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MeTop ayrMeHTAIMY MHOTOMEPHBIX BPeMEHHBIX IaHHBIX B 32/1a4aX MOHUTOPHHIA COCTOSIHUS NPOMBbILIJIEHHOTO
o00opynoBaHus

B pabome npednoicen memood 0eKOMROZUYUOHHOU AYeMeHMAaYUU OAHHbIX, KOMOPHIL 8 OMAUYUE OM CYUWECMEYIOUWUX
nO0X0008 PaAcCMampueaem MHO2OMEPHbIE DEMEHHbIE PObl U NPU AVeMEHMAyuu CoXpansem oOwyio meHOeHyuo u
CMPYKMYypy MHO2OMEPHBIX OAHHbIX C PealbHbIX damuurkog 0bopydoganus. OCHOGHOU udeeil NPedloNCeHHO20 Memood,
Hapsdy ¢ MpaouyUOHHLIMU MEeMOOaMU AYeMeHMAayuuU, s6/I1emcs NPUMEHEHUe MHO2OMEPHOU 6apUAYUOHHOU MOO08Ol
dexomnosuyuu. Bepugurayus npeonoxceHHo2o memooa 6biNOIHeHAd 05l PeAlbHbIX MHO2OMEDPHbIX 8PEMEHHBIX PAO0E C
PA3HBIX 1O MURY CEHCOPOB: MEPMONAP U TMEH300AIMYUKOS. AHAIU3 NOJYYEHHbIX Pe3VIbINamos ayeMeHmayuu
nposooduics na ocroge kpumepus MAE u napamempos niomuocmu pacnpeoesieniust CIyuainblx npoyeccos.

Knrouesvie cnosa: ouasnocmuxa o6opy()osaHuﬂ, CucHavl ¢ aamqukoe, ayemenmayus, MHOCOMeEpPHble ()aHHble,
CUHmemuuecKkue ()aHHble, sapuayuorHas M0008as 0€KOM7l03ul{u}l.

Epnanoe Anexceit Bukmoposuu — kanO. mexH. HayK, cmapuiuii HayyHulil COMpYOHUK,

Cunuyun Bnaoumup Braoumuposuu — kano. mexu. HAyK, 3aM. 3a8e0yiouie2o 1abopamopuu,

Hopaesa Onvea Jleonuoosna — kauo. gus.-mam. Hayk, CMapuiuii Hay4Hsiti COMpPYOHUK,

Hlecmakos Anexcandp Jleonuoosuu — 0-p mexu. Hayx, npod., npesudenm OPI'AOY BO «IOYpl'Y (HUY)».
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Yerpalov A.V., Sinitsin V.V., Ibryaeva O.L., Shestakov A.L. A method for augmentation of multidimensional
time series in equipment health monitoring tasks

The paper proposes a decomposing data augmentation method. As against the available ones, it handles
multidimensional time series and during the augmentation retains the general trend and the structure of
multidimensional data based on plant sensor readings. The gist of the method proposed is the application of
multilevel variational mode decomposition coupled with conventional augmentation techniques. The method was
verified using real-life multidimensional time series for thermocouples and load cells. The augmentation results
were analyzed using MAE criterion as well as stochastic process PDF.

Keywords: equipment state diagnosis, sensor readings, augmentation, multidimensional data, synthetic data,
variational mode decomposition.





