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Chen Xianmin

Abstract Aiming at the problem of high oversampling requirements when applying deep learning methods to
demodulate of digital modulation signals, this paper designs a multi-scale one-dimensional convolutional neural network
digital demodulator with low oversampling. It could demodulate the four digital modulation signals of BPSK, 4-QAM,
8-QAM, and 16-QAM under the same oversampling conditions as the traditional demodulator, and could ensure the same
error performance of the traditional demodulation method. Simulation results show that under Gaussian and Rayleigh

fading channels, the provided digital modulation signal demodulator can not only ensure the performance of demodulation

error codes, but also reduce the requirement of sampling multiple, and also reduce the complexity of neural network

structure.
Keywords Low sampling multiple Demodulation Multi-sacle 1D-CNN BPSK and M-QAM

Wik —2R R T A T L M4 (Artificial Neural Net-
0 3 I %_ work , ANN ) | HIf 2 it 22 Y] 4% ( Probabilistic Neural Net-

work ,PNN) (3% JZ2 %~ Jr ik o Fe T N LM R4, Li

gl {5 ARG, FEOHLAE XS Z2 R BT IR il 5
PEATARIRIIN , i85 ZE TS BUAN [a] ) A e e, o 75 52
[Zaguibi SN i i RS R e )i
— B BERY R R TT 52, B X AN [R] A o 7 5, 3o 2ok B 4
ANTF A28 S8, AT LS BRAE — A Al IR AR T %) 2 Fh
A (5 5 AT A

BT WL~ D AR TSR RS 200

SV T FSK 5 5 i 98 4% ; Ahmed 257 Sz 3L T 4
16QAM {5 SHfR . L T LR B2 44, Amini 20
BT — R EME L 0 T 25 SR es . TR
J22 ST I M 2 R A T o , S A5 D WA EE , TR
(515 B AT 5 T FCUE B , SivRE ) b B4R 25 T3
5 RGBT IRBE T, BE B JRULA 15 B 6 A LU
B2 B 2 T R, X5 2 R Fe ik Ak

Wk H B 2021 - 01 - 11, [E % A ARRAIEGIH (61761014) o BRE &, A1, ORI LA T, il i . #F AR 4K, I



114 AR 5 R A

AR, R R RE I A TAR . ) — KRR TIRE
) Uy ke TSRS N R — R B M 45
( Deep Belief Network , DBN) fi# i #% , 223 T BPSK {55
TERIIR R 22 42 15 18 A o A 2 P& {5 18 T 9% M. Lin
SELOLPRIN T — PR 45 U 22 4% ( DCNN) fif 3 2%,
SCPR T %) BASK \BPSK Fil PFSK = Fp — #Eh4{5 5 14 %
o U G 2 P 2 SRR S R RE R 3R
P22 28 XTI 7 e 9 R ASE RE ), 4t T — b OB TR
4 (SigNet) fi 8 2%, 5B T BPSK | BFSK [ 16QAM {5 5
TE s i A R S 75 (538 P AR, REBE SRR T
—Fh K JE4R E 1& b 3 58 ( Adaptive Boosting, AdaBoost )
fif I , BN SE PR RO & HE ) BPSK il M-QAM {5
ST FEAL RAE A B30 2 10,20 40,80 B
AT S5, R 0% i 58 P B B o R A A5 0 1 T
W T o BETIREE S ) O L e 2 M 28 i i 5 12
IR L R MEREAT B T AR A TT , BB i i
e R S DO N E R EREA O} 818 S & SR 4]
ZAke

AT R B 27 S TR S0 el o ik 3 v Al T
V2 TAE AHRAAAE LN F AR — 220 T A SR
PGS AR FORRE AT EIL TR E LA
TERAE, RS M S T AL B BE 4 T BURRY
oK IR TR ) MR S5 M 52 A%, T S8 K UL G it
1, 0 2% B SHGHEA TR

BEXS BRI, A SCHE H— i od AT SR A 4L
FIHIME 52 RE— 4GP 2 M8 i ds . %%
JEERRE 1Q PHEAE & FRIK PR I — 2 7 17 51, ) —
AL TR 22 P 48 X8 1 1 e 1) 1) ARG T RE ), 2 B s A 4
JP 3 v M P AR SLRRAE , RIS T S RAE A ER A 255K ]
st IO P 22 IR 8 B 2 R 2 45 4, A TR RS I 5 42
THRYRTHE T RGN T A0 28 46 10 50 3, G5 1 ) 45 42 B
WS RALE Y RE ) , i 28 30 1ok 4 37 102 2 1 2 3] 1 R ALE I
S X L ) R A 2 (], S BE T AE AR AL SR A S AT X
BPSK 1 M-QAM {55 (g .

1 MEMEFEFEE

T Ol 22 I 28 A DAY o 3 gk RIS v ) fe 8
A ¢ BN ZS BOE PN 7{5 fff ] ae BE p
TR AL Herp, BN GR 2 B0k BB AT X0 A [ 4 il
{5 i I 1) 2 00T 8 2 ) 3 5 AN ) A5 s 1 i
J8 o TESEI AR I, PO RS B e R AR Hh 94 5
SRR A A AR LR A 5 2SR S R A B R
FAG SRS, A SR A SRR X A S5 T
SEF g o 0 b BT IR AR T SRS B TAE— A

2024 4
BT Xt Z Rl (5521 T
WHHR - .
R LN A R
gbit | sk
i |
I A 4 |
EWES ! I {5 BRI
NE
OLmaEz [T
iR RS

LT i o0 45 figp VRl A A

2 ERTRIRETHANSRE—

HES T EZ N 45

AR SR — A A5 B 28 I 45 T 2 I 90 3 A
(I S) A5 2 Inception'” ZH4 i $5 UHFHE 3 58 1) fE
T T 3 TR SR AR Y 2 RUEE— 4B R 22 )
2. PIZEANIE 2 B, B PR A AR - 5 — R 50 B
BRI N BRI A
CNN(2.(1.1)) \

/

Input

A 4
(8%1) CNN(2.(1.3) I—DI Concatenate l—)l Pooling
i A

Ll enniz.1.5)) oy vy /

ri \

] Demodulated] 1}
Dense(40 Dense(N 3 |
cuise (40) eN) Output /

‘-\‘l ! /}.’
SEEBEMT LR

F2 ZRE—4E5FHME W%

AR SCI 2% B AJZ R 1Q PR BRI S5 5 19 J5L 4 4K
.8 x I (RFH— MR , A5 K
FE 4 A SRAE BRI AT R B e R 3 0 XS 5% )5
AR GRZ . FFBETZE 452 M
WAk 24, FFIE—4EG 2R d (8] 3 s, i =
RN B RS 19— 446 UM 28 I 48 - 16 DF 2 i
o B Z B —GEFZ, 00k 2 M RA
1 x1.1x3.1 x5 BERZ S AFITER, TR
ST IBHFRAE . SRS RSB U H
(20 T LR R R Ay sz B AR BBUCRE kg 3= 9 R AE Bk
55, PR B B9 TR R R E M RERE G o

JR—4EG R 4 T Inception 2244 1) BUAH, i
B T — 3 R e R M i R R . > i
JRAS 1) Inception ZEA4{ R T 7E 2k ot 25 o 2 v ffi .
A S A B Ry —HE B ¥ 7 91, 4 Inception B4
1) e BN 2 48 R 55 2 ARV FC ) — 5 R 4%
B x1 3 %3 F15 x5 MRS SO 1 x1.1 x3




%58

R, F ARE R F AR T8 5 RE— A7 2 M %A & 115

L x5 UE B A AT PHROT BT & T IHFIBRMAL)Z o
Bk 2%

K3 Jf—4eE R
A UM 28 [ 45 B FH— SRR o 2 R
Wio TERIRTIEAR AR R E 5 3 BRI VTR
IR R
b =Y () + 6] (1)

S 22 AR (12 KOS5 W8 T i th
AEBH ! 2 bR A s Y S

Vi NFRRAE WS s ki RORER [ -1 205 i g0
55 LR j A ZTC BB b R 2 I bR
7E 3 U KA

PRI — 4G R 2 m A =L . b2 4E
N RAER AR T T4 B[R], AT DLPR IR S AN
AP, AT G SR R X o e SR A 2, TE R
{i FH ARt AL (average-pooling ) /1 it Ak T 3o ¥ {H
Ak AT AR A

y} = average-pooling (&' ™" s\ S e ) (2)

ey YR LA @ AR OB ; average-
pooling (+) 2y SRAF RRE, X b — 2 75— Yo HEl P i
(VI 55 soute HUACEI RS 55 0 RN AL P

S BT B T I A FRUZ T 40 2 B 0 R A B S
R REREMEZ . 2ERENERRE RN
O3 A AL 2 7R WS B X R I REA 25 (8] A 42 )2 50
—JERYT RO 50,58 R SEUE X No N B
O3 VA A5 5 1 A [ AEORE L AR . X R R AR S
4QAM If, N Sy 45 A5 5 8QAM i, Ny 8 HjIR
JHI one-hot 4ifity" """, 75 BLARAIE S 5 — )2 A5 SUBOR 4%
KRR OREF— 2, 7 KA LS Adma 1E AL
2, IR EON B AR AT 45 (] Softmax /E K3
Jedn  TEMER ) TR R T ORI ELAE 7 2R 45 2R

3 MESHRESHT

3.1 BEfEE TSN

B4 BPSK 4QAM . 8QAM  16QAM [ Fif i1 fi {5 =
T3 R 5 T T AR R AT R R A A (R
E,/No } -6 dB ~10 dB, &K 00 1 dB, 7E54~ E,/N,

TREHL A 1 x 10° AFFS, AR Bk b OB 3617 4
RIS RAL . BRI 7 30A 17 X 10° x4 =68 Mbits
Wt o A FE WYL A AL R SR N s 0 RS
(AWGN) , IR A5 h . Bi NI
PRI o — 2 T USRSk, 73— T
B4 BoR T 2 RE—406 BUR R -5 SRR L0 Y
AN TR il 55 e S0 A MR P (0 T A A LR A P R

IOUS ! ¥

o p
b

paralle 1D-CNN demodulation of BPSK
104 | [#==paralle 1D-CNN demodulation of 4QAM
= = = -paralle ID-CNN demodulation of 8QAM
s paralle 1D-CNN demodulation of 16QAM

©  correlation demodulation of BPSK and 4QAM
O correlation demodulation of 8QAM
A correlation demodulation of 16QAM

6 -4 -2 0 2 4 6 8 10
Ey/Ny/dB

P4 a7 el 45 L 0T R S T A LR A T

RSG5 R R, 4 1) 22 RUBE — 4465 TR 248 )
2R frp R e 0T DO R 15 1) A DR R A R A T e
FESZ ML R f B AN R ) 7 58 BT B r iz A
BT
3.2 WmFIREGEETHRALERSN

BEXF BPSK (4QAM 8QAM [ 16QAM U F i il {5 5
e 3 A P 5 T8 T i AT PERE 0 BT AE AR 1B LAY
W ORH 3 AR ZARIE IR A B A PR AR B, e K2
BARAS AT 100 Hz, TEHC RS 19 B s 2800 3AH
PTG T, e A Bt 09 A5 i 0 205 AWGN {5 18 41
o B 5 IR T 2 RE—AEAG R 28 I 2% i ol 2 5 B
PR P AR AN [ 8 1 155 70 B 1) 715 08T ik )
MRS PERE

0,302:!":---&._,; i

0.252
0.202 +

106

0.152

0.052 paralle 1D-CNN demodulation of BPSK
e paralle 1D-CNN d ion of 40AM
=== paralle ID-CNN demodulation of 8QAM
paralle 1D-CNN di ion of 16QAM ’
©  correlation demodulation of BPSK and 4QAM
O correlation demodulation of 8QAM |
A ion demodulation of 16QAM

-6 -4 -2 0 2 4 6 8 10
Ey/Ny/dB

KIS PR 5 S 5 A v (R I A RAS P e




116 HEIE R L A

2024 4

IRKAE R, BT 32 1) 22 RO — 4546 K R 45
VRS T AR ZE I IE T, 5K BE 16 1T G 1 R
AREHE, T PR i A0S AN ] P £ TE AR B LA i 132
(a3
3.3 #HELEMESHIN

TEIX—TR 0, S BRSO g IR BE A 20
SR L6QAM A Pl 55, 75 e i (1 e A v A
S, ALV RIAEE T HA IR H 5 5

ASCAR % Inception 45, fff FHAN [R] 46 BV R T 1Y
— AR TR 2 K PR DO 2 6 AR AE 1 228 S5 B
22 W 28 2R S v T 2L SR ) A AR R G = S IR
Jo SV AN [ 4 R £ ) 245 ) 245 5 4 o fife ) P RE 1)
SO, 8] 5 8 B AR RO O 2, IRFF e R R SO
AR AEA R I 28 S5 A A B S BB B AT 525
Y M AR SRS R RN 1 s o SCER i R
P 6 R, 2 M 0 A AU 28 19 205 5 A 1) R IS R A
R0 O 2 T Y B2 AR 1 DR AR I B
A FFIBRESH I Pl 2 M 5 BT B A PR RE, Bl 5T
W2 R SR BE 22 W B T, i 21 = J2= iR A 1 RE
etk

F1 ERMENEZNEZLEHRERZSHIRE

R Gt 5 W28 254 LA YNIN
| 5 1x1
2 HEK 1x1,1x3
3 Baaifg Ix1,1x3
4 Baaitg 1x1,1x3,1x5
5 5 Ix1,1x3,1x5,1x7

& A4 2 0 2 4 6 8 10
Ey/Ny/dB

P 6 AN [ ) 2 5 ) — 2 R 222 ) 246 A 8] i 10 DR A 1

TEATRPR 2 2% v, A B RCRE (19 3 in R $2 3O
Z WA RFAE , (E 258 1 Al 4 e R 208 97 /9
SRR TR SIS o D M i e B8 o) A A 1 e
(SN , [ 5 2 ROBE — 4 B 265 £ i i H A 19 2%

45K 10 2 ~ 30 Z AR R B R, 75 S B PR A
[l A AF B AT B I ZR A, 7 s T &M
BB N 20 RURE — HE A APV 28 IO 4% it R 45 gk DRI P E 1Y

A
100
L
101}
+#
[
102+ —&— 2filters
==~ Sfilters
= 10filters
20filters
—+— 30filters
10 ¢ !
6 4 2 0 2 4 6 8 10
L:I:"rNufI dB

FT7 B o 22 RS — 2 R 2 ) 2%
itk R e e 1 R ) R )

LI AERRN], BEE G FUZ LR AN, A A T
PERECRFFTEAI RS 51 K, X EWRE 2 R — 445
T 228 ) 45 e ] 0 245 AN s 2R 2 DB B e A SR UL %
FRORAAE , 76 I 25 ) 3 7 1 A 7 200 5 2 1 2 ik 47
kL
3.4 AEMEM KRR 2SRRI EREXT L 4T

RSO 10 20 RUBE — YA BRI 22 I 238 A ] 45 5
CA SCHRL6 ] FISCHR L7 ] ol 25 0 245 i 8] 25 £ 47 52
ZRPEFNTRAS R ANERE LB (17 BR ] BPSK 3 il 15 5,
TE v 508 A UM 22 R 2% 1 2 0 i PR PE RE EA T
TXFE T

K2 ZHREMENZEXESIRBEREILE

1tl-sacle

XX 2% fEL ) mu i

B st 1D-CNN DCNN SigNet

EZitiGn 2 505 107 026 | 2058 845

i RAEAGEL 4 20 100
AREME | E,/Ny=0 | 0.07880 | 0.07920 | 0.078 60
1
ifttf E,/Ny =5 | 0.00620 | 0.00640 | 0.006 10
P LES
/dB | E,/N,=8 | 0.00082 | 0.00083 | 0.000 81

M3 2 AR, AR SCT7 3649 53 1 2 Fh i 22 I 245 figk 4]
TRAEATA 5 e LL PR 5 B /N, b R0 A R —
B ERCEERE b, BRI T R4 ) S AR i T
X SR AR BRI T — R BRI 45 4 B
R, T A R M 2 S RO R I, (75 2 508
AT TS 5 LR ST 7 2210 08 0 e 0 4 i
JEAT R /DT 73 b R 2 A 2% fif L A 5 55 AR SC



%5 H

8 % RE — Lt B AnAP 22 W 45 890 355 117

fEr 48 Inception ZH i T 22 RUBE 45 BRI 22 I 45 S5 A 75
TR AR ZER T AT T8 T R 25 1 5E L,
YD 5o P28 O 2 TR P R

4 & iF

ARSCAEAR I RAE T X Z2 R BRI 155 12— i
PR N AR EA T IS . AR SCRI 1 2 RUEE M 28 2514
HE TR —ZE 4 B2 AR U 4R I P 7 47 H A i B A A6
FAAE , i 42 R AL BRGR UH R AYRRAE , B3t 1 ad I
TR MEECT 875 5 i IR &, I B E 1 g 14 25
BPSK 4QAM 8QAM . 16QAM DU Fh v i il {5 5 1E =i
WrinFm A (58 N AR RS TERE . BT E AR
JEE 2 2D f VR T7 %, AR SO AR BRAE AR BE R IN  FR A
TSI IREE DD T M RO 25K . b AR
SCT5 R P A R RS AR e A AR ], LS 1 g
HARMARIBUCEAE R S, BA — & 5P ]
e

2 % X W

[ 1] LiM, Zhong H, Li M. Neural network demodulator for fre-
quency shift keying[ C]//International Conference on Com-
puter Science and Software Engineering,2008.

[ 2 ] Amini M,Balarastaghi E. Universal neural network demodu-
lator for software defined radio[ J]. International Journal of
Machine Learning and Computing,2011,1(3) ;305 -310.

[ 3] Ahmed N, Aziz M. Neural network demodulator for quadra-
ture amplitude modulation[ J]. International Journal of Ad-
vanced studies in Computers, Science and Engineering,
2016,5:10 - 14.

[ 4] Meng F,Wu L. Demodulator based on deep belief networks
in communication system [ C]//International Conference on
Communication, Control, Computing and Electronics Engi-
neering (ICCCCEE). IEEE,2017.

[ 5] Fang L., Wu L. Deep learning detection method for signal
demodulation in short range multipath channel[ C ]//Interna-
tional Conference on Communication, Control, Computing
and Electronics Engineering (ICCCCEE) ,IEEE, 2017.

[ 6] Lin X, Liu R, Hu W,et al. A deep convolutional network
demodulator for mixed signals with different modulation types
[ C]//2017 TEEE 15th International Conference on Depend-
able, Autonomic and Secure Computing ( DASC). IEEE,
2017.

[ 7] WuT. CNN and RNN-based deep learning methods for digit-
al signal demodulation[ C]//Proceedings of the 2019 Inter-

national Conference on Image, Video and Signal Processing

(IVSP). IEEE, 2019.

[ 8 ] Wang H. Deep learning for signal demodulation in physical
layer wireless communications: Prototype platform, open
dataset, and analytics[ J]. IEEE Access,2019, 7:30792 -
30801.

[ 9] Szegedy C. Going deeper with convolutions[ C]//2015 IEEE
Conference on Computer Vision and Pattern RecogniTion
(CVPR) ,IEEE,2015.

[10] BRI - Fok. Python JREE=£J[ M. K581 JLaT: A
BB HL H i, 2018.

(L#E 9IS TIT)

(3] wapkds , VO ARAR , 5K SR ML Bl 4= 4 O B SOV A D) 28 496 e A
PRBUBEFELT ] PRI WFSE ,2017(2) 163 - 73.

[ 4 ] Palshikar G K, Apte M. Collusion set detection using graph
clustering[ J]. Data Mining Knowledge Discovery,2008,16:
135 - 164.

(5] Wk BT IR0 22 B VRl AL 2 R e i et 5 52 3
[D]. bt JEatlR 2%, 2019.

[ 6] fufsid. 2T PR Neodj (96 FH R BURTVE R G 3
THSSEBD . UM HT VL Tlk R 2 ,2020.

(71 I, 8, AT, 45 xRl sg 2 Sl 3R 2l 1 1] 3% o) 2 4
REALIRVE T [ ]. TR 2 2 41, 2020, 38 (5) - 713 -
723.

[ 8 ] Liang C, LiuZ Q, Liu B, et al. Uncovering insurance fraud
conspiracy with network learning[ EB]. arXiv;2002. 12789,
2020.

[ 9] X, 2547, BoR , 2. ARREIEMEEOR SR LT ). 3L
W55 &% ,2016,53(3) :582 - 600.

[10] Knyazev B, Lin X, Amer M R, et al. Image classification
with hierarchical multigraph networks [ EB]. arXiv: 1907.
09000,2019.

[11] Kipf T N, Welling M. Semi-supervised classification with
graph convolutional networks[ C]//International Conference
on Learning Representations,2017 ;2197 —2208.

[12] Li G H, Muller M, Thabet A, et al. DeepGCNs; Can GCNs
go as deep as CNNs? [ C]//IEEE International Conference
on Computer Vision,2019:9267 -9276.

[13] Yang Y, Xu Y H, Wang C P, et al. Understanding default
behavior in online lending [ C ]//28th ACM International
Conference on Information and Knowledge Management,
2019.2043 -2052.

[14] JLRoE v, fL A4, 45, JE T AR R Y a5 B VR 5k
FAEAZ T LT ] TSN #t,2019,36 (11) - 182
-187.

(ST JAaE v, o R . A2 W 288 A 7E AT AR VE B A TR 2 v Y
BEFALT]. TLPYE 5 2E Be A4, 2014(3) 239 - 44.



	第5期最终定稿 113
	第5期最终定稿 114
	第5期最终定稿 115
	第5期最终定稿 116
	第5期最终定稿 117

