Image Width
= Number of Range Cells
A
15t 1st 2nd .. N-1th Nth
Scan Angle | Range Cell | Range Cell Range Cell | Range Cell
2n Tst 2nd .. N-1th Nth
Scan Angle | Range Cell | Range Cell Range Cell | Range Cell
Image Height
¢~ = Number of
Scan Angles
M-1th 1st 2nd .. N-1th Nth
Scan Angle| Range Cell | Range Cell Range Cell | Range Cell
Mt 1st 2nd .. N-1th Nth
Scan Angle | Range Cell | Range Cell Range Cell | Range Cell

J8 4. Radar 415 Hlo]H o]m|A] Fx
Fig. 4. Radar signal image data format.
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Average SCR [dB]
Clutter type

MTI Proposed method

Flatland 23.01 31.72 (+8.71)
Woods 18.45 31.59 (+13.14)
Wooded hill 13.56 31.58 (+18.02)
Rugged mountain 5.09 30.34 (+25.25)
Total average 15.02 31.31 (+16.29)
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