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Abstract

High-temperature rotating structures (HTRSs) are essential components in industries, operating
under severe conditions that lead to unpredictable failure behaviors. These failures are driven by
uncertainties in material properties, loading conditions, and geometric variations. This study
proposes a robust computational framework for assessing probabilistic damage accumulations
(PDAs) and system-level reliability of HTRS under multi-source uncertainties. The probabilistic
properties of basic random variables (RVs) in spatial and temporal scale are accounted, which
are used to analyze PDA across different scenarios and reliability is assessed using the
cumulative damage—damage threshold interference criterion. An adaptive surrogate model is
then developed to approximate the complex, nonlinear relationship between damage and RVs,
ensuring efficient and accurate simulations. Numerical case studies demonstrate the high
efficiency and precision of the proposed method, which is further applied to a turbine disk
considering multi-source uncertainties. The proposed method significantly improves
computational efficiency while maintaining high accuracy in predicting system reliability,
providing new insights in the damage-driven reliability assessment upward to system-level
applications.
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1. Introduction

High-temperature rotating structures (HTRSs) are critical
components in modern process industries, playing essen-
tial roles in aerospace, power generation, and chemical pro-
cessing applications [1-4]. As the demand for energy effi-
ciency increases, the operational conditions of these structures
have become more severe and complex [5, 6]. For example,
in the quest to improve the thrust-to-weight ratio in air-
craft engines, turbine inlet temperatures and rotational speeds
have reached unprecedented levels [7]. While these techno-
logical advances are crucial for meeting the rising perform-
ance demands of aeroengines, they also introduce significant
challenges related to material strength and structural integ-
rity. In particular, the high temperatures and extreme centri-
fugal forces lead to gradual material degradation, increasing
the likelihood of unpredictable failures. HTRSs are subjec-
ted to multiple sources of uncertainty, including the variations
in material properties [8], manufacturing variations [9, 10]
and operational conditions [11]. These uncertainties contrib-
ute to stochastic failure behaviors, making it difficult to ensure
the reliability and safety of critical components. Therefore,
evaluating the reliability of HTRSs throughout their designed
lifespan is of paramount importance.

Over the past few decades, the stress-strength interference
criterion has been used to address reliability assessment chal-
lenges in engineering [12—14]. It treats stress and strength as
random variables (RVs), with the overlap of their distribu-
tions representing the probability of failure. Previous stud-
ies have demonstrated the effectiveness of this criterion in
the static structures like bridges and pressure vessels, where
loading conditions are relatively constant over time [15, 16].
For instance, Fang et al [17] developed a structural reli-
ability prediction model using stress-strength interference,
while Nadarajah et al [18] extended the criterion to account
for bivariate distribution dependencies. However, applying
this criterion to HTRSs is far more complex due to their
exposure to extreme operational conditions, such as cyclic
loading and elevated temperatures [19, 20]. Specifically, the
intrinsic strength of components diminishes over time due to
fatigue effects, which are exacerbated by the cyclic stresses
they experience during operation [21-25]. The reliability of
HTRSs is inherently time-variant, influenced by the gradual
degradation of material strength under cyclic stresses [26]. In
response to this challenge, researchers have developed the cyc-
lic stress-residual strength interference criterion to incorpor-
ate the effects of cyclic loading on residual strength, provid-
ing a more accurate failure probability estimation over time
[27-30]. Notable examples include Schaff and Davidson [31]
and Yao and Himmel [32], who proposed deterministic resid-
ual strength models to capture the degradation process. Further
advancements by Gao and An [33] used Weibull distribu-
tions to model residual strength under constant amplitude cyc-
lic loading. Despite the theoretical promise of these criteria,
experimental validation remains costly and complex, as mod-
eling the strength degradation process under uncertainty is
extremely challenging.

Given these limitations, residual strength may not always
be appropriate for modeling HTRS degradation under com-
plex cyclic loading. In recent years, damage-based reliabil-
ity frameworks have gained prominence for their ability to
integrate physics-based degradation models with probabilistic
analysis [34-36]. For instance, Kong et al [37] proposed a
fatigue damage accumulation model for a high-pressure oil
pipe based on fatigue probability, using a log-normal distri-
bution to describe fatigue life dispersion and introducing a
load-level-dependent interaction factor to account for damage
equivalence between different stress levels. Peng et al [38]
further developed a probabilistic double linear damage rule,
which explicitly separates the fatigue process into crack ini-
tiation and propagation stages. By assuming normal distri-
bution for fatigue life and employing a one-to-one probabil-
ity density function transformation, the model derives time-
dependent statistical moments for cumulative damage and
damage threshold (CD-DT), enabling time-variant reliabil-
ity assessment under both constant and variable amplitude
loading. Recently, Gu et al [39] developed a damage-driven
reliability assessment framework for HTRS such as steam
turbine rotors. This framework integrates probabilistic dam-
age analysis, weak-site correlation analysis, and system-level
reliability assessment, using polynomial chaos expansion for
efficient uncertainty quantification. Furthermore, Chen et al
[40] introduces a system-level damage-threshold interference
model that moves beyond traditional part-to-system analyses
by inherently accounting for failure correlations between com-
ponents within a complex system. To address the high com-
putational cost associated with damage accumulation simula-
tions under uncertainty, surrogate-assisted methods have also
been adopted, such as artificial neural networks (ANN), radial
basis functions (RBF), and support vector machines (SVM).
Qian et al [41] carried out fatigue reliability assessment for
impellers, using extreme gradient boosting (XGBoost) surrog-
ate to replace computationally expensive finite element simu-
lations, where 400 samples were required for training. Wang
et al [42] presented a surrogate modeling approach based
on the XGBoost surrogate for the creep-fatigue reliability
assessment of a low-pressure turbine disk, where the surrogate
was trained to establish a high-dimensional mapping between
stochastic input parameters and the output creep-fatigue dam-
age, using only 200 high-fidelity finite element samples. In
order to enhance the computational efficiency, Gao et al [43]
proposed an integrated surrogate modeling framework for the
creep-fatigue reliability assessment of turbine blades, primar-
ily employing a substructure-based distributed collaborative
Kriging model to address multi-source uncertainties and high
nonlinearity problems. However, these methods often require
a large number of simulations to achieve acceptable accur-
acy. Recent advances focus on adaptive surrogate model-
ing (ASM) with active learning strategies to reduce com-
putational burden while maintaining precision. For example,
active learning Kriging—Monte Carlo simulation (AK-MCS)
method proposed by Echard er al [44] and its variants have
been successfully applied to structural reliability analysis. In
the context of HTRSs, Huang et al [45] introduced an active
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metamodeling methodology named the multi-layer surrog-
ate control-based synergic enhanced Kriging for efficient and
accurate creep-fatigue reliability assessment of turbine disks
in aeroengines. To efficiently construct the load cycle—failure
probability curve essential for design, Shen et al [46] proposed
a novel successive AK-MCS method based on an error-based
stopping criterion. The training information-sharing strategy
reuses samples across different load cycles, dramatically redu-
cing computational cost compared to traditional AK-MCS.
Despite these advances, few studies have integrated ASM dir-
ectly with damage-based time-variant reliability frameworks
for HTRSs, especially under multi-source uncertainties span-
ning both spatial and temporal domains.

To address this, the present work proposes a computa-
tional framework for probabilistic damage modeling and reli-
ability assessment of HTRSs. The primary contributions of
this work are listed as follows: First, a novel classification
is introduced that distinguishing the RVs into random con-
stant amplitude variable (RCAV) and random varied amp-
litude variable (RVAV) to explore the probabilistic damage
accumulations (PDAs) and reliability under different scen-
arios. Second, a ASM with a new active learning function is
developed to enhance computational efficiency and accelerate
convergence in PDA analysis. Finally, system-level reliability
assessment combining CD-DT criterion with ASM is presen-
ted considering multiple weak sites. The remainder of this
paper is organized as follows. Section 2 introduces the multi-
source uncertainties in HTRSs and categorizes RVs according
to their probabilistic properties. Section 3 introduces the pro-
posed reliability assessment by CD-DT criterion incorporating
ASM. Numerical simulations and verifications are presented
in section 4 to prove its superiority. In section 5, the imple-
mentation of the proposed method is demonstrated through its
application to a turbine disk, with numerical results verified by
MCS. Finally, the main conclusions of this paper are draw in
section 6.

2. Multi-sources of uncertainty in HTRS

2.1. Overview

The degradation process of HTRSs is dominated by determ-
inistic physics laws. However, their failure behavior exhibits
randomness due to the presence of multi-sources of uncer-
tainty. The physics of failure reveals the damage patterns and
provides a foundation for the life design of HTRS, while
uncertainty theory focuses on quantifying and analyzing the
random responses of HTRS under these uncertain condi-
tions. In engineering practice, safety factors are widely used
to receive a conservative design [47, 48]. It is necessary to
characterize/quantify the uncertainty by probabilistic model
and there are three main sources of uncertainty, including
material properties, loading process and structural geometry.
Material variability arises from random microstructural differ-
ences and microscopic defects. For example, repeated meas-
urements of tensile or yield strength from the same batch of
material, even under identical experimental conditions, often

yield varying results. Additionally, the startup and shutdown
behavior of HTRS, such as rotating speed acceleration rates
and dwell times, introduces random variations in loading con-
ditions. Geometric uncertainty, on the other hand, stems from
discrepancies between actual dimensions and design specific-
ations due to manufacturing tolerances. In this study, the
multi-source uncertainties are treated as aleatory uncertainties,
which are inherently random and can be characterized prob-
abilistically through statistical data. While epistemic uncer-
tainties, arising from limited knowledge or modeling approx-
imations, are also relevant in engineering practice, they are
not explicitly incorporated in the present framework. The pro-
posed approach, however, is structurally compatible with non-
probabilistic uncertainty representations (e.g., evidence the-
ory, fuzzy sets) for future extensions aimed at handling epi-
stemic uncertainty. Given the inevitable introduction of these
uncertainties, probabilistic modeling and analysis will be con-
ducted in the following sections.

2.2. Classification of RVs

To model the multi-sources of uncertainty, probabilistic meth-
ods are employed to classify the uncertain parameters into
RCAVs and RVAVs, based on their probabilistic characterist-
ics over time. The schematic diagram is shown in figure 1.
RCAVs are characterized by randomness in their magnitude,
but this magnitude remains constant throughout each time
(figure 1(a)). Material variability, such as mechanical prop-
erty parameters, and geometric uncertainties fall into this cat-
egory. RVAVs, in contrast, not only exhibit random magnitude
but also vary in value throughout each cycle (figure 1(b)). Load
variations, such as RV loading, are typical examples of RVAVs.
By understanding the nature of these uncertainties, we can
classify different scenarios of PDA based on three kinds of
RV combinations (S1: only RCAVs, S2: only RVAVs and S3:
hybrid RVs).

3. Reliability assessment by CD-DT criterion with
ASM

This section introduces the proposed time-variant reliability
assessment by CD-DT criterion incorporating ASM. Firstly,
the damage accumulation process under uncertainties is ana-
lyzed considering stochastic loading history. Afterward, the
CD-DT criterion is introduced, which serves as the failure cri-
terion for reliability modeling. Then, the ASM is developed
to alleviate computational burdens and enhance both effi-
ciency and accuracy. Finally, ASM and CD-DT criterion com-
bined with ASM is applied to compute reliability for a multi-
component series system.

3.1. Damage accumulation under uncertainties

Generally, damage can be defined as the degradation of mech-
anical properties and ultimate failure of materials caused by
the formation and propagation of internal micro-defects under
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Figure 1. The schematic illustrations for different kinds of RVs: (a) RCAV and (b) RVAV.

external loading. Kachanov [49] proposed the concept of con-
tinuum damage mechanics and used to predict the brittle creep
fracture time of metallic materials under constant tension.
Rabotnov [50] improved Kachanov’s theory by introducing
a damage variable D, whose physical meaning can be inter-
preted as the reduction of the effective load-bearing area due to
the nucleation and growth of voids. Under the complex loading
conditions with varied amplitudes, linear damage summation
(LDS) rule can be briefly expressed as:

N N

D:ZdFZ%m:a*‘-sr" M
foi

i=1 i=1

where #;, At;, s; and d; are the failure lifetime, loading time,
stress magnitude and damage at each loading block i under
external load F;, and N is the number of loading blocks. «
and n are material constants derived from the stress-life curve.
The LDS rule is employed in this work due to its explicit
formulation, computational efficiency, and widespread adop-
tion in international design codes [51]. For HTRSs under rel-
atively stable cyclic operation, where load sequence effects
are minimal, the LDS rule has been validated as an accurate
and practical approach for deterministic life prediction when
coupled with energy-based damage models [52]. Its simpli-
city further facilitates the integration with probabilistic ana-
lysis and ASM, allowing efficient uncertainty quantification
without sacrificing predictive performance. The damage accu-
mulation becomes a stochastic process due to the random-
ness of Az; and F, as illustrated in figure 2. The colored lines
represent different possible realizations of the damage path
due to randomness in load amplitude and duration (modeled
as RVAVs). The pink shaded area illustrates the envelope of
these possible trajectories, indicating the dispersion in damage
accumulation. The solid line with dots depicts the mean dam-
age path. The consequent distribution in lifetime is indicated
by the horizontal spread of points where the individual paths
reach the damage threshold Dy,. Based on the central limit the-
orem (CLT) [53], the summation of independent and identic-
ally distributed RVs will be approximately normally distrib-
uted, regardless of the shape of the population distribution,
where the expectation and variance of D is formulated as

pip = Npa, oy = No 2

where p1; and 05 are expectation and variance of d. It is worth
noting that accurate calculation of the statistical moments of d
is highly difficult, so the first-order Taylor expansion is adop-
ted to obtain an approximate solution. Finally, 1, and 03 are
expressed as

fa = aupu ()" 3)

2,22
2 n/’l’tgs) (4)

2. 2
Oq == O fls <0t + 2
)

where i, 02, jig, 02 are expectation and variance of At and s,
respectively.

3.2. Description of CD-DT criterion

The CD-DT criterion integrates engineering damage mechan-
ics with uncertainty theory to provide failure criteria in the
reliability modeling of HTRSs [54, 55]. As seen in figure 3,
this criterion is dependent on the understanding to the multi-
sources of uncertainty. The cumulative damage, D, which
increases over cycles and follows a probability distribution.
While the damage threshold, Dy,, which represents the fail-
ure limit, also exhibits randomness due to material variab-
ility. Herein, the failure probability is represented by the
overlapping area between the PDFs of D(N) and Dy,. The
limit state function (LSF), G, can be constructed by CD-DT
criterion, i.e.

G=D(N) - Dy )

where the HTRS is reliable if G < 0, and the cumulative dam-
age will not lead to its failure. Thus, the reliability can be
evaluated once the probabilistic properties of D(N) and Dy,
are characterized. Considering the situation in figure 2, time-
variant reliability R(V) is calculated as

R(N) = (B) (6)
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Figure 2. Schematic diagram of damage accumulation under the stochastic loading history.
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where D(N) and Dy, are normally distributed RVs, and [
denotes reliability index related to N. The reliability index [
in equation (6) and its explicit form in equation (7) are derived
under the specific condition that both D(N) and Dy, follow
normal distributions. This condition for D(N) arises natur-
ally from the CLT when the damage accumulation is driven
by RVAVs over a large number of cycles N. For the damage
threshold Dy, its normality is supported by empirical evid-
ence from high-temperature fatigue and creep-fatigue tests of
GH4169 alloy [34, 56]. It is crucial to note that this analytical
form represents a special but practically significant case. The
general framework, utilizing Algorithm 1 and MCS, does not
rely on this distributional assumption and can handle damage
and threshold variables with arbitrary distributions.

3.3. Establishment of ASM

Damage accumulation in actual HTRSs is a very complex
and irreversible process that occurs incrementally with time
or cycle [52]. LDS rule is employed as

N

D(x,N)=>_d;(x)

i=1

®

where D(x, N) represents the accumulated damage at a given
cycle, x is input vector of RVs. In actual damage analysis,
d(x) is often highly nonlinear and implicit, requiring time-
consuming finite element analysis (FEA). Although MCS is
the simplest method to analyze the damage accumulation
under uncertainties, its high computational cost, due to the
large number of FEA calls, limits its practical use. To mit-
igate this, Gaussian process regression (GPR) is combined
with a novel active learning function, AL(x), to construct
the ASM. This approach allows for accurate and efficient
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Algorithm 1. Procedures to simulate PDA by MCS.

# Procedure 1 MCS for PDA in S1
Set initial damage accumulation D = 0; MCS times K; cycle N;
Fork=1:K
Generate sample (x,x2,x3) from probabilistic distributions of x;
Calculate d (x1,x2,x3);
Fori=1:N
D =D +d(x1,x2,x3); Dam (i, k) = D;
End For
End For
# Procedure 2 MCS for PDA in S2
Fork=1:K
Fori=1:N
Generate sample (x1,x2,x3) from probabilistic distributions
of x;
Calculate d (x1,x2,x3); D = D +d (x1,x2,x3); Dam (i, k) = D;
End For
End For
# Procedure 3 MCS for PDA in S3
Fork=1:K
Generate sample x3 from probabilistic distributions of x;
Fori=1:N
Generate sample (x1,x;) from probabilistic distributions of x;
Calculate d (x1,x2,x3); D = D +d (x1,x2,x3); Dam (i, k) = D;
End For
End For

mapping from RVs to d(x), i.e.

®

L(x) = min

d(x).d(x) (10)

mée([l,ny]

where x,, is the current training input sample, #n; is the num-
ber of training samples, d (x) is the predicted damage of one
cycle by GPR, d(x,,) is the actual damage provided by FEA,
o (x) represents the standard deviation of predictive result by
GPR, and ||-|| denotes the Euclidean distance. In particular,
o (x) quantifies the degree of uncertainty in damage predic-
tion, and L(x) quantifies the degree of difference between
existing training samples and candidate samples. The candid-
ate sample that maximizes the AL(x) is considered as the most
valuable sample in this iteration and it should be chosen as the
new training sample for updating the surrogate model, known
as ASM. The basic principle of GPR is not introduced in this
section, interested readers are recommended to [57]. By focus-
ing on only the most informative samples, the ASM signi-
ficantly reduces the number of FEA calls needed for dam-
age simulation. In addition, the robustness of the proposed
ASM framework under different sampling settings is primarily
ensured by its active learning mechanism. The learning func-
tion AL(x) combines prediction uncertainty o(x) with sample
novelty L(x) to guide the selection of new training points. This
strategy actively explores regions of high uncertainty and fills
gaps in the input space, making the model convergence less
dependent on the quality of the initial training set. Even if

the initial samples are not optimally distributed, the iterative
process progressively enriches the training set with the most
informative points, driving the predictions of y; and o, toward
stabilization, as demonstrated in following numerical cases. It
is important to note that the candidate sample pool S should be
sufficiently large and representative of the input variable dis-
tributions to enable effective exploration. In practice, monitor-
ing the convergence of the target statistics provides a reliable
stopping criterion, ensuring the robustness of the final surrog-
ate model.

The process for constructing the ASM is illustrated in
figure 4, with the following steps:

(i) According to the joint probability density function of
RVs, generate candidate input sample set S through MCS;

(i1) Select small samples s from S and its output response is
evaluated by performance function;

(iii) Construct initial GPR by current training samples, the
mean value, (4, and standard deviation, o4, of d(x) on S
are calculated by this model;

(iv) Choose the best next sample from S by AL(x) and evalu-
ate its real response;

(v) Add this sample into current training samples;

(vi) Re-train the GPR model based on the updating samples,
La, 04 of d(x) in S are re-calculated;

(vii) Repeat the process until the ASM converges, where the
calculations of py4, o, are stable.

3.4. Computation on time-variant reliability

In engineering applications, HTRSs are typically modeled as
multi-component series systems [58]. For instance, the HTRS
may have multiple weak sites, such as stress-relief grooves and
blade attachments of steam turbine rotors, that are particularly
vulnerable to damage. The PDAs of these components are stat-
istically correlated, and the system reliability Ry (N) can be
expressed as

Ry(N) =P (D' (x,N) < D,,D* (x,N) < Dy, ...,

D" (x,N) < Dy,) (11)
where DM(x, N) denotes the PDA of Mth component in system
after N cycle. In this analysis, the LSF for this series systems
can be expressed as

>0, V(D"(x,N)<Dy)

<0, 3(D"(x.N) > D) m=12 ... M
12)

As it indicates that the LSF constructed for reliability assess-

ment of HTRS is time varied, and the HTRS is safety when

G(x, N) > 0. Afterward, the reliability is calculated by using

ASM-based MCS, expressed as

G = {

(13)
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Figure 4. Flow chart of constructing the ASM, reducing the number of FEA calls needed for accurate simulation.

17 G(Xk,N) 20

le= {07 G (x¢,N) <0 (14)

where x; is the kth sample of input variables, K is the MCS
times, / denotes the safety indicator function. It should be
noted that D™ (x;, N) can be simulated by the ASM, and thus
the reliability assessment is convenient.

4. Numerical simulations and verifications

4.1. Simulation and verification of PDA

According to section 2.2, the external load and the dura-
tion time are treated as RVAVs (Scenario S2). Alternatively,
they can be modeled as RCAVs (Scenario S1), or as hybrid
RVs (Scenario S3). Each Scenario leads to distinct damage-
accumulation trajectories and probabilistic characteristics.

The numerical case is presented to explore the PDA for the
scenarios S1-S3. For illustrative purposes, the damage func-
tion d(x) is given by following mathematical expression

2 2
X tFxx+x;

4%) = =000 (15)

where x1, xp, x3 are normal RVs. Their mean values are p,; =
1, gy =2, and p,3 = 0, their standard deviations are o, =
0.5, and 0,3 = 1. d;(x) denotes the damage in ith cycle under
the uncertainty inputs. For clarity, procedures to simulate PDA
from S1 to S3 are given as follows.

The MCS results of PDA to N = 100 cycles (K = 10) under
different scenarios are shown in figures 5(a)—(c). The results
demonstrate variations in damage accumulations, represented
by colored lines that show different trajectories. The results
demonstrate that the dispersion of PDA varies significantly
across different scenarios. Specifically, the PDA in S1 displays
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Figure 6. Iterative convergence process of the ASM for the benchmark case (d(x) from equation (15)). The predicted mean (y,) and
standard deviation (o) of the damage per cycle stabilize as samples are added via the active learning function.

the greatest level of scattering, indicating that the probability
of failure is highest in this scenario. Based on the CLT, the
PDAs in S2 and S3 are normally distributed, while the distri-
bution of PDA in S1 cannot be determined in advance until
the MCS results are available. This will be confirmed by the
following large-scale MCS results.

Afterward, the above numerical case given by equation (15)
is conducted to verify the accuracy and efficiency of the ASM
in comparison to MCS. 7 training samples are generated firstly
to train the initial GPR model. Then, GPR is re-trained by the
updated training samples by active learning function, g4, oy
are re-calculated at each iteration until the values are stable, as
seen in figure 6. Finally, ASM is established with a total of 23
samples (7 initial samples + 16 new samples) that they need
to call equation (15).

In order to further verify the constructed ASM in approx-
imating d(x), five commonly used models i.e. ANN, RBF,
extreme learning machine (ELM), SVM and GPR (without
adaptive learning process) are also presented for comparison.
It should be noted that the five models are trained using the
same number of samples, and the simulated results are lis-
ted in table 1, where the statistics of d(x) such as mean value,

standard deviation, kurtosis and skewness are included. As it
shows that the ASM has the smallest average relative error
(RE) among the four statistical measures, with the 10> MCS
considered as ‘exact’ solutions. According to the procedures
for simulating PDA in S1-S3, the MCS results of PDA at
N = 100 cycles (K = 10°) are presented in figures 7(a)—(c),
the simulated results by ASM are provided in figures 7(d)—(f).

The results confirm that PDA in scenarios S2 and S3 fol-
lows a normal distribution, while the PDA in S1 does not
necessarily exhibit normality. The mean value and stand-
ard deviation of PDA in all scenarios (S1-S3) are listed in
table 2, where the RE of the statistics calculated using ASM
are below 7%. In addition, it can be understood that the reli-
ability assessment in different scenarios may vary due to the
different distributions of PDA, which will be explored in
section 4.2.

4.2. Simulation and verification of reliability

To verify the accuracy and efficiency of ASM-based MCS for
time-variant reliability assessment, a numerical case study is
performed. A series system with two components is simulated,
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Table 1. Comparisons of different models to approximate the distribution of d(x).

Model Mean Standard deviation Kurtosis Skewness Average RE (%)
MCS 0.0055 0.0026 3.6704 0.6556 —
ANN 0.0057 0.0021 2.7170 —0.3514 50.61
RBF 0.0062 0.0022 2.1605 —0.1056 46.34
ELM 0.0054 0.0027 3.1587 0.0406 28.35
SVR 0.0052 0.0019 2.9296 0.2321 29.29
GPR 0.0053 0.0023 2.9536 0.0172 33.02
ASM 0.0058 0.0026 3.3838 0.5649 6.77
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Figure 7. Result comparisons between MCS and ASM in different scenarios (a)—(c) MCS in S1-S3, and (d)—-(f) ASM in S1-S3.

Table 2. Summary of the statistics of PDA at N = 100 cycles.

Scenario Mean (MCS) Mean (ASM) Standard deviation (MCS) Standard deviation (ASM) Average RE (%)
S1 0.5509 0.5896 0.2552 0.2525 4.04
S2 0.5499 0.5896 0.0255 0.0252 4.20
S3 0.5504 0.5899 0.1030 0.1097 6.84

where d;(Xx), d»(x), are given by

N +n+x

_x%—|—x1x3+x% d
T 1000

di (x) = =055 (x) (16)

where x;, x, x3 are normally distributed RVs with means
1 = 1, gy =2, and p,3 = 0, and standard deviations o, =
0.5, 0o =0.5, 0,3 =1, and Dy, is normally distributed with
tp, = 1 and op, = 0.15. Similarly, the ASM is trained using
21 samples (7 initial samples + 14 added samples) for the
two-component system defined by equation (16), and the con-
vergence process of the ASM during this training is shown in
figure 8.

The calculation results of reliability at N = 100 cycles are
listed in table 3 and they are compared with the MCS res-
ults (K = 10°). In the proposed reliability assessment, only 21

calls are required, compared with 10° calls in MCS. In addi-
tion, five commonly used models such as ANN, RBF, ELM,

SVM and GPR are included for comparison, from which the
five models are trained using the same number of samples.
Considering MCS results as ‘exact’ solutions, the ASM-based
method shows the best prediction performance among these
models, where the average RE of the reliability calculations
by ASM in all scenarios (S1-S3) are lower than 2%. The
proposed reliability assessment greatly improves efficiency
while presenting satisfactory accuracy. In addition, the reli-
ability values in table 3 exhibit clear differences across scen-
arios S1-S3. This is a direct consequence of the distinct PDA
behaviors induced by different RV combinations. In S1 (only
RCAV5s), the damage accumulation shows the highest disper-
sion (figure 5(a)), leading to the highest probability of exceed-
ing the damage threshold and thus the lowest reliability. In S2
(only RVAVs), the damage accumulation, guided by the CLT,
converges toward a normal distribution with much smaller
variance (figure 5(b)), resulting in higher reliability. Scenario
S3, with hybrid RVs, presents an intermediate case both in
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Figure 8. Iterative and convergence processes of the ASM during its training for the two-component series system case (damage functions

from equation (16)).

Table 3. Summary of reliability assessment at N = 100 cycle for
S1, S2 and S3 by different models.

Model S1 S2 S3 Average RE (%)
MCS 0.8670 0.9897 0.9460 —

ANN 0.9022 0.9953 0.9813 2.79

RBF 0.9502 0.9946 0.9898 491

ELM 0.8456 0.9804 0.9169 2.16

SVR 0.8986 0.9813 0.9708 2.37

GPR 0.8981 0.9914 0.9688 2.06
ASM 0.8462 0.9843 0.9292 1.57

terms of PDA dispersion and the resulting reliability. These
comparisons validate the necessity of classifying RVs based
on their temporal probabilistic characteristics for accurate reli-
ability assessment.

5. Application in a turbine disk

5.1. Implementation procedures

In this section, probabilistic damage modeling and reliabil-
ity assessment of a low-pressure turbine disk subjected to
creep-fatigue damage are presented as an engineering case
study to illustrate the implementation of the proposed method.
Figure 9 outlines the implementation steps. This flowchart
enables accurate and efficient assessment of reliability of the
turbine disk throughout its operational life.

The first step in the process is to identify the weakest
regions in the turbine disk, which are most susceptible to fail-
ure due to high levels of creep-fatigue damage. FEA simulates
the turbine disk’s mechanical and thermal behaviors under the
operational conditions it encounters during flight tasks. The
turbine disk is subjected to centrifugal forces generated by
rotational speed and temperature gradients during its opera-
tion. Creep and fatigue damage models are implemented using
user subroutines to capture the combined damage accumula-
tion over repeated cycles of takeoff, cruising, and landing. The

second step involves quantifying the uncertainties inherent in
the turbine disk’s material properties, geometric dimensions,
and operational loading conditions. These uncertainties arise
from variations in microstructure, manufacturing processes,
and the stochastic nature of operating conditions such as rotat-
ing speed and dwell time.

The probability distributions of these RVs are established
through statistical analysis of experimental data and expert
knowledge. In the third step, ASM is established to reduce
the computational complexity of the probabilistic damage ana-
lysis, and to approximate the relationship between the random
inputs and the damage output at each weak site. A small set of
training samples is generated initially using Latin hypercube
sampling, ensuring a broad coverage of the input space. The
active learning function then selects the most informative new
samples to iteratively call the FEA, focusing computational
resources on the most critical areas of the input space. This
iterative process continues until the ASM converges. Finally,
it involves using the established ASM to quantify the PDA at
the identified weak sites and assess the reliability. The CD-DT
interference criterion is applied to evaluate the likelihood that
the accumulated damage at any weak site exceeds a critical
threshold.

5.2. Weakness identification of turbine disk

The 3D model of turbine disk in aeroengine is presented in
figure 10(a), with a total of 72 blades assembled at disk rim by
fir-tree groove structures. Considering the symmetrical char-
acteristic and huge computational burden in the following
FEAs, 1/72 sector of a 2D FE model of disk is constructed in
ABAQUS, where the mesh generation is shown in figure 10(b).
The mesh independent tests and convergency analysis are car-
ried out to ensure the accuracy of FE model, and CAX4R ele-
ment type is adopted for a total of 7413 elements. Boundary
conditions are applied to the 2D FE model of turbine disk, as
shown in figure 10(b). The mechanical boundary condition is
imposed through the centrifugal force from blades and disk
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Figure 9. Implementation procedures for the engineering case study based on the proposed method incorporating ASM and CD-DT

criterion.

(a) (b) _—» Temperature (C)
condition
% A
?: 300 1/s
Centrifugal 2
@
4 force
Axial
condition &
x Temperature _
condition Time :
O :

Figure 10. Finite element modeling of turbine disk using ABAQUS (a) 3D model, (b) mesh generation of FE model, and (c) simplified load

history curve of turbine disk in one flight task.

itself, where the centrifugal force is set with the Y-axis as the
rotating axis. The minimum temperature is set as 450 °C at
the shaft end, the maximum temperature is set as 580 °C at
the disk rim. In addition, the load history curve of turbine disk

1

in one flight task is given in figure 10(c), where the mean val-
ues of rotating speed and dwell time are 300 r s~! and 1440 s,
respectively. Subsequently, the non-unified constitutive mod-
els involving strain hardening creep model and elastoplastic
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Figure 11. FEA results presented by cloud plot of (a) creep damage in one cycle, (b) fatigue damage in one cycle, and (c) total damage in

one cycle.

fatigue model are adopted for stress-strain analysis [59], the
damage in one cycle is quantified by strain energy density
exhaustion model with the input of stress-strain response [60].
The model parameters of disk material at different temperat-
ures, which are used for FEA, had been listed in [42].

FEA results for creep, fatigue, and total damage after one
cycle are shown in figures 11(a)—(c). The weaknesses are iden-
tified as some sites of turbine disk with a larger magnitude
of damage, wherein the results show that Pland P2 should be
regarded as the weakest sites that have the risks to failure after
a certain number of cycles. The time-variant reliability assess-
ments are detailed in section 5.5.

5.3. Characterization of multi-sources uncertainties

The material variability led to the scattered experimental life-
times under the same load conditions, according to the stat-
istical analysis of creep-fatigue data of IN718 superalloy, Dy,
is determined as a normally distributed variable with mean
value of 1 and standard deviation of 0.15 [34]. The mechan-
ical property parameters involving material density p, Yong’s
module E, thermal conductivity )\ and expansion coefficient «
have randomness, they are RCAVs. The load-related paramet-
ers, such as the rotational speed w and cruising time ¢, are
modeled as RCAVs in this case study. This treatment is based
on the operational context of a commercial aircraft engine,
which typically executes standardized, repeated flight mis-
sions (takeoff-cruise-landing). Under such a regime, the load
history exhibits minor random variations from one mission to
another but remains relatively constant within a given mis-
sion simulation. It is crucial to note that this ‘RCAV-for-loads’
assumption is specific to stable, repetitive operational profiles
and should not be generalized to components under strongly
non-stationary conditions, where load parameters would more
appropriately be modeled as RVAVs. Two typical dimensions
of the turbine disk c; and c; are selected to account for the geo-
metric uncertainty, where they are RCAVs. Therefore, only
RCAVs (S1) are involved in the application to turbine disk.
Afterwards, a normal distribution is adopted to represent the
probabilistic distribution to quantify the uncertainty of these
parameters, where they are modeled by the coefficient of vari-
ation (CV), as summarized in table 4.

Table 4. Uncertainty inputs of material parameters, geometric
dimension parameters and loading condition parameters for the
turbine disk.

Category Parameter Mean value Unit CvV
Material  p 8240 Kgm™? 0.01
property E 182 GPa 0.05

A 30.4 W (m-°C)~"  0.01

a 1.87 x 107> K™! 0.01
Geometry ¢ 9.2 mm 0.000 33

2 76.7 mm 0.000 33
Loads w 300 rs! 0.01

tg 1440 S 0.01

5.4. Establishment of ASM

In order to construct the ASM, 20 initial samples are generated
from the RVs listed in table 4, and FEAs are performed to cre-
ate the input—output dataset. The input variables represent the
uncertainty sources, while the output is the damage per cycle
at the identified weak sites. The inputs are normalized using
dimensionless methods to accelerate convergence. The iterat-
ive process of the ASM construction is shown in figure 12,
where additional samples are selected using the active learn-
ing function. The process converged after 30 iterations, and
the mean and standard deviation of the damage at the weak
sites are calculated using the ASM. To verify the accuracy
of the ASM, MCS was also performed. Figure 13 compares
the damage assessment results between MCS and ASM, with
REs below 20%, confirming the accuracy and efficiency of
the ASM. Notably, the ASM requires only 50 times of FEA,
compared to 10 000 in MCS, significantly enhancing compu-
tational efficiency.

5.5. Reliability assessment

The ASM is used to quantify the PDA of the identified weak
sites, corresponding to the case in scenario S1 (see section 3.1).
To examine the evolutions of PDAs with cycle, the PDF
curves of PDAs for P1-P3 are plotted in figure 14. These
curves show the evolutions of damage over 100, 300, and
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Figure 12. Iterative processes of ASM to approximate the mean and standard deviation of damage of two weak sites (a): P1 and (b): P2.
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The system reliability of turbine disk at different design
cycles are calculated by ASM and other popular used sur-
rogates, as listed in table 5. Result shows that the reliabil-
ity degree decrease with the rise of design cycles, and the
reliabilities of turbine disk are 98.41%, 97.30% and 95.85%,
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Table 5. Reliability prediction precision of turbine disk with different models.
Cycle MCS ANN RBF ELM SVR GPR ASM Average RE (%)
850 0.9841 0.9923 0.9901 0.9929 0.9926 0.9795 0.9872 2.98 (ANN)
900 0.973 0.9854 0.9822 0.9869 0.9873 0.9685 0.9784 1.04 (RBF)
950 0.9585 0.9788 0.9694 0.977 0.978 0.9533 0.9593 2.88 (ELM)
1000 0.9308 0.9601 0.943 0.9621 0.9611 0.9304 0.9348 2.96 (SVR)
1050 0.9008 0.9405 0911 0.9387 0.9412 0.9065 0.8994 0.81 (GPR)
1100 0.8586 09112 0.8682 0.9053 0.9069 0.8816 0.8538 0.35 (ASM)

respectively at the designed cycles of N = 850, 900 and 950
considering the multi-sources of uncertainty. The last column
of table 5 provides the predictive precisions of five surrogates
and ASM, where the crude MCS (K = 10%) is regarded as the
benchmark. In particular, the average RE of ASM is less than
0.5% compared to MCS, which is superiors to other surrog-
ates. More importantly, this study offers valuable insights into
damage-driven reliability assessment of HTRSs and has signi-
ficant potential for the applications in more complex structural
systems.

6. Conclusions

In this work, a computational framework for time-variant reli-
ability assessment of HTRSs has been developed, address-
ing the challenges posed by multi-source uncertainties. The
proposed framework integrates the principles of engineering
damage mechanics with uncertainty quantification and ASM.
Several numerical case studies and a practical application to a
turbine disk have verified the effectiveness of this developed
method. The main findings are summarized as follows:

(1) The uncertain parameters in HTRSs are classified into
RCAYV and RVAY, enabling the distinction between dam-
age accumulation. The PDAs under three scenarios (S1,
S2, and S3) exhibit significant differences, emphasiz-
ing the importance of correctly identifying the nature of
uncertainties.

(2) To alleviate the high computational cost of traditional
MCS, an ASM is constructed. The ASM effectively
approximates the relationship between RVs and damage
accumulation, significantly reducing the number of finite
element analysis calls required. This approach demon-
strates high efficiency while maintaining accuracy, with
REs below 2% compared to MCS results.

(3) The proposed method is applied to a low-pressure turbine
disk subjected to creep-fatigue damage. Material variabil-
ity, load variations, and geometric uncertainties are quan-
tified and incorporated into the analysis. The reliability
assessment shows that the turbine disk has a reliability
degree of 98.41% at a design life of 850 cycles, with REs
less than 0.5% when compared to MCS results, confirming
the accuracy and applicability of the method in particular
engineering applications.

Despite its demonstrated effectiveness, the proposed frame-
work has certain limitations that suggest directions for future

research. Firstly, the computational efficiency of the ASM may
decrease for problems with very high-dimensional uncertainty
inputs. Exploring more scalable surrogate models or ensemble
methods is a promising avenue for improvement. Secondly, the
current methodology is built upon a probabilistic framework
for aleatory uncertainties. Its extension to incorporate epi-
stemic uncertainties using non-probabilistic methods would
enhance its applicability. Finally, while the LDS rule is suit-
able for the studied cases, integrating more advanced non-
linear damage accumulation models could broaden the valid-
ity of this framework for components under complex load
sequences. Addressing these aspects will be the focus of sub-
sequent studies.
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