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I/ICKyCCTBeHHLlﬁ HHTEC/VIEKT JAJ NPOMBINIJICHHBIX l'lpEEZ[l'lpl/lﬂTlrlﬁ

Hckyccmeennviii unmennekm (MH) — ecenponuxaiowuii mpend Hoso2o cmoaemus. Mumepec k nemy, Kax u e2o
GUsIHUE HA 6Ce CMOPOHLL COBPEMEHHOU OJICU3HU, 0ZPOMHO. DMO KACAeMcss U NPOMbIULIEHHOCU, 6 MOM Hucie
MONIUBHO-IHEPLEMULECKO20 KOMNIEKCA U Xumuu. B asmomamusayuu xumuxo-mexuoaocuveckux npoyeccos (XTI1) y
U 60camas nonyeexosas ucmopus. Lleno nHacmoswjezo uziodcenus — 0amv KpamKuil UCMOpUHeckutl ob30p membl,
NPOAHAIU3UPOBAMb 0COOEHHOCMU npedMemHou obracmu 6 Koumexcme HU-nodxo0os, o6cyoums nepcnekmugy
passumus 3¢pgexmusnvix HH-pewrenuti 6 pasnuunvix obnacmsax aemomamuzayuu XTIl ¢ ¢oxycom Ha 3adauax,
peuwaemvix komnarueti Llenmp yugposvix mexnonoeui (epynna Rubytech) (LILT).

Knroueswvie ciloea. asmomamusayusl  ynpaejienusl - XUMUKO-MEXHOI0cUYeCKUMU npoyeccamu, euépu()ﬂoe
MO()E]ZH]?OGCIHU& Hucxod;nqaﬂ u BOC‘XOO}ZIMCI}Z napaduevwbl UCKYCCMBEHHO20 UHmMejlliekmada, (ﬁdeaM@HmdﬂbHOe
MO()E]ZH]?OGCIHU& UCKYCCMEBEHHble HEZZ]?OHHble cemu.

o3opuee Bukmop Muxaiinosuy — 0-p mexu. Hayx, Oupekmop no pazeumuio buszneca,

AHocoe Anopeit Anexcanoposuy — KaHO. MmexH. HAYK, OUPEeKmop No pazpadomre npoepPamMMHO20 0becneyeHs,
Lenmp yugposwix mexuonoeuti (epynna Pyoumex),

Baynun Eezenuit Cepzeeeuu — kano. mext. Hayk, ooyenm, MOTH,

T'opoonosa Mapusa Bnaoumupogéna — cmapuiuii urdiceHep,

Kopocmenee Anexcandp fkoeneeuy — kano. mexw. HAyK, 8e0VuULl UH’CEHep,

Cnacmenoe Hzopb Bnaoumuposuyu — oupexmop no pazpadbomke npocpammuo2o obecneyenusl,

Llenmp yugposvix mexnonozuil (zpynna Pybumex).
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Dozortsev V.M., Anosov A.A., Baulin E.S., Gorodnova M.V., Korostelev A.Ya., Slastenov LV. Artificial
intelligence in process control applications

Artificial intelligence (Al) is a pervasive tendency of the 21° century. The interest to it is enormous as well as its
influence on all aspects of our life. It concerns also the industry, including fuel and energy complex and chemistry. Al
has a rich half-century history in chemical engineering. This article provides its concise overview, examines the
features of the subject area in the context of Al approaches, and discusses the outlook for developing effective Al
solutions in various areas of chemical process automation with the focus on the solutions from the Center of Digital
Technologies (subsidiary of Rubytech Group).

Keywords: automation of chemical process control, hybrid modeling, top-down and bottom-up paradigms of artificial
intelligence, first-principles modeling, artificial neural networks.



