0 'H‘ :ﬁ‘ *fh ﬁ‘*‘ ‘% http: /www. jsjkx. com

COMPUTER SCIENCE DOI. 10. 11896/jsjkx. 181202361

E TR (E 15 S 5% Er) & R W 418 57 51

#® B & # ZEME NWR BER
WHAAASEAREGHASLR A 611756
(369434765@qq. com)

H E EAEARAXRIAZZFE LT ANSAXEERFOBEALT.ESORAMN AN TR MBNE, TRK-FSHE 20T
AN ERRANH T E SRR BREEARARAEREL, T, X PRET —HEESEBREE TSRO ERTZEN %L
(Convolutional Neural Network Based on Time-Frequency Characteristics, TFC-CNN) A%l %3 H %, Hh,. K E XK TRAH L
5L A5 5 ah i SR A A il i 42 AR e R e A R B R ST AR M e N s R B T — AP AR AR SR IR ) B3R L A S
BV EBRANERNL, B AR AT RE R L KORG24 09 A AR SR BURE A1, B B AR i R AR A0 RE AR R 4 B
A E R VAR R RS TR ;%5 &R % PR st )2 — 4 (Batch Normalization, BN) & , /& 3% An 42 ) £5
FAF BB LA H TS, FRERAN . TRLFELAX VNG LILELAFTERERY .RANAH R Z EmHE,
W T TR Sk e A

KR AR R R AR ZE WA 2 e T R

hEESES TP1S3

Convolutional Neural Networks Based on Time-Frequency Characteristics for Modulation
Classification

XU Mao, HOU Jin, WU Pei-jun, LIU Yu-ling and LV Zhi-liang
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Abstract In the situation of increasingly dense communication environment and endless modulation patterns of signals,the modu-
lation classification becomes more and more difficult. It is very important for the application of radio communication to seek a new
method of automatic modulation classification (AMC) with high accuracy and good timeliness. Based on this,a novel convolutio-
nal neural network based ontime-frequency characteristics (TFC-CNN) for AMC was proposed. Firstly,a large number of modu-
lation signals are collected,and the time-frequency features of the signals are converted into image features by short-time Fourier
transform, which are used as the input of the network. Secondly.a convolutional neural network with stronger feature extraction
ability and fewer parameters is designed,and the feature extraction ability of the network is enhanced by improving the connection
mode of different layers in the network. At the same time, the model parameters are reduced by reducing the scale of the convolu-
tion kernel and using the global average pooling,the timeliness of the model is improved. Finally,adding batch normalization layers
to network can increase the stability of the model and prevent overfitting. The experimentresults show that the proposed algo-
rithm is significantly lessin parameters and training time than the traditional methods,and has higher accuracy, which shows the
superiority of the proposed algorithm.

Keywords Modulation classification, Time frequency characteristics,Convolutional neural network, Short-time Fourier transform

i ALAS A 2] 1822 AR FURN Tl SGES 7Y BIF 5 B L RO 22 1Y

SR AL &% 2% 20 09 J7 1 ok SR A7 98 R . KO 4B 3 ik

B 3l U 3 43 Sk e T E AR SR BT AL AR 2 R (K-Nearest Neighbor, KNN)S | #2826 50 K 3 $5 i) 2 HL

SIWFD . Zha S8R —FloH 09l S 800K oR B HL A R A (Support Vector Machine, SVM) ) %5 5 A B A 4k 9 A1 A Sk
e 74 7 22 R4 A B9 PR 045 5 HEAT LB . Ozdemir S50 4R T 4B SRl A5 45 5 VA U0 A0 T 253

BT B R R R R IR A B R MR KT E ., B T4k, Bl A TS AL A T R RAE i R T A 4R R, A B

1 3l

il

PR H Y .2018-12-19  RME H I .2019-04-23 AL IMMATFHEAL AR (OSID) L35 £ 4 L J7 ZAE 3R IBURh e 05 B .

HGIUE WK CADRCG H 5 T 47 9290 % FF R (A1823) 5 BUHR T AL 5T H (2015-HMO01-00050-SF)

This work was supported by the Research on Modulation Recognition Technology based on Deep Learning, CAD& CG National key Laboratory of
Zhejiang University(A1823) and Automatic detection and identification of lane lines and signs of intelligent vehicles, Chengdu science and tech-
nology project( 2015-HMO01-00050-SF).

WAEMEE AV Ghou@ switu. edu. en)



176

Computer Science THEHMELZ  Vol. 47,No. 2,Feb. 2020

25 M4 (Convolutional Neural Network, CNN) 2 5 4% 3 Fil
ST BN R G, Ok B £ i CNN #2837 H] T 4
U AR S BEZE L SCRRT16-17 1R — 4k £y CNN B2
BHH RS TQ B H#E AT U 5 SCRR 18 I8 FHAR = 1y A2 1 [
PES CNN 28D 1 fiy AR 52 8L 1033 50 5 SCRRC19 1R — 4>
BAMAHBRZ M CNN K55 09 i 450 151 347 98 53R 50
FT OA MBS A SCHE SCHRC L9 10y S i b iff AT T itk 42 i T
—Fh CNN # # TFC-CNN ( Convolutional Neural Net-
work Based on Time-Frequency Characteristics), 1% fi & i
o A A TR Y DRI ok B2 i 45 R A R A 4 TR 7 5 16 m 2%
T2 BB AR vy A2 X AR L il A5 i o TR S ) 4015 RE T 5 et
B 22 YE H R AL AR AL AL 25, 38 MY 25, 7 4 v 8 ) R0 A
JE B IR B 40 08T R RN A I e D) R TR B ], SO 4 2R SR
B AR SO e A 0 22 A i k) Dy =X TR 8 B B A L [
Ry B AT 0 1 I 2k

2 TFC-CNN & X K iEZR

ACSCR 0 T B RO O L SRR DR B A 1 D XY
BARAR 5 > 2o el ] B 2 4 KA 5 1) I SRR A 2 £ Sy 1B
J1RHIE 5 SR J5 8 1 AR SCHR Y ) TFC-CNN 2R X 3x 26 18] |y 9 47
TR I G s fa i - 30 o A U 98] 2 A Y 5 SR A B e (LA R L A
7 52 B B AR A5 5 B iR . RECREMAER A 1 TR .

B2 H 77 A [=> ENERREEEZ SN N rrvs P
oo o g PR P 4 RRAE
fEEXE o~ P4 s 1 — = s

A P 4 VS

= miHs >

K1 REGEHIHE
Fig. 1
2.1 HIERE
7 EE R 0 v AR M TR0 R R AE S ST — A v A Y BN
PRAAT] b A SCE i E4438 {5 2 U5 3k 77 A A 5] 9 1 250
A 8] =0 I E 5 0 ESMD $2 UL R X 38 i 45 5
BEAT R RISR A . AR SO 5 {5 5 M UR It 924 150k Hz, [
FE HA Al 583 M, ] i HSR AR 2 320 K, RAR(E 5 B A T
96 T2 M TQ B K B 4096 A 4, A5 SCIT IR B 14 9 okl 7
X FE EAH AM, 2PSK, 4QAM, FM, 16PSK, 2FSK, 4FSK,
8FSK,2ASK K MSK %, 4043 i i il Z 506 I8 ) % B2 L I )
IR TG T DR A S T AR B BOR T2 L R
T ARSCEAEF G5 PINAT — 2+ 30, A SCGE i kR
PERFEFAT T 90GB 247 1Y 1Q K4 , LAfIL 5 1 CNN 458 A4 3k
AU R
2.2 HIEEESR
SCHERL16-17 ] 45 Rk FE 5 11 1Q B4l /F 9 CNN B AL i
A SR TE 5 0 44 L 1Q BOHE 3 e DA B R i A
SRHIAFAE . A T RETE AF ik CNN BB o 8 $2 BUS 5 1
TR RFAE A SCRe P 2 e (R B I AR ok X5 5 R AT R AR B 4
155 1Y B AT P AS AN R 0% 26 1L 1 1 5 1) o) SRR ALE TR 1 58 i 3
B AF T R AE
2.3 HIMHMAERMEL TFC-CNN K91 it
ARSCHR T — Bl B R BB R TFC-CNN, 3K i il 5 5

IR 2=

System block diagram

B s A5 ] AT IR, TFC-CNIN A5 B By ) 265 25 # G 1l 2 BT
ZAS AL R el ik — > 32X 3 1 4 B2 R — A i Kt Ak 2 Sk X
FEAE LR AT R AE £ S R SR L SR 5 i TFC 45 0 K B9
HE 7 b 1 5 4 47 AF , B S 38 ok 42 JR 349 4t Ak 3 - SoftMax
PRI Ay 2885 . A L STIER 19 R i CNIN, A SC#2 1Y
TFC-CNN A LR JL s etk

(DB /NGB . g T 32 5 570 X i A B30 1 Ry
HEFRBURE 1, A SCRH 3 X3 M1 X1 Y 48 B R AR B Semk
Lo il FHEY 9X 9 FI 7 X 7 By FRAZ . % JH B/ 18 34 B
AN AR % 418 vo A5 8 B IBORICHE R AT 1Y 18 0 s/ AR Y R AT
TUA » [F) B A8 G 005 T IR U8 25 7o 2 50, fofF A5 A5 AR 1 i 4 3 B T
P U GRa )3 J R AT,

(2) R —Fh 28 1 TFC HE 2 4544, 44 X 4% 1) )2 #5155
A0 Ay 2 AR AE B v 5 R ) 7 F B BB (5 A5 A T R 6 T Ui
Hb AU i A5 i A

(3) 1 F 2 Ry 349 48 Wt Ak )2 e AR R Sck C19 ] vp ir 1 A 1 &
N s R RO S QNI = 8 L RO §
8 I T R R Ko T 4 15 % A A

(DO CNN v iy 45 B2 i, 75 3 % 19 TFC-CNN
AE % T 4 b 2 M5 5 BOHE 1 RRAE 5 1 0 2% )2 Bk B2 v A5 A
of 455 A0 i A5 S ) bt S ) 004 BE T T 4R v A A ) 1L )
RO

(5) FEAS TR ep i FH 380 R AL Re LU, SR B AR 380k
gl (Momentum) 53 , B 5 5 R4 Hb ¥ 56 A AL 78 I 5 19 o 72
E RGNS 155 o I Il 2 B 1= R T = 7 S i = % L
SRR, B AR A

TFC# 3
Ci# o .
AlllE e
ol glllz] 2 [Z
z s = (IR NEA NG
L MeMEM @il s
a1 [F h__, > > e ;1
Sl iy e
HAEHE 7 =
(150150 BN-Relu-Conv BN-Relu-Conv  BN-Relu-Conv
Bl 2 TFC-CNN #5454 [
Fig. 2 Structure of TFC-CNN
2.3.1 W% & g5 My ey ikt

(D IR 2451

BB CNN 38 # g BUS 5847 A 208, (A2 H b3
I 2% 2 4045 5 T 3R 4% o Bk e LA R O A TR M L SCisk (22 e
P2 11 R 25 S5 A BT M A U T X — [, R 25 A A O K R
SURBIATESEMG AR T A R B2, sR2E4H1
mE 3 i,

&3 BRELH
Fig. 3 Residual block

e s ZAUS B E 2 RO F(OXO 8 F XD 73 fifk A A



TR T IEAR AR S IR I 0 A B 2 1 5% 3 1 U

177

R B E DO GX) ik BB D(X) 24 G
(XD X B FOXO AT L3 2o 6 45 B G ol 52 3, 3 it 75 458 A8 4
RFEMZES . ERER DS 2R RRN X, )2
B R R = (D FiR

X, =D(X,_)+X, €})
Horbv, pr filt A 04 48 25 R T 51N S B0 X A5 2 3T R A E R
B RE LT H R R R T M4 SR, Tk 2 A R il A I 4
FE SR TR A, R B e BLR k0] 5,

(2)TFC 251y

R T B e AR (YRR AE B IR Ty, AR SO T Sk (22 ] v
P 3% 22 S5 M L B8N T AR AL TR O TR A AR 22 T 3 4 L R A R O
AR 1) 7 A B EBCRE 77, R] A, o5 83 2 45 4 1) i 55 el i o 445 O o
WO T A S 5 2 A B 0 RR AR A5 SRR A T AT b A%
. BEHRZSH AN 4 BTR . [ 4 Ca) Y HE I T 40 AR
TE 4 PR B M IZ BB M AS 1X1,—1~3X3 K
AN TR AL I FLE T ReLU FE R 3005 BRI 5., X R 45 1
RS8R R 9X9 BB RS0 T 86% . LR 7X
T BB T 77% . R RS AT B 1<
PR U, R ASUTT LA 8 om0 286 (1 < £ 4 o 300 T LA 86 Jom I 4% 17 T
JEE 4 v A A 1 R SR IRRE T

P

v

() TFC &5 ¥y 7R & &

(b) & FHER

& 4 TFC BIH iy 451 7R 2K
Fig.4 Structure of TFC block

ARSI AL R 2 0 A SRR i AR R Y i A
P AR 1 —1 R BREEAG . #7H X, BREa 4
BB AT BRI AL M TFC-CNN &M h 55 1 2 A9 % H
K2 PR

X, =D(X, )+ X, (2)

WD 22 har DUA L M TR 25 A5, AR SO 4R

o - = =

(g)4FSK

(H2FSK

(h)8FSK

H Y TEFC S5k 091 5 3% 550 S %l a8 iy 7 UK
S RE 1% 11 155 AF P15 B 7E 9 45 v 14 4% 36 T 0 56 43, 1 T 42 =
R IR ) BRI R (7 55 280 S 4 A 48 BBCRE 7 4 3 i
1% 3 G ASE AR 7 I G o AR v R BB B 9 A DA R Ak n) L 1 £
AR TR Ty

2.3.2 HpEp—HE*

Wi 5 9 49 2 800 B8 o, A0 1) 5 e R AR L A 4 B G A A
RIS S M LG Il B, O o, AR SCAE R 46 R o T L e —
Ak )2 3k B 1k AR A 72 I 5 ik i B LA . BN Sk an =t (3)
KW PR

JA[(,?):I}‘*E[JC’“]

(3
y(k) :yk;\,(k) +‘8(k) (4)

KO, 2t FoRE AR £ % EL JRR R 4R
WM, Var [T RN GBI g2, RO HE—
SRS AR A H — R BE 0. F 2R 1 AT, M
THE G 20 (3) A I 2 J5 S5 0 R 2 12 B 1 R AT . IR ot 7 22
Zead BN AOEE b L B () o B T AT 22 3T
A by FR ARG 3K T A A8 o 38 b — J2 i o B 4K
P43 A . BN Gl 33 % B — )2 0 A AT I8 — 1k R AR IE 5 )2
B i A B B 43 A R AR Y AT 3R B IS 2R B Y

3 EWHERSHM

A SCAE T B9 A 2 Bk sk TR) SCik [23 18 vk — 2
A AL R AR Y Gy i 72 P BE A8 T PRt 2 ST WL B, AN SO S 6 v
B9 CNIN AR 4 27 o 3R T 3 98 35 0 7 5, 2 >0 300 1R (i
H 0,014 10 A F U I AR S IR B 1710, [ I, A B 5 i R
TFBCE S 0.0002, YA 1&] )7 #HE AL B E Ry 32,

3.1 HSERER

A SC T SR A 1 S 0 H A 4 10 Fh R Oy =, R] I o i
BE T EMMILE, Hh, Il %Eaia s
10000 FRAFAE P L ML 4R 45 2 A0 75 1000 FRAFAL [ BT A7 45 fiF
PR /NE S 150 X150, B3 RGB A% 30, S286 b B 42
B AR AR R AR AL 5 TR, B R T 10 2R TR R R E S
o T B e A e A Y I R R R O 50 S AML,
2PSK,4QAM,FM,16PSK, 2FSK,4FSK,8FSK,2ASK ,MSK,
A SCHTAT S g 45 R 3 Tz A

(e)16PSK

= S

P 5 10 F i AE 5 60

Fig. 5 Time-frequency diagrams of 10 types of modulated signals
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