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Modulation Recognition Algorithm Based on
Unsupervised Domain Adaptation

CHANG Shuo', XU Shun', WEI Meiying**
(1. School of Cyberspace Security, Beijing University of Posts and Telecommunications, Beijing 100876, China;
2. State Radio Regulation of China, Betjing 100086, China)

Abstract: Modulation recognition is a critical task in wireless communications. Although deep learning methods have achieved
remarkable progress in this field, they still face the challenge of insufficient generalization ability in complex non-cooperative
environments—particularly when confronted with varying channel conditions, which can obscure the subtle discriminative features
between structurally similar modulation schemes (e. g. 16QAM and 64QAM) and thus degrade recognition performance. To address this
unique challenge in the field of modulation recognition, an unsupervised adversarial domain adaptation method named Feature
Alignment and Discrimination Domain Adaptation (FADDA) is proposed. The core of FADDA is the introduction of a contrastive
learning-based feature alignment loss on the basis of adversarial training. Adversarial training is responsible for learning domain-
invariant features to adapt to channel variations, while the feature alignment. loss fundamentally enhances the model” s ability to
distinguish between easily confused modulation types by explicitly reinforcing the compactness of intra-class features and the separability
of inter-class features. Experimental results show that without target-domain labels, this method can significantly improve the model” s
cross-channel modulation recognition performance and demonstrate strong generalization ability.
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RGN A8 AR AE |3 A S ) XA
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PRI AR B RO 7E TR e S kiR By 1%
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H 1 8 il 12 51 ( Automatic Modulation Recogni-
tion, AMR) JEF Bl {5 REH KBARZ —, 15
AMR J5 i F 25 R BT B K AR (Maxi-
mum Likelihood , ML) % 77 % Fl1 & F R fiF $2 X ( Fea-
ture-Based , FB) [ 77 %, 3&F ML A9 5 ¥ 76 Ik SNR
TREIR B FIS R UL RE B IR A A BE A R HL™
FRBAFH I FE AR, FEE B FEE S = T
THPEZIR, BT FB ks €51 F TR
fECanw By R AR G PR 55 ) 45 G o KA AT iR
N RS TR A (R AR T R B
HB TR 22 BFIE A P e AR

ARk, DATR BE 2 ) AR R A N T8 e 4%
AR DR K 1 i 3 o 1 SRR ST BE T, A
AMR S o T am b i 280, ST T R ) Hh
Vg 2R B P 28 ) 28 13 T T I AT 55, 19140, Zhang
ZEDTIF ) M bl 2 B 28 4% ( Convolutional
Neural Network ,CNN) B 3 IR 1/Q {55 FEA
SRR JF AR T TR AR O HHES) T %
SRR . S R E PR R T SR
A X 28 2548 a0 R FHAG R #2525 ( Recurrent Neural
Network , RNN ) 4<% B 1242 P 45 ( Long Short-Term
Memory , LSTM ) 2K 4ifi $2 15 *5- B i o AH DG e, DL S
CNN 5 RNN AR5 & IR G B8 LLFE 20 F IS 5
2 BHE R . S ST 2R PNk AE STk [ 9] vh
HEMATTIe, SR, A VR 2% I LR A — A
ARy BRAE T A B e B2 AR 1 2R3 5 I i v
AT R 3R (i 4. de ) BRI, FESEBR R T, T8
2 A 18 RS (A0 s S (Additive White
Gaussian Noise, AWGN) Fiy Fl| 9% ST 9% ) B9 5h
AN AL T LA I8 FL ( Domain Shift) [a] 81,
AV ETEIREE (P50 YN 2 B 788 () AR
RIS (AR hPERE & 2R R X2
ASCE) TR A% O PR
1.2 ZTREEBSEEERK

Sy it DR e 7% (1) R, TG W B 4k 5 1 ( Unsu-
pervised Domain Adaptation, UDA ) $ A Jij 32 1 21
UDA B7EMFH—Ar A 45 e 4 1Y IR U8 | 42 71
B JA — A TJohn s HbRB EigPERe . HAZ L8
REUR A7 2] — A X 38 ) 22 53 AN 0K (B 2 B4R 55
(o) BA F 1 R E R s . AR R 5287 X
MASTR], 290 UDA 53kl 43 R Rk
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SRR Y AN EREA A e S
fiE, Bk a5F 18] 2 fr s, AR AE 52 o as R om
F(x,0,) o 0, Ros R4 Beas o Bir Al il 4k
eSS a8

LIPN l

Conv2D(256,(1,3)+ReL U+
MaxPool2D(1,(1,2))+Dropout(0.5)

!

Conv2D(256,(2,3)+ReLU+
MaxPool2D(1,(1,2))+Dropout(0.5)

!

Conv2D(80,(1,3)+ReL. U+
MaxPool2D(1,(1,2))+Dropout(0.5)

!

Conv2D(80,(1,3)+ReLU+
MaxPool2D(1,(1,2))+Dropout(0.5)

Squeeze+Reshape
+LSTM(256)+Dropout(0.5)

HHAE

2 FFERENEE M 4281

Fig.2 Featrue extractor network architecture
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Fig. 3 Classifier network architecture
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FHIE l

Gradient reversal layer
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Fig. 4 Discriminator network architecture
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fgAE
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SAERAR . XS EHE AR AE TR ) 7 2 SNR ]
FAESELE I AR — B, U 1 SR, LIAEA
SEAPA AR ARLAE AN [R5 18 IR 5T TP aE i, Bt
11 FhE S 728, 155 OOK  4ASK  BPSK , QPSK |
8PSK ., 16QAM . 64QAM . 16APSK , 32APSK , GFSK .
CPFSK, SNR % N-6~18 dB,#K 2 dB, Bl { -6,
—-4,-2,0,2,---,18} , 3 13 4~ SNR 41, ¥ 25 MK
SNR 25 SNR 1A [F 5, YIZRAE Fnil i 48 1 L 5]
RT3, BABIRENGE S SR 3, BT
BANFE 1R,
®1 BREENSHERE

Tab.1 Parameter configurations of the dataset

S8 {H
s [2x1 024114 1Q 5%
FEAS i 143 000
SNR JLFEl/dB(#K 2 dB) [-6,18]
BATR T S T B SNR HEAKL 1 000
SRAER/kHz 200
B FEARST 5 128
TRIEREL 0.35
TRRFS R AR 8
UG AR FHA TR S B

FET RN 3 MBI ENF AR E

DataSet_Awgn : {X{% & AWGN , N & 212 E %
BN, i T EAR TR I

DataSet_Rayleigh;: & Fl T~ Rayleigh %% 7% 15 iE £
R AN [EEUS 2 AR N AN A AR, S
TETAC P ASTAEL T AT e e A B A N RS 3 R i
FHTARHER Sh sl #5375 . Rayleigh {518 S8 E
sk 2 iR,

% 2 Rayleigh FiE2HEE

Tab.2 Parameter configurations of Rayleigh channel

Tab.3 Parameter configurations of Rician channel

24 1B
K A+ 12
BEARAER /s [0,0.1,0.25,0.4]x107°
AR5/ dB [0,-3,-5,-8,-12]
RRZ W IR/ He 8

2R fEL
BEARIEIR /s [0,0.2,0.6,1.1,1.5]x107¢
B3 45/ dB [0,-3,-5,-8,-12]
FORZE iR/ He 8

DataSet_Rician: % ] Rician X {EE AL &
L B AR AT 2 AR AN . 27 1 T R
T RN B, R B BT o 4 T
PHRY I [ X 4, Rayleigh 15 i6 2 80 HC & 0 5% 3
Fi 7o

#* 3 Rician FESHEE
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VIIER N N=Ey) k=S N i I R S R P N <Y
AR a2 48 SN ZRE0R , R A P E K
/N 512, Y2 B AT 200 A4S E T, R R TR B
PeAbAs 53 A AL R AR B2 B 2%, o3 28 4 LA SR il 2
HAFRAE PR EEN SR F Adam AL AR, W1 IR 24 2 K ik
B 0.000 1, rZEAeHRH Adam Lk s, B BIH)

G2 R E R 0,005, Fas R Adam 16
2 WIME S R E R 0. 001, e, M A s ER
BB AT M SHOE T TREXT Sk R
BN, WEN O, IR IR TIRE N 0.1,1h
PR&EFEREBIE « BEE M 0. 8,4, EHL M DANN
AR A, =2/ (1+exp(=10xp) ) , Hed p Jy Y Riik
FRURELS BRI B R | 1520 1 8 s 0T 55
FKHIRZE
3.1 U BEMNATRIAG ST L

G AT 55 i FE 4 557 DANN i
T T XA, A X S5k, BikiB e R
DANN , {GHE 335 X BT 2R 17 R AE X 55, S25 R
JIiA SNR T B9V 45 G BE A R PEAG AR i, DL 4T
e Re . BLAN, T SR T I B A M RE PR A
FEME LI IR T RIRMERER L AR R, o,
SRR B B AR A SR, TR
H AR U A7 e 18 21 00 e s b B, AR R BEAR
TEOLT P PERE L FR 5 5 500 3R AUHE U5 S8 5 s il
2t e B AR e p s B I G AT,
G N P RE PR

BAFL SRR 4 PR,

R4 FARBETTBAEEEEXTLL
Tab.4 Performance comparison before and after

migration under different channels

iRy AWGN—Rayleigh AWGN—Rician Rayleigh—Rician

5 0.914 0.918 0.918
DANN 0. 845 0. 827 0. 699
FADDA 0. 865 0.834 0.719
TR 0. 627 0.508 0. 366

FADDA FHEL TR 5t (TS A 38 6 ) #4547 B
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PETH, 76 3 MERAES T AT R AR S B4R
TH2523.8 AN AR5 32,6 D EH A 35,3 DN E A
REYRTEZ) 30,5 S E a8, Hof, fF AWGN-
Rayleigh #11 AWGN-Rician [¥3F #2145 H, FADDA 1
PRSI RS S22 4.9 NE S 8.4 4~
g3, IX F A [ 38 0 Bk R A AT A5 R S A
HARBUZ BB ARHE 23 A1 25 5, AT 4 HB AL 78 515
AT iz feRE

FEXT T2 Eg DANN 535, FADDA 3 i 5] AXS
Fri R — T TR RYERE, 3 FRTE 45 T, FAD-
DA ¥ HUA8 T 48 T DANN MM, F 4k s
1.56 NE 3 E . XM FADDA 5 i3 454 % 5545 2k
RTINS | A5 VR 8RN bR e Y 435 AE 20 A o o —
0, T FE RS (5 T8 2518 T 22 B0 H o 53 114035 107

Rayleigh-Rician 1T #% Xt B 5 &, FRRAE 22 53 93 A
R, R RS EEACA 0.366, BIMiiJ& FADDA J5 ik, i
LR BIKG BB AGAE 0. 719, FH 8 | HAH 19.9 4
B ESR m LT HATE ARSI R, X—
SERFW]  TERHIE A0 22 R 5 b iz il A
18 W R PR BRI A R B S ], AR RIS T
DIt — PR R R AL B 7 s, DA B A5 B A i Bl 22
SRR T 36 N BE 1 AR BIRS
3.2 HmhICIg

R T DB UEAR SCHE ) FADDA 5370 45
AR BT T — I RSEE . L AWGN—
Rayleigh iX —fCRMEE AL I H], RG 4T T
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PIPERT, SEg i B A0ds .

O TR AL PR AR B L=1,_,

(@ DANN. Z: L[ BE [ 38 W 4%, 010 L=
L+A,L,,

@ Ours (w/o L) : BB T XFHuf 2, AUfH A
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Tab.5 Performance comparison before and after

migration under different channels
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Fig.5 Classification accuracy of domain adaptation

algorithms under different SNRs
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