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Modulation signal recognition based on evolutionary long short-term
memory neural network under impulse noise

GAO Hongyuan', WANG Shihao', CHENG Jianhua’, GUO Ruichen', ZHANG Zhiwei'

(1. College of Information and Communication Engineering, Harbin Engineering University, Harbin 150001, China; 2. College of In-
telligent Systems Science and Engineering, Harbin Engineering University, Harbin 150001, China)

Abstract: In order to solve the problems of weak resistance against impulsve noise and difficulty in determining hyper-
parameters of the modulation signal recognition method with long short-term memory (LSTM) neural network under
impulse noise, this paper presents a modulation recognition method based on evolutionary LSTM neural network. The
convolution neural network (CNN) denoising model based on short-time Fourier transform is used to denoise the data
set. Then, combined with the quantum computation mechanism and sailfish optimizer (SFO), the quantum sailfish al-
gorithm (QSFA) is designed to evolve LSTM neural network to obtain the optimal hyper-parameters. An evolutionary
LSTM neural network is used as a classifier for automatic modulating signal recognition. Simulation results show that
the recognition accuracy is greatly improved by using the designed CNN denoising and evolutionary LSTM neural net-
work model. Moreover, the evolutionary LSTM neural network model based on quantum sailfish algorithm reduces the
probability that traditional LSTM neural network is easy to fall into local minimum or over fitting. When the mixed sig-
nal-to-noise ratio (MSNR) is 0 dB, the average recognition accuracy of the proposed method for 11 modulated signals is
more than 90%.

Keywords: modulating signal recognition; impulsive noise; convolution neural network (CNN); quantum sailfish optim-
ization algorithm (QSFA); long short-term memory (LSTM) neural network; stable distribution; hyper parameters; short

time Fourier transform
Y5 B #3: 2022-05-06. i 4% i AR B #A: 2023-03-22. . et o X .
EETA: [F5 [ AR 4 0 H (62073093); B T4 (144 P AR TR B AR S £ SIS [R] P9 DUR AT i

M era0a0ron s SOBTLA IRy 0050 o ol 3 LS 0 5 5

BE1EE . =t C. E-mail: gaohongyuan@hrbeu,edu.cn. ﬂ“i” . Jﬂﬁ 1%] ﬂi:'J )L/El ?JU IEIL: 'fﬁ‘ 7 E% LI& %H ﬁzl;; 1%] Z I‘ETJ E/‘J %%E

© (HRERSAR) SR MU 4



https://doi.org/10.11992/tis.202205002
mailto:gaohongyuan@hrbeu,edu.cn

54

b IT, A5 el MR TR TR A RN ST 2 e 2 I 4 Y 9 45 SR ) <677+

AU RSN A SR, e T WA
JE 53 AT A A A BRI A S iR R LA
FIME G T E B, WEHER SR 5
4958 25 T O AR 5, TN T Y b & gt
PURR I 15 18 R 355 3l B e B AL A5 5 I i 5 =X,
EFE W 5 230 A U I ) 7 SOk MK R IR 1)
5.

TEAG G R I TR 7 s b B R R B2
I FH T RS AUL3E A7 i R MR X 7E R 2 I
TOEA A . H R R T MRS A N T e GE 5
RGN 3l T E AR B —A A FRAGEEY, R R i
KRG 5 32 BN AR F i T A bl s s,
It BAE A AL v ZE ] W - (T ¢ 152 4% 9 T i 7 36
FEE AR Ean, HFE DS MR 2%
LA 5% B ok BCRR A Al v W A A, AN T A 4R
W KT A RS BT 155 20 T e 407 e A
P, 6 28 T4 M 7S 5 A [l Rk, B A AR Y
i R AREVE A R 0 SR U ok iR, R BR Ay o g
P R Alpha B2 RE 4300 BEAT B8 1 g 57 1

A N TR BER R AR, Plds 2] M
TR BE 2 ) Bk AE A5 15 5 PR ) 4 sk rp % 107 FH
o R B Yz, R X S T Tk ) S MR Oy e B
M s U0 T A R BT — S A 3 v 0 e A B A
R 38 A5 AR - IR TR BT O i, R e R
FERAL IR AT 2 MOk, — RO R B IR By
AR SEHRAE, Camara 251 J30H7 T VR 145 519 23 8k
IBIE EA [ R DG bR EORIAE 20 FH OG5 R B8 7 i o 1
FRIREE T BRI, JF BT X AR AR AR BT
T b a5, O IR R RIR A
AWt T PERRE 22 o Dy —Fh O B X ik e
EE 1T 2 M AL B, Gao 256" 5@ 55 A Myri-
ad JE I A8 X G A ol MRS A S E AT R Dk Ab B,
] o M AR S B BB R IR SRR A B R
U T I 2k i 1 OO0 A0 580 e Ak 1 Je 1) 4%
#& (back propagation, BP) #1 25 W 45 43 FS B HY | % 7
PP AL Myriad U8 &5 55 20 S E 0T AR, JF
H 2T o BOFERERRE, A8

SR N TR 28 0 48 A7 AR B B 25 48 | DG B 2
B0 ME LR 2 0 I, R I A e G A e 25 TN 2% 1
YRR ST A A, — SRR D R IR A
R SE AR AL il 22 28 O T AT G 7 ik R R
$IRC S N+ o e = K1 W N ST = X G = R E
BT R RRSRA T T A e 2 I 4% T THI
WA AR L, 78 2013 4F, Zhang 251" 2 1 T 3%
T i R R A A i A Pl 2 o 4% ) 22 38
BERY ) [R5 55 fi 25 I 4 A B AT B8 g ) R 5 AR

P, 2020 4, Deng U R I T B T 2L
T AR BEAS S A M S5 A S8, I8
INT N TR L5 F A S50 52, A 30 3
T TSR IER R, W R T PR K.

ASCTTERANT -

1) &f %t o B 75 PR B R 8 5 5 5 00 M
U, BT — A A I 2 TN 4 1) o)
T ¥ o 1% 1 0 T A B P 4 ) 4 R
25 I 4% T £ 55 VR A6 K R B 212 (long short-
term memory, LSTM) ff 25 [ £ 3R 75— Ff o e
RS 0 5 T 3 R ) R B ik

2) Xt ek M R R R IR A 5 RO Y 25 b
A, ARSI 5 S B W2 2 ) TR S A
o MR 7 {55 % s L e A8 8 s 001 3% 22 ] 1)
Wi e R, R L R B H

3) A TR AL ST LSTM i 25 W 28 A9 it N T 3%
PEOCHEE SRy In) 8L, it T T Rk R
LSTM #2545 L) 3R A5 Fe (I 10 2 5, B AR A% ¢
LSTM 1 28 W 25 25 5y Fa T s i Al /M B 3 40
FIMES, SRAFEAL TS I PERE . Prdd il iy & il
BRI A T Ak LSTM #2285 8R4 1 75 1Y
PERE AR RED™ R 0 HH 2] L Ath, T2 ] A28 AR 3 2 e
P R

1 =15 T E A Alpha 7€ 247
A

1.1 BEESEHEE

BT R T AR 5 5 R 8 o A F S o
TR 43 AR 5 S8, X L S HUR 4 R 5 5
A B [R5 B SR AR, 3 3 Bl AR 5 4 o el A
U 10 R BBE L RS RIAR S, SRR, DT 7 AR AN [
K A B AR A5, TR R 2R A A
W& #5585 (amplitude shift keying, ASK) ., 45 # £ %
(frequency shift keying, FSK) ., 1248 4% (phase shift
keying, PSK) Fl1E 22 #% i ¥4 #l (quadrature amp-
litude modulation, QAM) %,

BT IR B P i 45 5 2 S 0 Bor R B kAT
B v, SR 5 TR SIS 9155 P R R 4E
(1 28 B AT AL IR Y YR A TR AT 2 4
SR S G i P S G P g Y o S ER=s
i o A% G i BT R 1 T B ASK L FSK Al
PSK &5, s FH %) 2 Bl AR g i 2 . A ER VA 2
T80 S AR A LLE 15 R G HEAT A 2 R, P P 4R
PEREPR Ry 2P o B AN BT IR A 0 i R )
(amplitude modulation, AM), VW Hl{5 5 Al LIR /R K

S amn(?) = [1 +u(®)] cos(2m for) (1)



+ 678 » O R

S S 55 18 &

s u(e) AECTFAE S G B 2R R S ) ERAE
5 ok ERBE AR
12 Alpha FaE S fHiEE
SRR TR BT o A R R UL B MR RS A, HRAE
SR vk 8 B 22 B 3 AR K R PR
(1 O, 33 AR P 1 MR 5 e Bk ol o MR S R
Alpha FE s M BERUPEA T A, A3 B3 T s
R T A A5 5 A 38 R G0 A 3 o o MR 5 A 45
T, HppeE o Rk, HRARRIER .
Alpha F 58 434 JH LA F HAE el B0k & X

aT

exp {j,ut— v|e* [1 +jBsgn(r) tan( 5 )]} ,a#l
@) = )
exp {jw =" [1 +j/3sgn(t)n— logltl]}, a=1

K. 0<a <2 NEFEFEEL, &M Alpha £ 5E 7 #i
f i el P A 6, e S M R R R 3G R T JEE
ot /N R T, ol R 5 —1 <8 < LR
BH, R Alpha BE S0 fOGHFRERIE s ¥ > 0
JEZ 80, FR M Alpha B 5 43 i B 4900 ) 7S
BRI 5 ol 07 B B 50, M0 <a < 1By P i, 24
I <a <20l M,
TE s M 75 PR v R TR G 15 e LU R A
R B MR BT B, T LR
Msxe = 101g(02/7) 3)
Kol G5 I 2.

2 X -F STFT #y CNN & "¢ # Al

Bifi 5 TR B 2 21 O ¥ A RS R 4 4k ) 3
PR, AR R E TR B 22 > ik W H T
{5 T WS i 57, X SeWF 5 A A 5 8 s e L AR
{# (short-time Fourier transform, STFT) Wi {E £ ik il
GRS BRI T E 5 0 L s 5E M, I
18T R R, AT R T — R T
TR 2 2 1 ook g s 2 Mt v, I s R 28 )
26 2 2] TG T AT 5 1 Ja B e L A
T P B S 3 M ) H Y o

STFTIA Jy V- Fa B A2 15 5 02 — R 51 11
R s S rEn, 8ok 0 A B B U AE B,
P13 2523 By, — 2RI 3l A - ke S5 381 — 248 e 3 1
H, (55 STFTR IR A

STFT(w,7) = f;s(r)g (1—1)eds )

K s AT PRAE, ¢(0) R B PREL
FEom R 5 o TR AE S 5 e
MR Z 0, i AR R N
x()=s@®)+n(1) (5)
O STFT A — R & isp 33t 0 B 5 6, IRk

XHEWAR 5 AT I B ] LR
X(m,k) = S (m,k) + N(m, k) (6)

e XOm k) S (m, k) FIN (m, ko) 5357 D B W 7 15 G Y
WO BE S | T A5 5 A bl S 59 STFT
S 5 mAN k3 351 S B TR] TR AR WY 75

H 57 A B 28 ) 4% 52 LR O il {5 5 STET
% X(m, k)5 T 5 P 5 5 STFT 35S (m, k) B4 B
F, IR B MR F A e AT A SRR 2%
FURR AT 520 Sl 422 W 8 35 MR P 98 1 1555 A0 v 3 il
155 FO MR (LA, 190 2% B AR J2s 27 > WSS ol 44
2% K 1 5 MR P 1S S AR R LR , [l U1 X 4% el 99
00 228 Ay AR e/ M R A AL s =2 T ) 4
TiuR 2, IR 25 M7 0 2% ) 9 2% bR BORT AR R

=g 20 |5 om0 - F (X .k o

b=1 m=1 k=1

Aorp: BRI RN, MK 53 5 7R STFT i
[ T AR 00 G i i o0 D 10 4 Y ) (A
T TS 1) 5 MR A A5 5 RO RH 24 25 1 s A9 45
B SRR S

AR SR A e TR 2 R ) 2 R P 4 s ALY
W28 2540, ZHCBCE Q3R 1 s, S5 A R iE 1
o STET K55 e dhe o b At sek, fifi FH 14 7
PR BED 256 AR | &R N 75% Tl Ham-
ming B o AE F FFE X T AR B REA, W]
LRI 1) B B BE /Ny 1290 72 i 16 14
RIZA R G RN EE, 55 12 BRI RVINE 9%8,
A I8N ERE, F2~B3EMZRERE 4 KNG
3EMIA, BRRTEE I35 N 5.9 19, BRI
AN 64, & m — R B8 R S 2
129 H FAT 1 DB, 1R 25, & FRAUTE A
YL T5 1) AT, IF BLERSS 1 2SI )=, I
) 45 B2 1 5 B S R CE T 1, BRRUR JF 4
ittt 0 — k)2 F1 ReLU HOE s %02, i 5 i
—™ regression JZ#i i .

x1 EREERUMENZSHIZE
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Convl 18 9%x8 1x1 BN ReLU
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Convl14 30 5x1  1x1 BN ReLU
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Convl16 1 1291 1x1 — _
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Fig. 5 Convergence curve of different test function
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Table 3 Sensitivity analysis of QSFA parameters under
different conditions

- ZHUE T PR ER(E (D=20)

E & NsF  Griewank Levy Schwefel
1 4 0001 3 256x10"° 2.76x10"° 2.55x10 "
2 4 0001 6 801x10"7 1.39x10 " 2.55x10"
34 0002 3 1.97x10" 2.09x10"° 255x10"
4 4 0002 6 587<10" 130x10™ 2.55%107
5 4 0005 3 3.01x10" 443x10" 2.55x10"
6 4 0005 6 5.17x10" 1.87x10 " 2.55x10"
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10 8 0002 6 522x10"7 1.32x10 " 2.55x10 "
11 8 0005 3 236x10" 287x10 " 2.55x10"
12 8 0005 6 290x10" 6.53x10 " 2.55x10 "
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Fig. 10 Comparison curve of average recognition accur-
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