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A Modulation Recognition Method Based on Time-Frequency Attention Mechanism

Swin Transformer
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Abstract: Due to the fact that modulation recognition is applied as a key technology in wireless and non-
cooperative communication software-defined radio systems, an automatic modulation recognition method has thus been
proposed based on the time-frequency attention module (TFA) Swin Transformer to enhance the robustness of signal
feature recognition as well as improve the accuracy of unknown signal modulation recognition at the receiving end.
With the time-frequency attention module combined with Swin Transformer, the proposed method effectively improves
the accuracy of signal modulation recognition. Considering that the variation of signal frequency over time is an
important characteristic for distinguishing different modulation types of radio signals, the one-dimensional radio signal
is firstly converted into a two-dimensional time-frequency image, which serves as the input for the Swin Transformer
model. On this basis, a time-frequency attention module is introduced for an enhancement of the model’s ability to
recognize signal features. The experimental results show that, compared to traditional algorithms, the proposed model
is characterized with a significant advantage in recognition performance, with a lower training cost compared to deep

YRS EHEE: 2024-10-04

EETH: Wma HRRELE I H (2023)150197 ) 5 BIMAHETREL S RINESIH (22A0418, 23A0444)

EB®N: AR, U, W LIRS LA:, FR IR, RS GR], E-mail: arts0720@foxmail.com

BEMES: C W, B, R TRFEEE, W, W00, FZ07 oAb s, MR ES AR S YRR d 4,
E-mail: wenhhut@163.com



553 4 iR, &

— T IE E JIHLHH Swin Transformer AGYEHITR S 5 s 71

neural networks.

Keywords: modulation recognition; attention mechanism; Swin Transformer; time-frequency image

il

1 AIRE=

TEIARTC Ll 5 it b, {55 H 0 Xy 2+
PEFIS 2 PR W N, X245 B 2hiA§R%5] (automatic
modulation recognition, AMR ) 72 T R Fr K44 AI¥k
il o AMR AR RO 55 SR S R R
SHPERIZERL, O TR TR AR . FS
W FHeR L R ARG RE R ERe LSS
FREE P, Hik, AMRHARGHR T ENIMEEA]
W) 2 RFEFTR A

1R GE IR BE 2 2] 5 1 K 22 M 0 1 DA I B 8 3 A
BRI S RAE, IXAEA IR AT 3= 5 IR Y
50, ATRES Zm—2e e E B Y, T s
— R, BFFEEAN DR IRR UM, DU
A AR 5 A BURRIE . BEA UG A S — ik
T T I SRR AR B RS 7 4T iR
N, AMURE TA55 BT REE, i8R TR Rl
[ AR AR, SR XA [l )y =X B AR . SC
ik (5] Fe i TRIFHERZ M4 ( convolutional neural
network, CNN ) X5 EHRHEA TR HIRN, JoR T
CNN 7 &b B B 451 A SE 8 A 80 . {H CNIN G B 43
UL AR AL S ZARO T 5 BUZ Ft )2 4G
o) ZBE A RRHE, S EEALFIHC IN [ AE 0C R I A7
TEARE . SCHR [6] 42 T —Fh s CNN A 10
12 M %% ( long-short memory neural network, LSTM )
HITR -G RERY, X I R T 55 $2 4L 1 9 R A AR
PRERAE ST, MM THOIER S, HEH T LSTM
ZH5IA, FEERAEAN P 7 5 B i 75 2 2
AR

Bl TR B 2 2] B PR R R, A S — OB B IR
i 2% 2 #5 AU [¥) Swin Transformer #f $% ), H & F
Transformer 4244, 382k F 7 2 AL 92 25008 o iy

yl

RS R, AR A BREA 2 2% B AR 11
SR, SRS S BRIAE EE, Swin
Transformer 38 1 J 22 KB RHAIE 3R A2 A6 19 2
JIE5R, BENE HAT RO AL FEK P 91 B I HE O 2 IR
FRIE. AW & 206 Swin Transformer v/ FT H
ShAHIRRIER T, ansck [8] KR 1A A I R
F1 Swin Transformer FIRHIRBI 5, @k 2 R FY
TEFEHURA Ry bR SO, ARde s T IRER %
SCHK [9] #5 H #E CNN 5 7 o 4E 7% Swin Transformer
(AR B3t B R AR5 PR RN s, 30 T RAER
JNBE ST RIS REEARR 1 3B AR . kb, STk [10] £2
H T —F ResSwinT-SwinT 1 il IR BIHESL, X HEZL A
FH Swin Transformer M5 TRFESEEL, 82T T
Swin Transformer A0 B il 1A GE 7 .

TEME ST, ASCHE AR T & AL
(%) Swin Transformer P8 U 510 %07 ki i K i
(753 ( short-time Fourier transform, STFT )
—AETLAT TR R E G, IFiE— 2] Swin
Transformer /1y & T A A TRFAESR ORI U1
SR AR R I LG R TR RE T, 5 AR
B (time-frequency attention module, TFA ) ,
IR 58 MR P B DR X BN IE 8 . B
J&i, %% RadioML2016.10b %4 5 2647 T M g 43 Hr
FS FE 528, SRR WA SO AR AL B A 2458 I
FT RS, ISR RIE SO 3

2 IRBEIFEE

2.1 EFBHREE DR Swin Transformer 4£EY

ASCHEH T Swin Transformer FE7 I fix A RS
P IR B X 25458 TF-Swin Transformer 2544
WA 1R,

1 TF-Swin Transformer 1842344

Fig. 1 TF-Swin Transformer model architecture
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Fig. 2 Hierarchical and sliding window operation
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Fig. 3 Swin Transformer blocks
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K4, FREIERMR, M F ZiliEsg
i, [tk FOI R F 2 R AR R A
) e, R R e PR F 2043
R R A AR R P2, BURIERE F 4
PLIARE B R F ik 2 T

F' =M/(F)®F, (6)
F/ =M (F)®F’, (7)
F =M (F)®F’, (8)
Fo= g ([ 7 F]) (9)

K (6)~(9) H: @HFILEMIE; £, WIEEWN
FORFAE [ S KN R 1 x 1 BRI T B
HLACR G, 768 87 S CAM 1, Hi A
FHIE F 23 2 )5 F- B AL A Fo, 1R AL AE
Fy., SRR BAT AR MLP /Y Fyyp, AR
A _E N SCRBRPARRIE . B2 X R AR B T R A
fn, R Sigmoid WS PRI R LM A TR )
R MJ(F), HFRKAh
ML(F) :G(FMLP (FAvg(F))+FMLP (FMax(F))) ° ( 10 )

X p o f Sigmoid TS ERET .

TAM F FAM 25125, TAM T4 x il % 4y
fiE [ 5 F7 AT 53k Fl,. 50 T AR EZ
(R, SR, Zad Vi Fy, Ao i
1 Fyag, #E—CEEETRIRRIE, Z 5 RRAE B A 3
AR 3 x 3 5 AUZ A0 Sigmoid S BRECT, A AL
B VE R AR M (F') . FAM W35 y BheHERAE i
F/ P35 Ak, % v A {5 43 5 il
SRIGHATHAT S TAM MR AERAE, 15 BI00RER )
RE M (F') , HERKA R

M (F)=0(£35[ Fr (F' x): By (F'. X)), (11)
Mf(F,)=O'(f33xs [FAVg (F', y); Fy, (F, J’)])o (12)
A1) (12) e fiy FF S P HOREAE ] 5 A
W3 x 3 WL TERURIE; (F', x) Wi x fh
FP PRt (F' y) il y ikd vt

3 LT ESZERS
3.1 HiRESMALIE

A 5% v T AR R I RNk i B e A
RadioML2016.106"""". & #1445y GNU Radio i 102k
HLAR e Tk i T B R B 2 e TR



74 1] I T B2

NS

2026 4F

FERES . RS . MRS . 2N
PEA e, i 8 Al IR Jr = QPSK
( quadrature phase shift keying ) . 16QAM ( quadrature
amplitude modulation ) . 64QAM. BPSK ( binary
phase shift keying ) . 8PSK ( 8 phase shift keying ) .
GFSK ( Gauss frequency shift keying ) . PAM4 ( 4-level
pulse amplitude modulation ) . CPFSK ( continuous
phase frequency shift keying ), A M 2 Fi& 8L il =
WBFM ( wide band frequency modulation ) . AM-
DSB, HMICAHUGE SHEASHT 128 N IELL I 1 1E
AN (VQ) fF 54, L2 4NEiE, B FEAXT
N AR AL FE R TR R B A E R L . BE A0 20 Fp
NI HE L, Y5 -20~18 dB, Kk 2 dB.
RadioML2016.10b Xdla 4R A FEANS AR 1 .
x1 HIEESH

Table 1 Dataset parameters

SR U]
Bl i 2x128
RAEAT / MHz 1
KAF 4% / Hz 50
HUL R / /kHz 200
R BN / Hz 500
Mg T e i e e

WAEE S0 VQ B¥Estid STFT WikbH, ffi K
FER 40 FODLIA a1 v eR R, X ik T IH —fk A
BRI aE 2ok e B XA 5 A B A R A T AR M A
PR, A UG R, IR R Ay RGB BIR, it
X B A G AT LK P B A TS i, 4 JRABE AR 1)
ZALRE T, Bk LA IR R A SRR
3.2 #EEIZ

PRI BG SR — B, AR AR
X B A2 4 AR ] 1) 27 2] SR A 2R 0 85 A7 E
¥, fli ] Python i 75 JF &, ¥ 5% N Pycharm, i
it Pytorch ¥ FE 2 > HEZR AL 2 (0 2% Il 2k A i Y
Il 55 28 i ' 4 Intel(R) Core(TM) i5-12490F, GPU A
NVIDIA GeForce GTX 2060 Super. {i#i i A i i 2% ~J
2 Adam AL AR HEATO0AL, 2% ) 3218 E S 0.000 1,
2 S RIEIHCN 0.000 5, HEK KN 64, RFHAE U
R R BO TSR TNE S FL B R 2500, B
AR .

HB/— i STFT SR IRLA (5 5 W B 45 (5 4
R, JFaE I I P A — AL SR WA B, AR
224 x 224 WG E S ;

B OB BIRERE 7 3 BB I SREE N
e 5

BR= P55 T A E ) BE L TF-Swin
Transformer £ Y, F| FH I #% 2% 2] 09 5 i, Ik AE
ImagNet F#iillZkAY Swin Transformer IS4 ;

SN K2R A TF-Swin Transformer [
KT ZNEH, FFARAERR

SBR  FAILG A TF-Swin Transformer 15
AU IR AR EA TR
3.3 N[E Transformer ZEHHEEIT L

R T B b SCHT B AE AL A Pk, Xt Vision
Transformer ( ViT ) %% . Swin Transformer ( Swin-T )
DL KA SO R RE SR A T AL B i I A i, AR Sy
TF-Swin Transformer HE 22 % i 3£+ 03I 25 19 Swin-T
R RS 27 > Jr it T 2k, DASR PR RE A Lk
Weshs [RIRT, i FHEPRE RO, DA R ()
MESEIAE 1 . Ay 5L 48 Transformer FYHER 4
PERE LA ZR WAL 5
[t

—e—Swin Transformer;
r —*—ViT,

%0 Tl c12 5 4 0 4§ 12 16 20
f U LL/dB
B 5 EmIEMERELE S

Fig. 5 Comparison curves of accuracy performance

W s i, BEA R EEE I, 5 S4B e 5
I, GRS R R R R, AR
Y9 TF-Swin Transformer [ £ 7 8 il 2 71 5 18 #4) 1H: BE
(SR ZERE = WALk 8= 0] CIEAT e = S ENTUR A
BRSEE T 2.14%, JUHRTESWE L (-6, 18]
dB I, BEE B AT RS IUX S PERRAE ik SR BH I 451
TR IR RES 2 S SRR E ORICR, . AT 55
PR AR E . [, I i HE SR ARk B2 W
T VIT PUIPRE, If HAERIREL ) 16 dB I,
A SCHITAR 7 1 B RUHRG BB LE VAT 19 2% B TRURS 2
T 16.6%, X W] Swin-T W4 HERENE T VIT M4
PERE. X2 HI T Swin-T W£8 3k 5 A Jm il iE & 1l
1IN == S iR 1 2 AR = g = B &I
fESREAE S
3.4 TF-Swin Transformer 882 #7

h T S WM 3 BT AR SRR AN [ 981 1) 7 2R
BEHERTE, 15 6 R TAEEMEL N 0 dB il 16 dB
AT TR VB R



— T IE E JIHLHH Swin Transformer AGYEHITR S 5 s 75

553 4 MR, F
1.0
0.8
‘ﬁjl 0.6
&
i 0.4
-0.2

M oM o 2 o T © ¥ i
EELEEZEZE
= &) =3 32
bR
a) SNR=0 dB
1.0
8PSK
AM-DSB
0.8
BPSK|
CPFSK
0.6
# GFSK
e
o PAM4
0.4
QAM16)
AM64
Q -0.2
QPSKF
WBFM[ . Lo
- - - O
E2LEEzE2E5
E &) A~ S o =3
T
b) SNR=16 dB

Bl o6 ARE{EERLILTHIRIBER
Fig. 6 Confusion matrices under different SNR

PR AT LIA h, EfEIREE 0 dB I, £
%t 8PSK, BPSK., CPFSK. GFSK., PAM4., QPSK
I 6 M-S R BIMER R/ 95%, X WBFM 1Y
PUINMER S EAL, O 48%, Tix AM-DSB {5 5 (11
SIERRZEN 92%, [FIEXTT QAMI16 Fil QAM64 i il
B EIRE, FEIEPRE QAM {5 5 A
SO S HHA MBI R

TEfRMEEL D 16 dB I, R T BEAR AR e DA il
B, JERJE AM-DSB il WBFM {5 540 J& T4 4L
5 O e (ST D12/ A 0 A = B '€ 12 S
SN DB, SBEORRNE SRR, X
IRRAESCHR [13] tP A $2 3, (BA SO 4 i A 1
AR R IS, HEABSRIZILRET] .
3.5 AXFHESHMAEN

T S8 B AR AR ST R 14 1o 28 A S 7 8 11
P U T AT, A T A 4 Fh BEAT 0 2% A5
Tty £l 5 CNN4 ( convolutional neural network
4-layer ) . CLDNN ( convolutional long short-term

memory deep neural network ) . ResNet ( residual

network ) S SCNN2 ( spectrum convolutional neural
Network 2) , #EA7 T XFH A0 U7 7 J@oR T
RadioML2016.10b $#i4E |, ASCHrHEHESR 5 HAth )y
DERTE LA IR

1.0

ool —— AT ge s e a
) —e—SCNN2; .

0.8F  ——ResNet;

07l  ——CLDNN;

9% 16 12 8 4 0 4 8 12 16 2
{15 Le/dB
B 7 AREFERIRAAERZE LB 2k
Fig. 7 Comparison curves of recognition accuracy for
different methods

Bl 7 FoR g R R MY, Y{EME LT -8 dB BT, 5
Fofr ) 45 B0 ) A AR AR, M5 L= F 12 dB
BF, CNN AEY ) 4 2Pk BE B B A F HA B R Yy, 3R
1) Y A R d 75 N 82%. CLDNN MW 48454 T CNN
LSTM Al DNN, BE#%H2 G432 Bl IS P REAE, {0
TCIEAR BN ) B P RAE, Hod = MER RN 86.81%.
ASCTHE RN BIERETE -8 dB Fil -4 dB HYf5 1§ EL
M, 55 SCNN2 #il ResNet #H{EL, T0AE {5 M LG
FEI2h 0~16 dB B, ASCHHE 7 I F- R IR 5 4
] H SCNN2 .ResNet ,CLDNN .CNN4 = T 1.8%, 3.6%,
5.5%, 10.8%.

X st R, HA IR R ) B H ) Swin
Transformer HEZ2 £ I8 il FU51 <5 3 B A7 2% kb E 47 18 ]
WU, [RIE R T A BRI R, DRI R
TAEHERRRS ) b A R

4 L5iE

ASCHEH T —Fl TE-Swin Transformer 7 il {1 5]
B, DR RIS S R R, SRS
2 2 W SR T A T PR R UM A S, SEIRAE IR R
WY, AT R R 5 0 R T T A5 5 A I ] A AR A
R, B RN, IR T AR i 2
ZImES, BERS THOIERE. S5%% CNN
BORUAH LG, 7EmEME LR, SRR B 48 & 2
10.8%, ik 7 a0 5 1 AT DA A5k 4 v o o 3
SRR A, H RSBz ikrERe. HERTH
WHFAT A —E BRI . AUl R VR AT
FERHEECN B —, AR TAET, WEERGHL



76

(= R DR /A N S S 14

2026 4F

FHIE, RIS RV AE XS 25 M A% R A2

S 3k

(1]

[8]

WANG Y, LIU M, YANG J, et al. Data-Driven
Deep Learning for Automatic Modulation Recognition
in Cognitive Radios[J]. IEEE Transactions on Vehicular
Technology, 2019, 68(4): 4074-4077.

BT, MM, BRI, SF . AR M T
SrZEPUNHLI R BT 5E (9] 5244, 2013, 34(10):
28-36.

ZHAO Ze, SHANG Pengfei, CHEN Haiming,
et al. Interference Identification and Classification
Mechanism for Wireless Sensor Network[J]. Journal on
Communications, 2013, 34(10): 28-36.

AFAN A L, FAN Y Y. Automatic Modulation
Classification Using Deep Learning Based on Sparse
Autoencoders with Nonnegativity Constraints[J]. IEEE
Signal Processing Letters, 2017, 24(11): 1626-1630.
NAMDEV D, BANSAL A. Frequency Domain Analysis
for Audio Data Forgery Detection[C]//2015 Fifth
International Conference on Communication Systems and
Network Technologies. Gwalior: IEEE, 2015: 702-
705.

ZENG Y, ZHANG M, HAN F, et al. Spectrum
Analysis and Convolutional Neural Network for
Automatic Modulation Recognition[J]. IEEE Wireless
Communications Letters, 2019, 8(3): 929-932.
HASSAN AN, MOHASSEL FEGHHI M, ESMAEILI
V. A Fast Automatic Modulation Classification Based on
STFT Using Hybrid Deep Neural Network[J]. Journal of
Communication Engineering, 2021, 10(2): 328-343.
LIU X Y. Automatic Modulation Classification Based on
Improved R-Transformer[C]//2021 International Wireless
Communications and Mobile Computing (IWCMC).
Harbin: IEEE, 2021. 1-8.

L1 Z X, SUN X H, ZHAOMY,
Transformer-Based Time-Frequency Image Classification
of Frequency Hopping Modulated Signals[C]//2023 3rd
International Symposium on Computer Technology and
Information Science (ISCTIS). Chengdu: IEEE, 2023:
858-862.

et al. Swin

[9] WAN C X, ZHANG Q H. A Novel Dual-Component
Radar-Signal Modulation Recognition Method Based on
CNN-STI[J]. Applied Sciences, 2024, 14(13): 5499.

[10] REN B, TEH K C, AN HY, et al. Automatic
Modulation Recognition of Dual-Component Radar
Signals Using ResSwinT-SwinT Network[J]. IEEE
Transactions on Aerospace and Electronic Systems,
2023, 59(5): 6405-6418.

[11] HUANG J H, FANGY Y, WUY Z, et al. Swin
Transformer for Fast MRI[J]. Neurocomputing, 2022,
493: 281-304.

[12] OCSHEA T J, CORGAN J, CLANCY T C.
Unsupervised Representation Learning of Structured
Radio Communication Signals[C]//2016 First
International Workshop on Sensing, Processing and
Learning for Intelligent Machines (SPLINE). Aalborg:
IEEE, 2016: 1-5.

[13] OCSHEA T J, CORGAN J, CLANCY T C.
Convolutional Radio Modulation Recognition
Networks[C]//Engineering Applications of Neural
Networks: 17th International Conference. Aberdeen:
Springer International Publishing, 2016: 213-226.

[14] RAMIEE S, JU S, YANG D, et al. Fast Deep
Learning for Automatic Modulation Classification[J/
OL]. IEEE Transactions on Cognitive Communications
and Networking.(2019-01-16).https://arxiv.org/
abs/1901.05850.

[15] WEST N E, O’ SHEA T. Deep Architectures for
Modulation Recognition[C]//2017 IEEE International
Symposium on Dynamic Spectrum Access Networks
(DySPAN). Piscataway: IEEE, 2017: 1-6.

[16] O’SHEA T J, ROY T, CLANCY T C. Over-the-Air
Deep Learning Based Radio Signal Classification[J].
IEEE Journal of Selected Topics in Signal Processing,
2018, 12(1): 168-179.

[17] GU S, SU J, LIU C, et al. Time-Frequency
Fusion Deep Learning Algorithm for Modulation
Recognition[C]//2025 10th International Conference on
Computer and Communication System (ICCCS). [S. L]:
IEEE, 2025: 470-474.

(ALY 4. B RIR)



