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ABSTRACT

Reliable fatigue prediction is critical to asphalt pavement design. However, most models fail to account for the
dual nature of fatigue cracking, which comprises both cohesive and adhesive failure modes. To address this gap,
this study presents a Dual Mode Physics-Informed Neural Network Fatigue Prediction (DM-PINN-FP) model
tailored for asphalt mixtures. The adhesive failure cracking preference index (f) is quantitatively determined
through pull-off tests. A Fatigue Cracking Sensitivity Index (FCSI), derived from this cracking preference index, is
incorporated as a control parameter within the physics-informed network to represent the effects of aggregate
type, temperature, and asphalt film thickness. Grounded in the viscoelastic continuum damage (VECD) theory,
the overall damage is decoupled into adhesive and cohesive failure components, leading to coupled evolution
equations for dual-mode damage. Building on these mechanisms, a dual-branch physics-informed prediction
model is developed, integrating physical constraints and monotonicity conditions within a deep learning
framework enhanced by multi-head attention and Long Short-Term Memory (LSTM) networks. Results show that
the DM-PINN-FP model successfully mitigates cumulative error issues common in standard neural networks and
substantially improves fatigue prediction accuracy. Further analysis reveals that temperature elevation pre-
dominately influences the cracking mode and accelerates stiffness degradation. Moreover, the proposed model
effectively captures the impacts of different aggregate types and temperature conditions on damage progression.
These findings validate the cracking preference index as a valuable link connecting mesoscopic material design

parameters with macroscopic fatigue behaviors.

1. Introduction

Asphalt pavements undergo continuous accumulation of internal
micro-damage under long-term repetitive loads, which progressively
transitions into macroscopic cracking, ultimately resulting in the dete-
rioration of structural performance. Fatigue cracking remains one of the
most prevalent distresses in asphalt pavements. Therefore, the accurate
prediction of the fatigue life of asphalt mixtures is of crucial importance
for pavement structural design, material optimization, and maintenance
decision-making during the service period (Hosseini et al., 2021;
Underwood et al., 2010).

At present, the existing methodologies for predicting the fatigue life
of asphalt mixtures are primarily categorized into phenomenological
methods, fracture mechanics-based approaches, damage mechanics-
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based approaches, and energy-based methods(Luo et al., 2023). The
phenomenological approach generally adopts S-N curves to define the
load-life relationship, offering straightforward application in engineer-
ing, yet failing to elucidate the internal damage evolution. Similarly,
fracture mechanics methodologies utilize the Paris law to represent
cracking characteristics, but their typical exclusion of the crack initia-
tion phase creates a discrepancy with the real-world fatigue degradation
sequence (Luo et al., 2015). In contrast, damage mechanics-based ap-
proaches describe the entire process of crack initiation and propagation
within a unified framework, providing a more comprehensive reflection
of the damage evolution laws in the material. Within the framework of
continuum damage mechanics (CDM), a fatigue model based on
nonlinear damage evolution theory has been proposed (Zhang et al.,
2019), while viscoelastic continuum damage theory has been applied
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to fatigue prediction of asphalt mixtures (Cheng et al., 2022). Based on
the energy method, the power-law relationship between cumulative
dissipated energy and fatigue life was established, which correlated the
fatigue damage with cracking initiation and evolution (Shen et al.,
2011). However, conventional fatigue models fail to account for the
mesoscale heterogeneity of asphalt mixtures. Research indicated that
fatigue cracking occurred in asphalt mixtures manifests as two distinct
failure modes: adhesive and cohesive failures. Adhesive failure occurs
when the local stress exceeds the interfacial strength between aggregate
and bitumen. Cohesive failures describes the cracks fallen within the
bitumen binder or mastics(Lytton et al., 2005). Unfortunately, existing
fatigue models struggle to decouple and quantify the contribution from
the above two failure modes, thereby limiting the mechanism inter-
pretability and predictive accuracy. To address this limitation, the
respective contributions of adhesive and cohesive cracking were char-
acterized based on the surface energy decomposition of asphalt mixtures
(Luo et al., 2015). The cracking criteria for adhesive and cohesive failure
modes under external loading were derived, enabling the relative pro-
portions of the two modes to be determined(Zhang et al., 2014). A
multiscale approach combining coarse-grained molecular dynamics and
pull-off testing was employed to investigate the effects of asphalt film
thickness, loading rate, and temperature on failure modes at the bitu-
men-aggregate interface(Chen et al., 2022). Despite these advance-
ments, a significant gap remains, as current findings are largely confined
to theoretical discussions and lack the quantitative metrics necessary for
practical fatigue life modeling.

In addition to mechanics-based approaches, data-driven methods
have been extensively investigated with the advancement of computa-
tion technology and accumulation of fatigue experimental data (Chen
and Liu, 2022; Shin et al., 2025; Zhu et al., 2024). Compared with
conventional empirical or mechanistic models, data-driven methods can
capture nonlinear relationships in high-dimensional, —multi-
factor-coupled datasets(Li et al., 2026). These methods have demon-
strated significant potential in areas such as dynamic modulus
prediction, rutting performance evaluation, fatigue life estimation, and
pavement service performance analysis (Alnagbi et al., 2024; Fahad
et al., 2025; Houlik et al., 2026; Isied et al., 2019; Sun et al., 2021;
Zeiada et al., 2025). Despite their advantages, purely data-driven ap-
proaches are often contingent upon the representativeness of the
training datasets. They frequently encounter challenges regarding poor
physical transparency and weak out-of-distribution (OOD) extrapola-
tion, thereby limiting their robustness in engineering scenarios (Fuhg
et al., 2023; Siegel, 2025; Zhu et al., 2023). In pursuit of improved
generalization and physical consistency, Physics-Informed Neural Net-
works (PINNs) have recently emerged as a prominent research hotspot
in the field of mechanical modeling (Karniadakis et al., 2021). The PINN
framework incorporates governing equations, boundary conditions, and
initial conditions into the network training process as loss terms,
enabling the neural network to satisfy fundamental physical laws while
fitting the data(Raissi et al., 2019). Fracture-mechanics prior knowledge
based on the M-integral fatigue model was incorporated into the loss
function as a physical constraint for predicting the fatigue life of mate-
rials containing multiple defects, achieving a correlation coefficient
greater than 0.9(Dong et al., 2025). Similarly, the accuracy and
extrapolation robustness of remaining useful life (RUL) prediction were
significantly improved by constraining the network’s output-input
gradients to satisfy Paris’ law, with all predictions falling within a
1.5-fold error band (Liao et al., 2025). Beyond embedding physical
knowledge into loss functions and network architectures,
physics-informed data augmentation strategies can be employed to
address small-sample challenges. To meet the demand for accurate fa-
tigue crack growth (FCG) prediction in the damage-tolerance design of
aeroengine turbine disks, a dual-pathway PINN approach was proposed
(Feng et al., 2026). By integrating experimental data with physical laws,
this method overcomes the difficulty of predicting FCG under complex
service conditions with limited data. In the field of pavement
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engineering and materials, researchers have also begun to utilize PINNs
for performance evolution prediction, structural response analysis, and
constitutive identification, aiming to mitigate the "high precision but
weak mechanism" issue inherent in traditional data-driven models
(Deng et al., 2024; Han et al., 2024; Li et al., 2025; Luo et al., 2026).

Nevertheless, current PINN-based studies largely center on the
regression of macroscopic mechanics, leaving the synergistic integration
of mesoscopic failure modes and macroscopic VECD equations under-
explored. For this reason, this study develops a hybrid mechanics-
data-driven framework for asphalt mixture fatigue prediction,
embedded with a Cracking Preference Index (CPI). The methodology
first defines an interfacial adhesion cracking propensity index and a
fatigue cracking sensitivity index based on pull-off tests to quantitatively
characterize the dominance of adhesive versus cohesive cracking under
varying material and environmental conditions. Subsequently, a dual-
mode damage evolution equation is established within the framework
of Viscoelastic Continuum Damage (VECD) theory to describe the syn-
ergistic degradation process of interfacial and mastic damage. Finally,
these physical mechanisms are embedded into a deep learning network
to construct the DM-PINN-FP model, achieving high-precision predic-
tion of the curves for asphalt mixtures.

2. Quantification of dual-mode fatigue failures
2.1. Proposal of cracking preference index

Cracking in asphalt mixtures is essentially a microscopic process of
failure and debonding between the asphalt binder and aggregate (Zhang
et al., 2015). Because of the stochastic nature of crack evolution, pre-
cisely calculating the true proportion of dual-mode cracking through
standard experiments is challenging (Du et al., 2020). Given that the
asphalt-aggregate pull-off test can distinguish adhesive from cohesive
failure and reflect their relative competition under specified material
and environmental conditions, this study introduces an adhesive
cracking preference index, 3, based on the pull-off test results. This index
characterizes the relative tendency toward adhesive-dominant cracking
under given compositions and environmental conditions. Accordingly,
the fatigue cracking sensitivity index, R, can be defined as:

s

Ry :lT[)’

@

Where f is a dimensionless parameter related to the adhesive failure
preference and ranges from O to 1.When R.>1, Adhesive cracking
emerges as the predominant failure mode, with the asphalt-aggregate
interface acting as the critical vulnerability for fatigue-induced dam-
age;When R <1, The failure is predominantly governed by cohesive
cracking, where the inadequate resistance and fracture toughness of the
asphalt binder phase constitute the main driver of crack development;In
the case of R,=1, the contributions from both cracking modes are
equivalent, indicating that the interface strength and mastic strength are
in a state of relative equilibrium. Consequently, R, serves as a bridge
that connects mesoscopic damage mechanisms with macroscopic fatigue
responses.

2.2. Determination of cracking preference index

The cracking modes of asphalt mixtures are influenced by factors
such as aggregate type, temperature, asphalt film thickness, and
aggregate surface roughness (Chen, et al., 2022; Gong et al., 2025; Luo,
et al., 2015; Shi et al., 2023). Therefore, in this study, pull-off tests were
conducted to analyze the effects of these variables, specifically aggre-
gate type, testing temperature, film thickness, and surface
micro-texture, on the failure modes of the asphalt-aggregate interface.
Digital Image Processing (DIP) technology was employed to convert the
captured images of the failed interfaces into binary images. The
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proportion of adhesive failure was then quantified by statistically
analyzing the black and white pixel counts (Sun et al., 2020), as illus-
trated in Figure 1. Table 1, Table 2, Table 3 provide a summary of the
pull-off test protocols and outcomes from preliminary work(Shi, et al.,
2023). An unmodified bitumen with a penetration grade of 60/80 and
limestone, granite, and basalt slabs measuring 100 mm x 100 mm x 10
mm were used. Three surface-texture levels were prepared using
80-mesh, 80+240-mesh, and 80+240+320-mesh polishing procedures
for 10, 20, and 30 min, respectively, resulting in surface roughness
values of approximately 0.0155-0.0250 mm. For each test, the bitumen
mass corresponding to the target film thickness was weighed, heated to
150°C, and placed on the pull-off stub. Ten film thicknesses ranging
from 10 pm to 900 pm with 100 pm intervals were taken into account as
shown in Table 2. The assembled specimens were conditioned at 5, 15,
and 25°C for 30 min and tested using a Pneumatic Adhesion Tensile
Strength Testing Instrument (PATTI; ASTM D4541 Type IV) at a loading
rate of 100 psi/s (690 kPa/s). Four replicate measurements were con-
ducted for each combination of aggregate type, surface texture, tem-
perature, and film thickness, yielding 1080 pull-off tests in total. It
should be highlighted that the adhesive failure proportion remained at
0 for all specimens tested at 25°C.

The pull-off test results indicate that at lower temperatures, the
interface failure typically exhibits mixed failure mode. As the temper-
ature increases, the failure mode progressively transitions into a cohe-
sive failure model. Particularly, only cohesive failure mode remains
when the temperature reached 25 °C. This suggests the existence of a
critical temperature T,, above which only cohesive failure occurs (Shi,
et al., 2023). The overall strength of the asphalt mixture is jointly
determined by the cohesive strength of the mastic and the interfacial
bond strength between the asphalt and aggregate. Although both
interfacial and cohesive strengths decrease as the asphalt softens with
rising temperatures (Sun, et al., 2020), the discrepancy in their decay
rates triggers the observed shift in cracking mechanisms. The relation-
ship between temperature and asphalt stiffness was described using the
exponential function y = yo + Aje ¥/t (Fan et al., 2024). Accordingly,
the relationship between cohesive strength and temperature can be
expressed as:

Sp = Spoe 1T (3]

Similarly, the relationship between interfacial bond strength and
temperature can be expressed as:

S[ = Sloeisz (3)

Then, the relationship between # and the cohesive strength and
interfacial bond strength can be expressed as:

St S,k
B~ 2L — 210 p-(ko—ki)T 4
/ S5 Sm 4
Specifically,
p~ e (5)

Orig_in image

Fig. 1. Pull-off test and image processing of failed interfaces (Shi, et al., 2023).
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Table 1
Test conditions for pull-off experiments.
Variables Condition
Temperature 5°C, 15°C, 25°C
Film thickness 10 pm~900 pm
Roughness 0.0155 mm ~0.0250 mm

Aggregate type Limestone, Basalt, Granite

Asphalt film thickness also significantly influences the failure mode.
When the film is thin, pronounced stress concentration occurs at the
interface, leading to failure prior to that of the mastic; as the thickness
increases, cracks tend to propagate within the asphalt layer (Wang et al.,
2024). This trend indicates that adhesive failure prevails when the
asphalt film is sufficiently thin, whereas the failure type completely
transitions to cohesive failure within the asphalt layer once the film
thickness exceeds a certain threshold, h.. That is, the $ value decreases
from 1 to 0 with increasing asphalt film thickness, exhibiting a mono-
tonically decreasing S-shaped curve. To satisfy the requirements of the
function's domain and range, a variant of the sigmoid function is
adopted to describe this relationship:

1
T1 ¥ aen

p (6)
Where h represents the thickness, the other parameters are constant
variables.

The failure mode is also influenced by the aggregate surface rough-

ness. The surface roughness enhances the mechanical interlocking be-
tween the asphalt and aggregate, thereby increasing the interfacial bond
strength and the corresponding propensity for cohesive failure (Gong,
et al., 2025; Wang, et al., 2024). As roughness increases, the change in
the adhesive failure proportion varies across aggregates of different li-
thologies (Shi, et al., 2023). Based on the mechanisms, this study iden-
tifies temperature, film thickness, and surface roughness as the primary
control variables influencing failure modes, establishing a physical
model for calculating $ as follows:
B(T,h,R) = cRe’kT% @
Where T is the temperature (°C) ; h refers to the film thickness (um) ;R
represents the roughness (102 mm) ;¢, k, a and b are constants;f(h) and f
(T) are the step function (Heaviside step function) considering the
critical states defined as follows:

F(T) = H(T) ~ H(T—T.) = { ST ®
f(h) = H(h) ~ H(h~h) = { AN ©

Where T, and h, respectively refer to the critical temperature and
thickness. When the temperature or film thickness exceeds their
respective critical thresholds, the failure mode progressively transitions
to being predominantly governed by cohesive failure. In the present
study, T, and h, are treated as aggregate-specific, condition-dependent
operational thresholds rather than universal constants, and their values
may differ among limestone, granite, and basalt systems because of
variations in mineral composition, surface characteristics, and bind-
er-aggregate interactions. Based on the available pull-off data, T, is
constrained to 15°C<T.<25°C, whereas h, was not reached within the
investigated film-thickness range.

2.3. Validation of cracking preference index
Based on the pull-off experimental datasets for limestone, granite,

and basalt aggregates listed in Table 2 and Table 3, the model param-
eters were calibrated. The corresponding fitting results are presented in
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Table 2

Adhesive failure proportion under varying conditions (5°C).
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Roughness/mm Adhesive failure proportion
Film thickness/pm
10 100 200 300 400 500 600 700 800 900
Limestone 0.0165 0.41 0.40 0.39 0.35 0.29 0.25 0.18 0.16 0.11 0.12
0.0194 0.43 0.41 0.40 0.39 0.29 0.25 0.18 0.16 0.11 0.12
0.0237 0.62 0.56 0.51 0.46 0.33 0.31 0.29 0.18 0.19 0.20
Granite 0.0192 0.41 0.40 0.39 0.35 0.29 0.25 0.18 0.16 0.11 0.12
0.0219 0.43 0.41 0.40 0.39 0.29 0.25 0.18 0.16 0.11 0.12
0.0250 0.53 0.51 0.46 0.41 0.33 0.31 0.29 0.18 0.19 0.20
Basalt 0.0155 0.42 0.40 0.31 0.25 0.24 0.23 0.16 0.15 0.15 0.14
0.0192 0.46 0.43 0.34 0.33 0.31 0.22 0.20 0.17 0.18 0.18
0.0212 0.49 0.47 0.35 0.33 0.23 0.22 0.19 0.18 0.17 0.18
Table 3
Adhesive failure proportion under varying conditions (15°C).
Roughness/mm Adhesive failure proportion
Film thickness/pm
10 100 200 300 400 500 600 700 800 900
Limestone 0.0165 0.72 0.72 0.66 0.66 0.59 0.58 0.51 0.33 0.23 0.23
0.0194 0.73 0.71 0.70 0.66 0.58 0.57 0.50 0.38 0.24 0.23
0.0237 0.75 0.67 0.64 0.64 0.61 0.60 0.54 0.40 0.27 0.27
Granite 0.0192 0.49 0.48 0.48 0.46 0.44 0.25 0.23 0.17 0.14 0.16
0.0219 0.55 0.51 0.46 0.41 0.33 0.31 0.29 0.18 0.19 0.20
0.0250 0.62 0.56 0.51 0.46 0.39 0.37 0.36 0.27 0.23 0.25
Basalt 0.0155 0.45 0.43 0.36 0.33 0.26 0.24 0.19 0.20 0.17 0.18
0.0192 0.49 0.40 0.36 0.30 0.23 0.21 0.19 0.18 0.18 0.19
0.0212 0.52 0.50 0.45 0.37 0.25 0.21 0.18 0.17 0.17 0.19
termed DM-PINN-FP (Dual-mode Physics-Informed Neural Networks for
;T:.le 4 1ts for th » " ind Fatigue Prediction). This model embeds the evolution equations of dual-
1tting results ror € crackin, rererence imndex. P . .
g gp mode VECD theory and monotonicity constraints into the network
) a b ¢ k training process, leveraging deep learning to extract complex temporal
Limestone 4.03E-07 2264 0.202 -0.039 non-linear features and achieve the separation and precise prediction of
Basalt 4.11E-04 1.270 0.245 -0.005 macroscopic C-S curves. This whole procedure encompasses three sec-
Granite 2.63E-06 2.001 0.191 -0.017

Table 4.

The results indicate that basalt exhibits the highest a value, sug-
gesting a stronger initial sensitivity to variations in film thickness.
Limestone and granite show larger b values, implying that once the film
thickness reaches a certain threshold, g decreases rapidly, making the
material more prone to a cohesive-dominant failure mode. The rela-
tively small differences in ¢ values among the three aggregate types
suggest that surface roughness has a weaker influence on failure-mode
preference than temperature and asphalt film thickness, consistent
with previous findings(Shi, et al., 2023). Negative k values across the
board suggest that the relative degradation of cohesive strength out-
paces that of interfacial strength as temperature increases, favoring
cohesive failure. As illustrated in Fig. 2, the proximity of most data
points to the 45° line indicates a robust agreement between predictions
and test results. With R? values exceeding 0.93 for all aggregates types
and peaking at 0.98 for granite, the robustness and effectiveness of the
proposed physical model are well-verified.

3. Development of the hybrid mechanics-data-driven framework

In existing fatigue life prediction methodologies, traditional
mechanics-based models suffer from limitations in mechanistic insight
and predictive accuracy, while purely data-driven models lack physical
interpretability and generalization capabilities. To address these issues,
this study proposes a mechanics-data dual-driven fatigue life prediction
model for asphalt mixtures that embeds the Cracking Preference Index,

tions: 1) VECD method considering different cracking modes; 2) the
dual-driven fatigue prediction framework; and 3) the construction of the
physics-informed loss function.

3.1. Dual-mode viscoelastic continuum damage (VECD) theory

Although the conventional VECD model successfully reflects the
global fatigue evolution through a single damage variable, while it lacks
the resolution to differentiate between failure mechanisms. In this study,
a cracking preference index correlated with material strength, is incor-
porated into the VECD framework. Acting as a governing parameter for
damage evolution, it allows for the quantitative representation of the
competitive interplay and relative dominance between interfacial and
cohesive cracking modes. To incorporate the dual-mode competition,
the total damage in this work is decoupled into cohesive and adhesive
components. Specifically, cohesive damage is characterized using Linear
Amplitude Sweep (LAS) testing (Btazejowski et al., 2020), where the
pseudo-strain of the asphalt binder is expressed as:

& =G| yz0 (10)

Where |G*|yg is the linear viscoelastic complex modulus, & refers to the
initial strain.

The pseudo-stiffness of the asphalt binder, C,, is defined as the
normalized complex shear modulus (Cao et al., 2019):

_ 16

- ‘G* |LVE

Ceo an

Where |G*|; refers to the complex modulus at the i-th loading cycle. i
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Fig. 2. Model prediction performance and error distribution for CPI.

means the number of cycles.

According to the Schapery theory (Park et al., 1996), the relationship
between damage evolution rate and energy dissipated rate in the fatigue
process can be expressed as follows:

dSCO _ aW?o “
a (’ asw) 12

Where S, is the damage parameter corresponding to cohesive damage;
WR  is the pseudo-strain dissipated energy corresponding to cohesive
damage; and a; is the damage evolution rate determined by the relax-
ation curve of the asphalt binder.

The damage parameter S, is calculated as follows:

ay /1+ay

(t — ti71)1/1+a1 (13)

N
Sult) = Y- [0t~ )
i=1

For interfacial adhesive damage, isolating the interfacial damage
from the material damage and establishing a damage variable that re-
flects the actual interfacial stress state remain significant challenges in
current research. Within the framework of viscoelastic continuum
damage mechanics, and following the formulation of cohesive damage,
the interfacial pseudo-strain can be defined as:

JfR =K ‘LVE}/O as

Where |K*|pyg is the initial linear viscoelastic (LVE) complex shear
stiffness when the interface is undamaged. y is the initial shear strain.

The interfacial pseudo-stiffness, C,q, is used to characterize the
degradation of the adhesive integrity at the asphalt-aggregate interface
with respect to the number of loading cycles, and is defined as:

_ K,

Caa =
K e

(15)

Where |K*|; is the interfacial dynamic shear stiffness at the i-th loading
cycle.
The evolution of the interfacial damage variable, Syq, likewise

follows Schapery’s damage evolution law:

dSat OWRN\
dt B (7 aSad) (16)

Where WR, is the pseudo-strain dissipated energy corresponding to the
interfacial adhesive damage. a2 is the interfacial damage growth rate
parameter.

The derivation of the calculation formula for the internal interfacial
damage variable, S, during cyclic loading is as follows:

N

Sul0 =3 [J7 (0 ~ L)

i=1

as/1+as
} (t —tiq) 17)
In summary, this study treats the total damage as a linear coupling of
interfacial adhesive damage and mastic cohesive damage, and proposes
the following dual-mode damage evolution equation:

ds OWR AWRN\ ™
dat (‘asad) +(1_ﬁ)(_asw) (18)

In which S denotes the internal damage variable of the asphalt
mixture. # represents the weighting coefficient governing the coupling
between adhesive and cohesive damage modes. It characterizes the
relative dominance of the two failure mechanisms under a given mate-
rial state and is determined using the pull-off-test-based physical model
described in Section 2.2; therefore, it should not be interpreted as the
actual proportion of adhesive cracking.

3.2. A hybrid mechanics-and-data-driven fatigue architecture

Based on dual-mode damage theory, the DM-PINN-FP framework
decouples total damage into interfacial adhesive and mastic cohesive
components. It regulates the relative roles of these two modes through
the fatigue cracking sensitivity index (R.) and embeds monotonicity
conditions into the network training process to achieve precise predic-
tion of the C-S curves for asphalt mixtures. As illustrated in Fig. 3, the
architecture of DM-PINN-FP comprises an input layer, a deep feature
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Fig. 3. Architecture of DM-PINN-FP.

mapping layer, dual-mode physical branch layers, and a physical
boundary constraint layer. At the input terminal, the data consists of
three components:

(1). Historical sequences from the preceding L time steps (C, S, /),
used to characterize the damage accumulation path of asphalt
mixtures.

(2). Damage state of the target point (Sp, 4, used to locate the current
prediction point within the damage evolution process.

(3). Environmental state tensors, including external variables such as
strain levels, temperature, and the cracking preference index (f),
reflecting the operational dependency of the asphalt mixture’s fa-
tigue behaviour.

During the feature extraction phase, the model employs a deep fully
connected network integrated with a multi-head attention mechanism to
encode the input sequences, capturing key features and long-range de-
pendencies in damage evolution across different loading stages. This
module consists of five fully connected layers, each containing 64 neu-
rons with ReLU activation, followed by a multi-head attention layer with
eight attention heads and a key dimension of 16. The multi-head
attention mechanism enhances the model’s ability to identify local
mutations and phase-wise degradation characteristics, thereby
improving its representation of complex non-linear C-S curve mor-
phologies. The resulting shared feature representation is then passed to
two symmetrical but parameter-independent physical branches: an
interfacial adhesive branch for predicting C,q and a mastic cohesive
branch for predicting C,,. This dual-branch structure reduces the alias-
ing of adhesive and cohesive damage mechanisms within a single latent
representation. The outputs of the two branches are subsequently
weighted and combined according to the dual-mode coupling equation
to obtain the predicted pseudo-stiffness C, at the target time step. To
further ensure the physical validity and temporal stability of the pre-
dictions, a shared physical-boundary pathway is incorporated. This
pathway consists of two stacked Long Short-Term Memory layers with
64 hidden units per layer and recursively integrates the historical states.
Its hidden states preserve the accumulated damage history and
dynamically estimate the physically admissible upper and lower bounds

of pseudo-stiffness at the target step. Compared with a prediction
framework based solely on deep feature fitting, this pathway suppresses
nonphysical deviations caused by error accumulation during recursive
prediction and thereby improves the long-term stability and robustness
of the model.

3.3. Formulation of the physics-informed loss function

To ensure the model strictly adheres to the principles of continuum
damage mechanics, the total loss function of the DM-PINN-FP is
formulated by integrating traditional data-driven loss with physics-
based constraints. The loss function is generally defined as a metric of
the prediction error between the model output and the ground truth,
with a lower loss value indicating superior predictive performance. The
core advantage of DM-PINN-FP lies in its integrated approach; it ac-
counts not only for the deviation between predicted and experimental
values but also incorporates physical knowledge derived from VECD
theory and the cracking sensitivity index. This ensures that the network
not only fits the experimental C-S data but also maintains physical
interpretability even in regions with sparse data. The mathematical
descriptions of this prior physical knowledge are summarized in Table 5.

Because pseudo-stiffness decreases with increasing damage, the ad-
missible sign convention is dC/dS < 0. The monotonicity loss therefore
penalizes positive values of dC/dS. The branch-specific degradation rates
are defined by their non-negative magnitudes. The total loss function
consists of two components: a data-driven loss (Lossp) derived from
observational data, and a physics-based loss (Lossp) rooted in prior
physical knowledge. The Lossp is calculated using the Mean Squared

Table 5
Mathematical formulations of prior physical constraints for fatigue failure.

Expressions Prior physical knowledge

e C decreases as S increases

s <0

‘0Cad [> ‘OCCO ‘ When R, > 1, the stiffness degradation rate of the adhesive
0S dS branch is higher

‘0Cm > ‘()Cad | When R, < 1, the stiffness degradation rate of the cohesive
0S dS branch is higher
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Error (MSE) loss function, while the derivatives within the physics loss
term are computed using the automatic differentiation technique within
the TensorFlow framework. The output value of the combined loss
function depends on the degree to which established physics knowledge
is violated. When the value of the physics loss term reaches zero, the
fatigue predictions provided by the network perfectly adhere to the
physical principles prescribed in Table 5. The total loss function is
formulated as follows:

Lossp = MSELoss(Cy, C) 19)
Loss, = Z max| 0 a_c ’ (20)
mono —— 708
> min(0 OCu| _ [0Cu|)* Ry >1
b os aS 9 cr
LOSSmoge = (21)
. acco acad 2

[ Smin(o. ] - []) R 1
Lossp = LOSSmono + LOSSmode (22)
Loss = A1Lossp + A,Lossp (23)

Where Losspon, denotes the monotonicity penalty and Losspeq. denotes
the mode cracking-consistency penalty, together, they constitute the
physics-based loss term. 1; and A, are hyperparameters to maintain a
balance between data and physical constraints.

4. Results and discussion
4.1. Model training and convergence analysis

The model was trained and tested using four-point bending fatigue
data for an AC-25 asphalt mixture containing limestone aggregate(Han,
et al., 2024). The experimental conditions and calculated $ values for the
18 obtained C-S curves are summarized in Table 6. For a given asphalt
mixture, the average asphalt film thickness and aggregate surface
roughness remain constant, with the calculated values of h=9.1 pm and
R= 0.02 mm, respectively. Therefore, f was treated as a
temperature-dependent parameter in the present study, and the same
value was assigned to different strain levels and loading frequencies at a
given temperature. The f values in Table 6 are introduced as a
strength-related cracking-preference prior rather than as the adhesive
crack-area fraction of the fatigue specimen. The adhesive-cohesive
failure pattern observed in pull-off tests reflects the relative competition
between interfacial adhesion and binder or mastic cohesion, both of
which are closely related to mixture fatigue performance(Azarhoosh
et al., 2017; Cong et al., 2017; Kim et al., 2004; Lucas Junior et al.,
2020). In the dual-mode VECD framework, S regulates the relative
contributions of the two damage branches, while their degradation
behavior is learned from the mixture-scale C-S curves. Thus,  provides a
mechanism-informed cross-scale coupling parameter rather than a
direct geometric mapping of crack areas.

In this study, two complete C-S curves corresponding to 25°C-400
pe-5 Hz and 25°C-400 pe-10 Hz were withheld prior to sliding-window
sample generation and used exclusively for final testing. The remain-
ing 16 curves were used to construct the training and validation

Table 6

Experimental conditions '?°! and calculated values of 4.
Temperature/°C Loading frequency/Hz Strain level/pe B/-
5 5,10 200, 300, 400 0.48
15 5,10 200, 300, 400 0.7
25 5,10 200, 300, 400 0

Computer-Aided Civil and Infrastructure Engineering 51 (2026) 100171

datasets. Specifically, each curve was segmented using a 16-point time
series window, with the first 15 points serving as model inputs and the
16th point as the corresponding prediction target. The resulting samples
were then randomly divided into training and validation subsets at a
ratio of 4:1. Although the individual temperature, strain, and frequency
levels represented in the test cases were present elsewhere in the
training data, the coupled condition of 25°C and 400 pe was excluded.
Therefore, this data split was designed to evaluate the model’s gener-
alization capability for an unseen temperature-strain combination
located at the boundary of the investigated domain. All neural networks
in this study were implemented based on the TensorFlow deep learning
framework. During the training stage, a sequential optimization strategy
combining the Adam optimizer and the L-BFGS second-order optimizer
was adopted (Mazeika et al., 2024). Adam was utilized in the initial
stage to rapidly escape local minima, while L-BFGS was employed in the
later stage to achieve high-precision fitting. The core training hyper-
parameters are summarized in Table 7. The loss function was recorded
every 10 epochs, and the epoch with the minimum training loss was
saved as the optimal model for subsequent prediction of complete C-S
curves.

Fig. 4 illustrates the convergence trends of the loss terms during
training and validation. When the proportions of Lossp and Lossp in the
total loss differed (i.e., ;= 1 and A,= 0.1), Fig. 4 (a) and (b) show that
Lossp rapidly converged to near zero within the first 50 epochs, whereas
Lossp failed to exhibit significant convergence even after 50 epochs. This
discrepancy suggests that optimizing Lossp is more challenging than
Lossp. Increasing the proportion of Lossp (settingl;= 1 and A= 1)
effectively addressed this issue. As shown in Fig. 4 (b), Lossp gradually
decreased and eventually converged around the 30th epoch. Further-
more, Fig. 4 (d) confirms that the validation loss also converged to near
zero after 50 epochs, validating the effectiveness of the selected
weighting parameters.

4.2. Model validation and predictive capability

To validate the DM-PINN-FP model proposed in Section 3, its pre-
dictive performance was compared with that of a conventional Artificial
Neural Network (ANN) (Ulloa et al., 2023). To ensure a fair comparison,
both models used identical input sequences, data preprocessing pro-
cedures, training and test splits, batch sizes, and optimizer settings. The
ANN architecture, illustrated in Fig. 5, consists of an input layer, five
fully connected hidden layers, and an output layer. Each hidden layer

Table 7
Hyperparameters and implementation details for DM-PINN-FP.
Type Hyperparameter Value
Training Train ratio 0.8
Total epoch 100
Optimizer Adam, L-BFGS
Adam batch size 4
Adam Learning rate 0.0001
Adam training epochs 20

Full batch

Adaptive Hager-Zhang line search;
initial step size = 1.0

Loss function MSE loss

A1, A2 1,1

Hidden layers in each 3 Multi-Head Attention layers, 2
adhesive/cohesive branch Feedforward layers, and 5 Fully
connected hidden layers

L-BFGS batch size
L-BFGS step-size setting

Network
structure

Attention modules per 3
branch

Number of attention heads 8
Attention dropout rate 0.1
Sizes of Feedforward 128
layers

Sizes of Fully connected 64
layers

LSTM units per layer 64
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Fig. 4. Loss monitor in the model training and validation.
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contains 64 neurons, matching the depth and width of the shared fully
connected feature-mapping module in DM-PINN-FP. The input layer is
consistent with that of DM-PINN-FP, while the output layer provides the
predicted pseudo-stiffness C, at the target point C. In contrast to the
ANN, the additional multi-head attention module, dual physical
branches, and recurrent physical-boundary pathway in DM-PINN-FP are
specifically introduced to represent the proposed dual-mode damage
mechanism and impose the associated physical constraints. The ANN
loss function is expressed as:

Lossq = MSELoss(C,,C) 24)

Table 8 lists the evaluation metrics for both models on the validation
set. Fig. 6 displays the prediction accuracy of the two models for the 5 Hz
and 10 Hz validation samples. As indicated in Table 8, the proposed DM-
PINN-FP model achieves the minimum values in both RMSE and MAE,

Table 8
Evaluation metrics of DM-PINN-FP and ANN on the validation set.
DM-PINN-FP ANN

Case a: 5Hz - validation set
RMSE 0.0075 0.0353
MAE 0.0058 0.0263
R-square 0.9990 0.9547
Case b: 10Hz - validation set
RMSE 0.0080 0.0295
MAE 0.0063 0.0262
R-square 0.9989 0.9624

whereas the purely data-driven ANN model exhibits relatively larger
errors. In Fig. 6, the horizontal axis represents the experimental C
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Fig. 6. Prediction accuracy of DM-PINN-FP and ANN.

values, while the vertical axis represents the predicted Cvalues. Conse-
quently, the closer the green points are to the y = x line (red dashed
line), the higher the prediction accuracy. Combining the distribution
characteristics shown in Fig. 6, it can be concluded that the DM-PINN-FP
outperforms the ANN. Its validation data points (green dots) are highly
and densely clustered along the red dashed line, while the ANN exhibits
varying degrees of prediction bias.

The performance of a network on a validation set with the same
distribution as the training set cannot serve as definitive proof of its
robustness. Furthermore, in practical engineering applications, it is
often necessary to predict the full lifecycle of a material based on limited
initial states. Therefore, the trained DM-PINN-FP and ANN models were
employed to forecast the test C-S curves (25°C-400ue-5Hz/10Hz). Using
the first 15 points of the test curves as known data, the complete C-S
curves were reconstructed through an iterative prediction process,
where each predicted result was appended to the known sequence as

Table 9
Performance metrics of DM-PINN-FP and ANN.
DM-PINN-FP ANN

25°C-400pe-5Hz
RMSE 0.0058 0.0569
MAE 0.0049 0.0439
R-square 0.9985 0.9211
25°C-400pe-10Hz
RMSE 0.0057 0.0396
MAE 0.0043 0.0374
R-square 0.9986 0.9430

input for the subsequent step.

Table 9 summarizes the evaluation metrics of both models on the two
test curves. In Fig. 7, the green curves represent the experimental test
data, while the red and blue curves denote the predictions from DM-
PINN-FP and ANN, respectively. As evident from Table 9 and Fig. 7,
the purely data-driven ANN model exhibits small errors in early-stage
predictions but is highly susceptible to significant deviations in long-
term forecasting due to error accumulation. Conversely, the proposed
DM-PINN-FP model, by embedding mechanical constraints from VECD
theory into the loss function, generates predictions that not only align
closely with the experimental trajectories but also maintain exceptional
reliability even toward the end of the curves. Moreover, because DM-
PINN-FP and ANN were trained and tested using identical datasets,
their comparison provides a controlled assessment of the contribution of
the embedded physical constraints. The results demonstrate that the
proposed framework effectively suppresses recursive prediction errors
and preserves physically consistent stiffness degradation. This
improvement arises from the combined effects of the dual-mode archi-
tecture, the monotonicity and cracking mode-consistency constraints,
and the recurrent physical-boundary pathway.

4.3. Application of DM-PINN-FP

To further investigate how mesoscopic cracking modes influence the
macroscopic fatigue response of asphalt mixtures, scenario analyses
were performed using the trained DM-PINN-FP model. Aggregate type,
temperature, and the corresponding f values were varied as model in-
puts to examine the response patterns learned by the model. It should be
noted that the results presented in this section are model-based scenario
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Fig. 7. Comparison between the predicted and the experimental C-S curves.

predictions intended to illustrate sensitivity trends, rather than inde-
pendent experimental validation. For each test case, the first 15 points of
a single C-S curve were used as initial known data. The differences in
aggregate types and temperatures were reflected by varying the input
values of # and temperature, thereby obtaining different evolution
trends in the model-predicted curves. Since aggregate surface roughness
is generally not considered in standard asphalt mixture design, the
roughness was uniformly set to a constant value of R = 0.0194 mm in
this section. The specific combinations of different conditions are sum-
marized in Table 10.

As indicated in Table 10, under identical temperature and film
thickness conditions, different aggregate types exhibit significant vari-
ations in their adhesion failure proportions $ due to distinct surface
physicochemical properties and interfacial bonding strengths. Specif-
ically, the granite system shows a lower f, suggesting a greater tendency
toward cohesive failure. In contrast, the g values for basalt and lime-
stone systems are relatively close, indicating limited differences in their
propensity for interfacial adhesive failure. The model-predicted C-S
curves in Fig. 8 (a) demonstrate subtle distinctions in the stiffness
degradation processes across different aggregate types. This illustrates
that the DM-PINN-FP model can effectively identify variations in
microscopic cracking mechanisms among different mineral systems and
map them to macroscopic damage evolution behaviours. This result also
validates the rationality of embedding the cracking sensitivity index into
the dual-branch network architecture. To more intuitively reflect the
influence of aggregate type on fatigue damage evolution, the predicted
C-S curve for the limestone case (5°C, = 0.48) was selected as the
baseline to construct the pseudo-stiffness offset, AC, for other conditions,
as shown in Fig. 8 (b). It can be observed from Fig. 8 (b) that the AC
values induced by different aggregate types are generally small. This
suggests that while mineral properties influence interfacial damage
evolution via changes in the § value under consistent temperature and
film thickness, their impact on the overall macroscopic C-S curve
morphology is relatively limited, manifesting primarily as minor dis-
crepancies during local degradation stages.

As the temperature rises from 5°C to 20°C, the f# value increases
significantly from 0.48 to 0.85. This trend indicates that elevated

Table 10
Considered variables for the application of DM-PINN-FP.
Temperature/°C Aggregate type p/-
5 Limestone 0.48
Granite 0.40
Basalt 0.49
5 Limestone 0.48
10 0.58
15 0.70
20 0.85
25 0

10

temperatures lead to the softening of the asphalt mastic and the weak-
ening of interfacial bonding strength, making the material more sus-
ceptible to adhesion-dominated failure. When the temperature reaches
25°C, a fundamental shift in the dominant failure mode occurs. The C-S
curves in Fig. 9 (a) reveal that at low-to-intermediate temperatures, the
two cracking modes exhibit intense competition, resulting in a relatively
gradual stiffness degradation. In contrast, at high temperatures, the
accelerated attenuation of mastic strength leads to a marked reduction
in the fatigue resistance of the asphalt mixture. As shown in Fig. 9 (b),
the AC values induced by temperature variations increase significantly
and exhibit an expanding trend as the damage variable S grows. This
suggests that temperature not only modifies the cracking propensity
index g but also substantially alters the global stiffness decay path by
affecting the viscoelasticity of the asphalt mastic and the interfacial
bonding state. Notably, at 25°C, the C-S curve shows the most pro-
nounced offset, indicating that as the dominant failure mode gradually
shifts toward cohesive failure, the material’s fatigue resistance declines
sharply. From the model prediction results, the influence of temperature
on S and the fatigue evolution path is more direct and significant than
other factors. Therefore, in practical engineering, priority should be
given to the impact of service temperature on the fatigue performance of
asphalt pavements.

Fig. 10 illustrates the evolution of fatigue life log(Np) as a function of
the Cracking Preference Index $ under various operating conditions. the
fatigue life is calculated based on VECD theory using the complete C-S
curves predicted by the DM-PINN-FP model. In the calculation process, a
50% loss in pseudo-stiffness is defined as the fatigue failure threshold.
Regarding the fundamental trend, all predicted curves exhibit a distinct
single-peak characteristic regardless of changes in strain levels or
loading frequencies; specifically, the fatigue life first increases and then
decreases as f rises. At the critical point where f is approximately 0.48,
the fatigue life reaches its peak across all conditions, suggesting that the
synergistic evolution of cohesive and adhesive damage reaches a me-
chanical equilibrium, allowing the material to demonstrate optimal fa-
tigue resistance. However, once f crosses this threshold and enters the
Adhesion-dominated region, log(Ny) begins to decrease monotonically,
which suggests that the intensification of interfacial adhesive failure
directly undermines the macroscopic durability of the mixture.

Strain level exerts an extremely significant negative correlation on
fatigue life. Observing the distribution of curves across different strain
gradients in the figure, it is evident that as the strain level gradually
increases from 5% to 20%, the log(Ny) curves undergo a drastic overall
downward shift on the vertical axis, reflecting that high-strain loading
significantly accelerates micro-crack propagation and damage accu-
mulation. Notably, although changes in strain amplitude greatly
compress the life span, they do not alter the fundamental morphology of
the log(Ny) evolution or the position of the peak. This consistency in-
dicates that the transition of mesoscopic damage modes characterized
by the Cracking Preference Index f is highly robust, representing an
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intrinsic mechanical property of the material that remains unaffected by
changes in external macroscopic load intensity.

The influence of loading frequency further reveals the viscoelastic
characteristics of the asphalt mixture. Under the same § conditions,
increasing the loading frequency (e.g., from 5Hz to 20Hz) generally
causes the log(Ny) curves to lift, demonstrating the characteristic that
higher frequencies lead to longer fatigue lives. This is because, under
higher-frequency cyclic loading, the load duration on the material is
shortened, and the asphalt mastic exhibits a higher dynamic modulus
and stronger elastic recovery capability, thereby slowing down the rate
of damage evolution. Like the impact of strain levels, fluctuations in
loading frequency fail to shift the failure mode transition point at g
=0.48. This further validates the accuracy of the DM-PINN-FP model in
capturing microscopic cracking mechanisms and their macroscopic
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performance mapping under different dynamic loading conditions.

It should be emphasized that DM-PINN-FP is not inherently restricted
to four-point bending fatigue tests. In principle, the framework can be
extended to other fatigue test configurations, provided that a VECD-
compatible C-S curve can be obtained and an initial degradation
sequence is available as model input. Nevertheless, successful applica-
tion to new material systems or environmental conditions requires
recalibration of $ to ensure that the relative contributions of adhesive
and cohesive damage are appropriately represented.

5. Conclusions and recommendations

This study addresses the challenges of mesoscopic failure modes and
macroscopic fatigue life prediction in asphalt mixtures by proposing a
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mechanics-data dual-driven model, DM-PINN-FP, which incorporates a
cracking propensity index. This framework achieves a unified repre-
sentation from mesoscopic damage modes to macroscopic fatigue per-
formance. The primary conclusions are as follows:

(1). Based on pull-off tests, an interfacial adhesion cracking pro-
pensity parameter and a fatigue cracking sensitivity index were
developed. This approach enables the quantitative characterization
of interfacial failure modes and demonstrates robust applicability
across limestone, granite, and basalt systems.

(2). A dual-mode physical model describing the synergistic evolution
of cohesive and adhesive damage was derived and embedded into a
neural network architecture. The resulting DM-PINN-FP model bal-
ances physical interpretability with data-fitting capabilities,
achieving high-precision predictions of C-S curves using only initial
fatigue test data. It is expected to reduce the number of full-duration
fatigue tests required for preliminary mixture screening and
comparative parametric studies.

(3). The analysis demonstrates that aggregate type, temperature, and
asphalt film thickness significantly affect f and, consequently, the
relative dominance of adhesive and cohesive cracking. By incorpo-
rating f# into the dual-mode framework, the model captures the
transition between the two cracking mechanisms under different
conditions and establishes a clear relationship between cracking
preference and fatigue life. The explicit separation of adhesive and
cohesive damage further provides mechanism-based guidance for
targeted mixture design and performance optimization.

Despite the promising predictive performance of the proposed
model, there remains room for further expansion. Future research could
incorporate modified asphalt, recycled mixtures, and various gradations
to verify the model’s generalization capability in complex systems.
Furthermore, integrating advanced mesoscopic characterization tech-
niques, such as CT scanning and Digital Image Correlation (DIC), could
further refine the physical definition of # and the underlying damage
mechanisms.
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