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Abstract: An automatic modulation recognition methodology based on multi-scale features cross fusion is proposed to address the problem
of limited recognition accuracy caused by insufficient feature extraction and utilization in existing deep learning-based modulation
recognition methods. The automatic modulation recognition methodology proposed in this paper is based on deep learning model. Firstly,
the 1Q modulation signal is split into I signal and Q signal to form two inputs for the model. Subsequently, a multi-scale features
extraction module is designed to effectively suppress signal noise, and on this basis, multi-scale features of the signal were extracted for
modulation recognition. Then, a feature fusion module based on cross attention was designed to deeply fuse the multi-scale features
extracted from the I signal and Q signal using the cross attention mechanism. Finally, the modulation recognition results were output.
The experiments were conducted based on the benchmark dataset RadioML2016. 10A and RadioML2016. 10B in the field of modulation
recognition. Compared to existing mainstream deep learning-based recognition models, the average recognition accuracy of the proposed
methodology in the full signal-to-noise ratio ( SNR) range is 57.17% and 62.18% respectively on RadioML2016. 10A and
RadioML2016. 10B dataset, representing an improvement of more than 4. 92% and 4. 16%. The performance under low SNR conditions
is also better than existing mainstream recognition models, and the recognition accuracy under high SNR conditions has been improved by
2.74% and 1.43% respectively. The experimental results show that the proposed methodology effectively improves the accuracy of signal
automatic modulation recognition and overcomes the shortcomings of existing methods, such as sensitivity to noise and insufficient feature
utilization.
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Fig. 1 The architecture of proposed deep learning network
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Fig.2 The structure of multi-scale features extraction module
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Table 2 The recognition accuracy of different methods under different SNR conditions on RadioML2016. 10A dataset

(%)
Ik -20 dB -16 dB -12 dB -8 dB -4 dB 0 dB 4 dB 8 dB 12 dB 16 dB 18 dB
CNN1 9.09 9. 68 14.37 37.86 65. 45 76.18 77.95 77.91 78.95 78.95 79.77
CNN2 9.82 9.77 14. 45 33.32 68. 86 81.23 82.00 81. 14 81. 05 83. 18 82.77
ResNet 9.59 9.59 12.27 32.22 58.23 75.91 78.59 80. 36 80. 41 81.41 80. 14
DenseNet 9.55 9.91 13.77 34.05 61.50 72.72 76. 36 75.91 76. 05 76.73 76.95
MCNET 9.32 9.23 13. 86 36.41 63.77 77.45 80. 05 80. 00 80.23 81.45 81.05
A3 9.91 10. 00 16.73 33.73 61.68 80. 14 85.32 84.73 85.09 85. 86 85.32
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Table 3 The recognition accuracy of different methods under different SNR conditions on RadioML.2016. 10B dataset
(%)
Ik -20 dB -16 dB -12 dB -8 dB -4 dB 0 dB 4 dB 8 dB 12 dB 16 dB 18 dB
CNNI1 10.93 11. 34 18.12 41.24 66. 35 80. 68 83.41 83.48 83.85 82. 87 83.53
CNN2 10. 61 11. 46 15.73 36.78 64.23 84. 10 88.32 88. 63 88.33 87. 66 88. 64
ResNet 10. 61 11. 60 18.76 36. 81 59. 38 81.53 85.53 85.96 86. 18 85.78 86.23
DenseNet 10. 48 11.23 16. 86 37.36 63.13 79.91 84. 84 85. 82 85.77 85.37 85.61
MCNET 10.23 11.35 17. 40 38.26 66. 85 83.17 84.94 85.33 85.13 85.07 84.57
KNS 11. 07 12. 39 21.38 40. 06 70.70 87.42 89.43 89. 92 89. 41 89. 42 89.74

WHER R, % 4 P EM XA HE T [ -20 dB,
0dB].[2dB, 18 dB] LI K& EMbIX ], " LIES], 1
J6,7E[ -20 dB, 0 dB ] FMIRAR M b X 8] & A SO i 7
RadioM1.2016. 10A (#5403 R Ny 34. 52% , ¢
RadioML.2016. 10B #4448 I 0 F- X ERG R A 39. 74% , 34
AT HAB KT 7% /I £E 0 dB LA EAO{E IR L X TH] ||

A )T B AE RadioM1.2016. 10A B4 48 46 | (47 1 i o oK
84, 84% , M F H A X H Oy vE, BT T 2.74% ~
8.70% ,7E RadioML2016. 10B (44 I 1 - 34 i i %k
89. 61% ,AHE T HABXT L 57, 38T T 1. 43% ~ 6. 43%;
AR FEAFWE L IX A |, A SC T 5 7E RadioML2016. 10A
B ER TR e RN 57, 17% , M1 e T Hodth )5 vk, F
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Table 4 The average recognition accuracy of different methods on different SNR intervals

(%)

J5ik BiEdE [-20 dB,0 dB] [2 dB,18 dB] [-20 dB,18 dB]
CNN1 34.26 78.59 54.20
CNN2 34.27 82. 10 55.79
ResNet ) 31.76 79.98 53.46
RadioML.2016. 10A
DenseNet 32.70 76. 14 52.25
MCNET 34.32 80.73 55.20
AR 34.52 84. 84 57.17
CNN1 37. 44 83.18 58.02
CNN2 36. 14 88. 18 59.56
ResNet 35.80 85. 81 58.31
RadioML2016. 10B
DenseNet 35.78 85.20 58.02
MCNET 37.22 85.01 58.72
A 39.74 89. 61 62.18

HE— 200 AR SCETT 1 TH il S 90 R TR 4 S 1 I 2%
R R BIE . Ours-Multiscale /R8I H A
2 NOFEFEAE SR IO R ik il G S p ) P 3 i 4 A0
Ours-Cross e/ HA 22 E B I FHMER 5B, Z R
BERFAE S U AR E 1 45 BRI, 3R 5 W TEAS AT 4K
I S I = . S Ml 7 SN I < S B €
RadioML.2016. 10A {4} % F1 RadioML2016. 10B % 4} 4k
B ARSI B MER R I BUR T RAF AR . 5 Ours-
Multiscale F1 Ours-Cross & & A H, A& € 7 &% 7&
RadioMI.2016. 10A % 45 % & 70 %l §2 T+ 1 1. 18% Al
5.62% ,7£ RadioML2016. 10B 4 4L [T+ T 7.93%,
R T 22 RUBERRAE B2 OB HR AR AIE Filt 5 455 P 1 A 2801k
] LLFE F|, Ours-Multiscale #5850 AN UNAS SC R | 3%
WITERFIE SR IS | & FE A FRAE Al G AT DA — 20 B FH A A
REHE s [A]H}  Ours-Multiscale #5380 B4 F Ours-Cross
R X AT BE & KA Ours-Cross #5875 B85 SR A5 R AF fil & Bl
il {H Z I RRAE B OB 3 BORANEE , i ARl 5 R8CR LA
ARG, B R O TR S ORRHIE il 5 e, A fig
TP AR TR AL RBOR

x5 ARFEELHHMIHER
Table 5 Ablation experiments on different datasets

7k

RadioML2016. 10A RadioML2016. 10A

Ours-Multiscale 55.99 58.90
Ours-Cross 51.55 54.25
AL 57.17 62. 18

A, K 8 19 7R 437l A RadioM1.2016. 10A 1
RadioM1.2016. 10B 4 I, AR SO - 58X 5 15 4
dB B R RE B a2 TR VA HE B T L BN R D7 TR AR AN
i = W2 O R SN N = TP 1 ) B e e .2
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Fig. 8 Confusion matrices of different methods at

4 dB on RadioML2016. 10A dataset

RadioML2016. 10A ¥#i 4 I, A SCJ5 ¥ /E AM-DSB | AM-
SSB .BPSK , CPFSK , GFSK . 4-PAM , QPSK %5 1 il 5 = I
B 228 B UM BOR U v A 2415 31 90% LA T,
HoAth 5 ¥ AR B £ 0] J8, 41 CNN1 ., ResNet , DenseNet .
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MCNET %577 VE7E 16-QAM 64-QAM  WBFM 453 i 77 =X,
AR A R R AT CNN2 £E 16-QAM , 64-QAM , WBFM
G RS EAAEAR R, £E RadioML2016. 10B %4
P4 b, A )5 B fE 8PSK ., AM-DSB . BPSK , CPFSK |
GFSK 4-PAM ,QPSK 314 T #23 53k F 100% 137
IERR A 7 220 5 RadioML2016. 10A U 48 19 45
R FEERZ N, 5HA T XTI, A SO i TR
A RE BT A 2 T IVE T, R B T AR SO T S AL
E [ B o 5 2R 3], A SO R AE 16-QAM Fl WBEM 454
il ARSI AR AEE—EIRER SR, X
WG R TT 7
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Fig. 9 Confusion matrices of different methods at
4 dB on RadioML2016. 10B dataset
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