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PIBUYHO-KEPOBAHA PET'PECISAA HA OCHOBI I'AYCIBCBKHUX TPOLECIB 1JIA MOJEJIOBAHHA
HAKOINWYEHHA BTOMHOI'O ITIOIKO/’KEHHSA

31aTHICTH TOYHO IPOTHO3YBAaTH HMOBIPHICTh BIIMOBH TEXHIYHHUX CHCTEM € KPHTHYHO BasKJIMBUM 3aBJaHHSAM iHKeHepil HalifHOCTi, 0cOOIHBO
JUISL KOMIIOHEHTIB, IO MiNAI0THCS CTOXaCTUYHOMY IUKIIIYHOMY HaBaHTaXXEHHIO. [IpOrHO3yBaHHS MapaMeTpiB BUUEPIIAHHS PECYPCY CYTTEBO
YCKIIATHIOETHCSl HECTAIlIOHAPHOIO JTUCIIEPCi€r0 (TeTepOCKEeIACTUYHICTIO) MPOLECiB BTOMU Ta 3HAYHUM Je(ilUTOM JaHHMX Ha Ii3HIX eTamax
ekciuryaranii. CTaHIapTHI MigXOAH, IO KEPYIOThCS BUKIIIOUHO NaHMMH, 30KpeMa KJIaCHYHA CTAIllOHApHA perpecis rayciBChbKHX IIPOLECIB
(GPR), 3a3Buuail BHSBISIIOTHCS HECHPOMOXKHHMH 3a0€3IIE€UUTH HaJiiiHy eKCTpaIoiIiio 3a MeXi HaBYaJbHOro Aiama3oHy. B 3oHax
BIJICYyTHOCTI JIaHMX TaKi MOJEJi CXWJIbHI O TOBEPHEHHS 10 HYJIbOBOTO alpiOpHOrO CEpeIHBOro, II0 Ipydo mopyurye ¢yHIaMeHTalbHI
(i3H4HI 3aKOHM HAKONMWYEHHS IOIIKOJKEHb, TaKi K HE3BOPOTHICTH MpOIECy Aerpajamii Ta MOHOTOHHE 3pOCTaHHS EHTpomil. Y ImpoMmy
JIOCII/KSHHI 3aIIpOIIOHOBAHO METOJOJIOTiI0 (Di3MYHO-KEepOBaHOI perpecii Ha OCHOBI JIAHIIOrOBUX TayciBChkux mpoueciB (Physics-Guided
Chained Gaussian Process Regression, PG-CGPR). I'inote3a gocnifkeHHs HOJSArae B TOMY, IO iHTerpanis Gi3HYHUX 3HaHb 0€3I0CePEeIHBO
B IMOBIpHICHY apXiTeKTypy JO3BOJHTH KOMIICHCYBATH OpaK eMIIpHYHUX AaHUX. MeTOM0JI0Tisl 6a3y€eThCs Ha 3B'13yBaHHI KUIBKOX JIATCHTHUX
MPOLIECIB Yepe3 CIIbHY (YHKIII0 MMPaBIONOJIOHOCTI: OJUH MPOLEC MOJCIIOE CepeIHil TPEH]] HAKONUYCHHS IOIIKO/DKCHb, a IHIINH —
3aJIeKHY BiJ BXIIHHX JaHUX aucrepciro. [IIsxoM noeaHaHHS XKOPCTKOTO, 3aCHOBAHOTO Ha (hi3HIli MapaMeTPHIHOTO alpiOpPHOTo CEPEeaHBOrO
3 THYYKOI0 HEmapaMeTPHYHOI0 KOBapialiffHOIO CTPYKTYpOIO (BHKOPHCTOBYIOUM HECTAI[lOHApHI sApa), MOJENb CTPYKTYpHO 3abe3nedye
JOTPUMAHHS KJIIOYOBHX OOMEXKEHb: MOHOTOHHOCTI HAKOIIMYCHHS IOIIKOKEHb, HyIbOBOI MOYATKOBOI HEBH3HAYEHOCTI Ta KOPEKTHOTO
3pocTraHHs aucnepcii 3 yacoM. Jlinst Bepudikamnii 3aponoHOBaHOrO MiIX0Ly HPOBEACHO CEPil0 YHCENbHUX EKCIICPHMEHTIB Ha CHHTCTUYHHX
HabOpax JaHMX, [0 MOJACTIOITH KiHETHKY JiHiliHOTO (Mozens Ilanemrpena-Maiinepa) Ta HeniHiiiHoro (Moxens KauanoBa-PaboTHoBa)
HaKOIHMYCHHs MOIIKO/UKEHb B yMOBax oOMexeHoi BUOipku. [TopiBHsuIbHMI aHani3 i3 6a30BUMHU Monensmu migrBepaus, mo PG-CGPR
e(peKTHBHO ycyBae IpoOIeMy MOMHIKOBOIO 3aTyXaHHs TPSHIY IPHU eKCTparosmii. SIkicHo BCTaHOBIICHO, 110, Ha BIIMIHY BiJ CYTO JaHUX-
OpIEHTOBAHUX MiJXOIB, SIKi JICMOHCTPYIOTh He(i3MYHE 3BY)KCHHSI HEBU3HAYCHOCTI, 3alIPOINIOHOBAaHUN METO (OpMye peallicTU4Hi JOBipYi
iHTepBanu. BOHU KOpEeKTHO BigoOpaxkaloTh (i3HYHY HPHPOLY PO3CISIHOrO IIOMIKOKECHHS, PO3IIMPIOIOUNCH Y Mipy BijialeHHS Bix
HaBYAIPHUX JAHHX, IO € HEOOXITHOIO YMOBOIO IJIsI KOHCEPBATHBHOI Ta HaJIMHOI OI[IHKY 3aJIMIIKOBOTO Pecypcy.

Krouosi cioBa: JIaHIIorosi rayciBebki Iponecu, (pi3ndHO-KepoBaHe MAIIMHHE HABYAHHS, €KCTPAIOJIIis, BTOMHE HMOIIKOKEHHS,
reTepoCcKeIacTHYHICTh, Mosielb [TanbMrpena-Maiinepa, monens KauanoBa-PaboTHoBa.

D. KRASII, O. LARIN
PHYSICS-GUIDED GAUSSIAN PROCESS REGRESSION FOR FATIGUE DAMAGE ACCUMULATION

The ability to accurately forecast the failure probability of engineering systems is a critical task in reliability engineering, particularly for
components subjected to stochastic cyclic loading. Predicting durability parameters is significantly challenged by the non-stationary variance
(heteroscedasticity) of fatigue processes and a substantial scarcity of data during the late stages of service life. Standard data-driven
approaches, including classical stationary Gaussian Process Regression (GPR), typically fail to provide reliable extrapolation beyond the
training range. In regions lacking data, such models tend to revert to a zero-mean prior, which fundamentally violates physical laws of damage
accumulation, such as the irreversibility of the degradation process and the monotonic growth of entropy. This study proposes and substantiates
amethodology for Physics-Guided Chained Gaussian Process Regression (PG-CGPR). The research hypothesis posits that integrating physical
knowledge directly into the probabilistic architecture can compensate for the lack of empirical data. The methodology is based on coupling
multiple latent processes through a shared likelihood function: one process models the mean damage accumulation trend, while the other
models the input-dependent variance. By fusing a rigid, physics-based parametric prior mean with a flexible non-parametric covariance
structure (utilizing non-stationary kernels), the model structurally enforces compliance with key constraints: monotonicity of damage
accumulation, zero initial uncertainty, and the correct growth of variance over time. To verify the proposed approach, a series of numerical
experiments was conducted on synthetic datasets simulating the kinetics of linear (Palmgren-Miner model) and non-linear (Kachanov-
Rabotnov model) damage accumulation under limited sampling conditions. Comparative analysis with baseline models confirmed that PG-
CGPR effectively eliminates the issue of erroneous trend damping during extrapolation. Qualitatively, it was established that, unlike purely
data-driven approaches, which exhibit unphysical narrowing of uncertainty, the proposed method produces realistic confidence intervals.
These intervals correctly reflect the physical nature of scattered damage, expanding as they move away from the training data, which is a
prerequisite for a conservative and reliable assessment of the remaining useful life.

Keywords: Chained Gaussian Processes, Physics-Guided Machine Learning, Extrapolation, Fatigue Damage, Heteroscedasticity,
Palmgren-Miner Model, Kachanov-Rabotnov Model.
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