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ABSTRACT

Thermo-oxidative (TO) preaging significantly influences the fatigue behavior of natural rubber (NR). However,
existing artificial neural network (ANN) models are generally limited to isothermal aging conditions and cannot
directly represent multi-temperature preaging spectra encountered in practical applications. This study develops
a framework for extending ANN-based fatigue-life predictors trained exclusively using isothermal preaging data
to multi-temperature aging histories. An optimized physics-informed neural network (PINN) is employed as the
underlying fatigue-life predictor, incorporating a physics-based constraint to preserve the expected power-law
behavior of the generated S-N curves. Two spectral-aging representations are investigated. The first converts
the aging spectrum into an equivalent isothermal condition using weighted-mean-temperature or Arrhenius-
based equivalent-time formulations. The second introduces an incremental-degradation representation in
which the individual aging steps are evaluated sequentially while accounting for the preceding aging history. The
optimized PINN achieves mean absolute percentage errors (MAPE) of 16.5% and 14.8% for unseen data within
the training conditions and left-out isothermal aging conditions, respectively. For spectral preaging, the
Arrhenius-based equivalent-time method substantially outperforms the weighted-mean-temperature approach.
The proposed incremental-degradation representation provides the highest accuracy, with a MAPE of 6.13%,
while preserving the sequential nature of the aging process and avoiding the need for a global reference tem-
perature. Its predictions are also in close agreement with the experimental S-N curve and compare favorably with
the analytical Neuhaus model, without requiring explicit determination of temperature and displacement
dependent activation-energy parameters. The proposed methodology therefore provides a practical approach for
extending isothermally trained ANN-based fatigue-life models to multi-temperature preaging histories.

1. Introduction

service reliability.
Fatigue behavior of NR is commonly characterized through load-life

Elastomers are types of polymers known for their high deformability,
resilience, and ability to recover large strains upon unloading. Among
them, natural rubber (NR) is one of the most widely used materials due
to its outstanding flexibility, toughness, crack-growth resistance, and
vibration isolation capability. These properties make NR essential in
industrial, construction, automotive, aerospace, and medical applica-
tions. In particular, black-filled NR is widely used in tires, engine
mounts, vibration isolators, seals, tubes, and cable insulation systems. In
such applications, components are routinely subjected to cyclic loading.
Consequently, reliable fatigue life prediction of NR components is of
primary importance for ensuring structural integrity, durability and

(S-N) relationships derived from cyclic testing. Extensive investigations
have examined the damage mechanisms and fatigue life in NR [1-5].
However, in real service conditions, elastomeric components are rarely
exposed to mechanical loading alone. Instead, they operate in complex
thermo-mechanical environments involving elevated temperatures, ox-
ygen diffusion, and long-term exposure to oxidative conditions. Elevated
temperature can induce both reversible viscoelastic effects and irre-
versible microstructural changes in NR [6]. Temperature rise may result
from external heat sources (e.g., combustion engines) or internal self-
heating due to hysteretic energy dissipation under dynamic loading
[7-9], a phenomenon particularly critical in vibration isolation
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applications.

Experimental investigations indicate that the fatigue life of NR de-
creases with increasing temperature, where there is often a threshold
temperature beyond which degradation accelerates [10]. Ruellan et al.
[11] demonstrated that both crack initiation and crack growth in NR are
strongly temperature-dependent, with thermo-mechanical coupling and
strain-induced crystallization significantly influencing fatigue resis-
tance. When NR is exposed to elevated temperatures for extended pe-
riods prior to mechanical loading, thermo-oxidative (TO) aging occurs.
This process involves oxidation-driven chain scission and/or additional
crosslinking reactions, leading to changes in crosslink density, stiffness,
and fracture properties [5,12]. The competition between chain scission
and crosslinking alters the network structure and, consequently, the
fatigue resistance of the material [13]. Abdelaziz et al. [14] investigated
fracture behavior of aged rubbers and emphasized the importance of
predictive tools capable of accounting for aging-induced property
changes. Neuhaus et al. [6] systematically examined the coupled influ-
ence of TO preaging and testing temperature on NR fatigue life. In that
study, they introduced a reasonably accurate semi-empirical analytical
framework capable of predicting fatigue life under combined aging and
temperature effects.

In practical service conditions, rubber components are often sub-
jected to preaging spectra, where components experience multiple
temperature levels over different durations during their life cycle. Such
non-isothermal or multi-step aging histories cannot be fully described by
single-temperature aging parameters. From a physico-chemical stand-
point, oxidation kinetics in elastomers are strongly temperature-
dependent and frequently modeled using Arrhenius-type formulations
[15,16]. For variable-temperature histories, the cumulative aging effect
may be represented through time-temperature superposition or equiv-
alent aging time concepts, where the temperature-dependent reaction
rate is integrated over exposure time [17]. However, translating such
cumulative degradation measures into reliable fatigue life predictions
remains challenging, particularly when fatigue mechanisms themselves
are temperature sensitive.

Traditional analytical fatigue models typically rely on fitted S-N re-
lationships, fracture mechanics approaches, or damage evolution laws
calibrated for specific environmental conditions [17]. While these
models are effective under controlled conditions, they often struggle to
generalize across different aging temperatures and durations. This lim-
itation arises from the complex interaction between thermal aging ki-
netics and fatigue behavior. Consequently, capturing these coupled
effects within a closed-form analytical framework becomes even more
challenging when the preaging history is non-isothermal.

Artificial Neural Networks (ANNs), offer a data-driven approach
capable of approximating highly nonlinear relations between inputs and
outputs [18]. In recent years, ANNs have been successfully applied to
fatigue life prediction across various materials [19-23], including NR.
Also, several studies utilized ANNs for evaluating the effects of tem-
perature on the properties and fatigue behavior of NR. Liu et al. [24]
developed a back-propagation ANN optimized via an improved
sine—cosine algorithm to predict NR fatigue life using peak engineering
strain, ambient temperature, and Shore hardness as inputs, achieving
high predictive accuracy. Robin et al. [25] demonstrated that scholas-
tically structured data repetition strategies can enable reliable fatigue
prediction across temperatures even with limited datasets. Hybrid ap-
proaches integrating physical constraints have further improved
robustness of ANN-based approaches. Sun et al. [26] incorporated
physical fatigue-life estimates within a Physics-Informed Neural
Network (PINN) framework, enhancing predictive consistency. Liu et al.
[27] explicitly addressed testing temperature effects using PINN,
achieving predictions with good accuracy at temperatures up to 110°C.
Li et al. [28] extended the PINN framework to characterize TO aging
effects in viscoelastic materials by embedding microsphere-based
physical constraints. Furthermore, Hijazi et al. [29] used ANN-based
modeling for evaluating the fatigue life of NR under combined TO
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preaging and testing temperature effects. Several ANN modeling ap-
proaches, including purely data-driven ANN, Assisted-ANN, and PINN,
were employed to predict S-N relationships across different preaging
temperatures, aging durations, and testing temperatures. Their results
demonstrate the superior predictive performance of ANN-based models,
particularly the PINN approach, as compared with the semi-empirical
analytical formulation proposed in [6], with evaluation based on both
statistical error metrics and physical consistency of the predicted S-N
curves.

The previously mentioned ANN-based models for fatigue life pre-
diction of NR have primarily addressed either testing temperature ef-
fects, TO preaging effects, or the combination of the two. Despite these
advances, the generalization of fatigue life prediction under multi-step
preaging spectra remains unexplored. In particular, it is unclear how
ANN-based models can effectively handle cumulative TO history and
extrapolate fatigue life beyond single-temperature (isothermal) aging
conditions.

The present study addresses this gap by employing comprehensive
experimental dataset [6,29], comprising S-N data under different
isothermal preaging conditions covering temperatures up to 120°C, and
aging durations up to 2088 h. Unlike previous investigations that dealt
with preaging as a single isothermal condition, this work extends the
applicability of ANN-based modeling toward representing and predict-
ing the fatigue life of NR under preaging spectra, where aging is con-
ducted at different temperatures for different durations prior to testing.
The PINN modeling approach is adopted in this study as it has previously
been shown to generate more physically consistent S-N curves than
other ANN-based approaches [29]. A rigorous multi-objective optimi-
zation procedure is carried out to determine the PINN architecture and
training parameters that provide the best balance between prediction
accuracy and physical consistency. The PINN is trained using fatigue
data obtained under isothermal preaging conditions and is subsequently
used to predict fatigue life under multi-temperature preaging condi-
tions. Different approaches are proposed for representing multi-step
preaging spectra using the isothermally trained PINN, and their pre-
dictive performance is evaluated against experimental results. In addi-
tion, a novel incremental-degradation representation is introduced, in
which the PINN is applied sequentially to the individual steps of the
aging spectrum and the cumulative degradation is determined while
accounting for the preceding aging history. The principal contribution of
this study is not the development of a new PINN architecture, but the
formulation and evaluation of spectral-aging representations that enable
an ANN-based fatigue-life predictor trained exclusively using isothermal
preaging data to handle multi-temperature aging histories.

By integrating cumulative TO aging representation with PINN
modeling, this study aims to provide a robust framework for predicting
the fatigue life of NR, and polymers in general, under realistic service-
like aging histories. Although the present study focuses on TO preag-
ing spectra, the proposed ANN-based framework is fundamentally
methodology-driven rather than condition-specific. Therefore, this
framework can potentially be extended to other complex service sce-
narios such as variable-amplitude fatigue loading and multi-physics
environmental degradation conditions.

The remainder of this paper is organized as follows. Section 2 sum-
marizes the analytical fatigue-life framework, ANN modeling principles,
and the PINN approach adopted in this study. Section 3 describes the
experimental dataset, while Sections 4 and 5 present the ANN dataset
design and the PINN modeling procedure, respectively. Section 6 in-
troduces the proposed methodologies for extending the PINN framework
to thermo-oxidative preaging spectra. Section 7 presents and discusses
the optimization results and the predictive performance of the proposed
approaches. Finally, Section 8 summarizes the main conclusions.
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2. Theory
2.1. Analytical fatigue life prediction

An analytical (semi-empirical) framework for predicting the fatigue
life of NR as a function of displacement level, thermal preaging, and test
temperature effects was proposed by Neuhaus et al. [6,30]. This
analytical framework was later employed by Hijazi et al. [29], where its
predictive accuracy was compared with that of ANN-based approaches.
The framework utilizes an experimentally fitted power-law baseline S-N
relationship and applies modifications to account for the effects of
preaging and test temperature. Since the fatigue experiments considered
in the present work are conducted at room temperature and relatively
low frequency (4 Hz) to minimize self-heating effects, only the influence
of preaging is considered here.

First, the reference “unaged” fatigue life of the material as a function
of displacement amplitude d is described using a power-law relation as:

No(d) =Kd® )

where Nj is the number of cycles to failure, d is the imposed displace-
ment amplitude, and K and b are material constants obtained by fitting
Eq. (1) to the experimental data. For unaged NR specimens (with ma-
terial composition as stated in Section 3), the material constants are
found to be K = 8.139 x 108 and b = —3.279 [29].

The reduction of fatigue life resulting from preaging at temperature
T, for a duration t, is then accounted for using an exponential decay law
as:

Nu(Ta, ta,d) = No(d)exp — (ﬁ) @

where N, is the fatigue life after preaging and (T, d) is the charac-
teristic aging time, defined as the aging duration required for the fatigue
life to decrease to 1/e of its initial value. The value of the characteristic
aging time 7; depends on both ageing temperature T, and displacement
d. For each aging temperature, the corresponding z; value is obtained by
fitting Eq. (2) to the experimental fatigue life at a constant displacement
level. The characteristic time can also be represented using the Arrhe-
nius relation as:

w(Td) = [o(T,, dpexp( ~ Eop ) } @

where v is the pre-exponential factor, E, is the activation energy, R is the
universal gas constant. Based on their experimental results, Neuhaus
et al. [6] reported that the activation-energy (E,) values for NR depend
on both the preaging-temperature range and the load level (displace-
ment). The empirically determined characteristic ageing times for NR at
different aging temperatures and displacement levels are reported in
[6]. The accuracy of the analytical model predictions is strongly
dependent on the accuracy of the characteristic aging times used in the
calculations. Previous investigations by the authors [29] have shown
that ANN-based approaches provide superior predictive accuracy
compared with this analytical framework.

For a multi-step preaging spectrum, the Neuhaus et al. [6] formu-
lation can be extended by accumulating the contribution of the indi-
vidual temperature-duration segments. Accordingly, the fatigue life
after a spectrum consisting of n aging steps can be expressed as:

n

Niee (d) = No(d)exp { - ﬁ} @

i=1

where T; and t; denote the temperature and duration of the i-th aging
step, respectively, and 7;(T;,d) is the corresponding displacement-
dependent characteristic aging time. This analytical formulation was
previously applied to the same four-step preaging spectrum considered
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in the present work. Accordingly, the analytical model is used in the
present study as a reference benchmark for comparison with the pro-
posed ANN-based spectral-aging prediction approaches.

2.2. ANN modeling

ANNs are data-driven models capable of approximating complex
nonlinear relationships between input and output variables [18]. The
available data are generally divided into training, validation, and testing
subsets. The training set is used to optimize the network parameters, the
validation set is employed to monitor the learning process and reduce
overfitting, and the testing set is reserved for evaluating the predictive
performance of the trained model on unseen data. During training,
network weights and biases are iteratively adjusted to minimize the
difference between predicted and target responses. ANN models do not
require an explicit closed-form representation of the underlying physical
processes. As a result, ANNs have become a widely used alternative to
complex analytical formulations and computationally demanding nu-
merical models. Their primary advantage lies in their ability to accu-
rately capture complex nonlinear relationships involving multiple input
and output variables without requiring prior knowledge about the
governing physical mechanisms.

2.3. Physics-based ANN modeling

Conventional ANNs are purely data-driven and do not inherently
enforce known physical behavior. To improve prediction robustness,
especially for small or sparse datasets, physics-based machine learning
approaches have been developed that combine data-driven learning
with physical or analytical knowledge [31-37]. Among these ap-
proaches, Assisted-ANN and Physics-Informed Neural Networks (PINNs)
represent two distinct strategies.

In Assisted-ANN approaches, such knowledge is introduced through
additional input parameters derived from analytical or semi-empirical
models [29,33]. Hijazi et al. [33] demonstrated that Assisted-ANN
models can significantly improve prediction accuracy and robustness
compared to conventional ANNs, particularly when limited datasets are
available. Due to their simplicity and flexibility, Assisted-ANN ap-
proaches are especially attractive when governing equations are
incomplete or difficult to enforce.

In contrast to the Assisted-ANN approach, PINNs directly embed
governing equations, constitutive relations, and boundary or initial
conditions into the ANN loss function, forcing the network to satisfy
physical constraints during training. This approach can improve
robustness and physical consistency, particularly when experimental
datasets are relatively small or sparse. Since their introduction by Raissi
et al. [32], PINNs have been widely applied in solid mechanics, fluid
dynamics, and materials modeling [29,34-37].

Previous work by Hijazi et al. [29] compared purely data-driven
traditional ANN with Assisted-ANN and PINN approaches for predict-
ing the fatigue life of NR under combined effects of TO preaging and test
temperature effects. Their results demonstrated that PINNs provide su-
perior prediction accuracy and robustness when the training dataset is
small and sparse. The study also showed that PINN predictions are more
consistent with the known physics governing the S-N relationship,
highlighting the capability of PINNs to produce physically meaningful
fatigue-life predictions while maintaining strong predictive perfor-
mance. For this reason, the PINN approach is adopted in the current
work, particularly because the ANN must closely preserve the physics
governing the load-life relationship in order to reliably handle the
spectral preaging conditions.

3. Experimental data

The fatigue experiments were conducted on a carbon black-filled NR
blend typically used in general industrial applications. The material
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consists of 90% NR and 10% polybutadiene, with a Shore A hardness of
48 [6]. Vulcanization was achieved using a sulfur-based cross-linking
system, and appropriate antioxidants and antiozonants were incorpo-
rated to mitigate premature ageing.

Uniaxial fatigue tests were performed on hourglass-shaped speci-
mens under load-control conditions with fully reversed loading (stress
ratio R = —1). All tests were carried out at room temperature at a test
frequency of 4 Hz (to minimize dissipative self-heating effects). The
displacement corresponding to the tensile portion of the cyclic response
(specifically, the steady-state displacement after the first 1000 cycles)
was used in constructing the S-N diagrams. The tensile displacement,
rather than applied force or stress, is commonly used as the fatigue
damage parameter in studies involving preaged elastomers, since it
simplifies the analytical modeling of fatigue behavior [6]. To adequately
capture the relationship between load (i.e., tensile displacement) and
fatigue life, tests were conducted at three load levels (namely; 120 N,
150 N, and 180 N) for each of the different preaging conditions. Addi-
tionally, multiple replicates (generally three to four per load level) were
tested to improve statistical reliability. Further details about the
experimental procedures can be found in [30].

Based on their preaging history, the specimens considered in this
investigation are classified into three categories: (i) unaged, (ii)
isothermally preaged at a fixed temperature for a specified duration, and
(iii) preaged under multi-temperature spectrum (spectral preaging). The
unaged specimens serve as the reference condition for establishing the
baseline S-N relationship of the material. For isothermal preaging, four
temperatures (70 °C, 85 °C, 100 °C, and 120 °C) are used in the exper-
iments, with aging durations ranging from 16 to 2088 h. In total, 18
distinct isothermal preaging conditions are considered in this investi-
gation, as summarized in Table 1. For the spectral preaging condition,
specimens are sequentially exposed to four different temperatures prior
to fatigue testing, as detailed in Table 2. In total, the complete experi-
mental test matrix considered in this study includes 237 data points.
Owing to its size, the complete dataset is not included in this paper.

The experimentally obtained S-N diagram for specimens subjected to
spectral preaging, along with the corresponding power-law fit is shown
in Fig. 1. The figure shows noticeable variations in tensile displacement
for the duplicates tested at identical force levels (similar variations are
also seen for all the other preaging conditions). To further illustrate the
variations observed in the figure, duplicate tests at each load level are
grouped within red rectangles in the figure. This variability in
displacement is primarily attributed to inherent differences in specimen
stiffness. Furthermore, a significant scatter in fatigue life is also observed
among duplicates, which is consistent with the inherently stochastic
nature of the fatigue phenomena. For the dataset considered in this
study, the average lifetime dispersion of the duplicates (defined as the
absolute deviation from the mean) is approximately 18.1 x 10° cycles.

Table 1
The different isothermal preaging conditions used in the experiments (* condi-
tions not used for network training).

Preaging Preaging

Cond. No. Temp. Duration Cond. No. Temp. Duration
Q) (hour) () (hour)

1 70 180 10 100 25

2 70 550 11 100 82

3 70 1000 12 100 264

4 70 2088 13 100 504

5 85 36 14 120 16

6 85 117 15 120 24

7 85 384 16 120 48

8 85 858 17* 85 180

9 85 1200 18* 100 120
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Table 2
The preaging spectrum used in the experiments (steps performed in sequence).
Preaging
Step ID Temp. Duration
Q) (hour)
A 70 287.4
B 85 127.3
C 100 24.5
D 120 7.6
N e Experimental data
201 Power-law fit
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©
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© \\\Wr
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Fig. 1. Experimental S-N diagram along with fitted power-law curve for
specimens subjected to spectral preaging (Table 2). Points inside rectangular
shapes are duplicates tested at same force.

4. ANN datasets design

For ANN modeling, the experimental dataset is typically divided into
training, validation, and testing subsets, where the datapoints assigned
to each are randomly selected. The typical distribution of datapoints
among these subsets ranges between (60%, 20%, 20%) and (70%, 15%,
15%) for the training, validation, and testing datasets, respectively.
However, for the dataset at hand, a random split of the available data is
not the most appropriate approach, given that multiple duplicates are
available for each testing condition and fatigue load level. In addition, it
is desirable to train the network using conditions where preaging is
performed at fixed temperatures and durations, and then to evaluate the
network’s generalization capability by predicting fatigue life under
spectral preaging conditions.

Accordingly, the training and validation datasets are randomly
selected from the duplicate measurements of the: i) unaged specimens
and ii) specimens with isothermal preaging corresponding to conditions
(1) to (16) (listed in Table 1). It should be noted that preaging conditions
(17) and (18) are not used for training, and they will only be included in
the testing dataset. Accordingly, the training and validation datasets
consist of 110 and 34 datapoints (i.e., 47% and 15% of the total available
datapoints), respectively. It should be noted that, although several
duplicate tests are performed at each force level, these duplicates can be
treated as independent measurements from an ANNs modeling
perspective, since displacement is reported rather than the force (given
the high variability in displacement observed in Fig. 1).

For the unaged (virgin) material condition, instead of developing a
conditional network to handle unaged and aged conditions separately,
corresponding values of aging temperature and aging duration are
assigned during ANN training. Specifically, the aging temperature is set
to 25°C and the aging duration is set to zero hours. However, the ANN
does not inherently recognize that a zero aging duration corresponds to
the unaged condition regardless of the specified temperature. To over-
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come this issue, the datapoints of the unaged condition are replicated
and assigned to additional input combinations corresponding to 70°C,
85°C, 100°C, and 120°C, each with an aging duration of zero hours.
Consequently, 44 additional datapoints corresponding to four extra
(unaged) conditions are added to the training and validation datasets,
increasing the total number of training and validation datapoints to 188.
It is worth mentioning here that it is also possible to overcome the issue
of zero aging duration and enforce the condition N(T,0,d) = No(d) by
mathematically embedding a physical boundary condition directly into
the PINN architecture. However, such approach was found to reduce the
prediction accuracy at short aging durations.

The dataset used for testing the predictive performance of the ANN is
divided into three subgroups representing progressive levels of evalua-
tion. The first testing subgroup corresponds to the initial level of testing
and consists of the remaining datapoints for the unaged condition and
isothermal preaging conditions (1) to (16) (i.e., the datapoints that are
not included in the training and validation datasets). This subgroup
contains 51 datapoints (i.e., 22% of the complete dataset). The second
testing subgroup represents a higher level of evaluation and includes
datapoints of the two left-out conditions (LOC)s that are not used during
training (i.e., preaging conditions (17) and (18), as indicated in Table 1).
This subgroup comprises 20 datapoints (i.e., 9% of the complete data-
set), with 10 datapoints for each condition. The third testing subgroup
represents the highest level of evaluation and consists of datapoints
corresponding to the spectral preaging condition (Table 2). This sub-
group contains 12 datapoints (i.e., 5% of the complete dataset), which
were previously shown in Fig. 1. Combining the three subgroups shows
that the testing dataset is relatively large, comprising 36% of the com-
plete experimental dataset, where this enhances confidence in evalu-
ating the ANN’s predictive performance on unseen data. It should also
be emphasized that the training and validation datasets include only
datapoints corresponding to unaged and isothermally preaged condi-
tions, with no data points associated with spectral preaging conditions.

Primary Regression Network

Predicts
logyo(N)

!

Preaging Duration (t,) -3 { ) T

Displacement (d) C i
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The adopted structure of the testing dataset provides a hierarchical
framework for evaluating the predictive capability of the ANN. It pro-
vides a progressive assessment of model generalization, ranging from
unseen datapoints under known isothermal conditions to unseen
isothermal aging conditions and, finally, spectral preaging conditions.

5. PINN modeling procedure
5.1. Network architecture

The PINN approach adopted in this study employs a dual neural-
network architecture consisting of a main data-driven “regression”
network and an auxiliary physics-based network. The data-driven
network is responsible for predicting fatigue life directly from the
experimental input variables, whereas the auxiliary physics network is
introduced to enforce physical consistency during training through a
physics-based loss formulation. The data-driven network architecture
consists of an input layer defining the fatigue test conditions, a single
hidden layer, and an output layer with one neuron representing fatigue
life. The input layer includes three variables: preaging temperature (T,),
preaging duration (t;), and tensile displacement (d). Fig. 2 presents a
schematic illustration of the adopted PINN architecture.

Instead of using the raw fatigue-life values as the output target, the
fatigue life (W) is transformed into logarithmic space, log;,(N), and used
as the network output variable. In practice, modeling fatigue life in
logarithmic space improves the statistical properties of the dataset used
for model development and reduces the influence of extreme values,
leading to more robust regression behavior. This transformation is
particularly beneficial for small and highly scattered fatigue datasets

[29]. Accordingly, the network directly predicts log,;,(N), from which
the actual fatigue life is subsequently determined.

Pearson correlation analysis is performed using the training and
validation datasets to investigate the influence of the input variables on

Predicts physics-
ba slope

o Data Loss i (" ANNSlopeEstimation ) o '
i M 1 - | M I [
] ) 1 R ] dy = 2,(1 + 8pep) |Sanmt 1 P 2 2 i
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Fig. 2. Schematic illustration of the proposed PINN approach architecture.
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the target variable (fatigue life). The correlation results show that
displacement (d) has the strongest relationship with fatigue life (N) (i.
e., —0.65), followed by preaging duration (t,) (i.e., —0.3), while pre-
aging temperature (T,) exhibits the weakest correlation (i.e., —0.04).
These results indicate that the fatigue behavior of the material is gov-
erned primarily by the applied displacement (i.e., load level). Therefore,
the assessment of the PINN models in this study focuses not only on
prediction error metrics, which are evaluated at a limited number of
data points, but also on the physical consistency of the generated S-N
curves. Furthermore, the physics-based component of the PINN focuses
on preserving the established load-life relationship, while the more
complex effects of preaging temperature and duration are learned from
the experimental data, as further discussed in Section 5.2.2.

Because the number of input and output variables is limited, a single
hidden layer is adopted. Previous investigations have demonstrated that
shallow networks provide good predictive capability for comparably
small datasets [29,33,38,39]. Rather than selecting the number of hid-
den neurons using an empirical rule [24,27,40,41], the network size is
determined through the optimization procedure described in Section
5.3.

5.2. Modeling approach

The proposed PINN approach incorporates prior fatigue-behavior
knowledge directly into the traditional training process through a
combined data-driven and physics-guided learning strategy. In addition
to minimizing the difference between the experimentally (N) and pre-

dicted (N) observed fatigue-life values, the proposed PINN approach
introduces an additional physics-based constraint to ensure that the
generated fatigue S-N curves remain physically realistic.

The detailed modeling aspects of developed PINN framework are
presented in the following subsections. Section 5.2.1 describes the
implementation of the primary regression network, whereas Section
5.2.2 presents the auxiliary physics network and the adopted physics-
enforcement strategy.

5.2.1. Primary regression network

The primary regression network predicts logarithmic fatigue life
from preaging temperature, preaging duration, and tensile displace-
ment. The input variables are normalized using the mean and standard
deviation of the training dataset to improve numerical stability. The
number of hidden neurons and activation function are determined
through the optimization procedure described in Section 5.3, while the
single output neuron provides the predicted logarithmic fatigue life,
which is subsequently transformed back to the original fatigue-life scale.

The data-driven loss of the primary network (fj) represents the
traditional data-driven loss term and is defined as the Mean Square Error
(MSE) between each i-th actual/experimental value and predicted log-
arithmic fatigue life value (Eq. (5)), where i = 1,---, M, and M denotes
the total number of training samples:

M s N2
fuan = ZA I )

The primary network is trained within the custom PINN training loop
together with the auxiliary physics network. The network parameters
are updated using a gradient-based optimization algorithm, as will be
explained in Section 5.3.

5.2.2. Auxiliary physics network

The auxiliary physics network is incorporated into the proposed
PINN approach to enforce physical consistency during the training
process. Unlike the primary regression network, which directly predicts
fatigue life, the auxiliary network is responsible for learning the physics-
based slope behavior associated with the typical power-law S-N rela-
tionship (Eq. (1)), describing the dependence of fatigue life (N) on
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tensile displacement (d). In logarithmic form, the relationship can be
written as:

log,o(N) = log,o(K) +b x log;,(d) (6)

where K is a condition-dependent material constant and b represents the
fatigue life slope parameter. This formulation indicates that fatigue life
varies linearly with displacement in log-log space. Instead of directly
imposing the complete analytical power-law equation explicitly during
training, the proposed PINN approach constrains the local logarithmic
slope of the generated S-N curves. Accordingly, the governing physical
behavior is introduced through the following slope expression:

_ dlog,o(N)

= 2%1007) 7
logy, (d) @

The physics-based constraint adopted in the present PINN is inten-
tionally limited to the well-established power-law relationship between
displacement and fatigue life. Among the considered inputs, displace-
ment exhibits the strongest correlation with fatigue life and governs the
physical shape of the predicted S-N curves. In contrast, the effects of
preaging temperature and duration are learned directly from the
experimental data rather than prescribed through an additional thermo-
oxidative kinetic constraint. Introducing such a constraint would in-
crease the complexity of the model and could impose an overly
restrictive monotonic degradation behavior. In particular, the experi-
mental results show that short preaging durations can improve fatigue
life at low displacement levels before degradation becomes dominant at
longer durations. Retaining a data-driven representation of the aging
variables therefore allows the network to capture this nonmonotonic
behavior while the physics-based loss preserves the established load-life
relationship.

The auxiliary physics network consists of three layers: an input layer,
a hidden layer, and an output layer. Specifically:

e The input layer consists of two neurons/nodes corresponding to the
preaging temperature (T,) and preaging duration (t,).

e The hidden layer consists of 10 neurons and employs a tanh activa-
tion function. This simple fixed architecture is adopted because the
auxiliary network has the specific role of learning the condition-
dependent S-N slope behavior, as further discussed in Section 5.3.

e The output layer consists of one neuron/node corresponding to the

predicted physics-based fatigue slope (gphysics).

The outputs of the two networks are then coupled through a com-
bined loss function consisting of a data-driven loss component (fzq,,) and
a physics-based loss component (fyhysics), as follows:

ftoml = f data j~physics]§)hysicx (8)

The physics-based loss term of the auxiliary network (fynysics) is intro-
duced to minimize the mismatch between the local slope estimated from
the primary-network predictions and the corresponding slope predicted
by the auxiliary physics network. The physics-loss term is formulated as:

M (o ° 2
i— S T S sics;
ﬁ’hysics = Zlil( ANNIlW phy ) (9)

where /S\ANN.- denotes the i-th local logarithmic slope estimated from the
main network predictions, while gphysics, represents the corresponding
i-th condition-dependent slope predicted by the auxiliary physics
network, i = 1,---,M. The relative contribution of the physics-based loss
term is controlled using the weighting coefficient (Anysics), which is
progressively increased during training in order to improve optimization
stability and prevent excessive early-stage physics enforcement. It
should be emphasized that the physics loss acts as a slope-based regu-
larization term rather than independently guaranteeing the true mate-
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rial behavior. The primary network remains anchored to the experi-
mental fatigue-life data through the supervised data loss, while slope
consistency is promoted through the auxiliary network. Physical con-
sistency is further considered during model selection through the PD
criterion alongside MAPE, as will be described later in Section 5.3.

To estimate the ANN-generated local slope numerically (§ANN), a
small perturbation was applied to the displacement input. For each
displacement value d;, a neighboring displacement point dy =
dy (1 + 61) was generated, where 6, = 0.01. The corresponding ANN
predictions were then used to compute the local slope through a finite
difference approximation in logarithmic space. This slope estimate was
subsequently incorporated into the physics-based loss function (fphysics)-

5.3. PINN performance optimization

A comprehensive optimization procedure is employed to identify the
optimal PINN configuration that provides both accurate fatigue life
prediction and physically consistent S-N behavior. The optimization
process is performed using only the training and validation datasets,
while the independent unseen testing datasets are reserved exclusively
for the final evaluation of the optimized model.

The optimization study investigates the influence of the following
parameters within the primary regression network:

e The number of hidden neurons (H). The number of hidden neurons is
assumed to vary from 1 to 20, covering both relatively small and
relatively large network structures.

The network’s activation function (f). Four activation functions are

investigated, namely Sigmoid, Hyperbolic Tangent (tanh), Rectified

Linear Unit (ReLU), and Leaky ReLU [42].

e The network’s optimization algorithm (I). Three gradient-based
optimization algorithms are investigated during the training pro-
cess, namely Adaptive Moment Estimation (Adam), Stochastic
Gradient Descent with Momentum (SGDM), and Root Mean Square
Propagation (RMSProp).

Thus, the total number of PINN configurations investigated will be
20 x 4 x 3 = 240 different configurations. For each configuration, the
PINN model is trained using a maximum of 5000 epochs with a learning
rate of 1072 and a mini-batch size of 256 samples. In addition, the
physics-based weighting parameter (4,nysics) is progressively increased
during training up to a maximum of 0.02 in order to improve conver-
gence stability and avoid excessive early-stage physics-enforcement.
Within the auxiliary physics network, the number of hidden neurons
remains fixed at 10 neurons and the tanh activation function is
employed. It is worth mentioning that the optimization is applied only to
the primary regression network, since this network is responsible for
learning the complex nonlinear relationship between the experimental
inputs and fatigue life. In contrast, the auxiliary physics network has a
more specific, lower-dimensional role of learning the expected S-N slope
behavior as a function of the preaging conditions and providing physics-
based regularization during training. Therefore, a simple fixed archi-
tecture consisting of one hidden layer with 10 neurons and a tanh
activation function is adopted for the auxiliary network. Keeping this
architecture fixed also limits the dimensionality and computational cost
of the hyperparameter search, while the multi-objective optimization
focuses on balancing prediction accuracy (MAPE) and physical consis-
tency (PD).

The predictive capability of each PINN configuration is evaluated
using two performance metrics computed based on the combined
training and validation datasets. The first performance metric quantifies
the numerical accuracy of the predictions, whereas the second metric
evaluates the physical consistency of the generated S-N curves. Unlike
conventional error metrics, the second metric is intended for qualitative
assessment of the predicted fatigue-life relationships. It provides a nu-
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merical measure of the extent to which the shape of the generated S-N
curves conforms to the expected physics-based power-law behavior.
Accordingly, the optimization problem is formulated as a multi-
objective optimization problem that considers both the prediction ac-
curacy and physical consistency when selecting the optimal PINN
configuration.

e Mean Absolute Percentage Error (MAPE). It is used to quantify the
capability of the model to provide accurate prediction results. Spe-
cifically, it evaluates the average percentage deviation between the
actual/experimental and predicted fatigue life values, as shown in Eq.
(10). Smaller MAPE values indicate superior predictive capability of
the adopted PINN configuration, and vice-versa:

NN

MAPE = MZI ) 10)

where N and N represent the actual/experimental and predicted fatigue
lives, respectively and M represents the total number of samples over
which the MAPE metric is computed, i = 1,---,M.

e Pointwise Absolute Difference (PD). It is used to quantify the capa-
bility of the model to generate physically consistent S-N behavior.
Specifically, it evaluates the average pointwise deviation between the
normalized (between 0 and —1) PINN-generated slope behavior and
the corresponding target/reference slope behavior generated during
the optimization process, as shown in Eq. (11). Smaller PD values
indicate superior physical consistency of the adopted PINN configu-
ration, and vice-versa:

MZ | ANy — angem| an

where ANRI™ represents the normalized change between two consec-
utive PINN-predicted fatigue-life points, ANg"f”" is the corresponding

normalized change from the reference equation. The reference curve is
also converted into AN and normalized before comparison, and M rep-
resents the total number of samples over which the metrics are
computed, i =1,---,M.

The reference fatigue curve is generated using a power-law fatigue
relationship obtained from experimental fatigue behavior. The reference
curve is obtained using Eq. (1) for the unaged material condition (i.e.,
No =8.139 x 108d—37°) over a displacement range extending from 9 to
21 mm using 50 equally spaced displacement points.

Once the two metrics are computed on both training and validation
datasets, the configurations producing the minimum average MAPE and
PD values are identified and used as the reference configurations of each
metric for computing the normalized MAPE and PD ratios of all inves-
tigated PINN configurations. Indeed, the configurations associated with
the minimum MAPE and PD metrics obtain a ratio of 1 and all other
remaining ones produce ratio values greater than 1.

Finally, the overall optimization criterion is determined by
computing the average prediction-accuracy ratio and the physics-
consistency ratio. The optimal configuration that produces the mini-
mum overall ratio value is selected, thereby achieving a compromise
between predictive accuracy and physical consistency of the generated
S-N behavior.

In addition to the optimization criteria described above, additional
statistical metrics are also computed and reported for completeness,
including the Mean Absolute Error (MAE) (Eq. (12)), Root Mean Square
Error (RMSE) (Eq. (13)), and Coefficient of Determination ®?» (Eq.
(14)), to provide a comprehensive assessment of the predictive capa-
bility and generalization performance of the investigated PINN
configurations.

1 M~
MAE = MZH N —NJ, 12)
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1 -
RMSE = /-5 (N = N),” 13)

M ~. 2
R2:1721;1(N_1X)i2 (14)
2 (N=N);

where N denotes the average experimental fatigue life.
6. Extension of ANN-based models to spectral aging conditions

Machine-learning approaches have increasingly been applied to
fatigue-life prediction under variable loading histories. Previous studies
have used ANN, recurrent-network, and physics-based machine-learning
frameworks to represent nonlinear damage accumulation, temporal
dependencies, and load-history effects under non-uniform mechanical
loading [34,43,44]. In general, the available literature is primarily
focused on variable or spectral mechanical loading. In contrast, no
studies have been identified that address spectral TO aging representa-
tion within an ANN-based framework. In particular, there is a lack of
methodologies capable of representing discrete or continuous aging
spectra involving varying temperature-time combinations as direct ANN
inputs for fatigue-life prediction. This gap is significant because real
service environments rarely involve constant-temperature exposure,
and degradation processes are inherently governed by the cumulative
and history-dependent effects of variable thermal conditions.

The principal methodological contribution of this study is the
development of spectral-aging representations that enable an ANN-
based fatigue-life predictor trained exclusively using isothermal preag-
ing data to predict fatigue life under multi-temperature preaging his-
tories. The underlying predictor is assumed to accept preaging
temperature, preaging duration, and fatigue displacement as inputs and
to provide fatigue life as its output. Because such a model accepts only a
single temperature-duration pair, it cannot directly process a preaging
spectrum consisting of multiple consecutive thermal segments.

In the present study, the optimized PINN developed in Section 5 is
employed as the underlying isothermal fatigue-life predictor because of
its ability to generate physically consistent S-N curves. However, the
spectral-aging representations introduced in this section are not inher-
ently restricted to the adopted PINN architecture. In principle, they may
be coupled with other ANN-based fatigue-life predictors having the
same input-output structure and trained using isothermal preaging data.

Two different representation approaches are proposed. The first,
which is analytically based, is referred to as the equivalent-aging rep-
resentation. This approach transforms the complete aging spectrum into
a single equivalent isothermal temperature-duration pair that can be
supplied directly to the underlying ANN-based model. The second
approach is referred to as the incremental-degradation representation. It
preserves the individual thermal segments and evaluates them sequen-
tially while accounting for the aging history accumulated before each
segment. The following subsections present the formulation of these two
approaches.

6.1. Equivalent aging representation

One possible approach for extending the applicability of the ANN-
based fatigue-life model to spectral preaging conditions is to deter-
mine an equivalent single-step aging representation that produces the
same effect on fatigue life as the original multi-step aging spectrum. The
resulting equivalent temperature-duration pair can then be supplied
directly to the underlying ANN-based without modifying or retraining
its architecture.

6.1.1. Weighted-mean-temperature equivalent aging method
The first and simplest approximation assumes that the entire aging
spectrum may be represented by a single equivalent constant
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temperature corresponding to the time-weighted average temperature
of the exposure history. In this approach, the influence of the thermal
spectrum is reduced to an averaged thermal exposure while preserving
the total exposure duration.

For an aging spectrum consisting of n segments, the equivalent
temperature can be calculated as:

E :rlfl'liAti
‘ = =l - 1!;
“ E :?:1 Ati ( )

where T; is the temperature associated with segment i and At; is the
duration of segment i.

The equivalent aging duration is defined as the total accumulated
aging duration:

n
tg = Y _ AL 16)
i=1

The resulting pair of equivalent temperature and duration (T, teg) is
then directly supplied to the PINN as the preaging input condition.

This method assumes that thermal aging evolves linearly with both
temperature and exposure duration. Consequently, all thermal segments
contribute proportionally according to their duration, regardless of their
absolute temperature level. The approach therefore neglects the
nonlinear temperature dependence typically associated with thermally
activated degradation mechanisms. The main advantage of this simpli-
fied approach is its straightforward implementation, as it does not
require any additional material parameters. The method may provide
reasonable approximations when the thermal spectrum spans a rela-
tively narrow temperature range or when the degradation kinetics
exhibit limited temperature sensitivity. However, for polymers under-
going TO aging processes, elevated temperatures generally contribute
disproportionately to degradation. Under such conditions, the averaging
procedure may underestimate the influence of high-temperature expo-
sure segments, thereby reducing prediction accuracy.

6.1.2. Arrhenius-based equivalent-time method

To account for the nonlinear influence of temperature on thermal
degradation, an Arrhenius-based time-temperature superposition
approach is adopted. This method assumes that the dominant aging
mechanism follows thermally activated kinetics and therefore evolves
according to the Arrhenius relation [15,16]. Accordingly, the degrada-
tion rate is expressed as:

k(T) :Aexp(—%) 17)

where A is the pre-exponential factor, E, is the activation energy, R is the
universal gas constant, and T is the absolute temperature.

Unlike the mean-temperature method, this approach recognizes that
the contribution of each thermal segment to material degradation is
highly temperature dependent. As temperature increases, the exponen-
tial Arrhenius term causes the degradation rate to accelerate signifi-
cantly. To incorporate this behavior, the thermal spectrum is
transformed into an equivalent aging duration evaluated at a “selected”
reference temperature T,. Each aging segment is converted into an
equivalent duration at the reference temperature according to:

E, (1 1
Ateqi = At; €Xp { 7Ea (f -7 f) } (18)
13 ref

The total equivalent aging duration corresponding to the spectrum can
then be obtained through the accumulation of all equivalent segments
as:

1 E, (1 1
teq:ZAtiexp{—E(F—T)} 19
i=1 3 rel

i=
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The thermal spectrum is therefore represented by the equivalent aging
pair Ty and t.q, which is supplied to the PINN in the same format as the
original isothermal training data. It should be noted that the formulation
assumes that a single dominant activation energy governs degradation
throughout the considered temperature range. Therefore, the accuracy
of the equivalent aging duration obtained from Eq. (19) depends on the
accuracy of the activation energy value used in the calculations. The
activation energy for NR used in the present work is adopted from
Neuhaus et al. [6], where E; = 101.4 kJ mol L.

To calculate the equivalent aging duration (t.q) using this formula-
tion, a reference temperature (T,) needs to be selected. Different
choices of T,es theoretically represent identical cumulative aging expo-
sure, where the numerical value of the equivalent aging duration
changes with the selected reference condition. In the present work, the
reference temperature (T,e) is selected from within the temperatures
used during network training (i.e., 70 °C, 85 °C, 100 °C, or 120°C) in
order to minimize interpolation/extrapolation effects and maintain
consistency with the trained dataset. In addition, it is preferable to select
T;ef within the central portion of the training range (i.e., 85 °C or 100 °C)
where that improves numerical stability and reduces distortion in the
equivalent aging duration.

This Arrhenius-based equivalent-time formulation preserves
compatibility with the PINN architecture while incorporating physically
meaningful thermal-aging kinetics. Compared with the mean-
temperature approach, this method more accurately captures the
dominant influence of elevated aging temperatures on degradation
accumulation.

6.2. Incremental-degradation representation

In addition to the equivalent aging approaches described previously,
a second methodology referred to as the incremental-degradation rep-
resentation is proposed and investigated in this study. Unlike the
equivalent-condition approaches, which reduce the entire thermal
spectrum into a single representative isothermal aging condition, the
present method treats each thermal segment individually and evaluates
its contribution to fatigue-life degradation sequentially. The essence of
this approach is to preserve the stepwise nature of the aging spectrum
while maintaining compatibility with the PINN trained using discrete
isothermal aging conditions.

For an aging spectrum consisting of n aging segments, each segment
is characterized by its corresponding temperature T; and duration At;.
The fatigue-life degradation associated with each thermal segment is
represented through a “retained-life ratio” (R;) defined as the ratio of
fatigue life after the aging segment to the original life before the aging
segment. Since the relationship between fatigue life and aging duration
is generally nonlinear, the degradation associated with a given aging
step depends on the degradation accumulated during the preceding
steps. Therefore, the retained-life ratio associated with each aging step is
evaluated relative to the material state existing at the beginning of that
step rather than relative to the virgin material condition.

To account for the preceding aging history, the cumulative thermal
exposure prior to each aging step is converted into an equivalent aging
duration at the temperature of the current step using the Arrhenius
time-temperature superposition formulation. For aging step i, the
equivalent starting aging time at temperature T; is denoted by t;eq_start-
The equivalent starting time is obtained by converting each preceding
aging segment into an equivalent time at temperature T; using the
Arrhenius relation:

i1
E, (1 1

tieq_start = E At»exp{——(———)] (20)

i,eq_stari Yo - R ,1-} Ti

where T; is the temperature of the current aging segment, T; and At; are
the temperature and the duration of a preceding aging segment j. It is
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worth mentioning that a single constant activation-energy value is used
in Eq. (20) for this time-temperature conversion. This parameter is used
only to establish the equivalent starting state of each aging step and does
not directly prescribe the corresponding fatigue-life degradation, which
is subsequently determined by the PINN. For the first aging segment, no
preceding aging history exists and therefore t; eq_start = 0.

The ending time associated with aging step i is then:

Liend = ti.eq_start + Ati (21)

where At; is the actual duration of aging step i.

The PINN is subsequently used to evaluate the fatigue life at the
beginning and end of each aging step. The fatigue life corresponding to
the material state at the beginning of aging step i is:

Ni,start = P(Ti; ti,eq,start-, d) (22)

where P(-) denotes the prediction of the trained PINN model and d is the
fatigue displacement.

Similarly, the fatigue life corresponding to the material state at the
end of the same aging step is:

Ni,end = P(Ti-, tiend, d) (23)

The retained-life ratio associated with aging step i is consequently
calculated as:

N;en
Ry =9 249

N; ieq_start

The retained-life ratio therefore represents the relative change in
fatigue-life capacity occurring during the corresponding aging step
while accounting for the degradation state existing at the beginning of
that step. Values of R;, smaller than unity indicate a reduction in fatigue-
life capacity due to the aging step, whereas values greater than unity
indicate that aging has increased the fatigue life.

The cumulative retained-life ratio (Rpc,,) corresponding to the
complete aging spectrum is obtained by multiplying the retained-life
ratios of the consecutive aging steps:

n
RLcum = H RLi (25)
i=1

The multiplicative form in Eq. (25) follows directly from the defi-
nition of the retained-life ratios for consecutive material states rather
than representing an independently assumed damage-accumulation
law. To illustrate this, consider the fatigue-life capacities associated
with consecutive aging states as Ny,N1,---,N,.. The retained-life ratios for
the consecutive states are R;; = N;/No, Ry = N2/Ny, ..., and Ry, =
N./N,_;. Therefore,

n
MN, N, N,
[[Ro=No o Mo _No 2
R = NN~ No (26)

where the intermediate fatigue-life terms cancel.
Consequently, the predicted fatigue life corresponding to the com-
plete aging spectrum is obtained as:

n
Nipee = NoRpeum = No | [ Rus @7

i=1

where Ny denotes the predicted fatigue life corresponding to the unaged
material condition (virgin material) at the same displacement. Thus,
multiplication of the consecutive retained life ratios simply provides the
overall relative change in fatigue-life capacity from the initial unaged
state to the final state following completion of the aging spectrum.
The principal modeling assumption in the proposed formulation is
associated with the representation of the material state at the beginning
of each aging step. Specifically, the cumulative TO aging from the
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preceding aging steps is represented by an equivalent aging duration at
the temperature of the current step using the Arrhenius time-
—temperature relation. This assumes that the effects of preceding ther-
mal exposures can be transformed into an equivalent thermal exposure
at the current aging temperature. Importantly, the Arrhenius trans-
formation is used only to determine the equivalent starting state of each
aging step, and it does not assume a linear relationship between fatigue-
life degradation and aging duration. The potentially nonlinear rela-
tionship between aging duration and fatigue life is captured through the
PINN evaluations at the beginning and end of each aging step.

Recent studies on fatigue damage in metallic and solder materials
have employed entropy-based, unified creep-plasticity, crystal-plas-
ticity, and phase-field formulations to describe cumulative degradation,
damage evolution, and fracture development under cyclic loading
[45-48]. Although the underlying mechanisms in these materials differ
from the TO aging mechanisms of NR, these studies support the broader
concept that degradation evolves cumulatively and that the response to
a subsequent loading or environmental increment depends on the ma-
terial state established by the preceding history. Entropy-based and
unified creep-plasticity damage models have shown that the loss of
mechanical capacity can evolve nonlinearly and that the accumulated
degradation state influences the subsequent material response [45,46].
Crystal-plasticity studies similarly relate damage evolution to accumu-
lated internal variables, while phase-field formulations distinguish
distributed scalar degradation from explicit crack localization [47,48].
In the present work, the retained-life ratio is therefore interpreted only
as a macroscopic measure of the change in fatigue-life capacity between
consecutive aging states and is not intended to represent a local
continuum-damage variable, microstructural damage field, or explicit
fracture variable.

Accordingly, the proposed incremental-degradation representation
evaluates each thermal segment relative to the material state established
by the preceding aging history. Unlike the equivalent-aging approaches,
it does not collapse the complete spectrum into a single temperature-
duration pair or require selection of a global reference temperature.
The formulation operates externally to the underlying fatigue-life pre-
dictor and therefore requires no network modification or retraining.
Although implemented here using the optimized PINN, it can in prin-
ciple be coupled with other ANN-based models trained using isothermal
preaging data and having the same input-output structure.

7. Results and discussion

In this section, the results of the PINN optimization study are first
presented to identify the network architecture and training parameters
that provide the best predictive performance based on the training and
validation datasets. The influence of the investigated hyperparameters
on model accuracy and generalization capability is examined, and the
optimal PINN configuration is subsequently selected. The predictive
performance of the optimized PINN is then evaluated using the testing
dataset and compared against the corresponding experimental fatigue-
life data under isothermal conditions. Finally, the proposed
equivalent-aging and incremental-degradation representations are
assessed for the spectral preaging condition and compared with exper-
imental data and the analytical Neuhaus model.

The development, optimization, and implementation of the PINN
models presented in this study were carried out using MATLAB®.
Models were executed using a personal computer equipped with a 13th-
generation Intel® Core™ i5-1335U processor. This computational setup
was sufficient to support the computations described in this study with
no computational limitations affecting the reported results.

7.1. Model optimization results

Among the 240 PINN configurations investigated according to
Section 5.3, the minimum average MAPE is achieved for Configuration

10
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#226, characterized by 19 hidden neurons, a LeakyReLU activation
function, and the Adam optimizer. This configuration produced an
average MAPE value of 18.85% and therefore serves as the reference
configuration for the fatigue life prediction-accuracy metric. Fig. 3
shows the PINN generated S-N curves for Configuration #226 under
preaging conditions 1-4. As can be seen in Fig. 3, the generated S-N
curves exhibit local oscillations and non-uniform curvature, deviating
from the smooth monotonic power-law trend expected for fatigue-life
relationships. Such deviations clearly indicate that minimizing the
prediction error alone does not produce physically realistic fatigue
behavior.

Conversely, the minimum PD value is obtained for Configuration
#61, which is characterized by 6 hidden neurons, a Sigmoid activation
function, and the Adam optimizer. This configuration produced the
lowest PD value (0.0191) and therefore served as the reference config-
uration for the physics-consistency metric. Fig. 4 shows the S-N curves
for Configuration #61 under preaging conditions 1-4. As can be seen in
Fig. 4, the generated S-N curves exhibit very smooth monotonic
behavior and closely follow the expected fatigue-life trend. However,
despite its superior physics consistency in terms of S-N curve smooth-
ness, its prediction accuracy is relatively poor, with a MAPE of 24.62%,
clearly higher than the 18.85% obtained for Configuration #226.

To balance the competing objectives of prediction accuracy and
physics-consistency, as described previously in Section 5.3, an overall
optimization criterion is adopted. The overall ratio is determined by
averaging the prediction-accuracy ratio and the physics-consistency
ratio, thereby assigning equal importance to both objectives. The
configuration producing the minimum overall ratio is then selected as
the optimal PINN architecture.

Among all investigated configurations, Configuration #76 yielded
the lowest overall ratio value of 1.123 and is therefore selected as the
final model. This configuration is characterized by 7 hidden neurons, the
tanh activation function, and the Adam optimizer, producing a PD value
of 0.0223 and an average MAPE value of 20.31%. Although neither
metric individually achieves the minimum value, both remained close to
their respective optimum values. Consequently, based on the multi-
objective optimization procedure implemented herein, Configuration
#76 provides the best compromise between predictive accuracy and
physics consistency.
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Fig. 3. Exemplary generated S-N curves for Configuration #226 (it has the
lowest MAPE value) under preaging conditions 1-4.



A. Hijazi and S. Al-Dahidi

20 : :
—Cond. 1[70 °C 180 h]
18 ——Cond. 2 [70 °C 550 h] |-
— Cond. 3 [70 °C 1000 h]
£ ——Cond. 4 [70 °C 2088 h]
E 16} ]
k]
<
O 14+ 1
£
(0]
8
= 12+ ]
o
(|
10} ]
gl A -
10 108 108

Fatigue life, N (cycles)

Fig. 4. Exemplary generated S-N curves for Configuration #61 (it has the
lowest PD value) under preaging conditions 1-4.

Table 3 summarizes the three representative configurations.
Configuration #226 minimizes prediction error, Configuration #61
provides the lowest PD, and Configuration #76 produces the lowest
overall ratio. The latter is therefore selected as the optimal compromise
between prediction accuracy and physical consistency.

The code corresponding to the optimal PINN configuration is pro-
vided as Supplementary Material to facilitate reproducibility and sup-
port the practical implementation of the proposed framework. Readers
may use the supplied code to generate fatigue-life predictions for new
aging and testing conditions within the range of the training data, as
well as for conditions involving limited extrapolation beyond this range.
The provided implementation can also serve as a basis for further
investigation, validation, and extension of the developed model.

7.2. PINN predictions for testing dataset

The generalization capability of the optimized PINN is next evalu-
ated using the testing subsets under increasingly complex aging condi-
tions. As stated earlier in Section 4, the testing subgroups considered in
this study are: (i) unseen data points corresponding to the unaged con-
dition and the isothermal preaging conditions (1) to (16) (see Table 1),
(ii) data points corresponding to the two LOCs not used during training
(i.e., preaging conditions (17) and (18), and (iii) data points corre-
sponding to the spectral preaging condition (Table 2). The results for
each of these three subgroups are presented and discussed in the
following subsections.

7.2.1. Isothermal aging conditions

The first testing subgroup represents the first level of generalization
assessment. It includes datapoints having the same preaging tempera-
tures and durations as those used during network training, but with
different displacement values (loading levels). The accuracy of the PINN
predictions is first evaluated using the experimental datapoints in this
testing subgroup, and the resulting error metrics are: MAPE = 16.5%,
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MAE = 2.12 x 10* cycles, RMSE = 4.29 x 10* cycles, and R? = 0.915.
Given the highly scattered nature of the fatigue-life data, these metrics
indicate excellent predictive performance of the developed PINN model.

The PINN is also used to generate S-N curves for the unaged material
(also referred to as the reference condition) and preaging conditions
1-16 (listed in Table 1). For each condition, the S-N curve is generated
using 50 equally spaced points covering a displacement range extending
from 20% below the corresponding minimum experimental displace-
ment to 20% above the corresponding maximum experimental
displacement. This displacement range intentionally exceeds the limits
of the training domain in order to assess the extrapolation capability of
the network. Fig. 5 shows a representative set of PINN-generated S-N
curves for selected testing conditions, together with the corresponding
experimental datapoints from the testing dataset. The group of curves
shown in the figure corresponds to the unaged (virgin) NR condition and
preaging conditions 5-9. The figure shows that, in general, preaging
reduces the fatigue life of NR, with a clear reduction in life observed as
the aging duration increases. However, it should also be noted that at
small displacement values, preaging initially tends to increase fatigue
life for short aging durations, after which the fatigue life begins to
decrease. The figure further shows that the effect of aging duration on
fatigue life depends on the fatigue loading level (i.e., displacement
value). This is evident from the changing slopes of the S-N curves, where
the absolute value of the slope decreases with increasing aging duration.

According to the Pearson correlation results presented in Section 5.1,
preaging duration has the second strongest influence on fatigue life. To
further investigate this effect based on the PINN predictions, the ratio of
fatigue life after preaging to that of the unaged material is plotted as a
function of aging duration. Since this effect is clearly dependent on the

26 ‘ Unaged Cond. (25°C, Oh)
——Cond. 5 (85°C, 36h)
24 | Cond. 6 (85°C, 117h)
——Cond. 7 (85°C, 384h)
2| ——Cond. 8 (85°C, 858h)
——Cond. 9 (85°C, 1200h)
® Experimental test points
20+
£
- 187
g 16
€
Q
g 14|
a
2]
a12t
10 +
8 L
6 I I I
10° 10* 10° 108

Fatigue life, N (cycles)

Fig. 5. Exemplary PINN-generated S-N curves for NR preaged at 85°C for
different durations (with corresponding experimental datapoints from
testing dataset).

Table 3

Summary of the best-performing PINN configurations identified during the optimization study.
Selection criteria Configuration ID Hidden neurons Activation function Optimizer MAPE (%) PD Ratio
MAPE 226 19 Leaky ReLU Adam 18.85 0.0463 2.304
PD 61 6 Sigmoid Adam 24.62 0.0191 1.153
Minimum overall ratio 76 7 tanh Adam 20.31 0.0223 1.123

(optimal — selected PINN)
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loading level, as evident by the changing slopes of the S-N curves in
Fig. 5, the ratio is calculated at three displacement values (10, 15, and
20 mm), representing low, medium, and high fatigue loading levels,
respectively. Fig. 6(a)-(d) shows the resulting life-ratio curves as a
function of preaging duration for preaging temperatures of 70 °C, 85 °C,
100 °C, and 120 °C, respectively. Each subfigure uses a different time
scale, and the aging durations included in the training dataset (see
Table 1) are indicated by the black vertical dashed lines. All curves begin
at a life ratio of unity at zero aging duration (i.e., no preaging). The ratio
then evolves with increasing aging duration, where values greater than
unity indicate an improvement in fatigue life relative to the unaged
condition, while values less than unity indicate degradation. The figure
clearly shows that for low displacement values (i.e., d = 10 mm), the life
ratio initially increases with aging duration before decreasing at a
diminishing rate. This observation suggests that short preaging dura-
tions improve the fatigue behavior of NR at low loading levels. In
contrast, for medium and high loading levels (i.e., d = 15 and 20 mm),
the life ratio mostly remains below unity and decreases continuously
with increasing aging duration. It should be noted that the curves cor-
responding to preaging at 70 °C in Fig. 6(a) exhibit a slightly different
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Fig. 6. Effect of preaging duration on life ratio of NR at different preaging temperatures: (a) 70°C, (b) 85°C, (c) 100°C, and (d) 120°C.

International Journal of Fatigue 215 (2027) 109952

trend from those shown in the other subfigures. For example, the curve
corresponding to d = 10 mm shows multiple local decreases and in-
creases. By examining the aging durations included in the training
dataset, it can be seen that the nonphysical behavior occurs in the in-
termediate regions between the available training points. Specifically,
the nonphysical fluctuations appear between approximately 550 h and
1000 h and between 1000 h and 2088 h, where no training data are
available. From a modeling perspective, this behavior is indicative of
local overfitting and may reduce the predictive accuracy of the PINN
within these interpolation intervals. The most likely cause is the rela-
tively large gaps between the aging durations represented in the training
dataset, which provide insufficient information to adequately constrain
the network response in these regions. A potential remedy would be to
augment the training dataset with artificially generated physics-
consistent samples in these intermediate aging-duration ranges,
thereby providing additional guidance to the network while preserving
the underlying physical trends. Such physics-informed data augmenta-
tion has recently been shown to improve fatigue-life prediction models
without requiring additional experimental measurements [49]. How-
ever, the implementation and evaluation of such augmentation
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strategies are beyond the scope of the present study.

7.2.2. Left-out isothermal aging conditions

The second testing subgroup represents the next level of general-
ization assessment, where the PINN is used to predict the fatigue life for
the two LOCs that were not used during training (conditions (17) and
(18) listed in Table 1). The datapoints in this subgroup have the same
preaging temperatures as those used during network training, but both
the preaging durations and displacement values are different.

The datapoints corresponding to the two LOCs are used to generate
experimental S-N curves by fitting a power-law relation to each condi-
tion. The resulting “experimental” S-N curves for the two LOCs are:
Ni7 = [8.39 x 10%]d ~*2% for preaging at 85 °C for 180 h (i.e., cond. 17)
and Nig = [8.02 x 10'°]d ~33%! for preaging at 100 °C for 120 h (i.e.,
cond. 18). Fig. 7(a) and (b) show the experimental S-N curves (dashed
lines), together with the datapoints used to generate them, as well as the
corresponding PINN-generated S-N curves for conditions (17) and (18),
respectively. The figure shows that the PINN-generated S-N curve
closely matches the experimental curve for condition (17). For condition
(18), the agreement is not as close, although it remains reasonably good.

Since the experimental datapoints exhibit considerable scatter, the
error metrics for the PINN-generated S-N curves are calculated relative
to the fitted experimental S-N curves rather than the individual data-
points. This approach provides a more representative assessment of the
prediction accuracy. The error metrics for the two LOCs are calculated
for d ranging from 9 to 21 mm, and they are found to be: MAPE = 6.8%,
MAE = 1.2 x 10* cycles, RMSE = 2.28 x 10* cycles, and R? = 0.981 for
condition (17) and MAPE = 22.7%, MAE = 2.57 x 10* cycles, RMSE =
4.08 x 10* cycles, and R? = 0.939 for condition (18). While when
calculated with respect to the experimental datapoints, the error metrics
are: MAPE = 7.96%, MAE = 1.6 x 10* cycles, RMSE = 2.7 x 104 cycles,
and R? = 0.969 for condition (17) and MAPE = 21.95%, MAE = 1.8 x
10* cycles, RMSE = 2.3 x 10* cycles, and R? = 0.951 for condition (18).
Although the MAPE value for condition (18) appears relatively high
compared with that of condition (17), it remains well within the range
typically considered acceptable for fatigue-life predictions and is com-
parable to the MAPE obtained for the first testing subgroup. Overall, the
average MAPE for the two LOCs considered here is 14.8%, indicating
predictive accuracy that is even slightly better than that obtained for the
first testing subgroup.

7.2.3. Spectral aging conditions
The first two testing subgroups establish the predictive accuracy and

A = PINN prediction
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Fig. 7. Experimental and PINN-generated S-N curves for the two LOCs: (a) Cond. 17 — preaging for 180 h at 85°C and (b) Cond. 18 — preaging for 120 h at 100°C.
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generalization capability of the PINN for isothermal aging conditions.
Having established this baseline performance, the final testing subgroup
evaluates the ability of the proposed approaches for extending the
isothermally trained PINN to the spectral preaging condition listed in
Table 2. Because the underlying PINN accepts only a single preaging
temperature-duration pair, the spectral history is represented using the
methodologies introduced in Section 6. The resulting predictions
therefore primarily assess the effectiveness of these spectral-aging rep-
resentations rather than the baseline isothermal predictive capability of
the PINN.

Similar to the previous section, a power-law relation is fitted to the
experimental datapoints corresponding to the multi-step preaging con-
dition considered here. The error metrics for the different PINN-
generated S-N curves are then calculated relative to the fitted experi-
mental S-N curve rather than the individual datapoints. This approach
provides a more representative assessment of the prediction accuracy by
minimizing the influence of the experimental scatter. The resulting
experimental S-N curve is given by: Ny = [2.89 x 1010]d 4926,

7.2.3.1. Spectrum Equivalent-Aging representation. The two equivalent-
aging methods presented in Section 6.1 are applied to the multi-step
aging spectrum listed in Table 2. For the weighted-mean-temperature
method, the equivalent temperature and duration are calculated using
Egs. (15) and (16), respectively. The resulting equivalent aging condi-
tion is found to be Teq = 76.8'C and t,; = 446.8h. For the Arrhenius-
based method, on the other hand, the equivalent aging duration is
calculated using Eq. (19) for a selected reference temperature. As
mentioned earlier, two reference temperatures (85 °C and 100 °C) are
considered for comparison purposes, as they lie near the middle of the
temperature range investigated experimentally. Accordingly, the two
resulting equivalent aging durations are found to be t,; = 446h for T,,; =
85'C and t,q = 113.5h for T,y = 100°C.

Fig. 8 shows the experimental S-N curve (dashed line), together with
the datapoints used to generate it, as well as the corresponding PINN-
generated S-N curves obtained using the different equivalent aging
temperatures and durations. It can be seen that the PINN-generated S-N
curve based on the weighted-mean-temperature method clearly over-
predicts the fatigue life, particularly at high displacement levels. This is
expected because the weighted-mean-temperature method assumes that
thermal aging evolves linearly with both temperature and exposure
duration. However, the PINN predictions presented in Fig. 6 clearly
demonstrate that the influence of aging duration on fatigue-life degra-

dation is highly nonlinear. Consequently, the weighted-mean-
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Fig. 8. Experimental S-N curve for spectrally aged specimens along with PINN-
generated curves based on the different equivalent temperature-duration
representations.

temperature method fails to adequately represent the cumulative effect
of the thermal spectrum and produces large prediction errors with
MAPE = 49.5%, MAE = 2.8 x 10* cycles, RMSE = 3.3 x 10* cycles, and
R? = 0.943 with respect to the experimental curve.

The figure also shows that the S-N curves generated using the
Arrhenius-based equivalent-time method slightly underpredict the fa-
tigue life, and the deviation becomes more noticeable at higher
displacement values. For T,y = 85 C, the resulting errors are MAPE =
14.64%, MAE = 1.79 x 10* cycles, RMSE = 3.1 x 10* cycles, and R? =
0.949 with respect to the experimental curve. While for T,,, = 100°C,
the resulting errors are MAPE = 14.24%, MAE = 1.67 x 10* cycles,
RMSE = 3.12 x 10* cycles, and R? = 0.95 with respect to the experi-
mental curve. Compared with the weighted-mean-temperature method,
the Arrhenius-based method provides more conservative fatigue-life
predictions and therefore offers a more reliable representation of the
spectral aging condition.

Although the Arrhenius-based equivalent-time method theoretically
represents the same cumulative aging exposure regardless of the
selected reference temperature, the PINN predicts slightly different fa-
tigue lives for the equivalent aging conditions obtained using reference
temperatures of 85°C and 100°C. This difference arises because the
physics incorporated into the PINN constrains the fatigue load-life
relationship, but it does not enforce the Arrhenius time-temperature
equivalence. The Arrhenius transformation is introduced only during the
preprocessing of the aging inputs and is not embedded as a physical
constraint during network training. Consequently, temperature-time
pairs that are theoretically equivalent according to the Arrhenius rela-
tion do not necessarily produce identical fatigue-life predictions. This
observation highlights a limitation of equivalent-aging representations
and confirms the need for more advanced spectral aging representations
that reduce, or ideally eliminate, the dependence on the selected refer-
ence temperature.

7.2.3.2. Spectrum incremental-degradation representation. The proposed
incremental-degradation representation treats each thermal segment of
the aging spectrum individually and evaluates its contribution to
fatigue-life degradation sequentially while accounting for the aging
history accumulated during the preceding steps. This approach
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preserves the stepwise nature of the aging spectrum while maintaining
compatibility with the PINN trained exclusively using isothermal aging
conditions.

The incremental-degradation formulation presented in Section 6.2 is
applied sequentially to the four thermal segments listed in Table 2.
Table 4 lists the calculated equivalent starting and ending times for each
of the four aging steps considered in the experimental spectrum. For the
first aging step, no preceding aging history exists and the equivalent
starting time is therefore zero. For each subsequent step, the equivalent
starting time incorporates the cumulative exposure from all preceding
aging steps transformed to the temperature of the current step. Since the
retained life ratio for each step is determined from the fatigue lives at
both the beginning and end of that step, two PINN evaluations are
required per aging step. Consequently, for the four-step aging spectrum
considered here, the PINN is evaluated a total of eight times using the
conditions listed in Table 4. After evaluating the retained life ratio for
each aging step, the cumulative retained life ratio corresponding to the
complete aging spectrum is calculated using Eq. (25). Finally, the fatigue
life corresponding to the complete spectrum is then determined using
Eq. (27).

Fig. 9 shows the experimental S-N curve (dashed line), together with
the datapoints used to generate it, as well as the corresponding PINN-
generated S-N curves for the unaged (virgin) material (solid black
line), the individual preaging steps, and the complete preaging spec-
trum. Also, for comparison, the fatigue-life predictions obtained using
the analytical formulation of Neuhaus et al. [6] using both constant and
adapted variable values of the activation energy are included in Fig. 9.
The S-N curves corresponding to the individual preaging steps illustrate
the relative change in fatigue-life capacity associated with each step, as
determined from its retained life ratio. It can be seen from the figure that
the four preaging steps have a similar influence on fatigue life, as evi-
denced by the close proximity of the corresponding S-N curves. This
observation is consistent with the theoretical analysis reported by
Neuhaus et al. [6].

The figure clearly shows that the PINN-generated S-N curve obtained
using the proposed incremental-degradation representation for the
complete preaging spectrum is in excellent agreement with the experi-
mental S-N curve. Similar to the case of the LOCs, the error metrics are
calculated relative to the fitted experimental curve (not the experi-
mental datapoints) for d ranging between 9 and 21 mm. The resulting
error metrics are MAPE = 6.13%, MAE = 1.19 x 10* cycles, RMSE =
2.51 x 10* cycles, and R = 0.97 with respect to the experimental curve
(MAPE = 20.26%, MAE = 2.86 x 10* cycles, RMSE = 4.73 x 10* cycles,
and R? = 0.903 with respect to the experimental datapoints). These
errors are comparable to, or lower than, those obtained for the
isothermal testing subsets, demonstrating that the proposed represen-
tation successfully extends the isothermally trained PINN to the inves-
tigated spectral condition.

Fig. 9 also highlights an important limitation of the Neuhaus
analytical formulation when a single average activation energy is
employed. Under this assumption, the predicted S-N curve retains
approximately the same slope as the unaged curve and therefore does
not accurately reproduce the experimentally observed change in S-N
slope. This results in relatively high errors where MAPE = 36.34% and

Table 4
The PINN inputs for preaging spectrum steps with equivalent starting and
ending times.

PINN Stepwise Preaging Inputs

Step ID Temp.,T; Equiv. Start Time,t;cq_start End Time,t; eng
({9} (hour) (hour)

A 70 0 287.4

B 85 64.95 192.25

C 100 48.97 73.47

D 120 13.92 21.52
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Fig. 9. Experimental S-N curve for spectrally aged specimens together with
predictions obtained using the proposed PINN-based incremental-degradation
representation and the analytical model of Neuhaus et al. [6].

MAE = 7.99 x 10* cycles. In contrast, allowing the activation energy to
vary with both preaging temperature and displacement enables the
analytical prediction to reproduce the slope change and results in close
agreement with the experimental curve (MAPE = 8.4%, MAE = 1.26 x
10* cycles, RMSE = 2.9 x 10* cycles, and R? = 0.994). However,
determination of these variable activation-energy values requires a
relatively lengthy calibration procedure involving identification of
characteristic aging times at multiple temperature-displacement com-
binations followed by separate Arrhenius fits.

It should be noted here that the proposed incremental-degradation
approach employs constant activation energy; however, its role is
fundamentally different from that in the Neuhaus analytical model. The
activation energy is employed only for converting the preceding thermal
history into an equivalent starting time at the temperature of each
subsequent aging step. The corresponding fatigue-life change is then
determined by the PINN from the nonlinear behavior learned using
isothermal experimental data. Thus, the constant activation energy is
used to represent the thermal-history equivalence between consecutive
steps rather than to directly prescribe the magnitude of fatigue-life
degradation. This allows the incremental-degradation approach to
capture the correct S-N behavior without requiring explicit determina-
tion of temperature and displacement dependent activation energy
values.

The principal practical advantage of the incremental-degradation
representation is therefore its ability to preserve the nonlinear, step-
wise evolution of fatigue-life capacity while remaining compatible with
an ANN trained exclusively using isothermal aging data. The results of
the investigated four-step spectrum demonstrate the potential of the
proposed methodology for extending an isothermally trained PINN to
multi-temperature preaging histories. However, the experimental vali-
dation available in the present study is limited to the single increasing-
temperature spectrum listed in Table 2. Therefore, the present results
should be interpreted as validation of the proposed approach for the
investigated spectrum rather than as confirmation of its predictive ac-
curacy for arbitrary temperature sequences and duration combinations.
Further experimental investigation involving different temperature se-
quences and aging durations would be valuable for assessing the broader
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generalization capability of the proposed methodology.

Although the methodology proposed in this study has been devel-
oped and partially validated for multi-temperature TO preaging his-
tories, its underlying concept is considerably more general. The concept
is based on representing a complex loading or environmental history as a
sequence of simpler states that can be evaluated individually using a
network trained under well-defined conditions. Consequently, the pro-
posed methodology can potentially be extended to other fatigue prob-
lems involving sequential degradation processes, such as variable-
amplitude fatigue loading, combined mechanical and environmental
loading, or other multi-physics aging scenarios.

8. Concluding remarks

This study presents an ANN-based framework for predicting the fa-
tigue life of natural rubber subjected to thermo-oxidative preaging
spectra. The proposed methodology extends ANN-based fatigue-life
prediction from isothermal preaging conditions to multi-temperature
preaging histories through the introduction of a novel spectral-aging
representation. Consequently, complex spectral aging histories become
compatible with networks trained exclusively using isothermal aging
data. Based on the obtained results, the following conclusions can be
drawn:

The proposed PINN combines data-driven learning with a simple
physics-based constraint to achieve accurate and physically consis-
tent fatigue-life predictions while preserving the expected monotonic
power-law S-N behavior.

The proposed multi-objective optimization procedure balances pre-
diction accuracy and physical consistency to identify an optimal
PINN architecture and avoid unrealistic S-N behavior that may arise
when optimization relies only on conventional error metrics.

e The optimized PINN provides accurate and physically consistent
fatigue-life predictions for isothermal preaging conditions, including
unseen datapoints and left-out aging conditions.

The Arrhenius-based equivalent-time representation provides sub-
stantially better spectral-aging predictions than the weighted-mean-
temperature method, although its predictions remain dependent on
the selected reference temperature.

The proposed incremental-degradation representation provides the
highest spectral-aging accuracy, with a MAPE of 6.13%, by evalu-
ating the individual thermal segments sequentially while accounting
for the preceding aging history.

The Neuhaus analytical model reproduces the experimental change
in S-N slope only when activation energy is allowed to vary with both
preaging temperature and displacement. Although this produces
accurate predictions, determination of the required variable
activation-energy parameters involves extensive calibration. In
contrast, the proposed incremental approach uses a constant acti-
vation energy only for thermal-history conversion while allowing the
PINN to determine the nonlinear fatigue-life degradation.

e The proposed spectral-aging representation operates externally to
the underlying ANN and requires no retraining, providing a general
strategy for extending ANN-based predictors trained under
isothermal conditions to more complex cumulative histories.

Overall, the proposed framework provides a practical means of
extending ANN-based fatigue-life models trained using isothermal pre-
aging data to multi-temperature aging histories without requiring
spectral-aging data during network training.
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