5542 55 9 1) moE R Vol.42 No.9
2021 %9 H Journal on Communications September 2021

B %mfg2s & H [ f 4Rt

kAL EZRA A, Rek!, R
(1. BHEIRERFYIZ R GF6E, B 164 710051 2. B TRERSAZEMIARE, B pi2e 710051)

W F: AmDEs A S R PO B IR, RS N CAR B RE A A B 4% S REAR A A SRR AE IR AR,
B iS22 2 oer, SNHT HFRRA . NI, WES W2 At . Tk, 6 B s i ip
fily SOEEAR NSRS BT MEHT TR AR S R4 B, M TR A gD M4 i 5 He
S, 0T AR NEERAR, HS MBS ) BT T I AR5, THE TR I A gD s sodk
P i Tk Sul ST B, AH T AgADESAE HAR UM R AR I A LA AT ) S o 1
R BeJa, BT I Ay M ILHOE FEIEAAAE N R, SRR T AR T .

KRR AmADEY; WRES ] BRES: REREG e

PESES: TP183

SCERFRIRAD: A

DOI: 10.11959/j.issn.1000-436x.2021160

Review on autoencoder and its application

LAI Jie', WANG Xiaodan', XIANG Qian', SONG Yafei', QUAN Wen’

1. School of Air and Missile Defense, Air Force Engineering University, Xi’an 710051, China
2. School of Air Traffic Control and Navigation, Air Force Engineering University, Xi’an 710051, China

Abstract: As a typical deep unsupervised learning model, autoencoder can automatically learn effective abstract features
from unlabeled samples. In recent years, autoencoder has been widely used in target recognition, intrusion detection, fault
diagnosis and many other fields. Thus, the theoretical basis, improved methods, application fields and research directions
of autoencoder were described and summarized comprehensively. At first, the network structure, theoretical derivation
and algorithm flow of traditional autoencoder were introduced and analyzed, and the difference between autoencoder and
other unsupervised learning algorithms was compared. Then, common improved autoencoders were discussed, and their
innovation, improvement methods and relative merits were analyzed. Next, the practical application status of autoencoder
in target recognition, intrusion detection and other fields were introduced. At last, the existing problems of autoencoder
were summarized, and the possible research directions were prospected.
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