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Progressive neural architecture search based automatic modulation

classification method

CHEN Xiaofeng, ZHANG Xixi, GUI Guan
(College of Telecommunications and Information Engineering, Nanjing University of Posts and Telecommunications ,

Nanjing Jiangsu 210003, China)

Abstract: In recent years, deep learning methods have been widely applied in the field of signal
processing and have achieved good results. Deep learning methods can automatically acquire useful
signal features from massive signal data using neural network models designed by experts, but the
manual design of deep neural network models remains a time—consuming and error—prone process. To
address this, a method for Automatic Modulation Classification(AMC) based on progressive neural
architecture search is proposed. This method can automatically design network structures according to
specific modulation classification tasks and obtain the optimal lightweight deep neural network by
following a search strategy that maximizes the model performance. Simulation results show that compared
to deep learning—based modulation classification methods, the proposed method can achieve optimal
modulation classification accuracy without manual design of neural networks, with low parameter volume
and floating—point operations, achieving an average recognition accuracy up to 92.82%.

Keywords: Automatic Modulation Classification; deep learning; progressive neural architecture

search; lightweight deep neural network
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Fig.1 The process of dataset generation
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Fig.5 Three stages of the model search process
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Tablel Parameter setting

parameter value
modulation type BPSK,QPSK,8PSK,2FSK,4FSK,8FSK,MSK,QAM
Doppler shift/Hz 100
input 16x16
input channel 16
searching stage:batchsize 256
training stage:batchsize 128
searching stage:learning rate 0.1
training stage:learning rate 0.025
searching stage ratio of training set to verification set 5:5
training stage:ratio of training set to verification set 7:3

A SCHE T 6 Fl DL W 4% B8, 4 5 4 AlexNet. InceptionV2, VGGI16. ResNetl8. MobileNetV3
DenseNet121, Jf5| AZ| AMCHE 55 R % L 5250 . O B8 47 3l 35 37 DL O 25 #5570 7 B0 552 6 v o o] i 45 5 S 0s 4R 1
YR 2 x 128 56725 0 16 x 16, FFXF W 45 A5 AU R AT G0, FE B A H 50 2 S B BURE M 2P KON 2 /3 1, IR
WEAG B B S, AR SO 6 B 45 I 8 T AR IR A I 2 28k, B batchsize by 128, #If 2421 %4 0.025,
epoch 4 150, I R4 5 4R 19 Ly 7:3

32 LR

Zt R AR 3D E S, 8RR L ) Normal cell # Reduction cell 1E 6 F1K 7 i~ , HiX 24 cell HE
B B AN, SR G 2 i B RN 25 B B A5 B R IS 5 0 B R o X B A0 I £ AR A AT, 9 B A
Tl SNR T 114 73 28 1 ff 238 01 3% A X 208 A5 28 1 S BT i e KT 8 536 2 i

ME2H A LLEH, 3T DL Y AMC 7k, P 68 & i 19 J& MobileNetV3, 2 Ff 3 F NAS [ AMC J7 i -
DARTS #l PDARTS(Progressive DARTS) - 34 fE i SR AR AE 92% UL b, HAFEUMER R E i T 6 M3 T DL A AMC i
%o EZNYJE, PDARTS 1S4 b MobileNetV3 il /> 3T 244 15, HE B L MERBMS 2] T KT . NIE 8 il
DLUA R, MR T NAS (9 AMC J5 ¥ 16 5 — 4> SNR _E (943 2 i R 0 L 56 T DL (19 AMC J5 Bk B0, FR 91
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Fig.8 The classification accuracies of eight network models with different SNRs
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Table2 The average accuracy and computational cost of eight network models

network model average accuracy/% parameter amount FLOPs
AlexNet 85.48 466 216 18 727 000
DenseNet121 90.69 7 467 000 444 875 000
VGG16 90.39 15771 000 3770 000 000
InceptionV2 72.64 7 334 000 11 005 000
MobileNetV3 91.15 3215000 44 374 000
ResNet18 90.73 11 172 000 138 871 000
DARTS 92.02 19992 3051 000
PDARTS 92.82 13 160 3122000

M2 ME 8t n] LF H, T it NAS 1
AMC J7 ¥ (PDARTS) 5 3t F NAS ) AMC J7 ¥
(DARTS)7E sr e MEfE F A — & 3T+, PDARTS (¥
W RIETE T 0.8%, SEEIWM /DT 1.5,

3 WIRITIEAE AR R B BEE ISR epoch AP ST ABIN ]
Table3 The average time consumption of the two methods to complete

each epoch in the network model searching stage

method the average training time per epoch/s
DAL Ay 33 9 o v B 4 R I B LY epoch AN [R), HRER M) DARTS 255
g I E L e o VI = SN 17 N/ P 7S [ A € = AL | PDARTS stage | 223
WA BN RISRE, 50081440 B B 5E % PDARTS stage 2 122
A epoch T il B0 H B (], LZE RN 3 s . PDARTS stage 3 9

M3 Hal LU Y, 3 T ik X NAS /) AMC 75774 1Y
3B B4 epoch [ F- 2 115 #E I (8] AR 7632 20 FE AR, EL3% U5 T NAS 9 AMC 7&K, L, 3% T ¥ kU NAS 19
AMC J7 ¥ BE 8 01 47 i 58 WUAS SCHY AMC AT 55, K 8 BU A9 23 25 kg
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