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Modulation recognition algorithm based on signal time—frequency
images in complex electromagnetic environment
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Abstract: In complex communication environment, the connection between the characteristics of
different signals is seldom considered in modulation recognition. A Convolutional Neural Network(CNN) is
built to extract the characteristics of the time—frequency images of signals. Time—frequency transform is
employed to process the one-dimensional signal into images, and image features are extracted through CNN.
In order to improve the classification and recognition accuracy of the algorithm under low SNR, the texture
features are also extracted from the images, and they are fused with the features extracted from the CNN.
The simulation results show that the Time-Frequency Convolution Neural Network(TF-CNN) and
TF-Resnet framework can achieve signal automatic modulation recognition and classification.

Keywords: modulation recognition; time—frequency transform; Convolutional Neural Network; feature

extraction and dimension reduction; feature fusion

X BRIy BE A 2% A B REFR B, A% Ge A S R R B O R TR RE S A SO R S HEA T4 2R, 15 SR R
BN TR AF SR B S AR K, HOX b A T 3R BURRAE A9 07 vk il AR P 22, DGR 5 (0 20 2R s SR R 1B
B 2 4 F N S 4h 2 B SR A DG B AR SR 1 R R, R 2 ) B R IR AR M, SBELFE S
RPN AT L, 3ot IOl £ A i A A TR, Ok A, XTI R H A5 R 4 Y H R
RBE, 55 10 8 ) R0 45 I8 1 I 3 A R T R 1 36 T

B TEE S H RGP I PR S H SN R TR0 R 14 o RS I, P R 3 3 AT Ol A AR 48 I 4% A RIS Ak B 4 1Y
Uz I B BB, AR SR A R A 28 I 4 A T A AR PR A A AR AR AR R K S O A5 SRR AIE S 2 I 4% 1 B
F R FRIERE T RE A, AT RS LLS AR AT 05 5 i 40 28050 1 el ad O B AR B T 1S 2215 5 A B BHE 4R
K 1/Q 155 38 3k Bof A1 A5 J6 b 3 A Ao A1 A5, SR 28 3k TR A Ak 34 75 3ok R AT MR 75 X6 A5 55 s 00 61 ) 52 ) o SRy DRI SRR IE 1)
ARCEM AT, 42T — R I AR R A B A AR 28 I 4% (TF—CININ)ZE A i 7 R AE 4R L, 2 B3I iy R
FEAE 5 I A5 (] () SRR AE A T R AR A, DRVRRAE Bl & )5 4R B o i, ANH TR TR A 40 R R, IR X kA S Y
BRAFE AT T 3 4> 43 47 (Principal Component Analysis, PCA)RE4EAN 3, Z RS LL T, fE08IL =155

fmEHA: 2021-05-10; f&EIHHA: 2021-05-24
"BIEEE: 22K email:guolantu@163.com



563 FWESE: EXBEHINETETE S HMEGEE SR 3 %19 %

R B > JE e A, JFRERE Iz T AR RT3 5 B A5 5 0 28R
1 EHRBHIMETHIESHINER

A X 5 AT B AR e 1 A B, BB AEHE AT 55 110 Bl Sl A S AR — — X R o SR T, AT R B ) R AR
) 4 sR RO 5 AT 2, DT B0 b oK {5 5 A B SR A0 88 10 ¢ R B RSk o DR b ke 3 A AR S 0 08 AR
B, B AR A AT R — b A R A S B A A BT OO Uy A A2 T A . AR L 75 5 (Short Time
Fourier Transform, STFT)™ . Bik& 44 g R 4 vk Ko JHG ol i gy D121 4

11 SR EEMHTHR

XA A S AT T i, AT AR 5 2R A7 8 L AR e b BE 3 X LR AT L AR e R % Bt A i S R ER (5

T R A SRR A S R TG A H B B T % A L B AR e R R
STFT(1,/)= [ x(z)g(r —1)e*"dr=(x(z).g, (7)) (1)

A () HNBG M R s ORI s BT RO ()] =1, ||g,1f(r)||=1, A 1 W 5 Bsf i) il £%) 1
Bl AS W 2 o A 98 N B3 T LLGE i 7 pR BOR WLEEAE 5 AY JR SR AR A DA A5 31— & 5 22 XoF o ) 4 R AR e 2 R
F T R B S TR T Ao AR e Y 5 R LR RS R T RO S, R BB A A R, AEIE R OLT
7 PR B BRI AN R A, (FE AT S (5 S a, AN R EUE T IRMER s IR B, &
FTR /N 8 X T A5 S T AR F 2 . AE i DA S sk, o7 38 v Bt IE) 0 g, e S T A8 0 S s, 1 2 v 0 S 43
S DA

DL~ 3k A0 B% 4 22 (Binary Phase Shift Keying, BPSK) {5 5 6, I 1 2% 5 54 it STFT 283 UG OB 43 1
AHRE S e TR, 6 PR N (] 28 AU ) 7 oA BIORT G T PR B RS SR AT R B, s e — o AR L X A0 BT 0 4 R AR
[F] 114 5% 1)

() Hamming size=N/4 (b) Hamming size=N/6 (c) Hanning size=N/4

Fig.1 Time—frequency images of BPSK signal after STFT
& 1 BPSK {55 STFT A84if 4 [l

1.2 BRBMEIRE B
Bk 41— R 53 A (Wigner-Villy Distribution, WD) J52E #0513 68 A5 5 A% £ 1 S8 17 R BGHE AT I 4028 e
0 7 PR BB B8 X0 155 HHEAT I8 B A IR L K0S 5 s(¢) B WVD R UK
Wt f)= r:s[t +%j:*(t —%)ejz“ﬁdr (2)
AR5 A B 15 67 pRBGHEAT STRT WSS, T LASGHE STRT AR A7 16 A )R, XA — SR B R 0HE fE 05 XT
{55 AT 138 DO P, 0 WVD R F B IN1E 5 x(0) = x, (6) + x, (¢) OB SRS 53 HF , & 119 WVD ik =«
WVD,(1.f)=WVD, (¢.f)+ WVD, (t.f )+ WVD,, . (6.f)+ WVD, . (¢.) (3)

ot 9D, (1) = w15 1= e
1.3 FRARBNE DTSR
A e WVD (1 XL PE IR AL, 5 WVD R SRS 47 7 M A SRR A, ROR O
D, ()= eh{ )15 .



54 A#EMFESRFERFER 564

X BREHEE R A7) s " (OR s( LIRS, s o=2rf . ¥ BPSK {55 4 it WVD B A5 e Lh s X B (1) st
P S G B o, W 2 iR, R E, WVD AR AR 7 ik BLRE A8 7E — S AR B L 0 S8 ST I B
LR 5 B i N T AR S G P i D A /I 0 e 2L i

(a) WVD time—-frequency (b) PWVD time—frequency
Fig.2 Time—frequency images of BPSK signal after WVD and PWVD transforms
[€l 2 BPSK {55 WVD F1 PWVD A& 4fhif 43[4

B0 PRBUN ¢ AN o 1 2 ANARAR DT I B TF, BB 2Bk 2 AN 58 LI, DT A5 B A 5 10 3 PR 2R A 4 E A o
i (Smooth Pseudo Wigner-Ville Distribution, SPWVD)Z:#: . WVD H 745 % & B9 B 6] FAT R 433 71, (HE (S50
() HP TR A — AN A8 LI, 2545 5 A0 A R M, 25 T LA BT, AR SO &k B X (5 5 64T SPWVD 47 45 46 4k B

sPwvD,(t,0)=[" [ g(u (T){t u+2) (t—u—%)ejmdudr (5)
S g(e) BTG B () U G B, 2 A7 bR A 5 B TR 2 A4 FE - o 5 S

2 EESRMEGIFERRTT X

9 RE S A R X AF 5 HEAT X Ay, AR SCXS 10 MR E S AT I U e . iR BEHE 2ASK(Amplitude-Shift
Keying),4ASK,8ASK ; #i #% 4 4 2FSK(Frequency-Shift Keying),4FSK; 1F 3¢ i £ 4 # 16QAM(Quadrature Amplitude
Modulation),32QAM,64QAM; BPSK I 1E 22 #H £ ## #% (Quadrature Phase-Shift Keying, QPSK), 155 I RELNF N
40 kHz, #EMMF Ny 4~16 kHz, SRAEAECH 500, FH N 1 4 Fl 8 i 2 005 5 48 B A5 e H R 1945 55 80 200,
FEASCRE Sy TF-CNN 53, K] 3 J& X0 i TF-CNN 5k AE 4 .

IR R——— -
| |
J—
o
i>>! =
Ly
Y 3 ¥
R |
L ikl

classification and
recognition results

CNN feature

extraction

PCA |+ +—»| GA-KELM|-»
|
|
|
|

|
o N
— = u
time-frequency/ LBP texture o i I .
i feature extraction 1 . |
images dataset i .
| :
|
| :
|

[Ty
Fig.3 Block diagram of TF-CNN algorithm
%] 3 TF-CNN B HE

2.1 EF TF-CNN BB 351 B & 45 fE R BX
A TF-CNN M85 37 2, HM%a 8 MEFZ . 3 Mitfb)2 | 3 N e s ZER 14 softmax 2,



565 FWESE: EXBEHINETETE S HMEGEE SR 3 %19 %

B4 AR TF-CNN X2 20 o 12 19 265 4240 19 4 A\ 359 R K /0N Sk 80 = 80 114 J JB I A48 Pl 5%, A S 1) IeF 431 51 4%
B b 44 14 000 Sk KRG (10 FiE 578 7 FhG et F, AEFP (S MR LT R 200 skAARIE %, it
200x7x10=14 000 5K KI{R), #iZEHmENEHR CNN ZERIRY Ay A, it CNN [ 2% 224 B2 O 17 7 B 43 (5145
fiE o KB i TF-CNN M 25 20 $2 R B B AR 1E , 515 5 % @m0 - 14 /) Js 3 —{E 28 (Local Binary Patterns, LBP)
SUAFRESEAT AR AL G, 2848 TF-CNN $& B2 A RRAEZE B oy 512x 1, 3 2k f5 55 B A [R5 518 B 31 1 038 AR A 48 B 2R
1x2 891, Xf TF-CNN #& 2| AR AE ST 7% &, ¥ H4E A8y 1x512 LUG ., 5 LBP (Y SCBRRE SE 47 R AE DF 42 A
1x3 403 MHFAE . FH TR SCH 10 FifE S — (5 W L T BAT 2 000 4515 515 B, WA i B A& RRAE 4 B2 2 2 000
3403,

22 MEHEERIFIMERF PCA FHiEitiTh %

AR PCA J7 ik B4, Tk XF PCA B M MR IF N4 o B FEAREGE N m 4, BAFEAREA n AF
fiF, KR AR A XO X @ o XU AR R FE R x<1>=[xfl),xg”,xg”,.--,xf,”]T o HITTERRAS WSS Y3
HAFTE DR 22, 5 ZHIE R R BT iR 22 K/, K (6) 3R

e:%é“x(”—x“)

2

(6)

approx

B XU o M REAR 2 5 S b B LR AR AR B L AR AR I A SRR AR B SR — B

results of
D ) — -_l_’ classification

time—
frequency
images

dataset
| R_8|U » @full connected
| convolution [l @lldropout |
| batch ll @lsoftmax |
max pooling il

Fig.4 Diagram of TF-CNN network architecture
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