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Communication signal modulation recognition method based on complex

network and attention mechanism
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Abstract: As an important means of managing and monitoring the electromagnetic spectrum,
communication signal modulation recognition shows important research value and application prospects.
A signal modulation recognition method based on complex neural network is proposed by using the
frequency domain information of modulated signals for modulation recognition. Firstly, the I and Q
signals are combined into complex signals, and the real and imaginary parts obtained are combined as the
data set of the input network after Fast Fourier Transform(FFT). Secondly, a complex neural network
structure is designed, and an attention mechanism is introduced to improve the network structure.
Finally, the simulation results show that the proposed method can effectively identify nine modulation
modes, and the average correct recognition rate reaches 96.33% when the signal-to—noise ratio is 6 dB.

Keywords: modulation recognition; deep learning; complex network; attention mechanism

ol ] 15 5 PR 2 308 A O A — A EE BRSO 1 o R SR R LR A S R DN R S g R ), TR
S, A2 WO /5 AR5 R0 i 77 205 2EAT i A RE AR BIE S A 045 B . RIS BT IR A A I A A BE AR, 8 R )
Je M E B HEHARTB, TR e 2 R AU, B AE S 0 I U AR A R

FUAT I8 ) SR 50 09 735 T 0 3 K2 s T DRI BEIE A9 LR FE AR T ik 1 3 T R AE i H 488 50RO ik BT 1A
FR B 2 ST U T vk U R A R H R A DR R TR R SR L BE A AN T B T, T R R 2 T A R TRl O
1238 e 728 S T 5 e o DU 8 2 T e o TR A 2 B I A TN O 9 T LA Sy R R O 12k AR U1 O
L RPN T E AR T HAGR DT, W XE AR T AT UL B, R i B A (5 S AT B B S, R4 E
0 A A2 4 AR AR (R L VR S iy A B A 2 I 2% vh BEAT IR o DL A TOAR B AT AR ) R R e B
FRREP RN AR

TE R, SRR 2% B3z b T O AR G RO ROCR o (BAE & ORI 5 ST, HRRIE R 202 S 8, il
Wi EEA: 2022-11-22; fEEIHHE: 2023-03-10
EEWAB: HZEARP AT EITIH (62001137)

BIEEE: DM email:2019071316@hrbeu.edu.cn




746 KM Z RIS 58T B2 21 %

T4 S BRI A0 I BE R AR AL, O B MR R A B TOE S AT R 0 3 2 . S BN S A A TR B 25
[P L G N & & el R 1 s N e S R o 1B () S N TS 1 N = B B SN2 B/ = 11 5 N 0
4 SR R e oy Y e (BN =R T S S 2§ S A i B SR S R

A SCHR T — B TR B S (AF S R RN s, RIS B S A S B AR AR, O A5 T R AL
AT AL . Z AR IR B 9 A E S5 I Oy X, 2 45 i 2 M ) (Amplitude Modulation, AM). i 3 i i
(Frequency Modulation, FM). X217 (Double Side Band, DSB)JA il . 3177 (Single Sideband, SSB)VH I . 7 I
¢ (Amplitude Shift Keying, 2ASK). #£ 4 # #% (Frequency-Shift Keying, 2FSK). . ¥F il #H %% 4t 44 (Binary Phase
Shift Keying, BPSK). IF 3¢ #H %% # 2 (Quadrature Phase Shift Keying, QPSK)FH iF 22 % ii% ¥ #1l (Quadrature Amplitude
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Fig.1 Process of preprocessing a modulated signal to obtain a frequency domain signal
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Fig.2 Structure of ECA-Net
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Fig.4 Structure and parameter design of complex convolutional pooling modules
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Tablel Recognition accuracy of different networks
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Table2 Comparison of parameters and FLOPs for different networks

CNN model SNR 2 dB 6 dB CNN model params FLOPs
CNN used in reference[13] 0.862 2 0.903 3 CNN used in reference[13] 2.3x10° 4.6x10°
CVCNN 0.9277 0.9477 CVCNN 7.2x10° 3.8%10°
Attention-CVCNN 0.951 1 0.963 3 Attention-CVCNN 7.2x10° 3.8%10°

1 H 25 X HE 2 B il 6 Attention—CVCNN 9 7 8 R 76 {5 B L A 2 dB U8 B0 T CVCNN [ i B 2R 5
2.34%, FLSCHR[13]09 CNN AR Y HE 5 3 55 8.89% 5 FEAR M HL o 6 dB Y L T F CVCNN 9 HE % 15 1.56% , b SCRik
[13]19 CNN B AE A 3815 6%, 150 W] 52 B0 AR bl 8 I 2 T2 ] S 5 IR0 B EL A 38, S o A 7 2 0 LA vk X 1Y)
%oy KRR A YA, JF H Attention-CVCNN 1Y HT M 7 0 2 8 CVCONN B 4f o P\ 3% 2 19 45 SR X% be 23 A v] 0,
Attention~CVCNN FI CVCNN 1 1155 5 Fl 2 i JLTF- M ], B4R Attention—-CVCNN Fll CVCNN [ 2 5§ 18 K T SCilik
[13]f9 CNN ALY () S50k, (HIHA RN, 0= B SCHR[13]/9 CNN BETRCR T 486 1,
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(c) confusion matrix of the Attention~-CVCNN under 6 dB

Fig.5 Confusion matrix of different network models under 6 dB
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Fig.6 Accuracy curves of different network models under the same SNR
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