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Modulation recognition method based on complex-value
convolution and adaptive wavelet

Liu Hao' Lu Jin'* Li Peng' Li Chengxing'
(1. School of Information, Yunnan University, Kunming 650504, China;2. Key Laboratory of

Internet of Things Technology and Application in Yunnan Province Universities, Yunnan University, Kunming 650504, China)

Abstract: Aiming at the problem that the existing deep learning modulation recognition methods’ recognition rate is
low under low SNR conditions and Insufficiently extracts and utilizes signal features, an Adaptive Wavelet and Multi-
fusion Complex-value Dense Convolutional Neural Networks (AW-MCDCN) is proposed. The AW-MCDCN takes both
1Q and AP signals as inputs, employing dense connections to construct a deep network that comprehensively extracts
temporal features from 1Q signals while incorporating AP signals to form heterogeneous feature complementarity. We
further improve the classical complex-valued convolutional network by proposing a novel complex-valued cross
convolution network based on complex convolution principles. Additionally, to resolve the excessive parameter quantity
in traditional complex-valued networks, we embed a learnable wavelet decomposition layer that adaptively captures
multi-scale signal features while incorporating frequencydomain characteristics. Experimental results demonstrate that
our model achieves 98. 31% peak recognition accuracy and 64.59% average accuracy on the RML2018. 0la dataset,
outperforming traditional network architectures by 1.65% ~ 18.91% improvement margins, thus attaining SOTA
performance.

Keywords: modulation recognition; complex-valued convolution; multi-fusion; densely connected; adaptive

wavelet decomposition
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MER N FE T ARRAES 1 vk L SR T B BRAR T4 S R 4
B PR S TR O AR IR RO B 2 AL R S T L
F18 ] T SR D7 vk X DA 2 Y T B A A S B R I oK .
SEF W AMR ik EM MM F N EEES A&
N B SR ST

Ik, L& B 4 M 4% (convolutional neural
network, CNN) 1 1§ ¥ #ft Z& M 4% (recurrent neural
network, RNN) & 1% 2 i ¥ B 2% 2] (deep learning, DL) 7£
AMR U T S PE RE L O' Shea %5 482 i H4 [] i 1E 52
{55 (in-phase and quadrature, 1Q) % A %2 W 4% 47
WLk, I FH GNU Radio JE£k HLF & i /E RML2016. 10a
IR, N T MRS R R P T A A L R S
Zhang 55" 5IAT S TE AR RS BUR 0 75 0K B0 AR I
B R TR A SCERC10 PR CNN 5 RNN #4754
B TR T AR X 2 18] 5 s [R] R AT A B BRURE 97 L IR 00 25
Bt —2 7. MCLDNN"YZE e it B 0] 2% (& 1Q £ 38
T ARHE , (751 00 0 T s A 45 2R . Zhang
DR T — B R T A N /D B4 i B4 Cadaptive
wavelet network, AWN-Net) K #2 {5 5 30 B 4 1F, T+
KA BN B HE— 25 A 1Q 155 e Ak U AT 1R L 3 s I
i BN 45 (GAND M R 5 0 47 [ M A 1, 42 78 T 1
S AEARAT MR UL SR T YR B L SRR IR O T AR A T S
BHIHAERE R EFRS, H5l A GAN S EHR 1z
ThBET 2%,

B AR BRTTE R B R B U 6 AMR A K 5 0 57, (H X
AR B T30 58 Y SE A A AR i 2 /i B SR Sl SR 5
AR T EE IQE S, ZE B ML T L H
A FARNL 5 IR AF B P A T CNN iR Ky tEfg.
BRE15 8% i ) — 2t 35 FH 52 B0 & 1E 45 BRI 4% (complex-
valued convolutional neural network, C-CNN) , 5Z 5 {iF #f ,
FIEE CNN A 5 A9 3R R SClik[16 JH C-CNN 5 it
T CNN.#§ CLDNN " J& 2| 75 Bty e 8l 7 2 AR

PR % IR 5 3k oK 22 5 i S {E 45 AR 28 1Q 15
5 rp SIS 5 R A 06 R FL SO B — T 4 R AL, TR ik
X B QAM S5 5 2R PR il 5 5 AT IE 8 4y B IR, A
WIT T —FP T 38 NN A3 i 1 2 G S TR R %
Bef 22 W 2% (adaptive wavelet and multi-fusion complex-
networks, AW-
MCDCN) . ASCH EZTTHA : Dk 7 C-CNNL %3 T
HAH A X 4 LM 2% (complex-valued cross-convolutional
Network, C-CCN) , Jf: 3R JT 9% £ 7% 45 1 gt % 2 I 45 % 3¢ 43
W IQ 15 5 B B AR AE . 2) [F B A & {8 A 47 5 5
(amplitude and phase, AP)JE 8 5 #4 FRAE B4R , 38 5 ) 2% ¢
TESEIAE T . 30 Dy fifk A% 8 52 (1 I 4% 2 5 ik 3k oK Y 1) 2L
AT 22 3] /N A3 R J2 3 51 AR A B2 v R %6

1 fEemm
AL 15 R 45 2 9 B (0 5 0
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value dense convolutional neural
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C=g , XL ARAE B 23 55 2Z 0 i J2 i RRAE B DR e — i
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ESHEER L CDCN B £ & #[3.5,7,3,5,
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Wl = 24T 28 WA e, &
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BRRE IQ 5 AP Nkl 3¢ 1,

3) B 3 /N A A A R

RV 30 3 5 A3 9 B, e 2445 B A T I B R A A A
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Ky, MHHEERFESEER -TNELR, B AR
iEl AT B i N /N B 4 (adaptive
decomposition, AWD) M 4 e, Ui /> 2 B Y [7) i {5 45 4
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3 R /NI A R N 8] 4 TR .
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X FATIMEERS AE A RS B AF RN G &

PG E L IEHR 6+ 2 ¢ 2 (9 o) 2 N 25 46 38 U 4
WA, M A RML2016. 107 5045 4 . RML2018 4
Rk TEZMAEG TR S EE R BN T E L
FRBfESRTPNERGES WA EZNES A, BN
A T A SR R R

%1 RML2018.01a HIEEMSH

Table 1 Parameters of RML2018. 01a dataset
SRR HIRZH
FEA R 1Q ## 2 X1 024
FEA i 2 555 904
A 1 28 A A 24
fr M L YL [E]/ dB —20:2:30
SR SIEN HDF5 3
P e b
D 7 e A 1T [ i 3% 452

T HOE HE R B AL BRIV B 512, F1 IR 2
FEEEN0.001, R Adam AL AT I, FNES
BOHEAT L2 NS A E I 1 X107 I B S8
AHEATENAL . 25 JE ] Cepoch) i _E BR300, 4 H] H
AL, IR R AR E AR AE 7 RN IRA R R s R I
g, A1 B R F A% 5% R ko2 2] 3208 B 25 8 B A i Ml 8
SHBEE E T _max=100,8/NEJ RN 1X107°, FLEH
T Pytorch2. 0.1 #l NVIDIA Cudall. 8 % 2 S HEH,
CPU H 11 fREEZE 19 A # 2% .GPU A GeForce RTX 3090,
AR SO RN (D) R, A EE 1 3B R A8 SRR
JH T B AR T 00 ARE R 53 A 5 B S AR A 2 IR Y 25 L S A
AT 45 WO AR S BRI 55 2 3B R 3E 0T /0N I 4 e 4 4
A T AR A R (AN R EO W v 30t g
FEOF &I o R B 5 55 3 T4 o B R /NI G A 1Y 34 4
P ARSI 43 1 GE LR FO 76 A4 7 4 R )2 9% Rl i — 3%

%34
PR R RIZUE S, A, 5 A, BiRE N 0.01,
L= —Zf;y,log@)ﬂli |HY |+
,\E L9 —LG+DI, (13)

i=0

3.2 FAEMKEEHTEE L1

AR SCIEF T LA R Se HERTHT (state of the art, SOTA )
ISk JE AT B, U E CNN™Y, ResNet™” , CLDNNM", C-
CLDNN"*, MCLDNN"", PET-CGDNN"" , AWN -Net"'* ,

2 JBIR T A BUHE 4E RML2018. 01a | ) F1Y
TN AR | 5 v U 2R A5 00 2 4, 1] 2 i i) L 0 3iF 46 48 2 LA
RN s, CNN ME N AMR 4558 (19 25 SUAE 0 1e & Z= 1
PURME S5 b 2R 80 R B o J B P o JHL e )23 AR A1 B2 T i 7 ¥ LA
N E SR 2R, CLDNN F ] CNN Y 28 [A] 45 1F
LB LSTM (14 I 7 4 i 0 A 3488 ) FL A RE TR T+ T
BERIPERE AL 2 T, C-CLDNN S@ i it A B HiE 8, S
HEMEENELTESERMER R ERS T H
FIAERG 2 . ResNet a1 £ J2 1Y 5% 2 4 57 44 2 IR 1 45 1F
S UE B T2 4 G R SR A E . MCLDNN i
i Z R E B A YR T R AR R, (H [F A 280 5 U 2k
[, S I, U Rk R B K . PET-CGDNN %t 1/Q 15 5
AT T S8 T 5 5% 4, 7885 )8 52 TH 9 R i 52 30 2 405
a5 R RAF 0T R N B E . AWN-Net IIA T A&
NN S ff L T SO B AR 5 10 2 RO RRAE , S 24 35U R
PEFF0.99% . TMASSCHEH B AW-MCDCN i 455 4 38 3 22
b 1 ) IS = I Tl VAR N i L < 12 B v |
64.59 %  AH L H A BRI 4R AT 1. 6526 ~18.91% . H e i
PUNZRIE BT 98. 39 % . P14 S/ B UE 2% . BRI it
5] 5 WSO HOT R B BB L (02 B F 2 £ I 2R B ) 7T 38
i o A S IR AT A Ak L R R i S A S S R HL R AR R
W ERBA TR T . S 508 R K B AWN-Net 2>
T4 28.67%, BAK T L THEMNES,

Fx2 FTHE#EEE RML2018. 01a E Ry RELL &

Table 2 Performance comparison of all models on RML2018. 01a

3 FEPUIR 0 wEIRBIER o BERCE I (epoch/s)  BRAFAESIK  IIZAE K (epoch)
CNN 45. 68 68. 91 1364 524 109. 37 1.4249 158
CLDNN 54. 97 86. 50 884 574 56. 44 1.214 6 100
C-CLDNN 60. 76 94. 60 730 672 312. 46 1.115 2 54
ResNet 60. 95 97.16 148 600 136. 20 1.205 3 42
MCLDNN 61. 59 97.04 407 863 513.17 1.110 5 156
PET-CGDNN 61. 95 96. 28 97 142 258. 31 1.131 6 78
AWN-Net 62. 94 97.37 304 984 179. 64 1.094 6 54
AW-MCDCN 64.59 98. 39 217 559 333.99 1.041 7 103

B 5 BT A B ALTE S A 45 M HL R R B Rl 6.
CLDNN 7£ SNR & —8 dB B iR B R R ML T CNN, M

K& 5 thaf DLE H C-CLDNN B F — 1 & T CLDNN, jiE
BT & BURRAE G 32 B ) T 45 A 0 o 1 R PR AT 5K
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B PTMERS PR RE DA T £ 38 8 i A 9 MCLDNN 7£ SNR=
2 dB B KSR T C-CLDNN, B 4R7E SNR A 0 dB i,
Y R ) R AL AR T, AW-MCDCN {7} 68 15 3 5% 55
1 3 % A X EC il B RS R R TE 18,9196 9. 38%
4.9%.7.19%.5. 91% .4. 89%.3. 59 % , I HLFf 5 {5 M Lh 11
B R RERAL T 2~10 dB IS A —EM T T
B 21T » AW-MCDCN 3 i3 $2 BOR [6] #3 4F #F 17 5 #h, fE
e —E WA TR SR g S AR 35 S A 1 PR 66 S DLk
F At AE

T HWAKI AW-MCDCN X 5 18 1 15 5 19 X 43 6%
J1, 6 BN TSN 8 dB B I A AR R A TR VE SR I
r A A A 2R 8 45 5 1 S 2] A A A 2 B R (1 T
U2 531, 36T g 2 1 0 Dy B 00 00 1 R 0 3% R R ) T A 3R
W . MK 6 ATLIE L 7E 8 dB iF AW-MCDCN X UL 5 1R
WS m it S AR 31 %, 4 16PSK. 32PSK, 16 APSK .
128APSK, 32QAM #B B A& 100% fiR M, H %t T 64,
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Fig.5 Performance comparison of all models at —20 dB to 30 dB
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Table 3 Ablation study results
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Table 4 Impact of different wavelet decomposition levels on

model performance
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