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Abstract

The prediction of fatigue life is critical in the design process, and current models offer a
viable alternative to costly and time-consuming experimental fatigue testing. The con-
stitutive fatigue model used integrates low-cycle and high-cycle fatigue behavior. This
model is grounded on the concept of fatigue damage evolution and incorporates a moving
endurance surface within the stress space, eliminating the need for ambiguous cycle-
counting methods. An interesting observation is that many polymers exhibit macroscopic
fatigue characteristics, specifically, the form of the S — N curve similar to those observed
in metals. Consequently, all fatigue model parameters were expressed in terms of the
well-established Coffin-Manson-Basquin model parameters. However, the constitutive
mathematical modeling itself is computationally time-consuming, particularly when ap-
plied to predict high-cycle fatigue across large design spaces. Therefore, the proposed
model was utilized exclusively to generate high-quality data for training machine learning
models that offer significantly improved computational efficiency. The high-cycle fatigue
design of polymers and other ductile materials, traditionally dependent on expensive and
time-consuming experimental methods, is now expedited through an advanced modeling
framework that combines constitutive mathematical modeling with Al-based approaches.

Keywords: ultra-high-cycle fatigue; modeling; machine learning; minimal data;

microstructural damage

1. Introduction

Due to their favorable properties (e.g., low cost, optical clearness, toughness, and low
density), polymers represent highly important technological materials in automotive struc-
tural components (today, a third of the roughly 30,000 parts in cars are made of plastics) and
aeronautic equipment (e.g., the cockpit canopy of the Lockheed Martin F-22 Raptor fighter),
and polymers are also used as ingredients to improve the toughness of biocomposites
and bulk metallic glasses [1-3]. Concurrently, fatigue failure of engineering components
have been identified as a primary cause of significant financial losses and human injuries
in traffic accidents [4-6]. Therefore, the development of high-performance materials and
components intended for demanding fatigue applications is crucial. The development
process can be significantly accelerated through model-based predictions, which have the
potential to replace costly and time-consuming experimental fatigue testing. In other words,
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the model predictions enable rapid and systematic exploration of a wide range of material
grades and loading scenarios.

Many existing fatigue models are based on fatigue-limit criteria, where the fatigue
strength or limit is determined using a series of identical loading cycles. Alternatively, some
models adopt cumulative damage theories combined with cycle-counting techniques [7-9].
However, defining a representative or standard cycle from complex loading spectra remains
a significant challenge in practical applications. As an alternative approach, a continuum
mechanics framework based on an incremental formalism of fatigue was introduced in
the previous works [10-13]. In contrast to conventional cycle-counting methods, this
framework defines damage evolution and the movement of the endurance surface in terms
of stress increments rather than discrete stress cycles. This continuum mechanics framework
is a consistent and unified formulation, allowing for the accumulation of damage and the
application of stress-based fatigue limits under arbitrary loading histories. Particularly,
the unified fatigue fracture model [14] proposed a (micro)structural-mechanical parameter
to determine the crack formation depending on the asymmetry of the loading cycle.

However, constitutive mathematical modeling remains challenging and computation-
ally time-consuming, particularly when applied to large scale-up design or the prediction
of ultimately long fatigue lives. As a result, these sophisticated and deterministic models
are increasingly being complemented or replaced by simpler and more efficient meta-
models based on artificial intelligence (AI), which primarily require access to high-quality
data [15-17]. Data-driven modeling approaches based on machine learning (ML, a promi-
nent subset of Al) have demonstrated significant potential in fatigue analysis [16,18], as well
as in simulating the nonlinear deformation behavior [19,20]. Laycock et al. [17], in this
context, introduced the concept of Materials 4.0 referring to the current digital revolution
in materials science that integrates ML with experimental methodologies. Correspondingly,
in the fields of academic (1.0), theoretical (2.0), and computational (3.0) materials science,
Wu et al. [21] proposed a ML framework to predict the macroscopic stress—strain behavior
of ductile thermoplastic polymers. Their approach employs a stochastic Kriging machine
model in combination with a genetic algorithm (GA) to train the machine model using
only limited experimental data. Notably, Srinivasan et al. [22] demonstrated their ML
framework for estimating the fatigue life of epoxy polymers and metal alloys using mini-
mal experimental input. Xuan et al. [16] reviewed various hybrid physics-informed and
data-driven ML (HPDML) methods for fatigue life prediction of metals: HPDML methods
are based on a mutual interaction between a physically reasoned (constitutive) model and
a ML method allowing for the design of the internal components of ML models faster and
physically more transparently.

However, a key limitation of previous studies is their reliance on costly experimental
data, overlooking the optimal integration between experimentally acquired data, which are
often incomplete due to resource constraints, and the model-predicted data, which can be
generated in abundance. This work integrates the strengths of the traditional constitutive
mathematical modeling with Al-based modeling into a unified framework, wherein the
costly and often missing experimental data required for ML are substituted with high-
fidelity model predictions derived from the available experimental data. The simulated
or model-predicted data are of particular interest as a substitute for costly experimentally
recorded data, whose value is expected to increase exponentially in the future [23,24].
This concept is illustrated in Figure 1. The difference to the previous studies is that the
proposed concept benefits solely predicted model data to substitute missing experimental
data. That is, no mutual interaction encoding between a physically reasoned (constitutive)
model and a ML method is required. The proposed modeling framework, which combines
constitutive mathematical modeling with Al-based methods, enables accurate predictions
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with reasonable computational times, even in the ultra-HCF range (N > 108), which is
especially critical for applications involving prolonged loading, such as tire durability [25]
and fatigue life of various commercially significant materials [26-28].

This article continues by reviewing the fatigue testing methodology, the underlying
fatigue model, and its calibration using experimentally validated Coffin-Manson-Basquin
formulae analogous to those employed for metals. Finally, the article presents novel results
and discusses the significance of incorporating mathematical model predictions into the
ML framework.

Scarce experimentation Mathematical model (MM) Shortcoming of the MM

Due to difficulties in expenmentation | Development of the best model |y The proposed, advanced MM suffers from
and costly and time-consuming based on the experimental the computational inefficiency: inefficient
experimentation. (physical) data available. prediction of long fatigue Lives.

Machine learning (ML) Proposed modeling concept

Used to replace the MM to calculate — | Advanced MM (physically evidenced) is solely
e.g. long fatigue lives more efficiently. used for predicting high-quality data for ML,
which the ML 1s used for final predictions.

Figure 1. Flowchart for using the ML (for long-term fatigue), which is based on the experimental
data and the high-quality data predicted by the advanced mathematical model.

2. Materials and Methods

The proposed approach for fast fatigue life prediction of ductile materials is general,
but ductile plastics (polymers) were selected as a case study; the current polymer market
size is immense with a valuation of approximately USD 660 billion for the most com-
monly used polymers. This figure is projected to grow to USD 1095 billion by 2032 [29].
Representative examples of polymer-based components subjected to fatigue loading can
be found in the automotive and aeronautic industries [12,27,30]. Despite the critical role
of polymer engineering, significant efforts are still needed to enhance their fatigue resis-
tance [31,32] and to develop efficient and reliable simulation tools for predicting their
fatigue behavior [9,12,33-36].

A PC polymer (Lexan® 223R granulate, a density of 1.2 g/cm®) known for its high
fatigue resistance was used in the fatigue experiments. The geometry of the flat, dog-
bone-shaped tensile specimens, provided via injection-molding, conformed to ASTM
standard [37] (type IV specimen). Optic 3D metrology (Alicona analyser, Bruker Alicona
in Raaba/Graz in Austria) was employed to verify the high-quality surface and dimen-
sion accuracy of the specimens, ensuring homogenous stress and strain distributions and
consequently, fatigue damage within the gauge section (web) of the specimens [11,12].

Cyclic pulsating tensile tests were performed in accordance with standard [38], con-
tinuing until specimen rupture. An Instron Electropulse E10000 (Instron Division of ITW
limited in Buchinghamshire, UK) with a load capacity of 10 kN and a maximum displace-
ment of 30 mm was used. An Instron 2620.601 extensometer with the capacity of 5 mm,
i.e., 20% strain (glued onto the surface of the specimens’ web), was also used with data
acquisition 1000 Hz, cf. Figure 2. The testing conditions were as follows:

- Force-controlled sinusoidal wave at f = 5 Hz with stress ratios R = 0.1 and 0.5;
- The maximum applied stress levels were 15, 37.5, 50, 75, 90, and 97% of the rupture
(ultimate) stress, 0, = 60 MPa, for R = 0.1 and 37.5, 50, 75, 90, and 97% for R = 0.5.

Cyclic fully reversed tension—-compression tests (R = —1) were also conducted to
further refine the model parameters [12]. The fatigue process was also simulated at the
frequency of 10 Hz [14], and the difference on strain to the frequency of 5 Hz was small.
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During testing, the axial force F and corresponding elongation u were recorded by the
testing machine. Strain was defined as € := u/Lg, where Lg denotes the gauge length of
the extensometer. The nominal (1st Piola—Kirchhoff) stress was calculated as ¢ = F/ A,
with A representing the original cross-sectional area of the gauge section. The deviation
from the true Cauchy stress was minimal owing to the relatively small strain levels (less
than 10%). However, the observed deformation behavior was clearly plastic, as evidenced
by partially irreversible strains, a nonlinear o — € response, and the presence of ratcheting
under asymmetric (R > 0) force-controlled loading conditions.

19.4 .

-

19 =

=

R=14

34

122 Extensometer

Specimen

Figure 2. Geometry of the tensile test specimen (left) and the testing equipment (right).

3. Theory-Modeling

To investigate both low- and high-cycle fatigue (LCF and HCF) ranges, a capable
simulation tool for fatigue must include an accomplished constitutive model which is
able to predict (visco)elastic (HCF) and viscoplastic (LCF) deformation history including
long-term creep and recovery, shape of the cyclic loading loops, and ratcheting. These
material characteristics are particularly interesting for ductile plastics [11,12,34,39], and the
models introduced in [11,36,40—43] include these elements.

The kinematics and constitutive formulation of the proposed model were detailed
in [12]. The model is capable of capturing large deformations, as it is based on the mul-
tiplicative decomposition of the deformation gradient [36]. This framework enables the
separation of local deformations into elastic and viscoelastic—plastic components, where
the viscoelastic—plastic component represents the partially reversible micromechanisms.
Macroscopically, this manifests as strain recovery upon unloading (viscoelasticity) and
long-term phenomena such as creep strain and stress relaxation (viscoplasticity) [36]. The
plastic response arises from irreversible, dissipative microstructural mechanisms, including
specifically for PC polymer chain entanglement, slippage, and chain scission [44—46], which
are often driven by the growth and coalescence of nano-/micro-scale voids [36,41,47,48].

3.1. Prediction of Fatigue Life

Considering the HCF range, the material exhibits primarily elastic macroscopic defor-
mation, whereas in the LCF range, substantial plastic deformation develops. The transition
from LCF to HCF typically occurs over a range of several thousand to tens of thousands
of loading cycles. The fatigue model proposed in [12] encompasses both LCF and HCF
ranges, and it is an extension of the HCF model originally developed for metals by [10].
Although metals exhibit dislocation micromechanisms, the model’s formulation is suf-
ficiently general to be applicable to a broad class of ductile solids that exhibit similar
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macroscopic fatigue behavior; the model accounts for macroscopical asymptotical limits
of fatigue life, namely, the endurance limit, and fatigue damage below this threshold is
attenuated [10,11,33,41,49].

To generalize the endurance limit, the proposed fatigue model introduces an en-
durance surface, denoted as f in stress space. When the stress state remains within this
surface, no fatigue damage accumulates; conversely, damage initiation and progression
occur when the stress state lies outside the endurance surface B [10,12]. As demonstrated
in [12], the endurance surface of ductile polymers subjected to cyclic uniaxial loading (the
stress oscillates between oy, — 05 and o + 04, with 0, and or, denoting the stress amplitude
and mean stress, respectively) is

1 5 a ., 1+ a2 + 4ayop
- - — ﬁ P e
(0a + 2112) + (om + 2112) 443

(1)

where 0y is the endurance limit and a4 and 4, are material parameters with clear physi-
cal interpretations, cf. Figure 3(left). The proposed expression (1) defines a Haigh dia-
gram specifically tailored for polymers and constitutes an advancement over the classical
Gerber’s rule (1874), which, although historically significant for ductile materials (plas-
tics), fails to accurately capture the asymmetry between tensile and compressive loading.
The polymer-specific Haigh diagram derived from (1) is illustrated in Figure 3(left).
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Figure 3. Predicted Haigh diagrams (besed on (1) for the PC) for 5000, 13,000, 25,000, and 40,000 cycles
(left). The markers M denote the experimental data points. The linear approximation ~ 0, (0) — al
(I, = o) representing the endurance limit (0;(0) = 0y ~ 8.3 MPa) in the HCF range is shown, along
with the interpretation of the model parameters 2 = 0.18 and a, = 0.014 [12], which influence the
curvature of the endurance surface. A systematic illustration of fatigue damage progression D is
provided, showing stages I and II (as predicted by the model), and III (right).

3.2. Fatigue Damage Evolution

Microstructural characteristics explain the long-term stable fatigue and deformation
behavior of ductile materials before complete sudden failure (rupture). The stable phase
governs typically more than 90% of the total fatigue life [11,33,41,49,50] and comprises the
increase in nanoscopic voids [40,43,51]) and microcracks (primary stage I) to form macroc-
racks (secondary stage II) [47,52,53]; see Figures 3(right) and 4. The impact of increasing
voids was included in the constitutive model [12,36]. Furthermore, crazing, characterized
by chain disentanglement and the formation of fibrils (extended chain crystals or bundles
bridging voids), has been identified as a key mechanism underlying plastic deformation
at crack tips during fatigue failure in stages I and II [44-46,54,55]; see Figure 4(right).
During final failure (rupture), unstable macro-crack propagation accelerates rapidly, cor-
responding to the tertiary stage III. The complete sequence of fatigue failure stages I and
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III, along with the predicted fatigue damage characterizing stages I and II, is illustrated in
Figure 3(right).

Crack and void propagation —
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Increasing voids 7
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Figure 4. Initial microstructural evolution at 500 cycles (stage I, left) and 1500 cycles (stage II, right)

N
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%

under loading conditions of R = 0.1 and 0max = 45 MPa (75% of the ultimate tensile strength, o).
Scanning electron microscope (SEM) imaging (FEI Quanta 450 W EDS EDAX) was used. The inset
(right) highlights the failure mechanism occurring at the crack tip.

The evolution of fatigue damage characterizing the progressive fatigue failure process
was modeled using an evolution law based on a scalar-valued damage variable. This
scalar representation is appropriate, as it effectively captures the dominant fatigue dam-
age stages I and II, which typically account for a majority of the total fatigue life (more
than 90%) [36,49,50,56-58]. The multiplicative composition of the damage evolution was
adopted, as introduced in [12]:

dD = 5 —KBD exp(LB) exp(—i(ﬁ + % (exp(—%B) — 1))>dﬁ, )

where the first and second exponential terms describe the evolution of HCF and LCF ranges,
respectively. The parameters K, B, «, L, and L are all positive and possess distinct physical
interpretations. Specifically, K and B govern the initiation of fatigue damage, refined by L
and L in the HCF and LCF regions, respectively. The parameter « characterizes the duration
of the transition between the LCF region and HCF ranges (the larger «, the longer the
transition); « reflects on average, at the macroscopic level, the underlying microstructural
evolution, particularly the accumulation of microcracks before rupture (tertiary stage III,
where unstable macrocrack propagation accelerates rapidly) [11,12].

3.3. Model Calibration

The model was implemented using the Intel® Fortran application on the Puhti super-
computer (https://www.puhti.csc.fi/ (accessed on 20 December 2025). with Intel Xeon
processors (Cascade Lake architecture), comprising two processors with a total of 40 cores
operating at 2.1 GHz (excluding finite-element (FEM) simulations, to imitate a personal
computer, only one CPU with the limited memory usage 4000 MB was used in the fatigue
analyses). Based on the standardized specimen geometry [37], the strain distribution within
the gauge section was assumed to be homogeneous. This assumption was verified through
FEM simulations (UMAT in Abaqus), as illustrated in Figure 5(right). Consequently, fatigue
simulations were conducted at a single representative material (integration) point within
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the gauge section, significantly reducing computational costs without compromising the
fidelity of the results.

The constitutive model parameters used for predicting the macroscopic stress—strain
behavior of ductile polymers (PC) were identified in [11,12]. The parameters related to the
endurance function and fatigue damage evolution were calibrated using uniaxial cyclic
test data, specifically from applied stress vs. number of cycles (S — N curves) shown in
Figure 5(left). The observed similarity in macroscopic fatigue behavior (S — N curves)
between polymers and metals motivated us to use the Basquin (HCF) and Coffin-Manson
(LCF) empirical relations for polymers. Accordingly, the fatigue parameters (K, L, L, and )
were formulated in terms of the univocal, well-established Basquin and Coffin-Manson
parameters. These were complemented by the Ramberg—Osgood model parameters to
capture the nonlinear plastic relationship between stress and strain, as detailed in [12].

T T TN =T AT T T T T 11T o
58 - | | — +2.910e-03
I | N +2.715e-03
+2.519e-03
B ' } BERtr
48 - ' . s
= | ] RS
& 38 - . 1550300
= - — 19543
=T & i HEEH
% N LCF HCF | 60 ¥
B[ f=5H B g 7,
[ R=—1 . o — Ratchetin
18 R =0.1 () S . [a VR g
:R:0'5 (‘)' N E 20
g L iivim v vviim |y i o 10
102 10®  10*  10° 108 0

0 001 002 003 004 005

N

Figure 5. Predicted uniaxial S — N curves (fatigue lives, D = 1) and experimental data (markers):
R = —1 (the marker o), R = 0.1 (¢), and R = 0.5 (A) (left). FEM simulation (R = 0.1, onax = 0.90y, =
54 MPa, N ~ 80) demonstrating a homogeneous strain field (LE11=¢) in the gauge section of the
specimen (right). The inset presents loops at the 40th, 400th, and 3100th cycles (prior to rupture)
within the plastic LCF range (computed at a single material point). Black and green curves represent
the experimental data and model predictions, respectively.

4. Results
4.1. Predicted Results vs. Experimental Data

Both the measured and simulated S — N curves exhibit a characteristic pattern: an
initially reduced negative slope at low cycle counts, followed by a relatively linear region
with an increased negative slope, then transitioning to a diminished negative slope at
higher cycle counts, and finally approaching a nearly horizontal asymptote in the ultimate
HCF region, cf. Figure 5(left). Based on the curvature asymptotes of the S — N curves, it can
be inferred that the LCF range encompasses fewer than approximately 4000...12,000 cycles,
whereas the HCF range extends beyond approximately 35,000...60,000 cycles. The nonlinear
nature of the S — N curves poses a significant challenge for modeling. Nevertheless, the pro-
posed fatigue model, including the damage evolution (2), formulated as a composition of
the LCF and HCF ranges, accurately captured the observed S — N behavior. In particular,
the curvature parameter «x effectively characterizes the rate at which the transition between
the asymptotes’ slopes of the LCF and HCF regions occurs. Furthermore, the viscoplastic
constitutive model accounting for the effects of void growth demonstrated strong predictive
capability in replicating the stress vs. strain loops and ratcheting strain behavior under
asymmetric loading [12], as illustrated in Figure 5.
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4.2. Predicted Data vs. ML

The following discussion addresses a common challenge in research: the limited
availability of costly experimental data required to investigate a comprehensive range of
conditions. In the present study, history-dependent data for long fatigue lives exceeding
40,000 cycles were unavailable. To address this, high-quality model data predictions
generated by a calibrated, microstructurally informed constitutive model were employed
to substitute the missing experimental data. This approach enables the construction of
as-built models of real-life components [59] and facilitates the development of digital
(numerical) twins, virtual counterparts of physical testing environments that dynamically
mirror the behavior of their physical equivalents [60]. Figure 6 illustrates the proposed
ML-based framework, in which the algorithm is trained and tested using a combined
dataset comprising both the available experimental data and high-quality model-generated
data. Accordingly, within this framework, the advanced mathematical model is employed
exclusively for generating high-fidelity training data for the ML algorithms.

Databases: Suitable machine learning
-Experimental method (inel. neural network)

-model predictions
_/ % 2
Final prediction based on
=

? Training data:
Experimentally ] @ @ 9 9 the testing data which also
evidenced = =) | Suitable combination i is a suitable combination of

model of experimental and 'K X ] @ b T experimental and predicted
predicted model data \

model data

6o |

Databases: Testing data

-Experimental
-model predictions @ @

Figure 6. The proposed modeling concept based on ML boosted by high-quality data driven by

advanced (explicit) design modeling. The Pearson correlation between two variables is also demon-
strated (bottom left).

Maximum stress omax and fatigue damage D as a function of the number of cycles
N were selected as the target variable to be predicted using ML. Due to the complex and
highly nonlinear dependence of damage on the stress and strain histories, the choice of
an appropriate ML approach is constrained. Traditional unsupervised methods, such as
linear regression (LR) or least absolute shrinkage and selection operator (LASSO) [61], are
inadequate for capturing such nonlinear behavior. Instead, more advanced supervised
methods, particularly support vector regression (SVR), are preferred. SVR is a widely
adopted extension of support vector machine (SVM) [62], particularly well-suited for
modeling complex and weak nonlinear relationships among input variables [63,64] and
minimizing prediction error through margin-based optimization techniques [65]. Super-
vised methods (including SVR), which can be implemented using neural networks, offer
several advantages, including the absence of prior assumptions (based solely on data),
high adaptability, and computational efficiency. However, supervised ML methods also
present certain limitations [21]: [1] first, their predictive accuracy is highly dependent on
the quality of the training data, which is often constrained by the high cost and limited
availability of experimental measurements. [2] Whereas both experimental observations
and numerical simulations commonly exhibit Gaussian distribution characteristics [66],
many ML methods do not inherently model or replicate this statistical behavior effectively.

To address the limitations of conventional ML methods, ensemble techniques have
recently gained prominence for achieving higher predictive accuracy [61]. Ensemble
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methods aim to combine multiple ML models to enhance the overall performance and
generalization capability. Notable examples include gradient boosting regression (GBR)
and stacking [61]. Among these, stacking is often considered the most accurate approach,
as it involves training several base models and using their individual predictions as input
features for a final meta-model, and then using their individual predictions. In the proposed
stacking framework, both the training data (used for training the base models and the
first-level meta-model) and the testing data (used for validating the base models, first-level
meta-model, and ultimately the second-level meta-model) are derived from a strategically
balanced combination of an abundant set of high-fidelity model-generated data and the
available experimental data, as illustrated in Figure 7(left).

Layout for ML with maximum power

ML concept based on
stacking using
increased model

Construct a database based on
the all available experimental

(predicted) data. .

Final product and predicted data
¥ Removable steps for after R&D
reduced stacking (were T ¢

found to be insignificant

Split data (according to the
stress ratios R)

in accuracy)

Final prediction
1in accordance
with the testing

data L

' Investigate and select the most
' efficient ML method (reduced
|

stacking)
:

N BT T e

Model N
For ML, minimize the number
_ 'Shfif:se of (predicted) data points (the
el numbers of cycles) for exact
extrapolation of HCF
 Training data: i
Euttable CombmiaRuiLof; For ML, use solely the
experimental and . ? “
predicted model data minimum data-set taken from
the predictions and the exact
extrapolation

Figure 7. Schematic of the stacking method, which uses an increased amount of predicted data in
relation to costly experimental data (left). Removed steps for the reduced stacking are also illustrated.
Optimized procedure for ML to minimize the amount of data and calculation time (right).

To improve the ML process further, it is important to investigate the variables” im-
portance using, e.g., the random forest (RF) algorithm [61]. However, the application of
such an autonomous method is unnecessary here because the mutual importance between
the variables is considered known through the predictive constitutive modeling. The Pear-
son correlation is the best-known correlation measure for this purpose (demonstrated in
Figure 6). The most important fatigue parameters are the endurance limit oy and the slope
parameters a and a; (demonstrated in Figure 3(left)), representing the material variables
and ranging between 8.2 and 8.4 MPa, 0.17-0.19, and 0.013-0.017, respectively, to reach
high accurate predictions. The Pearson correlation p between these variables is very low
(|lp]] <0.01 for the random sample with the size 10,000), indicating that these variables
are essentially independent of each other, when the model parameters can be considered
constant and the model results are stable and reliable.
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4.3. Fast HCF Predictions: Reduced Stacking

To further enhance particularly the prediction of HCF damage, a reduced stacking
strategy was adopted, wherein the first-level meta-model was constructed using a single
base model (SVR) employing random data splitting [64,67]. Notably, the inclusion of multi-
ple base models offered minimal improvement in predictive performance. In the ablation
study, three base models of LR, LASSO, and SVR were applied, and the two first were
removed from the system: Figure 8(left) first shows the capability of the constitutive model
to produce accurate data, and then Figure 8(right) evidences the increased accuracy of the
SVR in relation to LR and LASSO. A notable error of the methods, which is due to the
arrangement of data according to the stress ratios (R = 0.1; —1;0.5), reveals the mutual ca-
pability of the methods. Moreover, the SVR as the first-level meta-model served also as the
final predictive model because of its high accuracy, as shown in Figure 9a. This streamlined
approach demonstrated in Figure 7(left) proved both computationally efficient and suffi-
ciently accurate for assessing long-term fatigue damage and life. Figures 8(right) and 9a
show the 10-fold cross-validation used to estimate the ML model s ability to generalize
unseen data based on the SVR: Gaussian kernel, C (regularization), gamma (curvature),
and epsilon were the hyperparameters with the values 1000, 10, and 0.01, respectively,
(tuning iteratively by searching for 10 times magnitudes).

70 Sample size n=23 @ LR MAE=102 MPa
MAE=2.3 MPa o -
60 RMSE=3.1 MPa ] 70 Stacking: SVR 50% + LR 25% + LASSO 25%, MAE=T.6 MPa
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Figure 8. Comparison of the predicted (by the constitutive model) maximum stress values to the
experimental values (the maximum stress decreases with increasing N) for the fatigue life (D = 1)
using a reference line (left). Comparison of the ML predictions to the data values: 50-50% combination
(blending) of the constitutive model predictions and the experimental values shown on the right.
Scattering of the results is due to the arrangement of data in accordance with the stress ratios:
R=0.1;-1;05.

The prediction of fatigue damage D in addition to the S — N curve is crucial. In the
present study on fatigue damage, where damage is a model variable, no direct (explicit)
experimental data on damage evolution was available. However, the stress vs. strain
relationship (o — € curve) affecting the full damage D = 1 was experimentally validated, as
shown in Figures 5 and 8. Considering the number of predicted data points P = N/ (f - At)
(increments using the time increment At and frequency f generated by the full mathematical
model). For instance, predicted data for N = 75,000 cycles (At = 0.004 s, f = 5 Hz)
comprises almost four millions data points and time increments. Figure 9b shows the ML
predictions when based solely on 0.3% of data points P (concentrated on the first and last
300 cycles). To identify this minimum dataset vs. maximum accuracy of the ML results, the
number of data points was reduced by one tenth at a time. Despite the low data volume
detailed in Table 1, the ML predictions show only a small error due to the smoothness of the
predicted damage evolution. A scalability /performance analysis for the D — N relationship
is summarized in Table 2. A conclusion is that majority of resources (CPU elapsed time) is
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needed for training, and the calculation time increases more than linearly when fatigue life
increases, despite the reduced set of training data.

Table 1. Usage (blending) of the experimental and predicted data for the ML. In Figures 8(right) and 9a,
the portions represent solely the amount of data available (data points were randomly selected).
In Figure 9b,c, the same portions were used for training and testing.

Pred. Data % Exp. Data, Explicit % Exp. Data, Implicit % ¥

Figure 8 (right) ......... 50 50 -
Figure 9a ......... 57 43 -
Figure 9 ......... 90 0f 10
Figure 9c......... 90 of 10

* Only two points: (D = 0,N = 0) and (D = 1,N). 1 ¢ — ¢ data during cycles used for the validation of the
constitutive model.

Table 2. Scalability /performance analysis for the two D — N relationships shown in Figure 9b,c.
The total sample sizes (predicted) are P; = 3,750,000 and P, = 6.5 x 108, respectively. The CPU
elapsed time and the memory usage represent the average values.

N Sample Size CPU Elapsed Time (s) Memory Usage (MB)

Training ......... 75,000 0.3% of P 1.9 3400
Testing ......... 75,000 0.3% of P 0.01 3500
CV-10.......... 75,000 0.3% of P; 0.02 3600
Training ......... 13,000,000 0.3% of P, 433 4100
Testing ......... 13,000,000 0.9% of P, 3.5 3600
CV-10.......... 13,000,000 0.9% of P, 8.0 3700
(a) 609 § R=0.1, final crrors: (b) 1
§ aE=isMe V-0 R=0.1; 0pae = 46, 16 MPa
50 | I;I\REE = 3.1 MPa ‘j 0576 0001 0.8 —— math model predictio
: >‘ « Data for ML: 57715 0.6769 ---- ML prediction
40 - x Pred. 57%+Exp. 43% by 0.6 4 Training data for ML, \'I‘;" m'f{z:m MPy
. MPa! X |Sample size n=28 oz s D Indep. exp. data 0.0302 0.9846
max | 0795 7062 0.0295 0.9845
W e N 0.4 oy
| e 00201 09544
| N J 0.2 p > 00303 0.9815
20+ P 0.0300 0.9846
| ) [} § 2 00303 0.9845
: X 0.0304  0.9846
l()(; 2 4 6 8 10 0 2 4 6 ¥
N 4
N x10* x10

1
() R=0.1; 0yas — 10.5 MPa
08f
predicted data
ML prediction - - - -
extrapolated Dy
indep. exp. data poj

0.6

0 0.5 1 1.5
N x107

Figure 9. Prediction of the S — N curve (D = 1) using the mathematical model and the ML via
stacking based on the SVR (a). Predictions of fatigue damage D using the mathematical model (solid)
and ML (dashed) (b). The total number of cycles N to failure, D = 1, was validated experimentally
(green markers; omax = 16 MPa as an example) and also the data points for training of the ML are
shown (black markers #). A quadratic fitted damage function Dy and the ML prediction of HCF
based on the Dy, and the predicted data (highlighted by the green color) which represents ~30% of
the expected fatigue life is also shown (c).
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However, the primary challenge in predicting extreme HCF (N > 10) lies in the sig-
nificant cost and time associated with both experimental testing and also the mathematical
modeling. As a result, comprehensive HCF data are typically unavailable. In contrast, ML
methods offer significant computational efficiency. To address this limitation, the objective
was to predict fatigue damage over a limited portion of the fatigue life, and to extrapolate
the remaining damage response based on this partial dataset. Polynomial and exponential
functions are suitable candidates for extrapolating fatigue damage response. In this ap-
proach, it is essential that the error between the function and the available predicted data
remains minimal. It was observed that a quadratic polynomial function, Dy = aN 24+ DN
(N is the number of cycles, and a = 2.6 x 10715 and b = 4.0 x 1078 are parameters), is
accurate. The deviation between this polynomial function and the damage predictions from
the constitutive model was found to be less than 0.5%. The proposed efficient methodology,
which significantly reduces both the required data volume and computational time of
HCEF prediction, is illustrated in Figure 7(right). The proposed approach is particularly
advantageous for very-HCF and ultra-HCF predictions, where conventional mathematical
models are computationally intensive and time-consuming (in addition to experimental
resources) [11,25,27,28]. In contrast, ML methods offer significant computational efficiency.
However, the damage evolution increasingly relies on a fitted damage function which,
given that direct experimental damage evolution data are not available, limits independent
validation and predictive or extrapolative confidence in the ultra-HCF regime.

Figure 9c illustrates the predicted and experimentally validated data (highlighted
in green), the proposed polynomial damage function Dy, and the corresponding ML
prediction based on both the predicted data and Dy. The ML prediction aligns closely with
the expected fatigue damage and fatigue life, even with the independent experimental data
point for full damage, D = 1 (note that the number of cycles N for D = 1 corresponds to the
experimentally observed specimen’s rupture). In the ML prediction, approximately 0.3% of
the data points (concentrated on the first and last 300 cycles within 0—~30% of the fatigue
life) was required to define the D — N curve accurately. Additionally, a few supplementary
points were extracted directly from Dy. Consequently, the total number of data points used
amounted to only ~0.3% compared to those that would be required by the mathematical
model to predict the full fatigue damage and lifetime. The total CPU-elapsed time for the
mathematical model, employing a maximum constant time increment of approximately
0.004 s within the implicit backward Euler integration scheme, was 67,800 s. In contrast,
the average computation time for the ML prediction, with both training and testing phases,
was ~440 s (see Table 2), corresponding to only 0.65% of the computation time required
by the full mathematical model. This study demonstrates that the proposed ML-based
approach enables a huge decrease in both the number of data points (time increments) and
the overall computation time.

5. Conclusions

Due to the compact formulation of the proposed mathematical fatigue model and its
systematic calibration procedure grounded in the Basquin (for HCF) and Coffin-Manson
(for LCF) formulations [12], product development can be significantly accelerated through
predictive modeling, enabling the creation of digital (numerical) twins and reducing the
reliance on time-consuming trial-and-error testing procedures. The proposed approach
is straightforward to implement and integrate as a built-in feature within finite-element
method (FEM) packages. In this treatment, engineers must identify and select only the most
critical material points (e.g., every ten thousandth point), while still performing calculations
on several thousands points [68], as illustrated in Figure 10. In this context, the proposed
modeling framework, which couples constitutive mathematical modeling with Al-based
techniques, enables [1] accurate fatigue predictions within reasonable calculation times,
even for ultra-HCF (N > 10%); [2] notably, the calculation (CPU-elapsed) time required for
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fatigue prediction at a single material point was reduced to just less 1% of that required by
the full mathematical model; [3] the effectiveness of the proposed ML approach in the full
fatigue analysis is remarkable:

Damage at 200 cycles,
R=0.1,f=2Hz
+2.572-01
+2.338e-01
+2.105e-01
+1.871e-01
+1 537&0}

+1.169e-01
+5.354e-02
+7.015e-02
+4.677e-02

+2.338e-02
1.254e-06

SEM imaging and FEM
simulation (RVE):

20 pm ‘

Damage at 150 cycles

0 0.05 0.1 0.15 02

Figure 10. Localized fatigue damage (0max = 97% of the oy) caused by voids (in PC), based on
the [12] model implemented in Abaqus/Implicit (right). Experimentally observed (SEM) region of
voids and simulated damage in the corresponding RVE (left).

According to Amdahl’s Law, the overall speedup of the calculation time can be
increased to the order of 1/((1 — F) + F/S), where F is the fraction of total CPU time
spent on integration point calculations and S is the speedup factor achieved at a single
integration point (>100 in this case). Using the moderate value F = 0.9, the overall
speedup of the calculation time is ~10. The robustness of the approach could be further
improved using deep ML, physics-informed neural networks (PINNs [69]), and use of
parallel computing to reduce simulation times [70,71]. These advancements represent a
significant step forward in improving the computational efficiency of HCF in future, while
anticipating future breakthroughs in hardware, such as quantum computing [72].
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Nomenclature

ML machine learning

N numbers of cycles

f frequency

R stress ratio

0,04 uniaxial (true) stress and its ultimate value
€ uniaxial strain

HCF LCF High-cycle fatigue, low-cycle fatigue

Ta stress amplitude
Om mean stress
L first stress invariant
a, ap slope parameters of the Haigh diagram for low and high values of o
D fatigue damage
o) fatigue strength or endurance limit
SEM Scanning electron microscope
B endurance function
K, L fatigue damage parameters for HCF
L« fatigue damage parameters for LCF
€r ratcheting strain
SVR Support vector regression
p number of predicted data points
At time increment
Dy polynomial fatigue damage function
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