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Objective: Automatic modulation classification (AMC) is a key
technology in modern wireless communication and while facing many
challenges, it has attracted wide attention in various fields, especially
electronic warfare and military applications. The wireless propagation
environment is very complicated due to the existence of wide
obstacles and in practice, the channel has a multi-path fading behavior
that is not considered in most research.

Methodology: In this research, we use high-order statistics as features
for AMC in multi-path fading channels. To increase the classification
accuracy, the received samples are divided into smaller segments, and
statistics are calculated for each part. For classification, the support
vector machine (SVM) with Gaussian kernel is used, and the standard
deviation of the kernel is optimized using the particle swarm
optimization (PSO) algorithm to maximize the classification
accuracy.

Findings: To evaluate the proposed method, eight commonly used
digital modulation types were used. The results show that the
number of received samples and also the number of segments affect
the correct identification accuracy. Also, optimizing the standard
deviation of the kernel improves the accuracy of correct signal
identification.

Originality: The obtained results show that the proposed method

can be used as an effective algorithm to detect the modulation type
of digital signals in electronic warfare scenarios and other
commercial applications.
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I, Signal identification

2. Physical layer

3, Fifth-generation (5G)

. Radio access technology (RAT)

5. Radio frequency identification (RFID)
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2, Automatic modulation classification (AMC)
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4, Internet-of-things (10T)

3. Software-defined radio (SDR)
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!. Beyond 5G (B5G)

2, Multiple-input multiple-output (MIMO)
3, Likelihood-based (LB)

4, Feature-based (FB)

5. Artificial neural network (ANN)



VFoF (0005190 6 ) lodis o 6590 oK (55U ole aoliliadgo Y.

aiags o] H9mee 00ls Cumle 0 ciws (pl sodS S (2 eee (Chenetal., 2019)
ezS atile (69)l5e Jols YW S o ,S5g, a5 Jl> o ols ek el
S5 4 5l omar GoaSd cwiiws ] ol 5 gandib g lasbin] s da S5
aS Cewl lsed sloools dcgammo D9 g pilivs 095 digi ay a5 Wiyl 1) LSjgel al> e
(51 98Ul 3,50 laos 51l 5 s o ool ln el 18 5 o el lics sl

b las L_ggl.l)’)‘

G 93454y
Lol casS o 15 iy Jool ) wiilgs oo LB 3 cisiee AMC o SasSS <5555 las
352 g0 03 1S 5o Wiz 3 Aoy ils Cwl 3V g aiiis 00 108 Slwls Hlas 5l
ailgs oo g 2yl LS b a4 3L FB 5 i AMC oSS b ol Lol
9o (Huang et al., 2020) oS odg Somb oslop sleansa b gools sla J>ol
_C‘)?LI—MJ‘ Yw ..\...)4.9...]0 9 (;)"9 3J~5C‘).>r...m‘ )‘ ..\.u)L..C FB (_ngwj) L5:L..‘> ;)_‘>-
QO dgd oo Al AMC s S sl ailllas jsb @y st g Sy baisS
o olS 3 (Silen 5 S (55 i il o S g A5l o i e
WS oy AP ads pais ] LS SO B was gl el JLKew
Cowl 00l oolawl AMC (gly 5B 50 Jleix! J&& &b 51 (Lopatka et al., 2000)
6 bl g slabasd sla F59 Yaere ciiw sl bs, esle ol o (Yang etal., 1991)
s 3 Blhae mhaw g0 o 3l eolaill b 1) b JUKw wuly oo b S5g et al., 2012)
W5y )‘ ‘) »e u‘).)‘ "\'“"‘9"(5“ YL: :Lu).a L> (_gl.b‘;).:g ‘u—" > 05){5 RVSLY ;9....09.’
AMC T3 S0 Ll o solaw! OR9) (R ) oo).’;.,.«f )5.|o d e o)LaT
OS] Cawd sl g s S s o wlfaus sleais b el e SO lgie
aS Cowl oals 2,8 (Wei et al., 2000) cowl ouls oolazw! (6 18 puanas &,k 51 s

!, Additive white Gaussian noise (AWGN)



1] b9l 5o 9 ABdS il / oo otigiigxo o UL 30 (g Yo Sandini

053] 3 Cales 5 Spise 355 o il el i b ol sle s
ool gasnaale s o gl 4 gl lawgio b a4l prond olaicn ;s o
50 00wl AMC w50 ool e o oolazwl asbiw]
(Wongetal., wloas oolaiwl svdads jlaic 43 SVM g GacnS ac slaSi
50 YU mlaw elil 6,.50L glaco B L ("CNN) iglgils’ cwae asiis 2001)
sondal (Jl> ol L (lliadis et al., 2022) cosl oo ooliiwl gondil ly
SIS SIS L 1o S5 L L (T inled sl 055 Sy o b ne
ool 02b yie gabaiib oSl p e DLl 4 0,S0g, ol Wl Slasx
4 el 0ol (g3lwosly g (o) 2 AMC (sl jsSl 5o alie glodizr 5l (5 ks

sl Sy glrl slp slabiad 5B 5 W58 s« Sloj oj9> )3 (Jle plgre
zl,2ewl (Azzouz et al., 1995 & Popoola et al., 2011) wiloas colaiwl (glakax
Wlaxd )5 18 4z g5 5 )90 55 Sge g 498 Rl esliinl b Joos p (e (ST
AMC o 35 s e anadb g4 yaiz (Chenetal., 2021, Zhou et al., 2022)
TS L(SVMY) plaiay o p slacnile 5 (crae sbaaSicd axile cilons osliiu
bl SVM a5 el ol 5 slizel (Zhang et al., 2021, & Simic et al., 2021)
Sgaome adiges olass a5 Slej |, a8l dgun paend Sl Wilgi o yuiomen g 0)l0
sl 4 SVM (3] sla Jlo jo ol by (Cervantes et al., 2020) aas 43,] e
Lol 0ol Los AMC il sl oz
Iy celin JUSow g wiS oliS e, |y plo slrosls wilgi co diadign 605,5 SO
G50l mae sloaSos (XU etal, 2019) S aseie g3, &by o slp
il sl oy Jds 4 sdle 5,0k 3l 33se g9 Sy (DLNNY) Gos
LDLNN I a5 o,ls 042y alisee slaiw; (Murphy, 2022) aiis ols s,
(Alzubaidi et al., 2021 & Moon et ,ea gunaid alex 3l (wl ouls oolatwl

!, Convolutional neural network (CNN)
2. Support vector machine (SVM)

. Kernel

4, Deep learning neural network (DLNN)



VFoF (0005190 6 ) lodis o 6590 oK (55U ole aoliliadgo Yy

6oL sblye 1y Wgd oo oolaiwl bl )l slaginew ;o asis ol al., 2021)
4 LDLNN a5 e (5,5 sleosls lyls blijl slagiunen an 31 Jol .5l
(Peng o)l 0529 YU jles 00lo #5 b (o0l (bla )l sbeoliws 15 wsjls 5Ls L'
3 g wisS zlganl Jaias jeb 4y | b S5 oiles oo WDLNN (sg0 €t al. 2022)
polde job 4y DL a5 Luil 5l ipgus .aisS Gl ciws o S ool ;.5 0ds (5
Bt 555l s DAL | bt 53 3 ot el o dngs Jl> o
2 g L)) 6l i 5508 5 waz 53218 035> S i 4
el 00l

oaiSly Y5053 lo)liS5e, (Jloiml (e (255 AY oL ol ‘T)f}‘
ol (Alietal, 2017) wuls B,ee AMC ¢l Gaas rac saSs 5 s
Coje il GLES AMC IS 6l 1) Baos (65 0L Jaw 0uisS gl Juusls o g,
&S Wl oo Caws a pleal 5l IS JLss 4 00,950,5 slayysg 9 (doee oYLasl LCNN
! R Suge So il pegdle wedos bl b plnt GlaShy 4 2
axlg olaws Glen b ke MolS slaaSiiss 4y Cand (6 5iaS sl yial b oyl 4 ol
RadioML a4 Gg,s0 calirs yauw¥gdo £95 Y L ools degome SO .5l oy
59 olendly SYLas! 1 eolazwl b pls sk & CNN 5l oolainl b g olxy| 2018.01A
, (O’Shea et al., 2018) auxdl cows oYL (gandils o Sloe 4 (ResNet') asis
3 el S A D (gdm 90 slaosls plgie 4 |y (bl LS s sy
28,5 oolitwl AMC (gl sam 98 CNN &6 a0 o pilo lgreas |y o] g asd 5 L
(O’Shea et al., 2016)

!y ("RepCCNet) e sume g5kl LCNN 5 e doox 9,505, SO
(Tang ool ous slgaion g5l )0 polie 5 380 s AMC & Sl 4y oliws
dazxe (6 ke yial )b Gl SuSS 5 e sl yioleils 5l RepCCNet asi (et al. 2024

wuLo.’ ..x;SGA oolaw] Cow ‘_g:y?b ‘_gaLe) 039> Lgl.:b‘_;}g_j C‘)M‘ LS‘):’ Lg)L’;:}L.a

I, Residual network (ResNet)
2. Reparameterization causal convolutional network (RepCCNet)



Iy b9l 5o 9 ABdS il / oo otigiigxo o UL 30 (g Yo Sandini

P9 & yo loysd il JICPPT ol L ! S 5 (ygems¥ge sl LS 207 (6 198
Jleel sonlcawsas CPP s ile 4 (DCTY) aienS g bous caslol ;o .2014)
anaib (RFY) Bolay o> woles j0 5 035 glyseul | (Shg oy b ogd oo
o515 S, 5 (o ganls OFDM? (gl i 612,58 (sapaiabs (s, S inds oo
9 OFTY) aiS 98 hos oS5 b (Sl (ajlop by, o (b b YL
uam 8o 09.04‘50 (e} FLY w‘o..\.w OLQ‘...»....» (ﬂSLC) GL:.‘>09.>- W}l}:ls

(Yangetal., 2024) 525 s |y g5 a0 JUKw b locans 1o eV gie

0 Ol ) Djge & okigdsze JUI jeh> 50 5 prw g baexe 5o (80,0 JUSw
(Yinetal., 2023) 54

y(t) = exp(j2nf.t)exp(2nfot)exp(jp)x ()R (L) + w(t) M
gl JIRee aniis (BL 0 5 (ol slo JuSw ;S5ls w5 4 y(8) 9 x(8) &5
g 5,8 | (Jols 58 sl AWGN S5 w(t) ¢ oo ools ol @ L
& gk opl H0 o 2 JUB iloas eole Glas @ g fy fe bcws i a5l |

t Wl e () JUIS a5 ey ol s eciuns] (6 pacadize oigibgmme JUIS g0
(Yinetal., 2023) 54 ools yioles pj &0

!, Composite modulation

2. Cyclic-paw-print (CPP)

3. Discrete cosine transform (DCT)
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8, Discrete Fourier transform (DFT)

?, Self-linear convolution (SLC)
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Step 1. Initialization
For each particlei =1, ..., N,

!, Soft margin

2, All-together

3. One-against-one

4, Particle swarm optimization (PSO)



VFoF (0005190 6 ) lodis o 6590 oK (55U ole aoliliadgo \Y#

(a) Initialize the particle’s position with a uniform distribution as
P;(0)~(LB,UB), where LB and UB represent the lower and upper
bounds of search space

(b) Initialize pbest to its initial position: gbest = P;(0)

(c) Initialize gbest to the minimal value of the swarm: gbest(0) =
argmin f[P,(0)]

(d) Initialize velocity: V;~U(—|UB — LB|,|UB — LB|)

Step 2. Repeat until a termination criterion is met
For each particle i = 1, e Np, do
(a) Pick random numbers: r;,1,~U(0, 1)
(b) Update particle’s velocity as V;(t + 1) = wV;(t) +
¢,y (pbest(i, t) — P;(t)) + c,ry(gbest(i, t) — P;(t))
(c) Update particle’s position as P;(t + 1) = P;(t) + V;(t + 1)
(d) If fIP(D)] < flpbest(i,t)], do
(i)  Update the best-known position of particle i: pbest(i,t) =
Pi(t)
(i) If f[P;(t)] < flgbest(t)], update the swarm’s best-known
position: gbest(t) = P;(t).
(e) ¢« (t+1);

Step 3. Output gbest(t) that holds the best-found solution.
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