= 23-48-02-03 The Journal of Korean Institute of Communications and Information Sciences *23-02 Vol.48 No.02
https://doi.org/10.7840/kics.2023.48.2.162

dxd I3 Ho|E IS o] 83l Spiking Neural
Network®] RF Al& €x] ¥ 57 A5 24

ol & F, o A3

’

Performance Analysis of RF Signal Detection and Classification
with Spiking Neural Network Using Rate Coding and Temporal
Coding

Hyun-Jong Lee’, Jae-Han Lim’

Spiking Neural Networks (SNNs)+= 3A4t] ol-gAAdW o2 @ od-xl59] F58 1t Qlch SNN2 AHRE
A)elr] s o4l o]z} 2 ALt JAAE Wolok AHEE A aTelF] wils ARRItL o=
3l SNN2 the QIFAEHERT} oUA] ZgAde] v £om 3k dolele] Mo £ A5& Helvjw
a2z qlek SEARE @A SNN2O| 3-8 Eobe 7| AFAHEe] A $-8ulw Eoll o]vu]A] Al w3tk
o] glew g 34 Hollr= %01 ] sk gl wlebd B =Fell4E SNN-S Radio Frequency (RF)
Az GA] g Rl ARSl] 2 Ades 393l w3 RF Als Agjo]z wigh Qe Ho|E 793} gl
g FL AL 24 Zd whAle] Asa A BxleE Z45le] Signal-to-Noise Ratio (SNR)ll whe &84
[ L=

ol AT <lFH WS Al]kE

Key Words : Spiking Neural Network, RF signal, Rate coding, Temporal coding, STDP, Memristive synapse

ABSTRACT

Spiking Neural Networks (SNNs) are the third generation of neural networks and attract many researchers’
attention currently. SNN uses discrete spikes and spiking neurons that deliver information when their membrane
potentials reach threshold to process data. Due to this, SNN is more energy efficient than other neural
networks and is known to have good performance with processing sequential data. However, SNN has been
confined to image analysis like other neural networks and it is not being used in other applications. Therefore,
in this paper, we propose to use SNN for detecting and classifying Radio Frequency (RF) signals and measure
its performance. Furthermore, we apply rate encoding and temporal encoding for translating RF signals into
spikes. We measure performance and computational complexity of each encoding scheme and propose efficient

encoding scheme according to Signal-to-Noise Ratio (SNR).
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o= mlax_eiLmin (1)
VTP
At -8 256
Aw=ﬁ(a+wmin*w)(1*e 256 )
pos ‘pre
@

we Al AE 7R e CPIBkal wi ot
Waires A7+ A2~ 7heA|e] gt HS53E o
g}, aliw =9 SNN 2Elold w,, = 0.59F 1 A}
o] 3t & FAI= A=Al AL Wi 031 0.5
Atele] gt F AR A=Al slsich Awe AW
2 7o) kRS ovlshe wlelaE o] EAS
Hkedglc) As= SNN Bdlo] LTP} LTDE Htsh=
715 A7k 2 50ms 2 AASATE fos} Lrs AW
2 F rele] 2vte|= Wb A7k} Al A e
2glo| = WA AIZES oJvigitt = 7hEA] dle]E
o] vAYAE A W LTP WA 745
LTD " 7% A8¥= v &2 vpdt vp® W
Wtk G= LTP} LTD Afolo] njAdsdAde] vle-& =
A= wWapoltt

At AZE o] Fel] Al A el sfo] =)
AL 739 SNN 2 LTD7} Ak 7l gick
slo] 4] 13} 30 we} g1 ~afo]=7) WhAYRE Al
2 A 7y £ 2vjo| =7} vhAEk Al 3
Atele] Al ZEA S A7 o]u) LTPE] 7
o} PRI R A A FRlellA] 9]y 2sje]a
7F ozl ¥ HAgS 49 sl A TFEEAE oY
2sjo]|Z7} Al Sk ZhAA 71,

d

-

als

UL1D
256 )

At
Aw =—
v 1

tpv'f: - tpost

(a—wmax +w)(l—e

©)

166

3.3 RF Az ERX| A 2&F HR}

B =R 285 SNN 29| RF A3 8] 4
AF Azl o}e3) 7}l WA RF A5 2 ko] =S
sh<r dlo]e]2 SNN Edllof| i=shd g]=%l RF A
52 lZel 93] ~Tfo]=0] R WHFEch

svjolz ez WakE S dolE5E 91
oyE WEe] $¥4 FRISe) U 49E 2%

t}. o A7} L) et 34 752 STDP
5 FH el v} 71EA S QJulo) sl Adto|aE
ksl wles SRA 0] Avlo|mE A4
T 1 A9 gu|x kel A4 FEle v
o|=ZE WEShH 77t 7Y gnlEA e &
A 7S AL x| gREe 858 oAE
o o] 7 qla BRA FHEL 7EEA7) o1 ulolH]
o] B4 HeZ 2 vledd ¢ gl=2 S35

9] S Eal 52 mhz] SNN 2ale AlA) S
4 HAellA o3t AT 5 QJRHIgES u), o] AT
o= ez wskslw A= 7] wee} Wkl
3 dlele{e] EA wE

of g Enke ¥ 2 i Ads =St

il

O

—

4.1 Ay MY

B ol o4 2148 RE A% w2 2 25 Ao
ARl dHo|E A5 USRPE Ea atEoigdci
USRPE #4137 54l USRPE uHn Sz 41
USRP Al*]+= GNU radios 3l ¢]¥%itk GNU
radio®] E555 o83 $41 2 4l USRPE| 54
T e, $A 2 A AER HelE A Al
ol gk Adeslgith. 4241 USRPOA =415 Alse
MATLABS 53 dle]elAle] Hef2 Hgte]o] A=
el 9 A AR, AL FUAE $AD
USRPE 53l RF thelel|A] REEa1 o] Als 58 4l
USRPeA 2413F 348 1kHzZ AZ3te] 10709
AZ Frew 715k

SNR-2 0dB, 6dB, 12dB, 18dBZ Z43}glor] d
OJE|MEL TAE dlo[e Al E7-E dloeMeR
vRrelA Qloh ®A1E- dlo[H S-S ARl ALz,
Fug} AEE0] BRI E 10719 2F e 7]
= Fo|= AIEE 11 HIEE 4o sle dHe[eAlE
oln Z 20000719 wo]=9} AT WEEE oA
sk E5-5 do[eAlEL ARle), A}, o9l Al
E50] 7 FFY L1 v[ER 4o 9l dlele]le]H
A& oA} F3ko] ZF 20000709] MEER ©l




YR 7Y} dolE 2YE olg

gk Spiking Neural Network®] RF Al& & 9 £5F A5 +4]

Table 1. Range of param.eters for Poisson and TTFS
encoding.
detection classification
vLTP 0 0
vLTD 0 0
B 1 1
O+ 0.003 0.003
intensity 80~260 350
As 10ms Sms
At 50ms 50ms
A4 3

L3l dle|E B AE R veS
112 AA7 5 50070] AEES Tolxle] Al
g golnelElE: | AR TSIl BobA
SNN 2dl-& shA|7.om vhe2] 1950070] HES
53 SNN 29| A5 HAEE 7133}t 351 o
o|e]e] HE e} H2E dlole] AE 7= SNN
o] A dlofele] A3 == ZE WHIElL, §
Alef] A2 o] dHolE| 2w whEA| Shgre] Z18)=]
= STDP?| 545 nhkdsle] Azl

SNN 2d& 53 A5 5] 2 257 AdelA A}
43k 5] AR 2 HAES & 1ol vEh gl
t}. intensity+= o5 Q1T ol dlolefeol] Falx|+=
o= oy FRleA e 2Fle]zv) T4
=5 A F S W SRRt kS el
T UEE Fth AsE TTFS ¢lFtelx] ~vjo)
whEold wje] 7hAelw 7HAe] #EE v W
deo]lzE Wrich

¢

1

> a2 ( o

4.2 A% Zot

SNN ®dlo] Alela}, Alzts), Fulsle] <lzdd uf
Aol w2 B Ao AHFZ, Probability of
Detection (PD), False Negative Probability (FNP),
12|31 False Positive Probability (FPP)E E3l 34
3}91om] SNRO] Wislel] whE BH] 2 F Aot
a3 5~8el el 9lew SNRO| W3l ulZ PD,
FNP, FPP W3}= % 2, 3¢ et gich

a7} %F 53l FFd = gl%e] Folg d=H
< B AlsE 1=z 79 Al 7FH] dHelelAl =
I 0~18dBell4] 80% olAke] ©A] AEme} 75% o]
2] PDE Hglem 12dB o|AtellA+ 100% ] <4
3 ©x] A&l PDE, 0%l 243 FNPS} FPPE
Byt ARk TTFS QlZHS 4 AlEs olzwdgh
745, Al 7HA] dlolel Al 2 0~18dBollA] 90% o]3}

Sine+Noise

SNR(dB)

Square+Noise

SNR(dB)

Sawtooth+Noise

0 6 12 18
SNR(dB)

02 6. Folg <lEd M8 Al SNN 2dle] Als o] A
A

Fig. 5. Detection accuracy of SNN model with Poisson
encoding.

Sine+Noise
= -
< 80
& 60
S %Y
e
3
Q
Q
<

SNR(dB)

Square+Noise

SNR(dB)

Sawtooth+Noise

SNR(dB)

a8l 6. TTFS <law A4 A SNN =de] Al '] A
Lia=s

Fig. 6. Detection accuracy of SNN model with TTFS
encoding.

o] AEFEE Holon Folg a3} v|wgE o,
ko2 o & PDo} =2 FNP ¥ FPPES Ko
FaL 9lrk

o] TTFSY] Q174 HlAlol|A] 71”151 FAlo|c).
TTFS A3 AE WellA] 10702] 2+ 213 3ke] =
7] Apelol| wet A o2 Aufo]z WA AlxF Al
< AsErk o] Qs o]z} AF7) Al 4
YA gk deo]zef| ]3| Aviele 7 A% HEe] A

167



The Journal of Korean Institute of Communications and Information Sciences "23-02 Vol.48 No.02

Sine+Square H 2. Folk qlzw A4 Al SNN =] PD, ENP, FPP
s}
—100 " !
L e / ' . Table 2. PD, FNP and FPP Change of SNN model with
el - Poisson encoding.
Sa .
8 20 :
% . . 0dB 6dB 12dB | 18dB
‘ °  shRiamy (D, (PD, (PD, (D,
FNP, FNP, FNP, FNP,

Square+Sawtooth

FPP)(%) | FPP)(%) | FPP)(%) | FPP)(%)

—~100
%g; / 9203, | 97.07, 100, 100,
£ 4 sine 7.97, 2.93, 0, 0,
Q
g 280 12 18 0 0 0 0
SNR(dB) 80.87, 92.49, 100, 100,
Sawtooth+Sine square 19.13, 7.51, 0, 0,
=100 2.79 0 0 0
S 80
360 75.12, 82.84, 100, 100,
3 gg sawtooth | 24.88, 17.16, 0, 0,
<5 16.51 0 0 0
0 18
SNR(dB)
gﬁ’ 7. Foks d2d A8 A SNN 2Rl AlE A E 3. TTFS <= 24 A SNN wee| PD, FNP, FPP
= N ) w3},
Flg. 7. Classification ~accuracy of SNN  model ~with Table 3. PD, FNP and FPP Change of SNN model with
Poisson encoding. TTFS encoding.
12dB
Sine+Square 0dB 6dB (P(]ij 18dB
100 J_//- (PD, (PD, FNP. (PD,
So0 . j FNP. | FNP | | FNP,
S . FPP)(%) | FPP)(%) FPP)(%)
820 . %
% 6 12 : 99.99, 55.88, 78.73, 90.39,
SNR(dB) sine 0.01, 44.12, 21.27, 9.61,
Square+Sawtooth 99.97 44.06 19.87 7.27
—~100
Eay M 99.94, | 64.16, 57.64, | 69.43,
8 square 0.06, 36.84, 42.36, 35.07,
g 20 100 37.46 37.44 26.29
1]
0 6 12 18
SNR(GE) 59.99 99.48, 100 68.55,
. sawtooth |  40.01 0.52, 0 31.45,
. Sawtooth+Sine 47.43 96.92 57.56 3.15
< 80
§eo
2 A% '2lell= TTES <l3H dfy] SFold 1o
%% 18 AMgEle Zlo] o] EaE]l A o 4 ik

SNR(dB) )
SNN ‘”“4 /‘P ﬂJr AtE), FUske] 913y B
921 8 TTFS olZ8) M4 A SNN mele] A3 3 3

ey & Agenks T8 SAs e
Fig. 8. Classification accuracy of SNN model with TTFS U:] SNR,] H,j§]—0ﬂ u:]»— B2 Astel= 73] 73} 84
encoding. A #olgl 4= gjrl 2ES Eif eldl 4= g)o]
7) Aelrk skl Sk SRle] sopolame o TolE S1EEE S AleD 23 A, A 7
Ze)E 2 9t} sA|uF Fo }4_ Q@Yo A=s dlo]Ej Al 25 6dB o|Atellx] 80% oAkl HH A3t
o] ZZ 7ro] A= ArjAel =72 ~ufolze] |l =5 Hglen 12dB o)delA= 100% A7 &
7 QlFYsl] ujiel] o]=e} AF Alole] A 2 a2 v} kx5 TTES QFulS E3) Al
Q) oflU#] 2k Zo|7} = Abeks| Tl sjEle] ~s) =5 ZHE A Al 7H] dlelEAl 2 0~12dB
olzER QdzuEr) o] i, o]_ﬁ‘: o1zt ol A] ol Fokg qlzmdel] vlsh w2 i ASteE 2o
= TTES 9lZxld)] v]a] =& €] A% T 18dBollA= Fols lFr]e} nlsgt 7 A




wE/9EY 293 g e 7L o] 4

48+ Spiking Neural Network®] RF A% &2 ¥ 257 AT &4

UrEMM el AEE
‘/}E}Lﬁﬂ FEolA UrEMt
17 el = TTFS 1793}
H| )& o] 2~2.58 0] 77k oFe] ~de]aE o] 8-
3 1 AEE Jeplr] ool TTFS ¢lzdxc}
dlolele] =4 glo] ™ AlSE o] ARAE] el 5
otk T el=y] vlAlel k= Al BF AlE A A4}
o]z MY Jipe] Aol E 4o e glrh

F 44 B 5 gl5o] Folds 9lmye g o
E TTFS <lZd i} vf W o] 23lo]aE A
slo] dloleE QlFHsh ole Folg dFHo]
TTFS 1ZHHT} ¥ £& Aes 7 =+ JI=E &
Frh A QlFY A elA o B2 i Adlo]

5 HAAZITRE A o] B ouRE =Y A
oA o]gghrh=s A& ou|gh|l® o] Fold qlm
t‘°1 TTFS QlZH R} A5 o FA7 17k o
B oUAE AnghE vehdith wetA 7 1Zd

A1 A 23]o] Ag Z=A L u] A2 A8 A

>
>
)
1o
wl
2
e
Wi
2
rulm

Iy

O

o r

O = =
7ﬂ°l %X]UJ 18dB o]Aol|A] AlsE B
TTFS QlFHE AM83M= o] v Z&Aolgln
& olek & 59 62 18dBellA] SFolE <l
TTFS <1z A% &7 A3t Y 23]

o
A

4
iﬁ
K

I

3 59} 6004 2 4= 9)50] 18dBelA A5 5
Sk 749 pold lmdst TTFS odﬁ%‘ = AR
= = yolt} sx|wt
AFHE 53 el Y iﬂr 1z8] 7 Fo}
% Qlz- W} TTFS glzdo] o) 3.5u] A& =&

i 4. % SNRoJ| tjgt Al B Agda] olzd] uhio
o sl Ao Fig

Table 4 Number of Spikes according to encoding
schemes in all SNR ranges.

g
m‘i

Poisson TTFS
Sine + Square 1107 432
Square + Sawtooth 1003 551
Sawtooth + Sine 915 450

F 5. SNRe] 18dB2l 7] Als i Adelx dz=
A4 e SNN wde] S5 a

Table 5. Accuracy of SNN model according to encoding
schemes when SNR is 18dB.

Poisson TTFS
Sine + Square 99.22% 99.45%
Square + Sawtooth 100% 99.99%
Sawtooth + Sine 99.38% 97.37%

E 6. SNRe] 18dB3l 7399 Als ¥5 Agex <lzd
WA @2 Qe 2sjel el Hak

Table 6. Average spike numbers of SNN model
according to encoding schemes when SNR is 18dB.

Poisson TTFS

Sine + Square 932 268

Square + Sawtooth 896 573

Sawtooth + Sine 718 348
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