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Automatic Modulation Recognition Based on Deep Learning
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Abstract Automatic modulation recognition (AMR) is critical to realize efficient spectrum sensing, spectrum management and
spectrum utilization in non-cooperative communication scenarios. It is also an important prerequisite for efficient signal proces-
sing. Traditional AMR methods based on pattern recognition need to extract features manually, which faces many problems such
as high design complexity,low recognition accuracy and weak generalization ability. Therefore, practitioners turn to deep learning
(DL) methods,which are good at extracting hidden features from the data,and propose a number of AMR-oriented deep neural
network (ADNN) architectures. Compared with traditional methods, ADNN has achieved higher recognition accuracy, higher
generalization ability and wider application range. This paper provides a comprehensive survey of ADNN to help practitioners un-
derstand the current research status in this field,and analyzes the future directions after pinpointing several open issues. Firstly,
typical deep learning methods involved in ADNN design are introduced. Secondly,a few traditional AMR methods are briefly de-
scribed. Thirdly, typical ADNNSs are introduced in detail. Finally.a series of experiments are conducted on an open dataset to com-

pare typical proposals,and several key research directions in this field are put forward.

Keywords Deep learning,Deep neural network, Automatic modulation recognition, Security
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ST RE T R G B 2 PRI RS B2 i AR . Oy AR X S i)
R 2 AR BRI = AR T IR H OB HE 1 7 H AR 3753 45 J8 R i
W 1R B % ) (Deep Learning, DL) J7 ¥, & i1 17 £ Fh i 1a)
AMR B3R & # 4 ® 2% ( AMR-oriented Deep Neural Network,
ADNN) 4244,

ADNN J5 8 e 1 5 5 35 19 1 25 I 2% 1E S AU A 3l 42
BRI AR o 004 B0 A9 A5 - HOdh 16 AP 2 46 AT 45, 98 )R
FHVN G5 1 119 ) 46 52 s A A5 5 9 okl X R0 . A L A% 452
751 ADNN J7 6 76 8 Ol N T3 BURRIE A RT3 F , IS T
T R B, ELVZ A AR ) SR IS G B )T B RS
Tr k. M0, HT % ADNN B3R B i 28 W 2% (Deep
Neural Network, DNN) & %1 £, % Ji £ B #f 22 [ £ (Convo-
lutional Neural Network, CNN)™ | & %7 # 10 1Z W 4 (Long
Short-Term Memory, LSTM) P! | & # 28 W 4% (Graph Neural
Networks, GNN)' 46, 3 TR [6] DNN 45 19 % 31 1) ADNN
WAFTER R 2 5.

T By Mol A A b T AR 2 U 1 B 5 IR B
U AR 1 18] LA K oK Sk 14 2 R T 18], AR SO 4 T A B LSS T
ADNN USRI SS B . A SCER 2 WA 48 7 T ADNN i
T 2 DNN S544 5585 3 35338 T 8t 23] 1) A, 5 348 T 4%
GERBITE I BT TAE SR ey SR IL B 5 56 4 W 4
T ADNN 0 — i #2  9F X Y i Jr AT 70 265 56 1Y
Xf LA ADNN BT HEAT T A 41555 7 1l S0 A
TAEHEAT T RLEE S L 43 BT o [F) B 2t T 20 R ok R
WEFERITT 1) 5 B Jim 4 430,
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FH g J B DNN 2244 4§55 .

(1) 4% 2 M 2% (Fully Connected Neural Networks,
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B AT . FCNN 195 — 2 v #8404 2 4> 1 28 70 CRIE ) & o
B 80 AHSB R MM & 0P Z R AE7E — S5 B3% B 4k
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Inception-ResNet-v2 P45

(3) 1 ¥t 22 W 4% (Recurrent Neural Network, RNN),
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HBGE B YR B 5 1R SCE B . W I RNN ZE 4 42 4% (]
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BFE5 5 AR B AR HATE S R 98, 38 B 15 2
T S BRI A A S RT LR S TRD B4 9 )
J7 2 A3 35 R B 8 4% (Amplitude Shift Keying. ASK) | H % i
# (Phase Shift Keying, PSK) . 1F. 32 i & # %] ( Quadrature
Amplitude Modulation, QAM) % ,
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FHAR T B 0 AN W 1 im0 R 000 B0 458 0 B 25 91 67, AMR 7E R A
SGURWA T Z TR . B0, 7RI HN TG4 L R v, 3
T AMR #1715 5 S50k 1RG5 g 08, 7 DL e 35 B AR JE 46
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— R RN FE S 0 R G S AR A5 5 MELL AT 40 B, B
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AT RRAE SR W S R BURR Iz AR D B 2 .

OWEHES 2. FS5EHE N2 kA28,
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25 BB, R T A AR B R R A A AR 45 SR O =X
HORWE A T s B R SR e B O A S A
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(D) LLEAF AL Z A8V AR (5 B 5 Y maE
TCLR A I WM BT e T % A R I 2 e A B o 4 OO 1
JE . AEAR IR B ARk 0 0 S A B S B L A 1 R R R
AN LB MR, BEAh A5 S s )R A R Y
AT AT MG & R BUE S Bk B i B AR R —, B
2 TCERAF B W R AL | 22 78 S R 0 R 2 5 L B 2445 5 1 9L )
B,

3.2 fRGIREIA %

45 AMR J5 07 DLy o W3 R 28 2 36 F o 5 30 1) 1L 4R
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3.2.1 A TREIBMAMEF &

FE SR BRI AL AR T O v R A RO L MR R 6 B O
TP 5 o D) O i e AMIR ) BT 32 ik A RIS R I A9 A
B TR0 9 ) 2 A B8 (R R B B 0 1 S R B
B A5 Z I8 R A7 [ 4010 A5 S B A (k] k=1,2,1n
T, B — LA m AR EI AL IR A50A m AR H
i=1,2, . m, HEWORHECBNE S 205 K 98 i S5 5] 852 e
FI M 3R 25 1], ) FHARE 56 5% 18 oA B0OGT JIT A2 3 1) 3T ) 288 B e 37 )
SRR B SK PR B ek NI R

L(x\H,):Lﬁlp(ﬂH,),i:1,2,~-,m
Hr, p(ae | HO R H, BT WEE 588 « LI i,
B J5 i 5 VAT O B A SRR TR A RLAR R B S B AR R
BLER BR S ST T 10 1% 8 ) 28 RUPE Ol e 2 1) 3 5 RS L Wed
T 2000 4F £ 1A OF 3 14K (Average Likelihood Ratio
Test, ALRT) /E Sy 46 I (4 1 48 kb 43 25 #5590, Chavali % +
2011 AF 48 SR FH 3 B8 o R Ak B 1 A £ 0B 5 R R S U
7 2okt 98 ) 7 2k AT 4 26 9F R IR & L8R e (Hybrid
Likelihood Ratio Test, HLRT) & (9 J7 2 ¢ B il 5 =X 19 4
00T BRI Ty vk A S T RE 6 AR DL I T IR /N R o
DU} o AT 17 S F5e A 14 YRR L (E R H B A e H R R
AR AE S R AE 5 2% Y 304 PR BE o St o LA IR M L 12
fhigf 2,

3.2.2 A T%hitEAHFERRG &

SR SE T ST B0 1Y FR AR $2 B ik 54T AMR B, 32 22
AT TR, BIRAE SR BOMAR 432, 1506 0 T B
B RRAE X 5 A B M5 5 10 47 T AL B1US FFaEAT AR AF SR B, %
T2 NP 0 R AIE 43 2 A SE L N AL 2 R B A R 0T
fiE 25 By SR VR R AT /N D SRR AE L 2 e TR R AGE 4% O 3 1% o
FEAFDVST ORI N 4R B R AF 43 1 ik A Y50 1 26 T LA
2 W A b SE USRI . % T IR R R U 4 2 AR
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3.3 AHNRBAFHIEE

55U B R BB R AMR [R) 3 — 30006 S W] Y T
VR o — 0 STl ™ AR R A ERCHE A2 ) I (L G 2 0 A AR
A 1 7 A (A5 BIF 5 3 AT LA D B K H R T T S 56 L T 0P 4R
SAE BB A BCHE AR o TRTA 38 o R AR AR PR A
RHESCHA N TR TR, £ 15T 3 Fh8uE 4 m i
A5 R T XA T LR AMR rhgg U 2 5o 48

(1)RadioML 2016. 10a™, Z % % JEH O’ Shea % T
2016 4Fil 4 GNU Jo 26 i Az iU & O8O 48 . i g 45
A 220000 KIS W H X K& 8 R flew I8 6l .
3 R EEHLIE . oA TR AT BB AR 0 ST B BR BT B4 el AR A%
FEHBA N, Z8 T AWGN. 22 2% RERMBEER
W, ZJ5 74 T RadioML 2016. 10a i 4" & it & Ra-

dioML2016. 10b, RadioML2016. 10b 14, & T 1200 000
A5 5, VA 5 3000 AL 45 2K Bk AM-SSB DL AR R H A 10 Al
Fn,

(2) HisarMod2019. 1%, i T 3 Jil {5 5 4048 S 19 £ b
P, Tekbiyik 5418 T HisarMod2019. 1 i dE % . Kb
5 FfAS [a] 14 8 1 OB 480 FSK . PAM, PSK, QAM) 41 i i 3
26 Z5 I 7t 5 ANARRI LM fERE, AL EE T
780000 ME S,

(3)RadioML 2018. 01A™, ZEHE 4 % & 0 15 5 Fh 2§
B WET RN R, Hhas TEIES.
BF(5S 0k 24 Fp, I Ab, O Shea 2538 % [ T LR A R 1 15
Bl R HP S E A RGEER G TS ES T OTA
G458 I DL R A A E R T I E LA,

F 1 AIHIRER AN A

Table 1 Introduction of public datasets

A% Ik Y7 fF5KE B E i R
RadioML # ¥ : BPSK ,8PSK, QPSK , CPFSK . GFSK , PAM4, QAM16 , QAM64

adio [—20,+18] 128 220X 103 #f% ¢ QP ) Q Q
2016. 10a B AM-DSB, AM-SSB, WB-FM
HicarMod AM-DSB, AM-SC, AM-USB, AM-LSB, FM, PM, 2-FSK, 4-FSK, 8-FSK, 16-

2';?9 f [—20,+30] 1024 780X 105 FSK,4-PAM, 8-PAM, 16-PAM, BPSK, QPSK., 8-PSK, 16-PSK, 32-PSK, 64-

' PSK,4-QAM,8-QAM, 16-QAM, 32-QAM, 64-QAM, 128-QAM, 256-QAM

RadioML OOK,4ASK, 8ASK, BPSK, QPSK , 8PSK, 16PSK , 32PSK, 16 APSK , 32APSK,
20‘;8'00“; [—20,+18] 1024 2.5%X106  64APSK,128APSK,16QAM, 32QAM, 64QAM, 128QAM, 256 QAM, AM-SSB-

WC, AM-SSB-SC, AM-DSB-WC, AM-DSB-SC.,FM, GMSK, OQPSK

4 EFHZM&m A 3hiEF R

4.1 ADNN iR 12 # 1

ADNN #2 H i 4 2 2 A DNN [ 3 3055 fF 32 BRE )y ok
2T AMR J7 2 RGBT B ot T AR AR O L IR AR I O
BRI L F AR R, B 1 4 T ADNN fiy B
R, HARU AR R A 4 PR

(DEHE WAL 3R, FeU BIME S5 LU A1 2 %0 B #8471
AR FAL BRERAE , H A2 S 7T AR M T B BUE T R RS 5 SR
B S DR R A RS2, 38 THECHE BT A L 0 T 4R R T v
WHRRRAE . 4007, HF AMR W15 5 80 22 IQ il . 1Q
R TR K055 00 R EE 5 AR 07 15 5L SR AR B TE 32 1 2838
SrEFN . MBI AT T RE 88 1R B IR IR 15 5 AR AL
BT R 8HE SR AR 3R I, A (5S8R A 1, Q ™I
P AT B R R0 R B B AR A B RFERMAE .
NP B0 AR L H UL AL B 5 vk AL AE L R TN HORAE
AN AR AR AT — 2 T AR 1Q B B e oy R AR R T
R I ) o fE S AR VAR 22 05 AR B AL B Y O : AT
PA KR

OB ARSI, 2% ZEHR AT T 3 3 4R A 4 b
BEAT LU DNN A9 % A S0HE 58 H9E IR 2 A AT 42 = il O
KRS, B RRAE 3 AL G 0 13 — A Wk B
PR3 2 B2 o AL VA — 0 Bk B 431 3 24 o) 1 s o At 2 00 1 2
ERSE TR &N (B2, ADNN Hr, BRAF 52 2 T vk 28 4, —
A T B IR 00 RS B B R AIK ) 4 5 4% . FE o B 9 ADNN
Bt A, FUAL B Y BHE 9 E X 1E DNN #4714 .

(3 MY . N 2 b B34 T Ak ¥ 0 A A0F 2 B0 174 450 48 1
S DNN BIHA . AR B9 DNN 56 2 50 9 2% 2 5 2 50
PIE L I I T A B RE AR AR 25 M5 B AT 2. Yk F
TR I 3% AR TR B 0 TERE AR AR T 15 2% RS /R L (E gk
St B2, IR A3 B 24 DNIN 454 f 284,

(DOFF 42, RN DNN W 2 5F TE 05 & 5 %
FEAHEAT PR R0 o R AT R 1 1% 5 AR A 28 A 3 B
FRAEARBUR 4 AN ZRAg- ) DNN b, 23 8] 30U 50 45

o O FAE @ BERR ® W %)%
pm————————— \ F : N
! 0 s (D)) S
O ek ()1 |
=g LS ED,
|

[ ORI =
4 Moz
e  En)

[
|
|
|
S

K1 ADNN 5k i
Fig.1 Flow chart of ADNN algorithm

AL AESE AMR J5 ¥, ADNN J5 125 3% I B i 45 I 2% 14
2 )7 R S50 K 42 98 45 5 5 09 R 2 R AE BB U BE Y
TPk B ADNN 7k BH KB AR, BAFZE AN LR
WURRAE , B R AT v 2 v 1 9 1329 5 1 Ak ADNN J5 85 19 32
AL BE 77 B 0 o T RS B AN DR AR A5 B 405 DA B 2 A o S B Y
TAAT RE 2% B AL SR ) TR I e

B2, ADNN J7 i A7 7£ — 26 7] /8 . DNN 3% Jz K &
P28 I DL K i 28 50 22 18] B A T 3% 45, ) 45 P i AL B H B
% .38 ADNN kit 8 & 2= Bl w & Z K8 GPU
o 58 B . 7 BE R 32 PR i A & b A A A L U IR HE 7Y
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5] 1 5tk &b, DNIN A AT fi % 14 ¢ 25 3 il 2 30X T 2 ] SR
FA ADNN ] DL BCAS B8 4 (9 IR B RO M T ik e = B A 2 4%
Uk IR 7 1 e R
4.2 AHEH%k

ADNN J7 ¥ [a] ¥y 22 51 & 2 AE T F KO8 19 DNN 2851,
ADNN J7 il L4324 25 56T CNN ) AMR J7 3k T
RNN ) AMR & 3L FIRA W% 1 AMR 5 ik DL R 3k
GNN ) AMR 77, W& 2 iR .

% ZLSTMI®!

EF @7
% 77

£ TREM
477 7%

£ {f % F+LSTMI

B 1 2 ] 45 1)

MCNet"”", MBNet"*"!
— ks

A

AMR
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