%26k HSH BMARERT K¥YZER Vol.26  No.5
2021 4F 10 A JOURNAL OF HARBIN UNIVERSITY OF SCIENCE AND TECHNOLOGY Oct. 2021

M RAHBEERMEM KR F MPSK F5#H 73X

TEW, ke, EAT, REE, BEHZ
(L. W/RBEBIT K% MHEEHE A AT T A 150080,
2. RS A URREER, 1A 2 487 ~8501)

H EMAEALTRERGHRE LR, EFHPZ M AR LR S E R P 81515 585 R3] 4
B APATECFAEF AARAS SR L 69 1R A A 41K 09 B, R A InceptionResNetV2 B 4 5 it 4% 1 fe
AL F R T —FA 23 A AR 2 H InceptionResnetV2-TA , 5 MPSK 42 5 6938 4] 7 X,
HATIRA], R KA, fEk 1k A 3dB B, InceptionResnetV2-TA F BPSK &9 4% 7] £ £ %] 99.33% , 1k
KARABER InceptionResNetV2 )t 3% . *F QPSK #9472 %] &34 2] 95. 33% , Hb InceptionResNetV2 2 th
2% , % 8PSK #4925 % ik 3] 86. 33% , bk InceptionResNetV2 & 5% , 45 b &4 T 4 E R In-
ceptionResnetV2-TA , 3t BPSK ,QPSK F= 8PSK 2 AkA5 %k b ¢ 17 5 48 5 5 T A pb szt b ik, Flotia
E T 1 AF A R BE A 6 A A

SRR A IR B s B AAY 22 W) 45 5 iE 45 3 BT ; InceptionResNet V2

DOI:10. 15938/]. jhust. 2021.05. 013

hESHES; TP391. 4 MERFRASRS: A X EHS: 1007-2683(2021)05-0097-07

Modulation Recognition of MPSK Signals Based
on Novel Convolutional Neural Network

WANG Ai-li',  ZHANG Jia-wei', JIANG Kai-yuan', WU Hai-bin', Yuji hwahori’

(1. School of Measurement-Control Technology and Communication Engineering, Harbin University of Science and Technology
Harbin 150080, China;

2. Department of Computer Science, Chubu University, Aichi 487-8501, Japan)

Abstract ; With the rapid development of artificial intelligence, convolutional neural network is more and more
applied to the field of communication signal modulation recognition. Aiming at the problem of low recognition
accuracy of digital signals at low SNR, a modulation recognition model named InceptionresnetV2-TA was studied by
combining InceptionresnetV2 network with migration adaptation to identify the modulation mode of MPSK
signals. The results show that when the SNR is 3dB, the recognition rate of InceptionresnetV2-TA for BPSK is
99.33% , which is 3% higher than that of the suboptimal model InceptionresnetV2. The recognition rate of QPSK is
95.33% , which is 2% higher than InceptionresnetV2. The recognition rate of 8PSK is 86.33% , which is 5%
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higher than that of Inceptionresnetv2. The above results indicate that InceptionresnetV2-TA combined with migration

adaptation has higher identification accuracy of BPSK, QPSK and 8PSK at low SNR than other comparison

methods. At the same time, the validity of the modulation recognition model is verified.

Keywords : modulation recognition ; convolutional neural network ; transfer adaptation; InceptionResNetV2
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