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Abstract

Modulation recognition of radio signals is the intermediate step of signal detection and demodulation. The existing re-

search shows that deep learning technology can effectively identify the modulation types of radio signals. As for the low signal-to-
noise ratio, there is still no good solution to the problem of the sharp drop in recognition accuracy. Inspired by the noise reduction
in image fields,a modulation recognition method based on deep learning in Low SNR was proposed in this paper. It realizes the
denoising of the low signal-to-noise ratio signals and solves the problem of the sharp drop. Through a large number of experi-
ments in the open source datasets,the effectiveness of the proposed method was verified. The recognition accuracy of the low sig-

nal-to-noise ratio signals increased from 10% to 15%. Finally,we analyze the problems existing in the method and look forward

to future research.
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Fig. 1 Architecture of long-short time memory network (LSTM)
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Fig. 2 Block diagram of wavelet threshold denoising method

X B SRR A5 5 AT /N 43 A A 3L 3 AR B R W] Y
N FRB L IR I T AE 5 TR DA BT A3 A IR 4 KR 4 1 M R
BB T[— 30,30 ] X ] N, 4432 DX 8] P9 19 R ECE %, L
2 JXT W (R S dR AP BE A AR . R R (R A BRUS /N I R
BT S EN . BRIBERENEYS.
2.6 ETEHEHREMENEZNBARBER

A 4 5% #% (Auto-encoder, AE) — i Hi = JZ W 25 #4 B, 0 45
AR B R 2 AR S R R R g T
ARSI R b X T — AR B i f A 27
A — A AR TR RT By th A, B gt U 25 0 AR Ak B br ek 2
feli i R AR AR S AR AR T BR L B R R T AR

Liz,2)= || z—=|? (15)
Horr,x RoRf AREAR  » KR thFEA

A G245 0 Zmh b, R0 N G2 48 R R I FY 4 5 2% (De-
noising Auto-encoder, DAE)Y , 75 A BUHG HH AW 7 (5 5,
V0245 2009 A g i 45 B R MR DR, R e o B ik 4
T EERLZ Ak e

3 RERETETREZINARKRNXIRRTE

3.1 FERHE

DA B0 FE TR BE 2 ) 1 DR LA 5 98 i S AU O i
X R TC A LA = KA B 8 28 BRI R R4 B9 R ) AR
SR AELTE R A7 MR L DX Jox 42 080 56 288 280 R 030 O vk B4 TR0 o
IR B . BT LIRS, AR SCHRE M 1T — Bl TR 2 T 1Y
TRk ML A5 5 W s Ay ik

AR SCUC T TR R LT A TR A > 00 R A R T
AN 3 PR L AL A A A MR L 2 A L MR g AT g L
Lo S PR 0 9 485 R R AR T 20 26 i Y A O — A =
oA 38 A IS A A IR LG B L BE A TRUA A IR L R B
RIS 5 SIRMEUR LIS . FEMg A 4000 45 A8 05 5 B IR 1R
W LY TE 2k HE A 5 1 IR M A 3B, 9 1) 25 BRS04 i LSTM
PO 265 440 1, BB 68 TR T i A TC £k L AR 5 (K R R 2 AL

USCRERE €

RiERL2 %S

(REL R PIEE S

[SREE P

Wk B RS /

W KR
e

I&3 AR MR ML TR TR B 2 2T i 9 k) A =R O v
25 ) HEE 5]
Fig. 3 Architecture of deep learning based modulation recognition

method in low SNR
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Fig. 4 Radio signal modulation recognition model by LSTM
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4 KBWERKRSH

4.1 EWiIREHEMIER

S B MBS N 17-7700K 4. 20GHzx8 (CPU), TITAN
Xp 12GiBx2 (GPU) .16 GBX4 N ff (DDR4),Ubuntu 16. 04
(BEVER 4 ), Python 3. 5, Tensorflow-gpu-1. 3 (¥ i 2 2 #HE
28y, Tflearn-0. 3. 2,

T UE B 3 TR ) W O LA S R E A T IR A
ROk S AT A3 IR TR R L T 4R (5 AR R M TS A9 O
il 2 TR0 R 2R

SR, DLV B 2R Ol 2B 0 BRI AR A AR Y P A AR
iR BIER R ACC 8

o N
ACC= (16)

o, N2 0m v IR 3 A9 R A B L N 3R TIURE A Y 5 8L
o DU SR 2-3 B00E D 6 MR T W A A ST A o

N
[ 2ll.=,/>2a? an
i=1

Ho, N SRR BEAR R i IR B R AR RT



W A AR MR LR B T R 2 > Y 9 A SR Oy v

287

4.2 HEKEMXE A&

AT Deep-Sig H A Y 04C BHE4EY i B 42
&7 11 Rz N R TE £k fE 5 A i 28 B . BPSK, QPSK,
8PSK, 16QAM., 64QAM, BFSK, CPFSK, PAM4, WB-FM,
AM-SSB, AM-DSB., iZ%HE 48 94 73 0 WA~ 5 45 - I 2R 4 A
MIREE ., WER 132000 MYIZFEA ML EH 33000 4~
IREEAS N REA B RS (128, 2], 45 251 4 288 0 i BE A 8
BAE , BERREAS TP A 20 FhOR A B9 15 M bL G 28 B 5 5 508
(SNR=—20-+2n) . FATXF b i A9 BOHE 42 0F 47 T B 4k 7 452
P X B R AT T IH—1k

s ax—min(x)
T max(z) —min(x)

4.3 RIEMRLLSY =5
FITTIE 5 BT 7 B ARAR MR 1L 23 28 0 2%, 8 TR 2 15 5 B4R
e S5 AR A R L 55 0 £ R L T X S BT A R L TR 4%
LR S B BRI, FRATRE IR 1 AN T B 5 MR HE AR Oy X 0 v A1 £ TR
FLAR = B b i OF E AT I3, S 3T 4 R Ik 1 T Al
F 1 RAFME LS 2 AR 1Y 4 A2

(18

Table 1  Accuracy of radio signal classifier with LSTM
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Table 2 Result of radio signal modulation recognition model

by LSTM
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Fig.7 Accuracy of radio signal modulation recognition

model by LSTM
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Table 3 Recognition accuracy before and after the radio signal

denoising

SNR E e Efﬁ@ %/ N K J'ﬂ/ﬁ
[ % & A g & % J&
—12DB 0.169 0.155 0.167
14DB 0.124 0.154 0.115
—16DB 0.125 0.154 0.120
—18DB 0.095 0.152 0.102
—20DB 0.099 0.154 0.099
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Table 4 Result of radio signal denosing model based on AE
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