= 22-47-12-18

The Journal of Korean Institute of Communications and Information Sciences ’22-12 Vol.47 No.12

https://doi.org/10.7840/kics.2022.47.12.2168

- B
}6] o v ‘:]l
Az, A, &R
LI T B =

Analysis of LPI Radar Waveform
Classification Based on Transfer
Learning in Electronic Warfare

Environment

Dongho Seo®, Jiyeon Park’, Woojin Yun",
JeeHyeon Baek~, Wonjin Lee”,
Haewoon Nam’

2 o

F 2 Mgt golr] 7]4e] WAlel| ule}l LPI #le]
o 9 Alse] A 9] 2 Wz v i s
o] F83 V&R diFE ok 53] #Helr] Wx
B Bitel ek A= ey 7)uke] o)nA] g
Fopll A A7t ghds] zldE s glck AR o]
g g2y 7ak 7S AA F71AA A8k
o] ole] okale] d5 dlole] Fhof ofefgo] &g
th & =ielde AR As SASES st
of, o] 5g o] 83l & SNR I = €
olt] A3 i Aes IATIE WS Ak

=

Alokak Aol < 7|uke] 5 whHS -12 dB 34
oA 90% o] i AFES BYS Falslgich

Key Words : LPI Radar, Intra-pulse Modulation,
CNN, Transfer Learning, Deep
learning

ABSTRACT

As the development of low detection radar
technology, accurate detection and modulation
classification technology for LPI threat signals is
emerging as an important technology. In particular,
research on the classification of radar modulation
methods has been actively conducted recently by
applying deep learning-based image processing
technology. However, these deep learning-based
approaches have difficulties in securing high-quality
learning data when applied to weapon systems. In
this paper, we propose a method to improve radar
signal classification performance even in a low SNR
environment using transfer learning considering the
signal reception environment of electronic warfare. It
was  confirmed that the proposed transfer
learning-based  classification method showed a

classification success rate of over 90% at -12 dB.
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Table 1. The hyper-parameters for learning
Parameter Value
Batch size 64
Number of epochs 15
Optimizer Adam
Learning rate 0.001
Weight decay le-6
Patient for early stopping 5
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Table 2. Fine-tuning according to transfer learning
method.

Methodology
Typel fine-tuning all layers
Type2 fine-tuning only FC layer
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Fig. 1. Companson of LPI radar waveform classification
performance via transfer learning with high SNR data.

21170

pece [%]

04 ol 1
, ¢-D2 ‘
' —6—Typel with D1

038 ==¥-=Type2 with D1 | ]

---------- Total
02 | ! ! ! ! I I I
-14 -12 -10 -8 -6 -4 -2 0 2 4
SNR [dB]

a3 2. g SNR Al dele| 2 Holdgs Z13gt LPI
o] Alz A5 v

Fig. 2. Comparlson of LPI radar waveform classification
performance via transfer learning with low SNR data.

0] D2 1o A 35S A7l D1 1FoR
Typel WHAe] Aol &8 *13& Z-%, SNR= -10
dB 7154 D2 2Fo &Rt &5l mdlof vls) &
T A0l 17%NA 95% % FA F715HE BlE
otk ©ge] DIF} D2 IES BT AR
end-to-end W22 §<573F Ldl(Total) ] 4353 Bl
% -14 dB ~ -12 dB F7FellA oF 7% oAk £
_ﬁ_ -L—o] 61:/\1—51041;}

10

2 mrellAE Helds 0]8]F 9714 LPI el
Z A% B darelss avistadel 59, dxpd
oA wleld mule] st 917 ofde s |
= < 23t s 7ak
W3 B ZHe] Aes A7) Sls) Aol s
< o8-8k WS AAlEkslch =g Ak WS
AlEdlo|AdE Fall AE7 A AR Ao] 3¢ 7]
uke] B v - 12dBellA] 90% olAke] H- A%
S R4S Elaiict ARt B oS 3 A
A% AR A AR 7EsRE Al B g
ol 881l 28 Aoz )it

o]
o
il
o
[ i
;X
s
L)
o
o i 2

References

[1] M. Kim and S. Kong, “Automatic intrapulse
modulated LPI radar waveforrm identifi-



/AR FA A Aeldts 7k Aug et Wz s +F Ae

A1
S|

M

(2]

[3]

[4]

[5]

[6]

[7]

[8]

[

cation,” J. KIMST, vol. 21, no. 2, pp. 133-140,
Apr. 2018.
(https://doi.org/10.9766/KIMST.2018.21.2.133)
J. Wang, P. Liu, M. She, S. Nahavandi, and
A. Kouzani, “Bag-of-words representation for
biomedical time series classification,” Biomed.
Signal Process. Contr., vol. 8, no. 6, pp. 634-
644, Nov. 2013.
(https://doi.org/10.1016/j.bspc.2013.06.004)

T. Huynh-The, V. -S. Doan, C. -H. Hua, Q.
-V. Pham, T. -V. Nguyen, and D. -S. Kim,
“Accurate  LPI radar waveform recognition
with CWD-TFA for deep
network,” in IEEE Wireless Commun. Lett.,
vol. 10, no. 8, pp. 1638-1642, Aug. 2021.
(https://doi.org/10.1109/LWC.2021.3075880)

H. Lee, J. Kim, J. Yu, Y. Jeong, and S. Kim,
“Multi-class

convolutional

classification using transfer
learning based convolutional neural network,”
JKIIS, vol. 28, no. 6, pp. 531-537, Dec. 2018.
(https://doi.org/10.5391/JK1IS.2018.28.6.531)

J. Park, Y. Kim, D. Seo, J. Ahn, and H. Nam,
“Deep signal

detection scheme via transfer learning for

learning-based  modulation

cognitive radio network,” J. KICS, vol. 45, no.
10, pp. 91-102, Sep. 2020.
(https://doi.org/10.7840/kics.2020.45.10.1708)
S. Chung and M. Chung,

classification using CNN’s deep features and

“Pedestrian

transfer learning,” JICS, vol. 20, no. 4, pp.
91-102, Aug. 2019.
(https://doi.org/10.7472/jksii.2019.20.4.91)

H. Choi and W. J. Williams, “Improved
time-frequency  representation of  multi-
component signals using exponential kernels,”
in [EEE Trans. Acoustics, Speech, and Sign.
Process., vol. 37, no. 6, pp. 862-871, Jun.
1989.
(https://doi.org/10.1109/ASSP.1989.28057)

R. Keys, “Cubic convolution interpolation for
digital image processing,” in /EEE Trans. on
Acoustics, Speech, and Sign. Process., vol. 29,
no. 6, pp. 1153-1160, Dec. 1981.
(https://doi.org/10.1109/TASSP.1981.1163711)

S. -H. Kong, M. Kim, L. M. Hoang, and E.

(10]

[11]

“Automatic LPI  radar
recognition using CNN,” in /EEE Access, vol.
6, pp. 4207-4219, Jan. 2018.

(https://doi.org/10.1109/ACCESS.2017.2788942)
Z. Qu, M. Xiaojie, and Z. Deng, “Radar signal

intra-pulse modulation recognition based on

Kim, waveform

convolutional neural network,” IEEE Access,
vol. 6, pp. 43874-43884, Aug. 2018.

(https://doi.org/10.1109/ACCESS.2018.2864347)
K. Weimann and Tim O. F. Conrad, “Transfer
learning for ECG classification,” Scientific
reports, vol. 11, no. 1, pp. 1-12, Mar. 2021.

(https://doi.org/10.1038/s41598-021-84374-8)

2171



