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OoHapykeHHe AaHOMAJIMI B TEXHOJIOTHYECKHX CUTHAJIaX ¢ IPUMeHeHHeM HelipoceTeBOil apXUTeKTYpPbl THIIA
aBTO3HKO/IEP

Hcceneoosana 3a0aua obnapyscenus anomanuii 8 mexnonozuveckux cuenanax. Ilpedcmaenen nooxoo K
OOHAPYHCEHUIO AHOMATUL, OCHOBAHHBIN HA HEUPOHHOU CEMU C APXUMEKMYpoll A8MOIHK0Oep, NO360a0uiel
YUUmMbl6ams KOHMeKCm usmenenuti cuenana. Ilokaszano, umo npumenenue apxumexmypbi agmosnkooepa ona LSTM
cemell 3a cuem Mexanusma 00120U-KpamKoCPOYHOU NAMAMU pewaem npoodsiemy 001208PEMEHHbIX 3a8UCUMOCTEN 8
cucHae u N0360JiAem GblANAMb AHOMAUY C YUeMOM GPEMEHHO020 KOHmMeKcma usmenenuii cuenana. Ilpeocmaegneno
QopmanvHoe onucanue no0Xo0a Ha OCHO8e A8MOIHKOOEPA U NPOBEOeH YUCTEHHBIL IKCHEPUMEH HA MOOETbHBIX
Oannvix. Ha ocnoge ananusa sKCnepumMenmanbHulx pe3yivmamos npugedena Memoouxka noobopa obyuaiowezo
nopoza, umo no3gosem pabomams 6 A0anMuGHOM pedicume be3 anpuopHoll uHGopmayuu 00 AaHOMAIUAX U CAMOM
cuenanel 2.

Krouegvie cnosa: anomanus, mexHonrocuueckutl cueHal, agmosukooep, neiponuas cemv, ACYTII, npeouxmuernas
AHATUMUKA, MOHUMOPUHZ 060PY008AHUSL.

Manvyes Bauecnas Anopeesuy — npocpammucm Improvado.io, mexuux 1abopamopuu nPo2PAMMHO-ANNAPAMHBIX
cpeocme asmomamuzayuu TI'Y,

Myp3zazynos Jamup Anvoepmosuu — 2nagnulii ananumux Improvado.io, accucmenm,

Samamun Anexcandp Baaoumuposuu — 0-p mexu. Hayk, 0oyeHm, OUPeKmop UHCMUmyma npukiaoHou
MAMEMAMUKU U KOMAbIOMEPHLIX HAYK, 3a6e0yiowuti Kagedpou meopemuyeckux ochog ungpopmamuxu TI'Y.
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Maltsev V.A., Murzagulov D.A., Zamyatin A.V. Detection of anomalies in process signals with the help of
autoencoder-type neural network architecture

Anomalies detection in process signals are investigated. The paper presents an approach to anomalies detection
based on a neural network with autoencoder architecture which allows for the context of signal changes. It shows
that the autoencoder architecture overcomes the challenge of long-term relationships in the signal owing to the long
short-term memory mechanism. Formal description of the autoencoder-based approach is presented, a numerical
example is included. Based on the analysis of experimental data, a learning threshold selection procedure is
developed that enables the operation in adaptive mode without any a priori information about either anomalies or
the signal itself

Keywords: anomaly, process signal, neural network, process control system, predictive analytics, equipment
monitoring.



