ETAREFINEKBERWAEMRERSES

am O EIFE 2 Rk, g’
(1. ﬁhﬁL”‘Et4a, ﬁ+er*?:L 2T, WL &34 314001;
EXFRERAIEFR, I £ 314001;
3. kﬁﬂalkf’%a@ia iR, L7 KiE 116024)

B B WELLEGENHIANAWY &, CLEENANSEE HBERERE, IR, FERE.
F-PANE PSR, 5B W S JR AR 1R BT Bk o A SRR 2 X iR T S . B, A
SRVE 5 A ARSI IR, TR S I ML B E R ARZ B AR AR R W) 2T B
SRR T A A0 I T A ST LS R AR RIS IR e A 115 5 KB T 5 R e A T
TG PR AR B, 3 L T IR A2 I 4% 1 JE Bl A5 R eI S 5 400 e R0 T8 5 KRB 5~
LRI BE M T VR I R S AT TR 2 X LB A H AR W FUR R SR A 2

KBEIA: CLOBME: 55 KB WREY ] MM, (558

PESES: TN929.5

SCRRARARRD: A

doi: 10.11959/j.issn.1000-0801.2022025

Research progress and trends of deep learning based
wireless communication receiving method

LI Panpanl, XIE Zhengxiaz, YUE Guangxuel, LIU Xin®

1. College of Information Science and Technology, Jiaxing University, Jiaxing 314001, China
2. College of Civil Engineering and Architecture, Jiaxing University, Jiaxing 314001, China
3. School of Information and Communication Engineering, Dalian University of Technology, Dalian 116024, China

Abstract: With the continues expansion of the application boundary for wireless communications, the application
environment of wireless communications is becoming increasingly complex and diverse, which faces negative im-
pacts such as radio frequency (RF) damage, channel fading, interference and noise. It brings difficulties to recover the
original information at the receiver. Drawing from the research results of deep learning methods in computer vision,
pattern recognition, natural language processing and other fields, wireless communication reception technology based
on deep learning has received wide attentions from both academia and industry. Firstly, the current research status of
wireless communication reception technology based on deep learning at home and abroad was described. Secondly,
the current technical challenges of wireless communication reception in the context of signal big data were outlined,

and a reference architecture of intelligent wireless communication reception based on deep neural network was pro-
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posed. Finally, the development trend of intelligent wireless communication reception method in the context of signal

big data was discussed. It is expected to provide reference for the research and development of wireless communica-

tion technology based on deep learning.
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