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Abstract

In cognitive radio communication systems, classification ability is required for an individual communication device
for adaptive reuse of spectrum. If characteristics of a transient signal that is the initial duration of a transmitted
communication signal can be analyzed, we can classify the individual transmitter. For a real-time operation, a fast
classification with low complexity should be available. We propose a fast classification method of a communication
signal transient based on a neural network. To improve the processing speed of the classifier with low complexity,
we use transient samples of the communication signal without preprocessing and adopt a simple neural network
structure. Classification is performed for twelve transient types including raised-cosine and square-root raised-cosine
shapes. Through computer simulation, it was confirmed that the proposed method showed a classification accuracy of
99% at a signal-to-noise ratio of 10 dB. Furthermore, because the proposed method has a structure in which

multiplication is performed 12 times per clock, it was analyzed as having low computational complexity.
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Table 1. Target class list

Class Transient Rising Roll-off
number type time(us) factor
Class 1 Linear 20 -
Class 2 Linear 40 -
Class 3 Nyquist 20 -
Class 4 Nyquist 40 -
Class 5 RC 20 05
Class 6 RC 40 05
Class 7 RC 20 0.75
Class 8 RC 40 0.75
Class 9 SRRC 20 05
Class 10 SRRC 40 05
Class 11 SRRC 20 0.75
Class 12 SRRC 40 0.75

Mol 72 gL AR ¢ 2R HolH

T4 go|o] dAA Z& & Joh IHEZ 1
o= 3 Elol™o] -10usA] +10usZ AH3HA
W3l AS 7HYskAh

|2
(0)=]
g
[oN
ﬂ.?‘_',
4
i
2
01:0
ol o
B2
°
2
Tcz
ol
rlr
>

Class 1

Class 2

& 100 o .
I . .
(‘I;‘_,' [ ] ®

PP /.
L

R~ Class 12
Signal transient samples -

Input layer  Output layer

a& 5. Hletst=
Fig. 5. Proposed neural network structure

Aye 7x

b A9 kioe dg Sl SR Y
HHth g5 HlolE e a2 AT o F5HI(SNR,
Signal-to-Noise Ratio)oll @&} #RstA Adste] <
Az gt golEE AHEsET, 3 1200719 ©
oJHE ol&3dte] S 9 HFh FAE Hol
B F 10%E A5 HolEE 2855tk 11 60l
= class 55 9% SrFHOlHE dE YRR

1.5

——data1 of class 5
——data2 of class 5
data3 of class 5
——data4 of class 5
—datab of class 5
data6 of class 5

Sample value

0 20 40 60 80 100
t

Ogl 6. 5 ZAE 2/st sHEH0lE of
Fig. 6. Leaming data example for class 5

A
A
o
A

69l UERd Hlo]E= SNR 15dBE A A3}
3 sk flojgloltt TAE AAe BE
2 &< tolEle] SNRo| wet Aol ZEkd
itk 4l ME 845 EloJEle] SNRY| wE B
< Uepdth
8l 2+ =& 3t 74EA ) nholoj 2o o
AL F 3 o] AFps AL,
23 4 ok A48 == J17F 10070
g7 127]0lBR 7 28 A
]+ 1,200717} E L35ty B9 Hol

1
o

(o3

7] A

s
Hge

o Olr
(o of M

1

)
3
g\!

N

i

Mo
i

9w
o

(e
r
ofie



Journal of KIIT. Vol. 20, No. 6, pp. 69-76, Jun. 30, 2022. pISSN 1598-8619, eISSN 2093-7571 73

A

’Lilﬁ A =RE o YEHn. IHEE Y
© 2zl gig 7heA dibs sAFoR F3d)
H, FPGA(Field Programmable Gate Array) &2 22
Edolell A 78 7bedt o Z AAZE dito]
7}s3tt

a9 7lle Akl dgA el gigk £577] 4
A 3RS dAE YeERAI A s s
dg o JieTh s7fola o 227t 37
ARHE 7R8I hiA 4 o] gk ki

=Y Lt ApolY TtSAE wyEkal 7HEE |
A A3t FAHAE W, g SYAAE
AT wy ), wio, wisdl wAlO] o] FolA I =
T W I ge AR 2dA Y As
b FAEHRE o, Y Fgd4e dEis
Wal, Wao, wp3S HAIO] o] FAAI ¥ L& W
o] FA3sith o]e} e Ak Ho]'ua A olkst= AlA
Fol 488 A5, W 29 T 1289y g4E 7

g]L

H

v n:Q (R
%

mi
<
[z
£
©

skl 1 S FAsSta upA|e FAlo
ofz g 12718 e, 7P 2 BE He 2YE

Helgi,

O~\

\\ \ ~.
\
= Class 1
N
Class 2
N
Class 3

a3 7. 2&/71 i oty
Fig. 7. Operation process of classifier

B ZoxMe Adste Hol #7719 A A
A EREE BAGT

25719 A%S Confusion matrix® YERE 4
of 3t &% A%< SNR
‘/}E}Lﬁﬁ’iq 24, SNRO] 0dB &5 H|o|H =2
A7l BE72 gdoz HAE UolE

£ A
§
iy
[
Y 1o ®
rx oy

SNR¢] Zt7Z} 10dB, 15dBY ®, d&< T3t 18
8ol= E|2~E Ho|E|¢] SNRO| IOdB%‘ o, 13 9
o= H2E Holg¢] SNRo] 15dBY ©, Confusion
matrix AHE 247 YT HZAE HolE &
7+ ZY2 HE 1018 E9stdth 18 83 19
99] AFollA & 4 Axol, A= EF/717F H
2E HoJElE SNR 10dB ©]AolA 95%0|do=

BRSE AL AT F Ytk
FAE WA BF AL % dojEy

SNRel meh Aol 8 4 k. I8 100=
&< Ho]E 2] SNRE -20dBllA 10dB7HA] H3}A|
718 g5AZ BF7710] HAE HolH9 SNR H
9 0 ~ 30dBe gt &7 AEEE UERITH

#1| #2 | #3 | #4 | #5 | #6 | #7 | #8 | #9 | #10 | #11 | #12
#1 (108 | O 0 0 0 0 0 1 0 0 1 0
# | 0 |109| O 0 0 0 1 0 0 0 0 0
#3 | 0 1 1109 O 0 0 0 0 0 0 0 0
# | 0 1 0 | 106 © 0 1 1 0 0 0 1
# | 0 0 0 0 |110| © 0 0 0 0 0 0
# | 0 0 0 0 0 |1M0| O 0 0 0 0 0
#7 | 0 0 0 1 0 0 |109] O 0 0 0 0
# | 0 0 0 0 0 0 0 |110| O 0 0 0
# | 0 1 0 0 0 0 1 0 |107| O 0 1
#10| 0 0 0 0 0 0 0 0 0 |110| O 0
#1| 0 0 0 0 1 0 0 0 1 0 | 108 | O
#12| 0 1 0 0 0 0 0 0 0 0 0 | 109

% 8. 2 & (SNR = 10dB)
Fig. 8. Confusion matrix (SNR = 10dB)

#1| #2 | #3 | #4 | #5 | #6 | #7 | #8 | #9 | #10 | #11 | #12
# [110| O 0 0 0 0 0 0 0 0 0 0
# | 0 |110| O 0 0 0 0 0 0 0 0 0
#3 | 0 0 |10 | © 0 0 0 0 0 0 0 0
# | 0 0 0 |110] © 0 0 0 0 0 0 0
# | 0 0 0 0 |10| © 0 0 0 0 0 0
# | 0 0 0 0 0 |10 O 0 0 0 0 0
#7 | O 0 0 0 0 0 |1M0| O 0 0 0 0
# | 0 0 0 0 0 0 0 |110| O 0 0 0
# | 0 0 0 0 0 0 0 0 |110| O 0 0
#10| 0 0 0 0 0 0 0 0 0 |10 O 0
#1| 0 0 0 0 0 0 0 0 0 0 |10 O
#12| 0 0 0 0 0 0 0 0 0 0 0 | 110

J2 9. 2% #Z (SNR = 15dB)
Fig. 9. Confusion matrix (SNR = 150B)



mmmmmmmmmmmmmm

100 *“:‘:W ...........
Ny Iy

{
/A
50

40 {// /

b

—v—Learning data SNR = -20 dB
—#*—earning data SNR =-15dB | |
—+—Learning data SNR = -10 dB
—&—Learning data SNR=-5dB ||
—b—Learning data SNR =0 dB
30 }x/ —%— Learning data SNR =5 dB
—— Learnlng data SNR 10dB

Accuracy [%]

8

20 :
0 5 10 15 20 25 30

SNR [dB]
J% 10 AS of &30 e 27 dex

Fig. 10. Accuracy of classification for SNR

>
n
oL
o
1%
fy
>
Y
2
L
dlo
tlo
Z.l_v‘
N
Y
o
rr
)
(€]
=3
2
=]
(4}°]

bl oE
o

oy 1@ — ©
ol

i)
2L g

in}
o
ML T yo
Ju o 4
2

¥0 o (1 |0 X
.‘Q‘ é‘é‘ ok

Clig

rlo

: = g
I 10904 AT = glRol, S
9 SNROl o -15dBY ™, £+ *é%% El2E Ho]

6H Atete E5F WHol 1&%01 EASE 48l
M= s EFste 2e 253t
[12]914 #IokE DNN7JHES] ER77]= ME g2
1Q 438 A4S ol&3dtd 859 H4 A3 o
3 9F 95%2] BF ASEE Y [13]M =
6591 ZigBee 41 A2 moJ3lo] DNNE o] &3t
BE712 9F 96%9] l']\i‘ BAEEE eI &
14011*1 ARketE W
oﬂ rHoH SNR 7dB ©]4

oV 95% o] BF A
g HolnE, £§ 4% ZddHE /|E 4T 2

_]
o
#9} TARE FE 2o

42 At S8 24

3%l AE nkel o] Hago] FAIHYE &
AHo2, G v 7t 71X 9 Fa|AT =, v
4 vtk 1289 FAlo] o]FoiA L, 127]¢]
Az Fel AFET 1004 Z0] RF ?j‘E_ﬂ‘HUi

1,20081 9] FAlALke] o] FolXith. 724 &
gloloj 2~ Zk 12707 Tl AN HFE =9
So] Az ﬂloPon— 2737 71Hke] 577
g o] /S =41 oAl
Z9shH, FA A4k 4" A wet &3
2 1294 10039 AA EAkete] HYg@
olgdt ER{7|Y AstEFE B W, g
71E 48 FPGA oA 78 78 Zlew
Hok

R
b
I
fo

[
Lo
N
N

rr =

o5 & A

S
R
o

42

& o

dr X2

=

X

[¢]

N l.lj
o,

rlo

)

=

=

co

=

e oot T
du S of

|

28, 2719 29, 8l EHe
27 10047) 2 512709 REE ;@_
(Dropout) Hl&2 050tk wWahA o ¥e
T3] YA oF 2x10°M 9] FAlo| JOL:rL

[13]14 A|¢tE DNN £77] 292 3279
e 9%, ol E¥e Za eYse
25670, 25670, 128709 =S zt=t) whbA

A3
orow

A

lﬂ flo
it Mo o Lo

o i
= L

—~

2 N
(e Y

o £HE F957] FAAE oF 1540 B4

o] oFHEL B =RoA Aoksl= dhH e 3 w9

2RE Sla 109919 o] BastnE, A4 B

HE ZRolA oS EgHoleka BrrEolin
v.z 2

B ERolAle o] T ol g3t BA A%

Aga) g A BRET e A

AT Aok 479 wd
Z&

OEI

~ K
b b
e, [o
tlo l'm

2,
N
N

=2, o r> o
o M B i
gL
B> i
2 T oo Eol' gl
2 % 4u
N rlr o o
[‘m ) s
$E8EE
Shia 0
i;f Hu e i
o = =
2 oo +
ofr (>
2 o o
[ od
o S R
= r2
fo >
n

m
djo
eJ
rsf
==
ol

M L[> 2 orr °§T‘ Y 4y on
< -

o

rr

Py

|

fok rr

o O

1% Holeel SNRel



Journal of KIIT. Vol. 20, No. 6, pp. 69-76, Jun. 30, 2022. pISSN 1598-8619, eISSN 2093-7571 75

P QA FA A2E 2 Poio 29EY A
Az SR 270 WA A58 25 4
WS Aol B ¥ A0 St ®
@ FF B =Rlq wHE A7EA, 30 4
@ BN F4 Holge Wak 2 ), 4
Fud 5 gt 1EdE dFd UF 97
1 5 9 Aol

References

[1] Y. Liang, K. Chen, G. Y. Li, and P. Mahonen,
"Cognitive radio networking and communications:
an overview", IEEE Transactions on Vehicular
Technology, Vol. 60, No. 7, pp. 3386-3407, Sep.
2011. https://doi.org/10.1109/TVT.2011.2158673.

[2] P. Pawelczak, K. Nolan, L. Doyle, S. W. Oh, and
D. Cabric, "Cognitive radio: Ten years of
experimentation ~ and  development",  IEEE
Communications Magazine, Vol. 49, No. 3, pp.
90-100, Mar. 2011. https://doi.org/10.1109/MCOM.
2011.5723805.

[3] M. V. Subbarao and P. Samundiswary, "Automatic
modulation recognition in cognitive radio receivers
using multi-order cumulants and decision trees",
International Journal of Recent Technology and
Engineering, Vol. 7, No. 4, pp. 61-69, Nov. 2018.

[4] B. Ramkumar, "Automatic modulation classification
for cognitive radios using cyclic feature detection”,
IEEE Circuits and Systems Magazine, Vol. 9, No.
2, pp. 27-45, Jun. 2009. https://doi.org/10.1109/
MCAS.2008.931739.

[5] O. A. Dobre, M. Oner, S. Rajan, and R. Inkol,

algorithms  for
QAM signal identification”, [EEE Communication
Letters, Vol. 16, No. 1, pp. 12-15, Jan. 2012
https:/doi.org/10.1109/LCOMM.2011.112311.112006.

[6] T. E. Bogale and L. Vandendorpe, "Multi-cycle

cyclostationary based spectrum sensing algorithm

"Cyclostationarity-based ~ robust

for OFDM signals with noise uncertainty in
cognitive radio networks", in Proc. IEEE Military

Communications Conference (MILCOM), pp. 1-6,
Oct. 2012. https://doi.org/10.1109/MILCOM.2012.
64157046.

[7] J. Lee, J. Kim, B. Kim, D. Yoon, and J. Choi,
“High  performance  automatic ~ modulation
recognition technique for fading channels based on
deep learning”, Journal of Korean Institute of
Information Technology (JKIIT), Vol. 16, No. 1,
pp. 1-10, Jan. 2018. https://doi.org/10.14801/jkiit.
2018.16.1.1.

[8] A. Tani, R. Fantacci, and D. Marabissi, "A
low-complexity cyclostationary spectrum sensing
for interference avoidance in femtocell LTE-A-
based networks", IEEE Transactions on Vehicular
Technology, Vol. 65, No. 4, pp. 2747-2753, Apr.
2016. https://doi.org/10.1109/TVT. 2015.2419877.

[9] O. A Y. Ojeda, and J. Grajal, "Sensitivity analysis
of cyclostationarity-based and radiometric detectors
for single-sensor receivers", IEEE Transactions on
Aerospace Electronic Systems, Vol. 48, No. 1, pp.
27-43, Jan. 2012. https://doi.org/10.1109/TAES.
2012.6129619.

[10] K. Merchant, S. Revay, G. Stantchev, and B.

RF  device

communication

Nousain, "Deep learning for
fingerprinting  in
networks”", IEEE Journal of Selected Topics in
Signal Processing, Vol. 12, No. 1, pp. 160-167,
Feb. 2018. https://doi.org/10.1109/JSTSP.2018.2796
446.

[11] K. Youssef, L. Bouchard, K. Haigh, J. Silovsky,
B. Thapa, and C. V. Valk, "Machine learning

approach to RF transmitter identification”, IEEE

cognitive

Journal of Radio Frequency Identification, Vol. 2,
No. 4, pp. 197-205, Dec. 2018. https://doi.org/
10.1109/JRFID.2018.2880457.

[12] D. Roy, T. Mukherjee, M. Chatterjee, E. Blasch,
and E. Pasiliao, "RFAL: Adversarial learning for
RF transmitter identification and classification",
IEEE Transactions of Cognitive communications
and Networking, Vol. 6, No. 2, pp. 783-801, Jun.



76 A7 )] 2% Ao| 7

b
M

7 A7

2020. https://doi.org/10.1109/TCCN.2019.2948919.

[13] H. Jafari, O. Omotere, D. Adesina, H. Wu, and
L. Qian, "loT devices fingerprinting using deep
learning”, 2018 IEEE Military Communications
Conference, pp. 901-906, Oct. 2018. https://doi.org/
10.1109/MILCOM.2018.8599826.

[14] 1. Hadkhale, "Faster than Nyquist signaling and
analysis of its performance under uncoded/coded
transmission systems”, Master Thesis, University of
Oulu, Finland, Mar. 2015.

K KtAIH

A 9 4= (Yeon-Soo Jang)
2094 29 : B
AAENTFE I FI

20159 29 : gt




	신경망 기반의 신호 천이 고속 분류 연구
	요약
	Abstract
	Ⅰ. 서론
	Ⅱ. 통신 신호 천이 모델
	Ⅲ. 신경망 기반의 천이 분류기
	Ⅳ. 성능 및 계산 복잡도 분석
	Ⅴ. 결론
	References


