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Lightweight modulation recognition method based on AG-CNN

Tao Zhiyong Yan Minghao Liu Ying Du Futing

(School of Electronic and Information Engineering, Liaoning Technical University , Huludao 125105, China)

Abstract:In view of the problems of large model volume, high computation and unable to deploy to mobile terminal in the blind
recognition of modulation mode in traditional convolutional neural network, a modulation recognition method of attention and Ghost
convolution neural network ( AG- CNN) based on dual attention mechanism and ghost module is proposed. The modulation signal is
mapped to complex space, the map points are processed by the normalized point density, and the higher order feature density
constellation is obtained. The feature is used as input of AG-CNN model for learning training, the trained model is finally used to identify
the unknown signal received by the receiver. The experimental results show that the recognition rate of density constellation map with
sampling point of 10 000 is over 99.95% by AG-CNN model. Compared with CNN model with the same number of layers, the
convolution layer parameter is compressed by 6. 01 times and the calculation amount is 6. 76 times. Compared with VGG-16, Inception
V3, ResNet-50, Shufflenet, Eficientnet and other convolutional network models, the number of parameters and floating-point operations
decreases significantly, and in the case of saving learning parameters and reducing the complexity of the model, it shows excellent
classification performance.

Keywords : modulation blind recognition; density constellation; deep learning; Ghost module; dual attention mechanism

A — A, T R A S U R A PR
HET YRS )y SR TRER L A
RIS A B T BU IR R () AL, 4 S B R IR,

0 35l

il

5 B ] 1 SRR BRI 5 2 A 155 B
T EETE S B AR (5 B0 Ve 2 B s A R, B E
JICAy LR ) 0 R 15 A5 A6 A b 21 TR

Wk H . 2021-06-21 Received Date: 2021-06-21

BRGNS HPER S J5 20K IR PR 3 )
RO 8 R R DT, 3o PN 5 T Ak BELATH 3] L A T
A3 PR A5 g BT RRAIE , T SR 2 2 I 208 25 07 3k 73 S T

w BL AT H | GCH S & TR H <B4 b A A SR R 45 OF- 5 0F A& 5 8T (2018 YFB1403303) 1 H % B



©242 - S 1[I I IV = 3

5536 4%

F, PR S R AT, IR B, B R AR
Pk o e R R PR AT DLE — A5 PR A o] — el 50 i A 30 o
155 MR T 807 A5 5 00 i 8 00 4, 25 H Al 72 3 B 4
T, & 2 H B LS 5 B 45 # L K 4% b AN [ 81 DR 285
M R 7 R 2 T B . Mobasseri- & 5
P& A FE S BRI S e br ik, BRI C B R
X, AV RS A, FaAUH S e IR A
e, SR TR S I BR 15 1 2 AR08, FEAHE SR H
VTR ROy BEIOCR 28 rpun 5 AR L g PR AR AR 3R £ 7 DT
B, SIEAESR VR EE S I AEHL R I | AR TE S A E
TEE N T ARSI R AR T E KR, A R ] g
BET R BB WEIEE ARG R PR B 2 2 i s iod
R PRI R A TR R0 B4 T B, Peng 25 1 FH IR HI45 5 (1
EEEHIA CNN )28 R] AlexNet 55 GoogleNet #47
Yk, 523 T QPSK 8PSK  16QAM HI 64QAM Z5 1) i i
KA 532E TR OB BE 1] | 38 i J3E P | =3 e
Xof R R A R A RE I, Wang 2550 32 (6 — b 5
JZ CNN 254 52 BT MPSK \ MQAM #yiE51, 4387 1 Ak
A 54 B AR X B 3 RS SR R A5 B R34, 5
BP-ANN SVM S5 #L & 2% > B3k A7 S 30 %t be, R W] T
CNN B¥E7E & 2% B 5 10 A9 v A5 . Kumar %5 48 H 4l
FHH 70 R 45 25/ F Y Inception_ResNetV2 #4743 251
R JEXT MASK \MPSK \MQAM SE3328 | FEX R H (1Y
ANTRLHE R 5 20532, S0 50 45 S B 23 2 R0 AR A B
AT BRI A R By TR K TR

e iR Oy b N TR BURRE & o & 2%, BLAE
RCAF M PRI T TR RIS ) B2 JC vk DR iE, (i IR B 2 2] B3
BOXHE SRR T 4028 e T N T ARRIE SR BOA Y | sk
X 2 SR TR A ARS8 R AT R L R B T
P E S i 1 FH 2 9 TR P T 2 2] BRI K
BT R RS TO TR PR R A A PR N A
BRI, BT SE PR S . A SCHR P T AG-
CNN M52 s g GIR A 7 i i 51 AU = L S
Ghost JEAABEHL Sz P XT CNN B R B AL RUR . %7
2 SR TR G 2 A s R AR R T — fh S
XoF RS AR A T € A B A5 30 R O 2 R R e IR 5
FRIEAESN AG-CNN BEHY i g A 47 2% 2 I 25 SR 5 AR 4
YINZRIT AR X o B2 OB I A S 5 R TR,
F AG-CNN (% i R IR T 2k RE % A Ak i A1) FH 2
JAE PR RRAE R4 T 5501 R 3 T S R A 45 3
P, BB R A

1 E-F AG-CNN BJAGIMS S0 5 F %

FTF AG-CNN Bl #E SR B ka1 frw, N
WEERSCR SE T S, 55 27 L 5w 4 i

P RIES (0 H T 52 BRAR 1 L b i 2 A8 8500 55 A
L AGE S M G, 1 SR BIBHAY , %7
ORI B GE 55, 26 A R R iR R 50, KA
il St 22 a5 8], 5 F) 1.Q HhIE IR 7B (0 e ) 7
AL BT B L AR IR P 8 R A A 1135 A AG-CNIN A
RUPLHURRAE R4 143 2000, 45 28 A5 5 A9 28 7Y S 45 100
SHGE Z VRS VR AR S B B B 5
HEFT AR

N > o |[ARES IR
Y
5L
= L \ HHSE [ ac.onN
i wAE  |< )

Bl 1 BT AG-CNN 3 IS0 i
Fig. 1 Modulation signal recognition method based on AG-CNN
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Fig.2  I-Q modulation mapping constellation
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—E BT DL 38, 7 A 7 W L PR I5E v | AR A0 T Al 1
2%, AG-CNN HRLA [0l AF 2% F1-measure JLH W

%X 4 SNR=0-~8 dB ff F1-measure XLt
Table 4 Comparison of F1 measure when SNR = 0~8 dB

o {5 (SNR)
0 dB 1 dB 2 dB 3 dB 4 dB 5 dB 6 dB 7 dB 8 dB

AG-CNN 0.992 0 0.992 0 0.994 0 0.994 0 0.998 0 1.000 O 1.000 0 1..000 O 1.000 O
A-CNN 0.743 8 0.776 9 0.767 2 0.810 3 0.835 4 0.849 8 0.8525 0. 860 8 0.926 9
G-CNN 0.936 7 0.952 3 0.968 0 0.980 1 0.9820 0.998 0 0.996 0 1.000 O 1.000 0
InceptionV3 0.992 1 0.984 1 0.990 2 0.986 2 0.990 2 0.998 0 1.000 0 1..000 O 1.000 0
ResNet-50 0.857 5 0.875 8 0.9325 0.933 0 0.972 6 0. 986 1 0.994 0 0.994 0 0.998 0
VGG-16 0.994 0 0.992 0 1.000 0 0.996 0 0.992 0 1.000 0 0. 996 0 0.998 0 1..000 0
ShuffelNet 0.847 6 0.864 8 0.867 7 0.8770 0.898 6 0.902 6 0.908 5 0.924 9 0.957 5
EfficientNet 0.972 8 0.941 8 0.970 2 0.965 6 0.964 4 0.982 7 0.992 0 1..000 O 1.000 0

BRI G ()25 [A) 52 2 5 ] LAl AR R R )1 25 5 5
54 AR K /N 5 B AG-CNN 5 VGG-16 . InceptionV3
ResNet-50 ShuffleNet . EfficientNet 4 25 [] & Z% B %} Lt 40
5 i, BT Ghost BEHAY“ BRAN” #0E , 58 R 6
Uz 75 M 25 1 I 25 2 5000 SAss U /N He 4 8O ]
W, FH B F VGG-16, InceptionV3 | ResNet-50 , ShuffleNet
EfficientNet, Z ¥4 & 43 5 3 2> T 99.56% . 97.57% .
97.75% .38. 37% .86. 78%

A ) &2 2% BE AT DL 8 I 4 38 55 80 (floating point
operations, FLOPs ) #4175 , 7EAH[R] 9 SE 40 2606, ank
5 Jif 25, AG-CNN # A ) FLOPs # # F VGG-16,
InceptionV3  ResNet-50 | ShuffleNet | EfficientNet A9 R
T 98.79% .97.03% .95. 86% .—30. 77% 70. 18%

x5 THRERESHESHRE L
Table 5 Comparison of space complexity
and time complexity

R IS Hdl/M RN/ MB GFLOPs

VGG-16 121. 68 464. 17 14. 00
InceptionV3 21.80 83. 14 5.73
ResNet-50 23.51 89. 69 4.11
ShuffleNet 0.86 3.28 0.13
EfficientNet 4.01 15.31 0.57

AG-CNN 0.53 2.06 0.17

i XF L 3256 BT %0, AG-CNN A U 5 AR 31E 4% T0 48 B ARG
75 B T, AT SRR RS TR S AL S A A
23 [A) 52 2% g 55 I 1) 520 2% B 1 R I e, DRI I A S o
F£F AG-CNN B iRSESI J7iE 2 vT AT, B — & 1 ik
FEMME,

3 & i
e 5 R E DM 1 4T A 4 A

P AR SCRERE 25 > SR T BN AT 45 4 B XL 5t
M2 PR IR AR GBS R TCIk AR 2 2l v S 7]

AR —F AG-CNN BB AT 73 26U, 5 | AR R )
PLHIAEER S Ghost B8, 5L 58 J5 W X) LL | BE A% I8 2 Xof
SRS I H RAORE  E  1 NTRPAE B IS 2% S5 )
ez AR BE 24 2] B, AG-CNN B 25 T0 PF- Ay 45 B3 44
G AR L2 M 4 | HAR AL 25 (1) 2 4 2 5 1) (1) 52
JE SR IR ST 1R Dl {5 S AR G AT Ml R A2 o
HC P A A0 A A A IR SREA RUCSCRRIR BE 27 )
DRI S o 3T R A AR Al LUK TR 2 )
IR T G 5 I ) 5 AU
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