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Automatic Modulation Recognition Method Based on
Time-Frequency Feature Fusion
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Abstract: To solve the problem that Automatic Modulation Recognition (AMR) is limited by small-sample data and insufficient
fusion of time-frequency multimodal information in practical applications, which in turn leads to low recognition accuracy, the
limitations of existing technologies in the AMR field are analyzed and a cross-modal self-supervised learning framework integrating a
diffusion model and a contrastive learning mechanism is proposed. By introducing the diffusion model, the framework leverages its
generative capability to achieve high-quality data synthesis and augmentation of communication signals, effectively alleviating the
constraints of small-sample data on model training. Meanwhile, combined with the cross-modal contrastive learning mechanism, it
constructs an inter-modal association learning module to fully explore and utilize the inherent correlations and complementary
information between different time-frequency modal representations, thus solving the problem of insufficient multimodal information
fusion. Finally, based on the above design, a Diffusion-Contrastive Hybrid Network (DCHN) model is established. Experimental
results show that the recognition accuracy of this model on the RML2016. 10a dataset is significantly higher than that of other network
models, indicating that it possesses excellent recognition capability.
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LRGSR LA 2] B A TR AL .

K58 BF 12 12 W 2% (Long Short Term Memory,
LSTM ) 5. 4 Sk 915 B #i 25 W 4% ( Recurrent Neural
Network , RNN ) FJ — Fift 242 fAc | 45 1] 4 1< b B 1 571 %0
I RS A5 5 AE AT T 2L B AR B BRI G R
XTI ELAT B AR OGP B R il o BT R

T2 96 2 B0 M 4% ( Gated Recurrent Unit,
GRU) "' LSTM fy—F i fL A5 i, BAT 50/ 1 42
FITHIBE HHRRCR I &, RINTEVF 24T 55 h R B
th 5 LSTM A4 PERE

SR B — T B 2 2 SR AE [T )=y BR < A [ A
AU RRAE YA PR AR O 477 ( 40 CNN 4825 [ R AIE
RNN BB REAE ) | DA 4 T 42 B 22 48 5 4000
BGTEMRIEME L (Signal to Noise Ratio, SNR) 3 55
5 R S W 1, S B0 SIS BE ORI B 5 TN
15 18 AL OB Y IR ) 2R B Iz AL e T .

R GER; B — AR A SR B, 22 A5 G 1A A
M, WO BRI T CNN 5 LSTM A1 45 & 4%
TRl & B il CNN 5 GRU I 4% 1 8137 42
P SCHR[19] A6 BE LRl 380 T [ 30 o A Mg A
el B A R R B R R SR L B X
FRIERAEAERE J7, SCHR[20] B —Fh R T2 R
TR 2ZE ML H GRU ) AMR 8! Sl 25 S5 1E S50
If s e, 32 vm A RIS B . b, Sk [ 21 ] 32
U R K S s 28 4 ) 2% (Convolutional Long Short
Term Deep Neural Network , CLDNN) , 1% W 2% & "1 %}
X TCLGE AR AR 5 I H R BT 55 1 1, BEAE DA B Bl AN
W 2 A YEFEIREE IR A G S AR R . R
IXSEEE TRAE AL A AR AMR SRS T — &
e ABATAEAE AT Jmy BR A < 158 %6 U5 5 B[] e A
i RHIETUAY 5 oo i LA U 8 S K |
fIC SNR & HEATSAS 2

BEXT EIARE SNR 4 BB 51, K5 48 7 ke 1 | 24
AT BRI RS [n) @1, 46 T —FP ) 3 1) i ey
Bl 5 AY BB R AR B TR SRR R



55 5158452

G, L HANTEAI SNR 552 %05 18 414 T 14 ik
FEAS SRSt A R T 5 BT 3 7 IR A A
i ZACAH P AT = I A2 0528 R Pk 5 R T S AR A X L2
SHLEIELA 1Q B, 1R BE AH 7 ( Amplitude Phase,
AP) SfF B, 5 A 22 2] RSO AR 1 5 HLH )
TIFAER R . 125 E B TR SE I g B | e B ik
5z ALRE ST AMR HAR 288 , IR TTHRTE T
R T BRI {5 (5 5 G e i Rk, Sk
T ke ) R B T Y =X TR AL T 2 R AR il ) 2R
WA, $8 R LS AN AR P R AR X 4 - P A O
YER,

1 E5&3E

SO B iSRRG R SR AR T By A Bk
AR RS, SRR RGE A EME 1R,

1 TENBERATE
Fig.1 Schematic diagram of a complete communication

system
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(2) B H {8 B 0 25 % ( Discrete Fourier Trans-
form, DFT)

55 B DET A UG (5 5 r[n] 22 #2000
B RME S RIS X[ k] o BHEREX TR
FSK | 1E 22 4 43 % FH ( Orthogonal Frequency Division
Multiplexing , OFDM ) LA & [X /3 A [R5 5 0945 5 AR H
HE, HitRad i (5) M (6) &,

XK = DFTLg[n)] = X ln] -u,

k=012, N-1, (5)

(3)

rP[n] = arctan (

X,[k] = DFT[x,[n]] = ﬁ;xQ[nJ-wT,
k= o,1,2,~-,1vt 1, (6)
XX (k] 2R 1 BR1E5 10 DFT 731, X, [ k]
TN Q BAE 5 1Y DFT i) 741wy 278 DFT 74K,
Hitsa ARk (7) Frat,

2
fonk

wy =e " (7

HEBERLOFESWIEEIEIX[k]] =

IX LRI +1X, R 17 B0 355 % B (Power Spec-

tral Density, PSD) | X[ k] I*/N, SIS e B R 55

A RE I TEAN [FIAAR 0 73 A T 0 o

I FIH 1Q (AP \DFT S5 25 5 Rn B Al

VA Ji 52 AR i BRIl G 4R A1 BT 3= 145 R,
A B TR A [F A BERE A5 5 i F PR RAE

2025 F A e ¥ £554% %118 2165



5 55842

2 ML

2.1 ETHERE ERIGE

FE AMR AT 55, JEHOZ AE AR SNR s/MVEEAR
(Small Sample Size) 5t~ , ARIK & = i & 24
PERIARTEAS S BRI HLE 5y, I anEicds
LT REAFTEAE AN I 8 35 5 18 S5 1A FRAF ) R
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2.1.2 Ryt

A BGIREAS I D AE T2 2 Ralid 78 p, (%) =
pCrp) Tpy(x, 1) EUKSEIRTE ,~ av(0.,1) TFH,
B KRR | IR AT B IR e 3 A g («,)
FIREAR a0 XA SRR IR — AN S /R A Rt | L
H—E BN p,(x, 1 x,) H— T JE 25 R 2% (i
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Fig.2 Flowchart of signal data augmentation based

on diffusion models
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Fig.3 Schematic diagram of adaptive time-frequency
analysis network module
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Fig.4 Schematic diagram of cross-modal contrastive
learning framework

PSR T S LA B A 20 MG 5 (19
ZAEAE R, TOMR B A B SR BRI, 5 ) 21
HAEWe S RFG S RRAE R JOHAT B TS
TEAIR SNR RIS AL A5 T 26 F T RPERE , I3 3 o0 R
IRz ALREST

AP
(Transformer %4 )

APFF
WA #0055 R C

>

VAP

1Q/F741
*—l

VIQ

10732
{13 MR 451D 45+ Resnet )

PARL 2 R s
(Multiayer Perceptron,

iy

REHHZ

2.4 MLRLEH

ARSI AR B S /R AN 5 B o i
HEZRJE— 3 ) 3 ) TR JEE 2 S AT, R GE MR
Knom  ZBASRIE R IS RS LU A RS

B,

InfoNCE
Bk

AL

(FC+softmax)

Bs5 REZNTE

Fig. 5 Schematic diagram of model structure

3 I

A B — R IO B SER R A T
fhi B4 th 59 DCHN A58 80 (8 A7 R FIPERE AL 3, 52

N IREN G SEOE IE ST (Abla-
tion Study) PLIGIE £ A% O He 1) sk, LA K 5 24 1
FI A TR 22 2 ) AMR B A 17 39 X L
S,

2025 % A e ¥ £55% %1148 2169



5 55842

3.1 ZXHKRHIEESHIEE
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J&YHT AMR S5UE A A5 Y RE LG Y AR RS B
Z—s

&1 RML2016.10a HiRESH
Tab.1 RML2016. 10a dataset parameters

25 %
HmreEX 1/Q Wik
B 4 R 2% 128

WBFM ,AM-DSB ,AM-SSB |

Kk R BPSK .CPFSK .GFSK 4-PAM
16-QAM 64-QAM QPSK 8PSK
SNR [-20,18]dB, [EfH 2 dB, 3t 20 4>
B SNR FEAEL 1 000
PERE N 220 000

FESCI R R B SR R 6 1 2 0 2 Y LA
BEAILI 3 RN ZREE R AR A A

YIZREE, R T GRAIESE S ) AT A2 B AL SF- g
JIr A BRI 2538 R FH 48— AR (LAY S 400 L i
HR/NEE N 4005 6 Adam AL #S  Adam J&—F
Iz AR S R A ) A BB S AN W S
BT ST Y IE R 2 ) R 8 RS B e L
PERBRR L ; LASE SUR 51 2% R BOVE S B B 25 1 Ak
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RRPBERME A RUEBUR AR ZE 10 MNINZRF I N AR
LR R DK 27 2] R0 | 2 B e R 7E 50 A
LU RS W Ll E B 2 3wl E2

JIT A SC 0 76 GE— (W RE R RV R 58 T R4 T,
DABRARZE SR BT btk o AR A S50 TR A T 1 4
2 PR,

2 RWBTIEHE

Tab.2 Experimental working environment

SR BEPEE B AT RA
ARG Windows 10
Python 3.9
TensorFlow 2.8
CUDA 11.6
CUDNN 8.4
GPU NVIDIA GeForce RTX 3050 Laptop GPU
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Tab.3 Accuracy of ablation experiment

BT %
(e Sy R I e R
[N 63. 66 92.95
A 2 61.76 91.23
L 3 63. 54 92.77
A 4 64. 88 93.75
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Fig. 6 Ablation experiment
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Fig.7 Comparative experiment
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Tab.4 Modulation recognition of different models

YA 2 %
i TR % e g MR ¢
OURS 64. 88 93.75
CGDNet 62.03 90. 58

52 L%
i) P 2 IR A 2R
ResNet 60.78 91. 60
CLDNN 58.30 84.70
DenseNet 59. 94 87.98
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Fig. 8 Confusion matrix of different models under SNR of
—6 dB and 12 dB
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