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ABSTRACT: Accurate prediction of asphalt pavement distress is essential for proactive maintenance and life-cycle
infrastructure management. However, existing data-driven methods often struggle to jointly represent multi-source
inspection data, distress evolution mechanisms, and spatial propagation relationships among pavement sections. To
address these limitations, this study proposes a Dual-Layer Progressive Physics-Constrained Graph Neural Network
(DLPC-GNN) for asphalt pavement distress prediction and maintenance strategy classification. The proposed model
represents pavement deterioration using a dual-layer graph structure. At the microscopic level, cracks, surface deterio-
ration, and structural moisture-induced damage are modeled as physically associated distress nodes. At the macroscopic
level, pavement-section supernodes are connected according to spatial distance, traffic-flow correlation, and structural
continuity. To improve physical consistency and interpretability, seepage, fatigue crack growth, hydrodynamic pressure,
and bounded deflection evolution mechanisms are incorporated into physics-informed edge initialization and auxiliary
physical constraints. The model is validated using multi-source inspection data from the Huizhou section of the
Huizhou-Shenzhen Expressway. Experimental results show that DLPC-GNN outperforms conventional machine
learning models, deep learning models, and purely data-driven graph neural networks in both continuous distress-
state prediction and maintenance strategy classification. For the continuous distress-state regression task, DLPC-GNN
achieves an MAE of 2.78 and an RMSE of 4.62. For the maintenance strategy classification task, it achieves a Recall
of 88.8%. Compared with the purely data-driven GNN, DLPC-GNN reduces MAE and RMSE by 15.1% and 21.4%,
respectively, and improves Recall by 12.2%. Ablation and robustness analyses further demonstrate that the dual-layer
graph structure, physics-informed edge initialization, and physical constraints improve prediction stability under small-
sample, noisy, and feature-missing conditions. These results indicate that DLPC-GNN provides a physics-guided and
partially interpretable graph-learning framework for maintenance-oriented asphalt pavement distress assessment.
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1 Introduction

Asphalt pavement is one of the most widely used pavement structures in highway and urban road
systems, and its service performance is directly related to traffic safety, transportation efficiency, and the
life-cycle economy of infrastructure. In recent years, with the continuous increase in traffic loading, the
more frequent occurrence of extreme rainfall events, and the prolonged service life of pavement structures,
asphalt pavements have become increasingly susceptible to the coupled effects of vehicular loading, envi-
ronmental temperature-humidity cycles, rainfall infiltration, and material aging. These factors gradually
induce multiple types of pavement distresses, including cracking, rutting, potholes, raveling, settlement,
and structural moisture-induced damage [1]. If early-stage distresses cannot be accurately identified and
proactively maintained, local surface damage may progressively propagate into the structural layers, further
triggering base-course voiding, interlayer bonding failure, and degradation of overall bearing capacity,
ultimately resulting in substantially increased maintenance costs and shortened pavement service life.
Therefore, accurately characterizing the spatiotemporal evolution of pavement distresses from multi-source
inspection data and developing an engineering-interpretable maintenance decision-making model have
become critical issues in intelligent operation and maintenance of road infrastructure.

Traditional pavement distress detection and maintenance decision-making methods mainly rely on
manual inspection, empirical judgment, and index-threshold-based evaluation. Manual visual inspection
and field surveys can directly capture surface distress information; however, they are inefficient, labor-
intensive, and highly dependent on inspectors’ experience and subjective judgment, making them difficult
to satisfy the requirements of rapid large-scale road-network inspection and refined maintenance manage-
ment [2,3]. Evaluation methods based on pavement condition indices, roughness, deflection, skid resistance,
and other indicators have been widely used in engineering practice. Nevertheless, such methods usually rely
on a single indicator or a limited number of indicators for decision-making and mainly reflect the current
pavement condition, while failing to reveal the interaction mechanisms among different distress types and
their future evolution trends. In particular, with the increasing availability of multi-source inspection data,
conventional threshold-based and expert-experience-based methods cannot fully exploit heterogeneous
information such as images, deflection measurements, ground-penetrating radar data, traffic loading, rainfall
environment, and material parameters. As a result, maintenance decision-making still suffers from delayed
response, local optimization, and insufficient interpretability [4].

With the development of automated inspection equipment and computer vision techniques, image-
processing- and deep-learning-based pavement distress recognition methods have made significant progress.
Traditional image processing methods can identify surface distresses such as cracks and potholes through
edge detection, texture analysis, and morphological filtering. Furthermore, convolutional neural networks
and their improved variants can automatically extract high-dimensional image features and have achieved
high accuracy in crack detection, pothole recognition, and distress classification tasks [5,6]. In recent
years, three-dimensional reconstruction, RGB-D cameras, infrared thermography, binocular vision, and
semi-supervised segmentation techniques have also been introduced into pavement distress recognition,
enabling models to extend from two-dimensional texture features to three-dimensional geometric morphol-
ogy, thermal anomalies, and distress identification under weakly annotated scenarios [7-10]. In addition,
binocular-vision-based pothole detection systems and large-scale pavement image databases have further
promoted the development of pavement distress recognition from single-image classification toward three-
dimensional measurement, automatic annotation, and deterioration trend prediction [11,12].

However, most existing vision-driven methods focus on the static recognition of apparent pavement
distresses. Their core objective is usually to “detect” and “classify” distress rather than to explain why distress
occurs, how it propagates, and where it will evolve. For asphalt pavements, there are significant physical
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coupling relationships among crack propagation, moisture infiltration, base weakening, hydrodynamic
scouring, and surface deterioration. For example, once cracks damage the waterproof continuity of the
surface layer, preferential seepage channels may form, allowing rainfall to more easily enter the pavement
structure. Under traffic loading, infiltrated water may further generate hydrodynamic pressure and scouring
effects, inducing base loosening, pumping, and local voiding. The reduction in structural bearing capacity
then further accelerates surface deterioration and crack propagation. If prediction relies only on images or
statistical correlations, the model may easily overlook the hydro-mechanical coupling mechanism underlying
distress propagation, thereby compromising the reliability of long-term prediction and the proactiveness of
maintenance decision-making.

In recent years, machine learning and deep learning methods have been widely applied to pavement
performance prediction and maintenance decision optimization. Support vector machines, random forests,
gradient boosting trees, recurrent neural networks, and deep learning models can learn nonlinear map-
ping relationships from historical inspection data and have been used to predict pavement roughness,
deflection, cracking ratio, pavement condition index, or maintenance strategy categories [13-15]. Compared
with traditional empirical models, data-driven approaches have clear advantages in extracting complex
nonlinear features and can, to some extent, improve long-term pavement performance prediction and
maintenance resource allocation efficiency [16,17]. Furthermore, reinforcement learning, random forests,
XGBoost, image-segmentation-assisted multi-criteria decision-making, and multi-objective optimization
methods have been applied to maintenance planning, crack-cause identification, and sustainable main-
tenance decision-making, providing new technical pathways for the transition from experience-driven
maintenance to intelligent decision-making [18-21].

Nevertheless, these models usually treat pavement distress samples as independent data points, making
it difficult to represent the spatial continuity among pavement sections and the structural associations among
distress types. In addition, the parameter learning of purely data-driven models mainly depends on the
distribution of training samples. When the number of samples is limited, inspection noise is high, or the
external environment changes significantly, their generalization capability may deteriorate. Moreover, deep
learning models generally suffer from the “black-box” problem, and their prediction results are difficult
to associate with explicit mechanical mechanisms, material boundaries, and distress evolution laws. This
limitation restricts their application in high-reliability engineering maintenance decision-making.

Graph neural networks provide a new modeling paradigm for describing spatial correlations and
topological propagation in pavement distresses. Unlike convolutional neural networks, which mainly process
regular grid data, graph neural networks perform message passing and neighborhood aggregation on non-
Euclidean graph structures. They are therefore suitable for representing traffic correlations among pavement
sections, structural continuity, and complex dependencies among distress nodes. In transportation engineer-
ing, graph neural networks have been widely used for traffic flow prediction, road-network state estimation,
travel demand prediction, and traffic incident detection, demonstrating stronger spatial modeling capability
than conventional sequence models [22,23]. For pavement distress maintenance, graph neural networks
offer the potential to treat cracks, moisture-induced damage, and surface deterioration as microscopic nodes
and adjacent pavement sections as macroscopic topological nodes, thereby simultaneously characterizing
local distress coupling relationships and regional deterioration propagation patterns. Existing studies have
begun to explore the application of digital twins and graph neural networks in pavement health monitoring
and maintenance optimization, providing new graph-based modeling frameworks for pavement structural
condition perception and maintenance strategy optimization [24]. However, most existing studies construct
graph structures using distance thresholds, statistical correlations, or empirical adjacency matrices. The
resulting edge weights lack explicit physical meaning and cannot sufficiently reflect engineering mechanisms
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such as crack-induced infiltration, hydrodynamic scouring, and fatigue crack growth. Therefore, construct-
ing graph structures with physical interpretability remains one of the core challenges in applying graph neural
networks to pavement distress prediction and maintenance decision-making.

Physics-informed neural networks provide an effective approach for addressing the insufficient physical
consistency of deep learning models. Such methods embed governing equations, boundary conditions,
initial conditions, or material constitutive relationships into loss functions, enabling neural networks to
satisfy fundamental physical laws while fitting data. In recent years, physics-informed neural networks have
been applied in fluid mechanics, solid mechanics, structural dynamics, material parameter inversion, and
structural health monitoring, showing potential for reducing data requirements, improving generalization
capability, and enhancing interpretability [25,26]. Furthermore, physics-informed graph neural networks
and graph neural networks incorporating physical loss functions have been used for predicting mechanical
responses of complex structures and materials. These studies indicate that combining graph-structure repre-
sentation with physical constraints can improve the ability of models to characterize the mechanical behavior
of irregular structural systems [27,28]. Relevant reviews have also pointed out that physics-informed
neural networks are gradually expanding from conventional continuous-field solutions to broader scenarios,
including structural engineering, material modeling, and complex engineering system prediction [29,30].
For asphalt pavement distress evolution, existing studies have started to introduce physics-informed deep
learning into pavement crack prediction, indicating that embedding crack evolution mechanisms into neural
networks can improve the physical consistency of pavement performance prediction [4]. However, tradi-
tional physics-informed neural networks are mostly used for solving continuous physical fields in regular
domains, whereas pavement distress data are often multi-source, heterogeneous, discrete, and characterized
by complex topological relationships. How to organically integrate physical equation constraints with the
message-passing mechanism of graph neural networks still lacks systematic investigation.

Based on the above analysis, this study argues that a pavement distress maintenance decision-making
model should not only be capable of extracting nonlinear features from multi-source inspection data,
but should also simultaneously represent the physical evolution relationships among distresses, the spatial
topological dependencies among pavement sections, and the mechanical rationality of prediction results.
To this end, this paper proposes a Dual-Layer Progressive Physics-Constrained Graph Neural Network for
asphalt pavement distress-state prediction and maintenance decision classification. The proposed model
employs graph structures as a unified representation framework. At the microscopic level, a distress-
oriented physical association graph composed of cracks, structural moisture-induced damage, and surface
deterioration is constructed to describe local hydro-mechanical coupling mechanisms, including rainfall
infiltration, hydrodynamic scouring, and fatigue crack propagation. Existing studies have shown that
moisture-induced damage in asphalt mixtures involves complex processes such as moisture migration, pore-
structure evolution, hydrodynamic pressure impact, and mesoscopic damage accumulation [31-34]. Under
the combined action of traffic loading and moisture, dynamic stress and excess pore-water pressure responses
may also occur inside pavement structures, further aggravating material damage and structural performance
deterioration [35].

At the macroscopic level, this study constructs a road-network topology graph that integrates spatial
distance, traffic-flow correlation, and structural continuity to characterize regional distress propagation
among adjacent pavement sections. Furthermore, the Richards equation for unsaturated seepage, the Paris
law for fatigue crack growth, a hydrodynamic pressure model, and a bounded deflection evolution model
are introduced for physics-informed edge initialization. Based on theoretical foundations such as fatigue
life prediction of asphalt mixtures and viscoelastic continuum damage models, a multi-source physics-
constrained loss function is further developed by incorporating mechanical response constraints, material
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boundary constraints, and evolutionary logic constraints, thereby improving the prediction accuracy,
physical consistency, and engineering interpretability of the model [36,37].

The primary objective of this study is to develop and validate an engineering-interpretable graph-
learning framework for asphalt pavement distress-state prediction and maintenance decision-making by
integrating multi-source inspection data, distress evolution mechanisms, road-network spatial topology, and
physics-based constraints. Specifically, this study aims to: (i) formulate pavement distress evolution as a dual-
layer graph-sequence prediction problem involving both microscopic distress interactions and macroscopic
inter-section propagation; (ii) embed hydro-mechanical and fracture-mechanics-based physical priors into
graph edge initialization and model training; and (iii) evaluate whether the proposed framework can improve
prediction accuracy, physical consistency, robustness, and maintenance decision reliability under practical
inspection conditions. The overall research framework and technical route of the proposed DLPC-GNN are
illustrated in Fig. 1.
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Figure 1: The Dual-layer progressive physics-constrained graph neural network for asphalt pavement distress-state
prediction and maintenance strategy classification.

To clarify how the above objective is achieved, the main contributions of this study are summarized as
follows:

(1) A Dual-Layer progressive graph-structure modeling framework is proposed for asphalt pavement
distress maintenance decision-making. The framework characterizes the physical coupling relation-
ships among cracks, structural moisture-induced damage, and surface deterioration at the microscopic
level, while representing the topological dependencies among pavement sections jointly determined by
spatial distance, traffic flow, and structural continuity at the macroscopic level. This enables multi-scale
modeling of pavement distress evolution from local deterioration to regional propagation.

(2) A physics-based edge-weight initialization method is proposed. Unlike conventional graph neural
networks that construct adjacency matrices based on distance or statistical correlations, this study
calculates distress association intensities using physical models related to unsaturated seepage, fatigue
crack growth, hydrodynamic pressure, and structural bearing-capacity degradation. As a result, the
edge weights in the graph structure have explicit engineering significance.
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(3) A multi-source physics-constrained joint loss function is constructed. By introducing mechanical
response constraints, material boundary constraints, and evolutionary logic constraints, the network
training process not only pursues data-fitting accuracy but also satisfies mechanical boundaries,
material parameter ranges, and distress propagation laws during pavement structural deterioration.
This enhances the interpretability and generalization capability of the model.

(4) A progressive training strategy is designed to improve the optimization stability of the physics-
constrained graph neural network. Through a training process consisting of data warm-up,
physical-rule introduction, and full-parameter fine-tuning, the increased non-convexity of the loss
landscape caused by multi-source physical constraints can be alleviated, thereby improving model
convergence stability.

(5) Multi-source inspection data from the Huizhou section of the Huizhou-Shenzhen Expressway are
used for validation. Through baseline model comparison, physical consistency analysis, ablation
experiments, and robustness tests under non-ideal data conditions, the comprehensive performance
of DLPC-GNN is systematically evaluated in terms of distress-state prediction, maintenance decision
classification, physical mechanism representation, and engineering applicability.

The remainder of this paper is organized as follows. Section 2 introduces the graph-structure represen-
tation of pavement structural distresses and the related physical models. Section 3 presents the architecture
of DLPC-GNN, the multi-source physics-constrained loss function, and the progressive training strat-
egy. Section 4 describes the engineering dataset, model training settings, and evaluation metrics. Section 5
reports and discusses the experimental results, including prediction accuracy comparison, physical consis-
tency validation, ablation experiments, and robustness analysis. Section 6 is the discussion of the analysis
results and the model. Section 7 concludes the paper and outlines future research directions.

2 Graph-Based Representation of Pavement Structural Distresses
2.1 Time-Series Definition of the Structural Deterioration Problem

During service, asphalt pavement structures are subjected to the long-term coupled effects of traffic-
induced dynamic loading and environmental hydrothermal actions. Consequently, their mechanical
performance exhibits significant time-dependent deterioration characteristics. Conventional static eval-
uation methods are insufficient for capturing the dynamic propagation process of pavement distresses.
Therefore, this study formulates pavement distress evolution as a graph-sequence prediction problem at
discrete time steps. Given a time-series graph dataset containing multi-source inspection data, denoted as
D ={Gy,G,,...,Gr}, where G, represents the spatial state of the pavement structure at time ¢, including
local distress features and global mechanical parameters, the core objective of this study is to construct an
end-to-end nonlinear mapping function fy. This function is designed to predict the physical topological
state G4, of the pavement structure at time ¢ + At, together with the corresponding optimal maintenance

strategy Ymaintenance:

fG:Gt g ()A/maintenance: GAt+At) (1)

2.2 Dual-Layer Progressive Spatial Topology-Aware Graph Structure

Pavement structural failure is not an isolated event but a multi-scale evolution process that spans from
microscopic material damage to macroscopic structural degradation. To accurately perceive such spatial
topological relationships, this study develops a Dual-Layer progressive graph structure.
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2.2.1 Microscopic Layer: Distress-Oriented Physical Association Graph Based on Hydro-Mechanical Coupling

At the microscopic level, cracking, moisture-induced damage, and surface deterioration exhibit strong
nonlinear physical feedback mechanisms. Purely data-driven random graph construction methods may dis-
connect these inherent physical relationships. The nonlinear physical feedback mechanism among cracking,
structural moisture-induced damage, and surface deterioration is illustrated in Fig. 2.
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Figure 2: Nonlinear physical feedback mechanism among cracks, water damage and surface damage.

Therefore, this study defines three typical types of distresses as graph nodes and determines their node
features and directed edge weights based on principles of soil mechanics and fracture mechanics. Specifically,
the typical distress nodes are divided into three categories: type-A nodes, namely cracking-related nodes,
focus on material aging and fracture characteristics x4; type-B nodes, namely surface deterioration nodes,
focus on surface friction and geometric morphology x; and type-C nodes, namely structural moisture-
induced damage nodes, focus on structural bearing capacity and water infiltration characteristics x¢. Based
on these typical distress categories, three types of directed edges are constructed.

Evolution edge A — C: crack-induced moisture damage. Surface cracks disrupt the waterproof
continuity of the pavement surface layer and provide preferential seepage channels for rainfall infiltration.
Considering the gravity-driven infiltration mechanism of water through cracks, the edge weight should be
positively correlated with the crack opening area and the seepage driving force, namely the hydraulic head
gradient. Therefore, the corresponding edge weight is defined as:

Ah
WA-C =0 (errm “Acrack - _) (2)
Lpath

where o (+) denotes the sigmoid activation function, which normalizes the physical quantity into the network
weight space; Acrack is the crack area; Ah is the hydraulic head difference; and Ly, is the seepage path length.



8 Comput Model Eng Sci. 2026;148(2):15

In the practical implementation, the scalar parameters in Eq. (2) are extracted from the discretized
monitoring section rather than directly solved from a continuous seepage field. For the i-th pavement
section at time step ¢, the permeability-related parameter Kli’etrm is defined as the equivalent unsaturated
hydraulic conductivity along the dominant infiltration path from the pavement surface to the moisture-
sensitive structural layer. Since the seepage path usually passes through multiple pavement layers with
different hydraulic properties, a thickness-weighted harmonic average is adopted:

n i !
. 1 ! H
K= 7> = (3)
perm i it
Ly (07°) +e

ath 1=1 Ki

where Hj is the thickness of the I-th layer in the i-th pavement section, K; (9;”) is the unsaturated
hydraulic conductivity of this layer under the moisture state 6, n; is the number of layers crossed by
the infiltration path, and ¢ is a small numerical constant used to avoid division by zero. The saturated
hydraulic conductivity of each layer is obtained from constant-head or falling-head permeability tests, while
the moisture state is updated using time-domain reflectometry measurements. Therefore, K;’etrm represents a
section-level equivalent scalar extracted from the layer-wise hydrological field, making it suitable for graph
edge initialization.

The crack opening area Ai’rack is quantified from automated pavement detection images. The pavement
image of each monitoring section is first mapped to real-world coordinates according to the camera
calibration parameters and laser profiler resolution. Crack pixels are then extracted from the binary crack
mask, and the crack area is calculated as

Ai’rtack = Z(; Mci;*;ck(p)AXAy (4)
Peldi

where M” | (p) is the crack mask value of pixel p, Q; denotes the image region corresponding to the
i-th pavement section, and Ax and Ay are the physical pixel resolutions in the longitudinal and transverse
directions, respectively. When line-laser depth information is available, the extracted crack area is further
checked using the measured crack width and crack length to reduce the influence of surface stains

and shadows.

The hydraulic head difference Ah™' is determined by the rainfall boundary condition and the internal
moisture state of the pavement structure. The rainfall intensity R, is first converted into rainfall flux g:.
Considering that only the effective infiltrating rainfall contributes to crack-induced seepage, the effective
infiltration flux is expressed as qi’ftf = &R, where &; is a runoff-infiltration coefficient related to surface
texture, drainage condition, and crack connectivity. The equivalent surface water head is then estimated by

it
qeff i

hi,t — i L (5)
s K[Z,’etrm e path

and the hydraulic head difference is calculated as
AR"! =max(h§’t—h2’t,0) (6)

where k' denotes the equivalent internal water head derived from groundwater-level and subgrade-
moisture measurements. The max operator is used to ensure that the edge intensity is activated only when
the surface rainfall boundary provides a positive downward infiltration driving force.
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The seepage path length L; ath 18 determined according to the pavement structural configuration and
the target moisture-sensitive layer. For dry sections, it is calculated as the cumulative thickness from the
pavement surface to the top of the semi-rigid base layer. For medium-moisture sections with an additional
cushion layer, the path length is extended to the layer where moisture accumulation or voiding is detected
by three-dimensional ground-penetrating radar (3D-GPR). Thus,

;)ath = ZH; (7)
I=1

Finally, K’/ Abt

perm? ““crack’
stituted into Eq. (2). This procedure converts the distributed seepage-related information into a reproducible

Ah"!, and L;ath are normalized using the training-set statistics before being sub-

scalar edge weight for the crack-induced moisture-damage edge.

Deterioration edge C — B: moisture-induced weakening of structural bearing capacity. After water
infiltrates into the base layer, pumping and voiding may occur under repeated traffic loading, leading to the
loss of support beneath the surface layer. According to elastic layered system theory, voiding sharply increases
the tensile stress at the bottom of the structural layer, thereby inducing more severe surface deterioration. To
quantify this mechanically driven deterioration process, the ratio of actual tensile stress to allowable tensile
stress and the void-area proportion are used to characterize the edge weight:

(8)

Otensile . Avoid)

WCc—B = O'(
Oallow Atotal

where 0iensile denotes the tensile stress at the bottom of the structural layer; 0,1, denotes the allowable
tensile stress of the material; and Ayoiq and Aqora) represent the void area and total area, respectively.

Feedback edge B — A: surface deterioration accelerating crack propagation. The degradation of
surface texture depth, such as rutting and pothole formation, changes the tire—-pavement contact stress
distribution and induces local stress concentration, thereby reversely accelerating the fatigue propagation of
existing cracks. The intensity of this feedback mechanism is determined by the relative loss ratio of texture
depth:

T Dioss ) 9)

WBLA =0
A (TD0

where T Dy denotes the loss of texture depth, and TDj is the texture depth in the initial state.

2.2.2 Macroscopic Layer: Road-Network Spatial Topology Graph Incorporating Structural Continuity

At the macroscopic level, adjacent pavement sections exhibit high continuity in terms of traffic flow
distribution and underlying geological structure. In this study, the microscopic distress graph is pooled
into macroscopic pavement-section supernodes Hr(gz 4- The spatial dependency weight between pavement
sections is then calculated by integrating multiple factors:

tial —d;;/L
f?a ' = softmax jen (s (oce i/Lo +BTi; + ySij) (10)
For each source section i, the softmax operation in Eq. (10) is evaluated over all candidate neighbors
jeN(i). This formulation incorporates the physical distance decay term e %i/%0, the traffic-flow correla-
tion intensity Tj;, and the structural continuity indicator S;;, ensuring that the network can capture the
propagation tendency of pavement distresses along traffic-flow directions and weak geological zones.
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2.2.3 Explicit Graph Construction Protocol

To make the graph construction process reproducible, the node definition, microscopic-to-macroscopic
mapping, edge thresholding, and edge-weight normalization procedures are clarified in this subsection.

For each observation time step (t), one dual-layer graph snapshot (G, = (G/"'"°, G/"%"°)) is con-
structed. The investigated expressway section has a total length of 32.191 km. In the implemented dataset, each
macroscopic pavement-section supernode corresponds to a physical monitoring section of approximately
500 m in length, covering all lanes in one traffic direction. Considering the two travel directions, each graph
snapshot contains (N = 130) macroscopic pavement-section supernodes. Within each macroscopic supern-
ode, three microscopic distress nodes are defined, namely a cracking-related node, a surface-deterioration
node, and a structural moisture-induced damage node. Therefore, each graph snapshot contains (3N, = 390)
microscopic distress nodes and (N; = 130) macroscopic supernodes.

The microscopic-to-macroscopic mapping is performed at the pavement-section level. For the (i)-th
pavement section, the three microscopic distress nodes (vf‘, ve, v,C) are aggregated into the corresponding
macroscopic supernode through the attention pooling operation described in Eq. (22). This design allows
the macroscopic supernode to represent the section-level deterioration state learned from the local coupling
among cracking, surface deterioration, and structural moisture-induced damage, rather than being a simple

geometric aggregation unit.

For the microscopic graph, three directed physical candidate edges are constructed within each
pavement section: (vf‘ - v,-c), (v,c - v?), and (le - V,A). These edges represent crack-induced rainfall
infiltration, moisture-induced structural weakening, and surface-deterioration-induced crack propagation,
respectively. The corresponding initial edge weights are calculated using Eqs. (2)-(9). To reduce the influence
of measurement noise, a microscopic edge is retained only when its normalized physical association intensity

is greater than (&,,cro = 0.05). Self-loops are added to all microscopic nodes during message passing.

For the macroscopic graph, candidate edges between pavement-section supernodes are determined by
spatial proximity, traffic-flow correlation, and structural continuity. A directed macroscopic edge (s; — s;) is
constructed when at least one of the following conditions is satisfied: the center-to-center distance satisfies
(dij £1000) m, the Pearson correlation coefficient of traffic flow satisfies (p;; > 0.60), or the two sections have
the same pavement structure and moisture-condition category. The integrated macroscopic edge weight is
calculated according to Eq. (10), where the weights of spatial distance, traffic-flow correlation, and structural
continuity are set to 0.4, 0.4, and 0.2, respectively. The final macroscopic edge is retained only when the
normalized integrated edge weight is greater than (emacro = 0.05).

All node features, physical boundary variables, and raw edge weights are normalized using min-max
statistics calculated from the training set. The physical association intensities are further mapped into the
interval (0, 1) using a sigmoid function. Before graph message passing, the weighted adjacency matrix
is normalized using the symmetric normalization strategy in Eq. (21). This procedure prevents nodes or
sections with large physical weights from dominating the aggregation process and improves the numerical
stability of DLPC-GNN training.

2.3 Physics-Based Models for Pavement Distress Evolution Embedded with Mechanical Mechanisms

To overcome the limited generalization capability of deep-learning-based “black-box” models in
engineering applications, this study selects and constructs four physical models used to construct physics-
informed information edges in the graph structure. These models determine the semantic type, direction,
initial weight, and physical attributes of the edges used in GNN message passing.
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2.3.1 Unsaturated Seepage Model

The moisture state inside pavement structures is mostly within the unsaturated range. Compared with
Darcy’s law, the Richards equation can more accurately describe the unsaturated infiltration process of
rainfall along microcracks and the capillary rise phenomenon. This equation provides the hydrodynamic
basis for hydro-mechanical coupling:

00 0 oy
o= ke (3£ +1)] 1
ot 0z [ ®) 0z a
where 6 denotes the volumetric water content, K(6) is the unsaturated hydraulic conductivity, and y
represents the matric suction characterizing pore suction in the material. The upper boundary of the model
is controlled by the rainfall flux g.in(#), while the lower boundary is determined by the groundwater
table position.

2.3.2 Hydrodynamic Pressure Model

When tires roll over water-rich pavement at high speed, pore water cannot be discharged instanta-
neously. The intense variation in vertical stress, do,(z, t)/0t, may be converted into extremely high transient
pore hydrodynamic pressure. This high-frequency scouring action is a direct cause of asphalt stripping
and base-course loosening. In this study, the following model is adopted to quantify the hydro-mechanical
damage force:

00
phydro(z,t) = % * tdrain (12)

where t4.,in denotes the effective drainage time of the structural layer, which is closely related to the material
porosity n and hydraulic conductivity Kpyq.

2.3.3 Fatigue Crack Propagation Model

For crack evolution within asphalt layers, purely empirical statistical models often exhibit limited
transferability across loading and environmental conditions. Therefore, this study introduces the classical
Paris law from linear elastic fracture mechanics to describe the fatigue damage accumulation process under
an alternating stress field:

da

— =A-(AK)" 13
an ~ 4 (8K) 13)
where AK captures the amplitude of the stress intensity factor at the crack tip and reflects the coupled effect
of external loading and crack geometry.

For implementation and subsequent coupling with damage and temperature—aging corrections, Eq. (13)
is written in the following parameterized form:
da m
— =Cp (AK 14
an - 0 (4K) 19)
where a is the crack length, N is the number of load cycles, Cy and m are material-related fatigue parameters,
and AK denotes the amplitude of the stress intensity factor at the crack tip.
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Considering that asphalt pavement cracking is affected not only by cyclic loading but also by accumu-
lated structural damage, pavement temperature, and asphalt aging, the classical Paris law is further modified
by introducing a damage correction factor and a temperature-aging coupling correction term:

da
(—) = Co (AK)" - ®p(Dy) - Dra (T, Ar) (15)
dN corr

where ®p(Dy) represents the damage correction factor and @14 (T}, A;) represents the temperature-aging
coupling correction term. The damage correction factor is defined as:

®p(Dy) =1+ ypDy (16)

where D; € [0,1] denotes the normalized structural damage index at time step ¢, and #p is a non-negative
calibration coefficient. In this study, D, is obtained from the normalized combination of crack area ratio,
void-area ratio, and deflection deterioration ratio, which respectively reflect visible crack development,
internal structural looseness, and bearing-capacity degradation.

The temperature-aging coupling correction term is expressed as:

Opa (T, Ay) = exp(nr T+ aAc + nraTiAY) 17)

where T is the normalized pavement temperature deviation from the reference temperature, A, € [0,1] is
the normalized asphalt aging index, and #r, 774, and 514 are calibration coeflicients. The aging index is
calculated from aging-sensitive material indicators, such as penetration reduction, ductility reduction, and
softening-point increase. The interaction term T, A, is introduced because aged asphalt materials generally
exhibit higher cracking susceptibility under unfavorable temperature conditions.

The corrected fatigue crack-growth rate (da/dN)_,, is not directly used as an additional independent
input feature. Instead, it is normalized and used to modulate the attention coefficient of the fatigue feedback
edge from the surface-deterioration node to the cracking-related node in the microscopic distress graph;
the initial edge weight of this path remains defined by the texture-depth loss ratio in Eq. (9). In this way,
the modified Paris law provides a physically interpretable prior for the feedback path by which surface
deterioration and material degradation accelerate crack propagation.

2.3.4 Bounded Deflection Evolution Model

Surface deflection is a key indicator for evaluating the overall stiffness of pavement structures. As the
service period increases, the deflection value gradually rises. However, from the perspective of physical
rationality, even when the pavement structure is completely damaged, the underlying subgrade still retains
residual bearing capacity; therefore, deflection cannot approach infinity. To prevent purely neural-network-
based long-term prediction from producing physically unrealistic numerical divergence, this study proposes
an asymptotically bounded deflection evolution equation:

D (t) = Dy + (Dmax — Do) - [1 - exp (—(x /OtN(T) -d (1) d‘r)] (18)

This model strictly constrains the physical boundary of the prediction results through the initial
deflection D, and the ultimate failure deflection Dy,,x, while the integral term represents the fatigue effect
induced by cumulative traffic loading. The mapping between the four physical laws and the corresponding
information edges is summarized in Table 1.
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Table 1: Mapping between physical laws and physics-informed information edges in DLPC-GNN.

Physical Corresponding

Edge Directi Physical Meani le i
Model Information Edge dge Direction ysical Meaning Role in GNN
Richards . Crack — structural Crack-induced Defines edge existence
. Infiltration edge . . . L .
equation water damage rainfall infiltration and initial weight
Hydrodynamic Structural water Pore-water pressure Provides edge
pressure Scouring edge damage — surface and base-course attribute for message
model damage loosening passing
St trati
. Fatigue feedback ~ Surface damage — ress concetitration Modulates attention
Paris law accelerates crack .
edge crack ) coeflicient
propagation
Segment-level _ .
Bounded _ . Physically bounded Constrains
_ Bearing-capacity supernode —
deflection ) structural macro-scale
degradation edge segment-level . .
model deterioration propagation edge

supernode

2.3.5 Multi-Scale Temporal Aggregation of Physical Mechanisms

The physical mechanisms incorporated in DLPC-GNN are characterized by distinctly different time
scales. Rainfall-induced seepage generally evolves over minutes to hours, wheel-load-induced hydrodynamic
pressure varies over seconds or sub-seconds, whereas fatigue crack growth and deflection degradation are
long-term cumulative processes occurring over months to years. Therefore, the graph snapshot used in this
study should not be interpreted as an instantaneous physical field in which all governing processes are solved
at the same temporal resolution. Instead, each graph snapshot represents the equivalent pavement state and
the aggregated physical driving factors within a unified maintenance-oriented observation window.

In the present implementation, the graph-sequence time step is defined according to the pavement
inspection and maintenance evaluation cycle. Fast processes are converted into window-level statistical
or cumulative descriptors before graph construction. Specifically, rainfall infiltration is represented by
aggregated hydrological boundary variables, including cumulative rainfall, maximum rainfall intensity,
antecedent rainfall index (a decay-weighted sum of rainfall over preceding observation windows), effective
infiltration flux, and equivalent hydraulic head difference. The transient hydrodynamic pressure induced by
wheel loading is represented by event-level descriptors, such as peak value, upper-percentile value, duration
above a predefined threshold, and cumulative hydrodynamic pressure impulse within the observation
window. These descriptors do not imply that the transient response is directly averaged as a slow deterioration
variable; rather, they quantify the intensity of repeated short-duration hydraulic impacts acting on the
pavement structure during the observation period.

By contrast, fatigue crack propagation and bounded deflection degradation are treated as slow state-
evolution variables. Their values are updated between consecutive graph snapshots according to accumulated
traffic loading, material aging, moisture condition, and previous distress states. Under this formulation, fast
hydro-mechanical processes act as intra-window driving factors, whereas fatigue cracking and deflection
degradation represent inter-window accumulated deterioration states. This separation enables multi-scale
physical processes to be fused within a unified graph-learning framework without assuming that all
mechanisms share the same intrinsic time scale.
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3 Dual-Layer Progressive Physics-Constrained Graph Neural Network

To effectively characterize the multi-scale spatial evolution of asphalt pavement structural distresses
and achieve deep integration between physical mechanisms and data-driven learning, this study develops a
Dual-Layer Progressive Physics-Constrained Graph Neural Network (DLPC-GNN). The proposed network
adopts graph structures as a unified representation framework. At the microscopic level, a multi-head graph
attention network is employed to adaptively model the nonlinear physical associations among typical distress
nodes, including cracks, surface deterioration, and structural moisture-induced damage, thereby enabling
efficient aggregation and propagation of multi-source features. At the macroscopic level, an attention pooling
mechanism is used to map the high-order features learned from the microscopic layer onto pavement-
section-level supernodes, thereby constructing a high-level graph representation that reflects the spatial
topological relationships of the road network.

Meanwhile, to overcome the limitations of conventional purely data-driven methods in terms of physical
consistency and interpretability, multi-source physical constraints are introduced during network training.
Specifically, a joint loss function integrating mechanical response constraints, material boundary constraints,
and distress evolution logic constraints is constructed to impose physical feasibility constraints on the
model parameter space. On this basis, a progressive training strategy is further designed, in which physical
constraints are introduced gradually to alleviate the non-convexity of the optimization process. As a result,
the proposed model can significantly improve physical consistency and generalization capability while main-
taining high prediction accuracy. The overall architecture of the Dual-Layer Progressive Physics-Constrained
Graph Neural Network is illustrated in Fig. 3.

Multi-source data Dual-Layer Progressive graph GNN-based feature learning Multi-source physical constraint
input construction
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Figure 3: Dual-Layer progressive physics-constrained graph neural network framework.
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3.1 GNN Architecture
3.1.1 Multi-Head Graph Attention Network

A multi-head graph attention network is adopted to implement message passing in the microscopic
layer:

hie = [ ( > af}"W(“hj) (19)
jeN (i)

where K denotes the number of attention heads, || represents the concatenation operation, and oci(;() is the
attention coeflicient of the k-th head. The attention coeficient is calculated as:

exp (LeakyReLU (aT [Whi H Why D)

o= (20)
Y Yken(i) €Xp (LeakyReLU (a [Wh; [Why ]))
3.1.2 Normalized Adjacency Matrix
A symmetric normalization strategy is adopted for the adjacency matrix:
A=D?AD™/? (21)

where D is the degree matrix, with D;; = 3 j Ajj.

3.1.3 Inter-Layer Aggregation

The output of the microscopic layer is aggregated into pavement-section-level supernodes through
attention pooling:

Hr(gz 4= Attention_Pooling(Hr(nLiZm, q) (22)
where Hr(nLizro denotes the high-level node representation output by the L-th microscopic graph layer, and g

is the learnable query vector used in the attention pooling operation.

3.2 Construction of the Multi-Source Physics-Constrained Joint Loss Function

In addition to the edge-level physical embedding described above, a lightweight auxiliary physics-
constrained loss is further introduced to prevent the learned edge weights and predicted states from deviating
from physically reasonable ranges, this study constructs a multi-source joint loss function L;,;, consisting
of a data-driven term and multiple physics-constrained terms:

Ltotal = Ldata + Aleechanics + AZLmaterial + A3Levolution (23)

where Lg,, denotes the supervised data-fitting loss, while Liechanicss Lmaterial, ad Levolution Tepresent
the mechanical response constraint, material boundary constraint, and distress evolution logic constraint,
respectively. The coefficients A;, A,, and A; are weighting parameters used to balance different loss com-
ponents. To ensure that the predicted deflection values have clear structural-mechanical significance, the
network output DP™*® is forced to approach the theoretical solution D™ derived from elastic layered
system theory. This theoretical solution computes the surface deflection of a multilayer elastic system from
its material and structural parameters. Accordingly, the mechanical response constraint is defined as:
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2

N
Linechanics = Z HDI,')red - D;hGOFY (24)
i=1
where the theoretical deflection is calculated using the multilayer system integral formulation:
2(1-v*) > Ji(mr)-Jy(ma)
Diheory = [ dm 25
theory E o m-f(m,E,h,v) (25)

In this equation, E and v denote the elastic modulus and Poisson’s ratio, respectively; J, () is the first-
order Bessel function; i denotes the layer thickness; and f(m, E, h, v) represents the mechanical transfer
function of the multilayer pavement system. The physical parameters of asphalt layers and semi-rigid base
layers, such as modulus and Poisson’s ratio, have explicit engineering ranges. Therefore, a material boundary
penalty is constructed using the rectified linear unit (ReLU) activation function, which forces the implicitly

extracted physical feature ¢; to remain within its reasonable lower and upper bounds [(/);-ni“, (/53-“‘”‘] during
backpropagation. The material boundary constraint is given by:

maxy 12 min 2
Lmaterial = Z [ReLU((P] - (p] ] + [ReLU((p] - (p])] (26)

J

To ensure that the adaptively learned adjacency weights Wiearnea do not significantly deviate from the
physics-based theoretical evolution weights Wjpysics» an evolution logic constraint is further introduced. This
constraint guarantees the interpretability of the prediction results at the underlying graph-evolution level:

Levolution = H Wiearned — thysicsHIZ: (27)

where || - || denotes the Frobenius norm. By constraining the learned graph topology with physically defined
evolution weights, the model is encouraged to preserve the intrinsic deterioration logic among pavement
distresses during representation learning.

3.3 Progressive Training Strategy

The introduction of physical constraint terms substantially increases the non-convexity of the loss land-
scape. Direct end-to-end training may therefore cause the optimization process to become trapped in local
minima. To address this issue, this study designs a three-stage progressive optimization strategy, consisting of
data warm-up, physical-rule introduction, and full-parameter fine-tuning. This strategy balances data feature
extraction and physical-law fitting during model training. The detailed configuration of the three-stage
progressive training strategy is summarized in Table 2.

Table 2: Progressive training strategy.

Stage Loss Function Learning Rate Training Epochs
Stage 1: Pre-training Liata n=107 50 epochs
Stage 2: Physics-constrained training Lgata + 0.1Lphysics n= 1074 30 epochs

Stage 3: Fine-tunin Liotal =107 20 epochs
8 g U 1%
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In the first stage, only the data-driven loss Lga¢, is used to enable the network to learn the fundamental
nonlinear mapping relationship from multi-source inspection data. In the second stage, the physical
constraint term is introduced with a relatively small weight, allowing the model to gradually adapt to the
physical prior information while avoiding abrupt changes in the optimization direction. In the third stage,
the complete joint loss function Ly, is adopted for full-parameter fine-tuning, so that the model can
simultaneously satisfy data-fitting accuracy, mechanical response rationality, material boundary feasibility,
and distress evolution consistency. This progressive training scheme improves convergence stability and
enhances the engineering reliability of the DLPC-GNN model.

3.4 Practical Implementation of DLPC-GNN

To further clarify the technical realization of the proposed framework, this subsection describes how
DLPC-GNN is implemented from raw inspection records to model prediction. In the practical imple-
mentation, multi-source pavement inspection data are first collected from automated pavement detection,
ground-penetrating radar, falling weight deflectometer, traffic monitoring, material testing, and environ-
mental monitoring systems. These data include pavement surface morphology, structural response, layer
thickness, material parameters, traffic loading, rainfall intensity, and moisture-related boundary conditions.
Since different inspection devices usually have different sampling intervals and spatial resolutions, all
raw records are first matched to the corresponding pavement monitoring section and then synchronized
according to their timestamps. To further handle the temporal-scale mismatch among different physical
mechanisms, a temporal aggregation strategy is adopted before constructing graph-sequence samples.
The raw high-frequency or event-based variables are first mapped into the same observation window as
the graph snapshot. For hydrological variables, cumulative rainfall, maximum rainfall intensity, rainfall
duration, antecedent rainfall index, and equivalent hydraulic head difference are calculated. For traffic-
induced hydrodynamic pressure, the peak value, upper-percentile value, threshold-exceedance duration, and
cumulative pressure impulse are extracted to characterize the repeated transient scouring effect within the
window. For slow deterioration variables, such as crack area, crack length, material aging indicators, and
deflection response, the latest inspection value or temporally interpolated value is used as the state variable
of the corresponding graph snapshot. Therefore, the graph input at each time step consists of both slow
pavement-state variables and aggregated fast-process driving variables. Variables with inconsistent sampling
intervals are aligned to the same observation time step using interpolation, while abnormal records and
missing values are processed before feature normalization.

After data preprocessing, the investigated expressway section is discretized into pavement moni-
toring sections. Each section in one travel direction is represented as a macroscopic pavement-section
supernode. Within each supernode, three microscopic distress nodes are further constructed to describe
cracking-related distress, surface deterioration, and structural moisture-induced damage, respectively. The
feature vector of each microscopic node is assembled from the corresponding inspection variables defined
in Section 4.2.1. In this way, the heterogeneous inspection records are transformed into structured node
features with clear engineering meanings.

Based on the constructed nodes, the dual-layer graph topology is then established. At the microscopic
level, directed physical association edges are built among the three distress nodes to represent crack-
induced moisture infiltration, moisture-induced structural weakening, and surface-deterioration-induced
crack propagation. The initial weights of these edges are calculated using the physics-informed formulations
in Egs. (2)-(9). At the macroscopic level, pavement-section supernodes are connected according to spatial
distance, traffic-flow correlation, and structural continuity, so that the regional propagation tendency of
pavement deterioration can be represented. All raw edge weights are normalized using the statistics of the
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training set and are further processed by the adjacency normalization strategy in Eq. (21) before graph
message passing.

The normalized node feature tensors, microscopic and macroscopic adjacency matrices, physical
boundary-condition tensors, and maintenance strategy labels are finally organized as spatiotemporal graph-
sequence samples. During model training, these samples are fed into DLPC-GNN following the progressive
training strategy described in Section 3.3. The network is first optimized using the data-driven loss to learn
the basic nonlinear mapping relationship, then gradually constrained by the physics-informed loss terms,
and finally fine-tuned using the complete joint loss function. During inference, the trained model receives
the latest graph-sequence sample as input and outputs the predicted pavement distress state together with
the corresponding maintenance strategy category. Therefore, the proposed framework forms a complete
computational procedure that links multi-source data processing, graph construction, physics-informed
message passing, model optimization, and maintenance-oriented prediction.

4 Experiments
4.1 Project Overview

The Huizhou section of the Huizhou-Shenzhen Expressway, including K0 + 000-K7 + 950 and K3595
+164-K3619 + 405, has a total length of 32.191 km. The section starts from Gutangao in Huizhou City and
ends at Kengtangjing. The mainline is a two-way eight-lane expressway, with a standard subgrade width of
41 m. The design speed is 100 km/h, while the operating speed is 120 km/h. The lane configuration is shown

in Fig. 4.
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Figure 4: The lane configuration.

The standard cross-section of the asphalt pavement subgrade is configured as follows. The integral
subgrade has a width of 33.5 m, including a 2.0 m central median, two 0.75 m marginal strips, six 3.75 m traffic
lanes, two 3.0 m hard shoulders, and two 0.75 m earth shoulders. The pavement structure varies according
to the moisture condition of the road section, as summarized in Table 3.

A modified emulsified asphalt tack coat is applied between asphalt layers. A diluted asphalt prime coat
and a hot asphalt lower seal coat are applied on the top surface of the base layer. The hard shoulder adopts
the same pavement structure and thickness as the corresponding carriageway, while the earth shoulder
is vegetated.
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Table 3: The pavement structure.

Med.-Moist.

Layer Material Dry Section Section
Surface layer GAC-16C medium-grained modified asphalt concrete 5cm 5cm
Intermediate layer GAC-20C medium-grained modified asphalt concrete 6 cm 6 cm
Lower layer GAC-25C coarse-grained asphalt concrete 8 cm 8 cm
Upper base Cement-stabilized graded crushed stone 18 cm 18 cm
Lower base Cement-stabilized graded crushed stone 18 cm 18 cm
Subbase Low-dose cement-stabilized graded crushed stone 20 cm 20 cm
Cushion layer Unscreened crushed stone / 20 cm
Total thickness — 75 cm 95 cm

4.2 Dataset Construction

To effectively support the training of the DLPC-GNN and validate its physical consistency, this study
constructs a multimodal integrated dataset based on structural health monitoring and nondestructive testing
techniques. The dataset covers material-level microscopic properties, macroscopic service conditions, and
environmental boundary conditions. The data organization and acquisition methods strictly follow pave-
ment engineering evaluation specifications and mechanical testing standards, ensuring that the boundary
conditions of the partial differential equations embedded in the physics-informed neural network are
physically realistic and engineering-representative.

4.2.1 Graph Topology and Multi-Source Tensor Data Structure for DLPC-GNN

Considering that asphalt pavement structural deterioration is a typical nonlinear spatiotemporal
evolution process, the conventional tabular inspection records are reconstructed into a high-dimensional
spatiotemporal graph sequence for DLPC-GNN. In the engineering implementation, the investigated 32.191-
km expressway section is discretized according to physical monitoring sections rather than fixed image grids.
Each macroscopic pavement-section supernode corresponds to a road segment of approximately 500 m in
length, covering all lanes in one traffic direction. Considering the two travel directions, the macroscopic
graph contains 130 pavement-section supernodes at each observation time step.

For each macroscopic supernode, three microscopic distress nodes are defined, corresponding to
cracking-related distress, surface deterioration, and structural moisture-induced damage. Therefore, each
dual-layer graph snapshot contains 130 macroscopic supernodes and 390 microscopic distress nodes. Based
on the synchronized multi-source inspection records, including pavement surface morphology, structural
response, material parameters, traffic loading, and environmental boundary conditions, a total 0f 15,400 spa-
tiotemporal graph snapshots are generated for model training and testing. This engineering implementation
ensures that the proposed graph structure corresponds to real physical monitoring sections and measurable
pavement distress variables, rather than being a conceptual or artificially defined topology.

(1) Heterogeneous node feature tensor

At the microscopic layer, specific pavement distresses are treated as graph nodes. Mechanical and
physical representations with different dimensions are extracted and decoupled into three feature subtensors.
At the microscopic layer, three types of distress nodes are defined within each macroscopic pavement-section
supernode, namely cracking-related type-A nodes, surface-deterioration type-B nodes, and structural
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moisture-induced damage type-C nodes. For the (i)-th pavement section at time step (t), the initial feature
vector of the type-A node is defined as (xkt € R”), including crack area (Ar,ck), crack length (Ley,ck), average
crack width (Wcrack), softening point (SP), ductility (DU), penetration (PEN), and aggregate gradation
index (G). These variables are obtained from automated pavement detection images, line-laser profiles,
periodic core sampling, laboratory material tests, and construction records, and are used to characterize
crack development, asphalt aging, and fracture resistance. The initial feature vector of the type-B node is
defined as (x}’;t € R®), including texture depth (TD), friction coefficient (FR), international roughness index
(IRI), surface-layer thickness (Hsy,f), and intermediate-layer thickness (Hinter). These variables are extracted
from the automated pavement detection system, Sideway-force Coeflicient Routine Investigation Machine
(SCRIM), 3D-GPR, and pavement structure records, and are used to describe surface service condition and
geometric deterioration. The initial feature vector of the type-C node is defined as (x>’ € R®), consisting of
equivalent permeability coefficient (K¢ ), moisture content (0), equivalent internal water head (h,), central
deflection (dp), back-calculated dynamic modulus (E4ys), and void-area ratio (ryoiq). These variables are
obtained from permeability tests, time-domain reflectometry (TDR) sensors, groundwater-level monitoring,
falling weight deflectometer (FWD) tests, 3D-GPR, and CT-assisted void inversion, and are used to represent
internal moisture condition, void development, and structural bearing-capacity degradation. Before being
fed into the microscopic graph neural network, all node features are normalized using the training-set
statistics and then projected into the same hidden dimension through type-specific linear embedding layers
to ensure dimensional consistency during graph message passing.

(2) Physics-driven dynamic adjacency matrices

Unlike conventional graph networks that adopt binarized adjacency matrices or distance-based edge
weights, the proposed dataset records intermediate mechanical parameters used to initialize physics-based
evolution edges.

The microscopic physical association matrix is defined as:

At . € R(NA+NB+NC)X(NA+NB+NC) (28)
micro

This matrix stores asymmetric directed edge weights calculated from hydro-mechanical coupling
theory. Representative parameters include crack area A, ck, hydraulic head difference Ak, and seepage path
length L4, which are used to calculate rainfall infiltration effects. It also includes the tensile stress at the
bottom of structural layers 0iensile and the internal void-area ratio Ayoiq/Atotal, Which are used to quantify

structural bearing-capacity deterioration.

The macroscopic spatial topology matrix is defined as:

Al e RMXM (29)

macro

This matrix integrates spatial feature tensors, including the inter-section distance d;;, traffic-flow
correlation intensity Tjj, and structural continuity indicator S;;.

To calculate the mechanical and evolution constraints in the loss function, a physical boundary
condition tensor is further constructed:

Péound € RMXCP]WS (30)

where Cppys denotes the dimension of the physical parameters. This tensor contains the number of load
cycles Neycles, rainfall intensity gr,in, groundwater level zgy, drainage time ¢4rqin, dynamic modulus E of each
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structural layer, and Poisson’s ratio v. These parameters are dynamically fed into the Richards unsaturated
seepage equation and the Paris fatigue crack propagation model during training.

(3) Maintenance decision label matrix

The maintenance decision labels are encoded as a one-hot tensor:
MxK
Ymaint e R™” (31)

where K denotes the total number of discrete maintenance strategy categories, including preventive
maintenance, corrective maintenance, and structural rehabilitation.

The microscopic physical association matrix and the macroscopic spatial topology matrix are con-
structed according to the graph-construction protocol in Section 2.2.3 and used as direct graph inputs
after adjacency normalization. The detailed feature-alignment and normalization procedures are provided

-

in Section 4.2.3.

4.2.2 Multi-Source Data Acquisition

To ensure the engineering authenticity and mechanical fidelity of the graph-network input data, this
study establishes a multi-source data acquisition system. All features and physical boundary parameters are
collected using high-precision equipment.

(1) Pavement surface geometry and morphology acquisition.

Macroscopic surface features are obtained using an automated pavement detection vehicle (APD). The
system integrates a three-dimensional line laser profiler and a high-frequency line-scan camera, enabling
real-time extraction of crack geometric area A, .k, texture depth loss ratio T D), and IRI at millimeter-
level resolution under normal traffic speed. The surface friction coefficient FR is continuously measured
using a Sideway-force Coefficient Routine Investigation Machine (SCRIM).

(2) Internal mechanical response and structural damage detection.

Three-dimensional ground-penetrating radar (3D-GPR) is used for continuous nondestructive scan-
ning. By analyzing the differences in reflected dielectric constants and attenuation characteristics of
high-frequency electromagnetic waves at the interfaces of different structural layers, the layer thicknesses
(Htop, Hmid) are accurately extracted. The evolution of microvoids and the void area A,;q inside the base
layer are also quantitatively inverted.

A falling weight deflectometer (FWD) is used for fixed-point impulse-loading tests to measure the
current central deflection value Dgy.q, which characterizes the current overall structural stiffness. The model
parameters Dy, Dy,,x are not directly measured by the current FWD test: Dj is obtained from construction-
stage or earliest available baseline records, and Dmax is calibrated from historical failure-state data or
engineering limits. Meanwhile, the back-calculated dynamic modulus Eoduius Of each structural layer
is extracted using back-calculation software and used as an input prior for calculating the theoretical
mechanical 10ss Liyechanics-

(3) Acquisition of material rheological and hydrological prior parameters.

Basic material indicators such as softening point T, and penetration Ppepe; are obtained not only from
historical construction records but also from periodic core sampling in the test sections. The core samples
are sent to the laboratory for verification using standard Marshall tests and dynamic modulus tests.

For permeability coefficient K., and porosity n, which characterize water migration behavior,
accurate measurements are obtained by combining constant-head or falling-head permeability tests with
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industrial computed tomography scanning. The groundwater level zgw and subgrade moisture content are
monitored in real time using time-domain reflectometry sensors embedded in the subgrade.

(4) Dynamic monitoring of external traffic loading and environmental boundary conditions.

Road-network-level traffic-flow correlation features T;; and cumulative equivalent standard axle load
repetitions Neycles are recorded in real time using weigh-in-motion systems installed at key cross-sections.
Meteorological rainfall intensity gy,in is directly collected from microwave weather radar and micro-weather
stations along the road section and converted to an effective infiltration flux, which serves as the upper flux
boundary condition of the Richards equation after runoff and infiltration losses are considered.

4.2.3 Conversion from Raw Inspection Data to Model Input Features

To make the conversion from raw inspection records to DLPC-GNN input features more transparent,
the feature extraction, heterogeneous data alignment, and normalization procedures are further described in
this subsection. All raw data were first referenced to the same pavement monitoring section according to the
route stake number, travel direction, lane information, and inspection mileage. The 32.191-km expressway
section was divided into physical monitoring sections of approximately 500 m in length, and all inspection
records falling within the same section were assigned to the corresponding macroscopic pavement-section
supernode. The microscopic distress features within each supernode were then organized according to the
three distress-node types defined in Section 4.2.1.

The correspondence between inspection sources and extracted variables is summarized in Table 4. The
automated pavement detection system provides surface morphology indicators, including crack geometric
area, crack length and width, texture depth, international roughness index, and surface distress morphology.
The 3D-GPR data are used to extract layer thickness, abnormal dielectric response, base-course void
indicators, and moisture-sensitive zones. FWD testing provides current central deflection, deflection-basin
characteristics, and back-calculated dynamic modulus; DO is derived from construction-stage or earliest
available baseline records, and Dmax is calibrated from historical failure-state data or engineering limits.
Weigh-in-motion (WIM) records are used to derive traffic loading variables, including traffic volume, axle
load spectrum, cumulative equivalent standard axle load repetitions, and traffic-flow correlation among
pavement sections. Time-domain reflectometry (TDR) sensors provide subgrade moisture content and
moisture-state variation, while weather radar and micro-weather stations provide rainfall intensity, cumu-
lative rainfall, and rainfall duration. Material-related indicators, including penetration, ductility, softening
point, permeability coeflicient, porosity, and aggregate gradation, are obtained from historical construction
records and periodic core sampling tests.

After feature extraction, the heterogeneous records were aligned in both space and time. Spatial
alignment was performed by mapping all raw inspection records to the nearest pavement monitoring
section using mileage coordinates and travel direction. When several records were located within the same
section and observation period, statistical aggregation was applied according to the physical meaning of the
variable. For example, the mean value was used for continuously distributed indicators such as IRI, texture
depth, deflection, and moisture content; the maximum or upper-percentile value was used for safety-critical
distress indicators such as crack area, void indicator, and hydrodynamic-pressure-related variables; and the
cumulative value was used for traffic load repetitions and rainfall-related variables.
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Table 4: Correspondence between raw inspection sources and extracted model variables.

Raw Inspection

Data Source
Records

Extracted Variables Role in DLPC-GNN Input

Crack area, crack length, Cracking-related and

crack width, texture depth,
IRI, surface distress
morphology

APD/automated Line-scan images, 3D surface-deterioration node
pavement laser profiles, surface

detection distress records

features; crack-induced
moisture-damage edge
initialization

Layer thickness, dielectric ~ Structural moisture-induced
Radar profiles, dielectric 4

] anomaly, base-course void damage node features;
3D-GPR response, layer-interface . .. ¥ 5as . 5
. indicator, moisture-sensitive seepage path and
reflections . _
zone void-related edge variables

Current central deflection, Moisture-induced damage
Deflection basin under  deflection-basin parameters,  node features; mechanical

FWD
impulse loading and back-calculated layer response constraint;
modulus bounded deflection model
Axle load spectrum,
. cumulative equivalent Macroscopic topology edge
Axle load, vehicle count, q .p pology ,g
WIM standard axle load construction; traffic-loading
traffic flow records N "
repetitions, traffic-flow boundary condition
correlation
Moisture content, Hydrological boundar
Subgrade moisture and _ L 4 5 Y
moisture-state variation, tensor; unsaturated
TDR local water-content . .
. equivalent internal water seepage-related edge
monitoring TR T
head initialization
Weather
) Rainfall intensity, Rainfall intensity, rainfall ~ Rainfall boundary condition;
radar/micro- . . . . . . .
rainfall duration, flux, cumulative rainfall, crack-induced infiltration
weather : . . . NS
. cumulative rainfall antecedent rainfall index edge initialization
station
. _ Penetration, ductility, Material-related node
Material tests and Core sampling, . ) . )
. . softening point, permeability features; material boundary
construction laboratory tests, design . , . )
coeflicient, porosity, constraint; aging-related
records documents . , .
aggregate gradation fatigue correction

Temporal alignment was performed using a unified observation time step. Continuous monitoring data,
such as WIM, TDR, and meteorological records, were aggregated within the corresponding observation
window. Periodic inspection data, such as APD, 3D-GPR, and FWD records, were assigned to the closest
observation time according to the inspection timestamp. When the sampling intervals of different sources
were inconsistent, spline interpolation was used for smoothly varying variables such as moisture content and
temperature-related indicators, while stepwise holding was used for relatively stable material and structural
parameters such as layer thickness, permeability coeflicient, aggregate gradation, and laboratory-measured
asphalt properties. Missing values caused by temporary sensor interruption or incomplete inspection
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coverage were processed using section-neighbor interpolation and temporal interpolation when the missing
duration was short. Samples with physically abnormal values outside the allowable engineering range were
removed or clipped before normalization.

The aligned variables were then converted into four types of model inputs: node feature tensors,
physics-driven adjacency matrices, physical boundary-condition tensors, and maintenance strategy labels.
The node feature tensors describe the local state of cracking-related distress, surface deterioration, and
structural moisture-induced damage. The physics-driven adjacency matrices store the normalized edge
weights calculated from crack-induced infiltration, moisture-induced weakening, fatigue feedback, and
macroscopic spatial propagation mechanisms. The physical boundary-condition tensor contains rainfall
intensity, groundwater level, moisture state, drainage time, number of load cycles, dynamic modulus, and
Poisson’s ratio, which are used in the physics-informed edge initialization and physical constraint terms.
The maintenance strategy labels are encoded as one-hot vectors corresponding to preventive maintenance,
corrective maintenance, and structural rehabilitation.

To avoid information leakage, all normalization parameters were calculated only from the training
set and then applied unchanged to the validation and testing sets. For a scalar feature (x), min-max
normalization was performed. For variables with strong skewness, such as crack area, void indicator,
traffic load repetitions, and rainfall accumulation, logarithmic transformation was first applied before min-
max normalization. Raw physical edge weights were normalized using the same training-set statistics and
were further mapped into ([0, 1]) by the sigmoid function before adjacency normalization. Through this
procedure, multi-source heterogeneous inspection records were converted into consistent spatiotemporal
graph-sequence samples for DLPC-GNN training and testing.

4.3 Model Training Settings and Hyperparameter Configuration

To comprehensively evaluate the prediction performance and generalization capability of DLPC-GNN,
the constructed dataset containing 15,400 spatiotemporal graph snapshots is divided into training and
testing sets at a ratio of 7:3. In addition, 10% of the training set is randomly selected as a validation set for
hyperparameter tuning and model selection.

Considering the structural continuity and traffic-flow distribution characteristics in practical pavement
engineering, the supernodes in the macroscopic graph are not defined using conventional fixed pixel
grids. Instead, each macroscopic supernode is mapped to a physical monitoring section with a length of
approximately 500 m and a width covering all lanes in one traffic direction.

Because the model input integrates multi-source heterogeneous parameters, including macroscopic
geometry, microscopic mechanics, and hydrodynamic variables, the feature dimensions and numerical scales
may differ by several orders of magnitude. To avoid gradient explosion when solving the physical partial
differential equation constraints, a min-max normalization strategy is applied before network input, scaling
all node features and physical boundary parameters into the range [0, 1].

For backpropagation in the deep neural network, the Adam optimizer is used for gradient updating,
with B; = 0.9, B, =0.999, and € = 1077 To effectively handle the highly non-convex loss landscape caused
by the introduction of physical constraints, the three-stage progressive training strategy described above
is strictly implemented. The total number of training epochs is set to 100, and the batch size is set to 16
graph-sequence snapshots.

Stage 1: Data pre-training. During the first 50 epochs, only the data-driven 1oss Lga¢, is optimized. The
initial learning rate is set to [r = 107>,
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Stage 2: Physical-rule introduction. From epoch 51 to epoch 80, a joint physics-constrained loss with
a weight of 10%, namely 0.1L 5, cs, is introduced. The learning rate is reduced to Ir = 1074,

Stage 3: Full-parameter fine-tuning. During the final 20 epochs, the total loss function Lt is
activated for joint fine-tuning. The learning rate is further reduced to Ir =107°.

In the fine-tuning stage, an exponential learning-rate decay strategy with a decay rate of 0.9 is applied
to prevent overfitting under complex physical constraints. An early stopping technique with a patience of 15
epochs is also introduced.

After multiple rounds of grid search and cross-validation on the validation set, the final network
hyperparameters of DLPC-GNN are configured as follows. The number of attention heads in the microscopic
multi-head graph attention network is set to K = 8. The hidden feature dimension of microscopic nodes is
set to 128. The dimension of pavement-section supernodes after microscopic-to-macroscopic pooling is set
to 256. The number of graph attention message-passing layers is set to 3. The physical constraint weights in
the joint loss function are assigned as A; = 0.4, A, = 0.3, and A3 = 0.3, ensuring balanced constraint effects
among mechanical response, material boundary, and evolution logic during gradient backpropagation.

To further evaluate the computational feasibility of DLPC-GNN, the approximate computational cost
of the proposed framework was analyzed during model training and inference. The implementation was
conducted on a workstation equipped with an Intel Xeon Gold 6226R CPU, an NVIDIA GeForce RTX 3090
GPU with 24 GB memory, and 128 GB RAM, using PyTorch 2.0.1 with CUDA 11.8. The full dataset contains
15,400 spatiotemporal graph-sequence samples. Under the 7:3 split and the 10% validation holdout described
above, 9702 samples are used for parameter optimization, 1078 for validation, and 4620 for testing; the batch
size is 16 and the total number of training epochs is 100.

The trainable parameter size of DLPC-GNN is approximately 1.26 million. The average training time per
epoch is approximately 19.4 s, and the total training time for 100 epochs is approximately 32.3 min. During
inference, the average prediction time for one graph-sequence sample is approximately 2.6 ms, while the
average prediction time for one batch is approximately 34.8 ms. The peak GPU memory consumption during
training is approximately 4.2 GB.

From the perspective of computational complexity, the main computational cost of DLPC-GNN
comes from the multi-head graph attention layers and the physics-constrained loss calculation. For a
sparse graph, the computational complexity of each graph attention layer is approximately proportional
to the number of nodes and edges, i.e., (O(K(|V| + |E|)F)), where (K) is the number of attention heads,
(JV]) is the number of nodes, (|E|) is the number of edges, and (F) is the hidden feature dimension.
Since the microscopic graph only contains three distress nodes within each pavement-section supernode
and the macroscopic graph is sparsified by distance, traffic-correlation, and structural-continuity thresholds,
the graph structure remains sparse. Therefore, the additional computational burden introduced by the dual-
layer graph structure and physical constraints is acceptable for offline pavement condition assessment and
maintenance strategy classification.

4.4 Evaluation Metrics for Prediction Models

To comprehensively evaluate the dual performance of the proposed DLPC-GNN in continuous physical
state evolution and discrete maintenance decision-making, this study constructs a rigorous evaluation metric
system from two independent but complementary perspectives: regression and classification.
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4.4.1 Regression Metrics for Physical State Evolution

For the continuous physical variables in the predicted future distress evolution graph Gisas, the mean
absolute error (MAE) and root mean square error (RMSE) are selected as regression metrics for prediction
accuracy evaluation and baseline comparison. Their mathematical expressions are given as follows:

t+At M
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where M is the total number of monitored pavement sections, namely supernodes, in the macroscopic road
o (1) (

network; At is the prediction time step or time interval; and y; ’ and yit ) denote the predicted and true
values of the key physical indicator, such as deflection response, for the i-th pavement section at the future
time ¢', respectively. In this study, MAE and RMSE are calculated for the inverse-normalized continuous
distress-state prediction outputs. Therefore, they are expressed in the same scale as the constructed pavement
distress-state indicator. For clarity, the regression metrics reported in Table 5 are used to evaluate the
continuous distress-state prediction task, whereas Recall is used only for the independent maintenance
strategy classification task.

Table 5: Comparison results of different models.

Model MAE RMSE Recall
SVR 6.5142 11.0168 0.5514
DTR 5.9821 11.7433 0.6963
RFR 4.3135 8.0284 0.6459
GBR 4.1629 9.4943 0.7841
CNN 6.1477 11.9996 0.5294

LSTM 4.5807 8.5625 0.6944
GNN 3.2678 5.882 0.7909

DLPC-GNN 2.7755 4.6229 0.8877

Note: SVR = support vector regression; DTR = decision tree regression; RFR = random forest regression; GBR = gradient
boosting regression; CNN = convolutional neural network; LSTM = long short-term memory network; GNN = graph
neural network; DLPC-GNN = Dual-Layer Progressive Physics-Constrained Graph Neural Network.

In structural health monitoring, MAE intuitively reflects the average deviation of deterioration trend
prediction. RMSE, due to the squared error term, imposes a stronger penalty on extreme prediction errors
that deviate from mechanical rationality. Therefore, RMSE is particularly suitable for examining whether the
physical constraints, such as the bounded deflection evolution model embedded in the physics-informed
neural network (PINN) framework, effectively prevent non-physical divergence in long-term prediction.

4.4.2 Classification Metrics for Maintenance Strategy Classification

For the discrete maintenance decision category ymaintenance oOutput by the network, the applicability of
the model in practical engineering scenarios must be evaluated by considering the natural imbalance in pave-
ment distress distributions. For example, severely deteriorated samples requiring structural rehabilitation
are far fewer than healthy samples requiring only routine inspection.
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Although recall at top K is commonly used in information retrieval to evaluate retrieval hit rates, simply
pursuing the overlap ratio of high-frequency distressed areas is insufficient for cost-sensitive structural
maintenance decision-making. To comprehensively evaluate the balance between false alarms, which may
cause maintenance resource waste, and missed detections, which may lead to sharply increased structural
failure costs, this study uses Recall as the primary classification metric in the baseline comparison (Table 5),
while Accuracy, Precision, Recall, and Macro-F1 score are used in model-development diagnostics and
ablation analyses.

For class ¢, Precision and Recall are defined as:

TP
Precision, = ————— (34)
TP, + FP,
TP
Recall, = ———— (35)
TP, + FN.,

The Macro-F1 score is defined as:

1 & 2 x Precision, x Recall,
Macro - F1= — Z — (36)
K Precision, + Recall,

c=1

where K is the total number of defined maintenance decision categories, including preventive maintenance
and corrective maintenance; TP,, FP,, and FN, represent the numbers of true positive, false positive, and
false negative samples identified for the c-th maintenance decision category, respectively.

Since Macro-Fl1 independently calculates the F1 score of each category and then takes their arithmetic
mean, it treats all categories equally. This metric provides a stringent evaluation of whether DLPC-GNN
can accurately recommend proactive maintenance strategies when capturing early-stage hydro-mechanical
deterioration features, such as moisture infiltration along microcracks before large-scale voiding occurs.
Therefore, Macro-Fl is particularly important for ensuring the reliability of maintenance decision-making
and the economic evaluation of maintenance strategies.

5 Results

To systematically evaluate the effectiveness and reliability of the proposed DLPC-GNN in pavement
structural distress prediction and maintenance decision-making, this study conducts a comprehensive vali-
dation from four perspectives: prediction accuracy, physical consistency, contribution of model components,
and robustness. First, comparative experiments with multiple mainstream models are performed to verify
the accuracy advantage of DLPC-GNN in multi-task prediction. Second, the physical rationality of the
model outputs is analyzed from the perspectives of mechanical boundary constraints and hydro-mechanical
coupling mechanisms. Third, ablation experiments are conducted to quantitatively evaluate the independent
contributions of the Dual-Layer architecture and physical constraints. Finally, the generalization capability
and stability of the model are examined under non-ideal conditions, including small-sample scenarios and
noise interference.

5.1 Baseline Comparison of Prediction Accuracy

To verify the performance advantage of DLPC-GNN in distress-state prediction and maintenance
decision-making, several representative methods are selected as baseline models, including conventional
machine learning models, deep learning models, and graph neural network models without physical
constraints. The models are comprehensively evaluated from two perspectives: regression tasks, including
deflection value and crack area prediction, and classification tasks, namely maintenance strategy prediction.
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For the continuous distress-state regression task, mean absolute error (MAE) and root mean squared
error (RMSE) are adopted as evaluation metrics. These metrics are calculated from the inverse-normalized
prediction outputs and therefore correspond to the scale of the continuous distress-state indicator. For the
independent maintenance strategy classification task, Recall is used to measure the model’s ability to identify
key maintenance categories. The comparison results are shown in Table 5.

Before presenting the quantitative comparison, the generation process of the numerical results in Table 5
is further clarified. The reported metrics were not calculated directly from the raw inspection records.
Instead, the raw multi-source data were first assigned to the corresponding pavement monitoring sections
and temporally synchronized according to the preprocessing procedure described in Section 4.2. The syn-
chronized inspection variables were then converted into the heterogeneous node feature tensors, microscopic
physics-driven adjacency matrices, macroscopic spatial topology matrices, physical boundary-condition
tensors, and maintenance strategy labels defined in Section 4.2.1. These processed tensors constitute the
intermediate graph-sequence samples used as the direct input of DLPC-GNN.

For a fair comparison, all baseline models were trained and tested using the same training/testing split
and the same normalized feature set. For models that cannot directly process graph-structured inputs, the
section-level feature tensors were reshaped into the corresponding tabular, sequential, or grid-like input
forms while keeping the sample partition unchanged. During testing, each model produced the predicted
distress-state variables and maintenance strategy category for the same testing samples. The regression
metrics in Table 5 were calculated from the deviation between the predicted and measured physical-state
variables, while the classification metric was calculated from the predicted and recorded maintenance
strategy labels. Therefore, Table 5 reflects the performance comparison under a unified preprocessing, sample
partitioning, and evaluation protocol, rather than results obtained from different data-processing pipelines.

The Convolutional Neural Network (CNN) baseline was further checked to ensure the fairness of
the comparison. It should be noted that the CNN model in this study was not used for raw pavement
image recognition, but for the processed section-level heterogeneous tensors constructed from multi-source
inspection records. Its architecture and hyperparameters, including the number of convolutional filters,
kernel size, dropout rate, learning rate, and batch size, were tuned on the validation set. The relatively
lower performance of CNN is mainly because the input variables in this task, such as material parameters,
deflection responses, moisture states, traffic loads, rainfall boundary conditions, and graph-topological
information, do not naturally form a regular Euclidean grid with strong local translation-invariant patterns.
Therefore, reshaping these heterogeneous engineering features into convolutional inputs may weaken their
physical and spatial-topological meanings. In contrast, the random forest baseline is more robust for
heterogeneous tabular features under limited-sample conditions, which explains why it outperforms CNN
in Table 5. This result should not be interpreted as CNN being generally inferior for pavement distress
detection, but rather as evidence that conventional CNNs are less suitable for the graph-sequence prediction
task considered in this study.

To further discuss the performance consistency of different models in long-horizon prediction tasks,
the prediction results from the 13th to the 18th month, namely a future six-month prediction window, are
compared among the above models, as shown in Fig. 5.

Overall, DLPC-GNN achieves the best performance across all evaluation metrics. Compared with
the average results of conventional machine learning models, including support vector regression (SVR),
decision tree regression (DTR), random forest regression (RFR), gradient boosting regression (GBR), DLPC-
GNN reduces MAE by approximately 47.1% and RMSE by approximately 51.5%. This indicates that the
proposed model can more effectively extract high-dimensional nonlinear features in complex pavement dis-
tress evolution scenarios and significantly reduce prediction errors in continuous physical states. Compared
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with the convolutional neural network-based model, DLPC-GNN further improves prediction accuracy. This
improvement is mainly attributed to the fact that DLPC-GNN does not rely solely on local pixel-level features,
but explicitly models the spatial topological relationships and evolutionary dependencies among cracking,
moisture-induced damage, and surface deterioration, thereby providing a more accurate representation of
the distress propagation process.
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Figure 5: Monthly comparison of prediction performance.

More importantly, compared with the purely data-driven graph neural network (GNN), DLPC-GNN
reduces MAE by 15.1% and improves Recall by approximately 12.2%. This result demonstrates that the
introduction of physical constraints and the Dual-Layer progressive graph structure can effectively suppress
the overfitting tendency of purely data-driven models in complex nonlinear scenarios and enhance the
model’s ability to represent real deterioration mechanisms. In other words, the performance advantage of
DLPC-GNN does not simply originate from graph-structure modeling, but from the joint contribution
of physics-informed edge initialization, macroscopic road-network topology awareness, and multi-source
physical constraints.

In addition, the monthly prediction performance comparison shown in Fig. 5 indicates that DLPC-
GNN exhibits a significantly lower error growth rate than other models in long-term prediction tasks.
In particular, even when the prediction horizon is extended, DLPC-GNN maintains relatively low MAE
and RMSE values, demonstrating superior temporal stability and long-horizon prediction capability. This
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suggests that the physical constraint terms play a regularization-like role in long-sequence prediction,
limiting the deviation of model outputs from structural deterioration laws and thereby improving the
reliability of the model in practical maintenance decision-making.

5.2 Consistency Verification of Physical Evolution Laws

Compared with conventional data-driven models, DLPC-GNN introduces multi-source physical con-
straints, enabling the model to maintain high prediction accuracy while achieving improved physical
interpretability. This section verifies the physical consistency of the model outputs from the perspective
of hydro-mechanical coupling mechanism capture. Considering the complex hydro-mechanical coupling
among crack propagation, water infiltration, and base-course voiding during pavement structural deterio-
ration, this study further analyzes the variation patterns of the edge weights, namely attention coefficients,
learned by the model in the microscopic distress-oriented physical association graph.

It should be noted that the rainfall-related variables are involved in the physics-informed edge initial-
ization. Therefore, the following edge-weight response analysis is not intended to serve as an independent
mechanistic validation, but rather as a physical plausibility check of whether the learned attention weights
after model training remain directionally consistent with the imposed hydro-mechanical priors and do not
produce physically contradictory trends.

Specifically, the evolution edge weight w4_, ¢ and the deterioration edge weight w¢_,  are extracted, and
their response characteristics with respect to rainfall intensity and hydrodynamic pressure are analyzed. The
results are shown in Fig. 6.
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Figure 6: Response characteristics of microscopic distress edge weights under rainfall intensity and hydrodynamic
pressure.

The results show that the microscopic distress edge weights learned by DLPC-GNN exhibit clear
physical consistency with variations in rainfall intensity and hydrodynamic pressure. For the evolution edge
Wwa_c, which represents crack-induced structural moisture damage, the edge weight increases significantly
with rainfall intensity. Across the evaluated rainfall range, the average evolution-edge weight increases with
rainfall intensity. This indicates that, with increasing rainfall intensity, crack openings gradually become
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preferential seepage channels for water entering the pavement structure, thereby significantly strengthening
the inducing effect of cracking on structural moisture-induced damage. This result is consistent with the
understanding from unsaturated seepage theory that an increase in rainfall boundary flux enhances internal
moisture content and seepage driving force within the structure.

For the deterioration edge w_, g, which represents surface deterioration induced by structural moisture
damage, the edge weight is more sensitive to hydrodynamic pressure. When hydrodynamic pressure
increases from 20 to 150 kPa, the average value of wc_p increases from approximately 0.290 to 0.836,
corresponding to a relative increase of approximately 188.3%. In particular, the edge weight rises rapidly in the
medium-to-high hydrodynamic pressure range. This suggests that once moisture accumulation, loosening,
or local voiding has occurred inside the pavement structure, transient hydrodynamic pressure induced
by vehicular loading significantly enhances base-course scouring, pumping, and weakening of structural
bearing capacity, thereby accelerating the development of surface deterioration.

It should be emphasized that the hydrodynamic pressure-related edge weight does not represent a
monthly average of an instantaneous pressure response. Instead, it represents the aggregated intensity of
repeated short-duration hydrodynamic impacts within the observation window. Therefore, the integration
of transient hydrodynamic pressure with fatigue and deflection degradation is physically rational because
the former acts as an intra-window driving factor, while the latter represents the accumulated structural
consequence updated between graph snapshots.

A further comparison of the two types of edge weights shows that w4_,¢ is mainly governed by rainfall
intensity, whereas w¢_,p is mainly controlled by hydrodynamic pressure. This indicates that DLPC-GNN
can distinguish the dominant physical factors at different stages of distress evolution: rainfall primarily
drives the “cracking-moisture damage” process, whereas hydrodynamic pressure mainly drives the “moisture
damage-surface deterioration” process. It should be noted that the gray blank regions in the figure represent
invalid operating conditions, missing-data conditions, or abnormal combinations not included in the
statistical analysis. These regions are excluded from the calculation of means and relative increments to avoid
interference from invalid samples in judging the edge-weight variation trends. Overall, physics-informed
edge initialization and multi-source physical constraints enable the model to learn distress propagation paths
with explicit engineering significance, thereby improving the interpretability and engineering credibility of
the prediction results. The temporal relationship between rainfall intensity and the learned microscopic edge
weights is further shown in Fig. 7.

The results further show that the attention edge weights learned by DLPC-GNN exhibit clear temporal
response characteristics during rainfall events. Before rainfall begins, the edge weights remain generally low.
As rainfall intensity increases and the wetting degree of the pavement structure rises, both the evolution edge
and deterioration edge weights increase significantly and reach peak values during heavy rainfall periods.
Among them, the evolution edge representing crack-induced water infiltration responds more rapidly to
rainfall input. Its peak values are approximately 0.20, 0.28-0.30, and 0.42 during moderate rain, heavy rain,
and rainstorm stages, respectively. This indicates that cracks can rapidly become preferential channels for
moisture infiltration during rainfall. Meanwhile, after each rainfall pulse ends, the edge weights do not
immediately return to their initial levels but instead exhibit gradual attenuation, suggesting that the structural
moisture state and water migration effects induced by rainfall have a certain persistence.

From the perspective of the relationship between rainfall intensity and edge weights, when rainfall
intensity is lower than approximately 30-35 mm/h, both ws_.¢ and w¢_ g remain at relatively low levels,
indicating that the distress propagation paths are not significantly activated under weak rainfall conditions.
When rainfall intensity increases to approximately 40 mm/h, both edge weights show a distinct jump.
Specifically, wc_, g increases from approximately 0.22 to 0.48, while w4_,¢ increases from approximately
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0.14 to 0.27. This reflects the threshold-triggering characteristics of water infiltration and structural dete-
rioration. As rainfall intensity further increases, both edge weights continue to rise and reach high levels
in the range of 100-120 mm/h, with wc_ 5 approaching 0.90 and w,_,¢ reaching approximately 0.80. This
indicates that intense rainfall not only enhances crack-induced infiltration but also amplifies the effect of
water infiltration on base-course voiding, pumping, and structural bearing-capacity weakening.
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Figure 7: Relationship between rainfall intensity and learned edge weights.

Overall, the learned attention weights show trends that are directionally consistent with the expected
hydro-mechanical deterioration process of “rainfall infiltration-moisture accumulation-hydrodynamic
pressure enhancement-structural damage propagation” However, because rainfall-related variables are also
used in the physics-informed edge initialization, this result should be interpreted as a physical plausibility
check rather than independent mechanistic validation. This clarification has been added to avoid over-
interpreting the edge-weight response analysis. Further independent mechanistic validation using controlled
laboratory tests or external field datasets will be considered in future work to more rigorously quantify the
causal relationship between rainfall infiltration, hydrodynamic pressure, and pavement distress propagation.
In addition, the attention pooling weights used for microscopic-to-macroscopic aggregation are learned in
a data-driven manner. Although the ablation study indicates that attention pooling improves prediction
performance compared with mean pooling, the present study does not further conduct scenario-specific
analysis of pooling weights under rainy or heavy-traffic conditions. Therefore, the interpretability of the
attention pooling module should be regarded as limited, and its physical rationality requires further
validation using targeted engineering scenarios in future work.

5.3 Ablation Study on Network Architecture

To further verify the contribution of each key module in DLPC-GNN to prediction performance and
physical consistency, ablation experiments are conducted under the same dataset partition, training epochs,
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optimizer, and hyperparameter settings. The ablation study follows a “single-variable removal” principle,
where only one core module is removed or replaced at a time and compared with the complete DLPC-GNN.
The evaluation metrics include MAE and RMSE for the regression task, as well as Recall and Macro-
F1 for the maintenance decision classification task. The benchmark results of the complete DLPC-GNN
are MAE = 2.7755, RMSE = 4.6229, Recall = 0.8877, and Macro-F1 = 0.8794.

Ablation Analysis of Network Structure Modules

As shown in Table 6, the complete DLPC-GNN achieves the best results across all metrics. After
removing the macroscopic road-network spatial topology layer, MAE increases from 2.7755 to 3.2631,
representing an increase 0f17.57%; RMSE increases from 4.6229 to 5.5527, representing an increase 0f20.11%;
and Recall decreases from 0.8877 to 0.8246, corresponding to a relative decrease of 7.11%. This result indicates
that relying only on the microscopic distress graph can characterize the local coupling relationships among
cracking, moisture-induced damage, and surface deterioration, but it is insufficient for capturing regional
deterioration propagation among adjacent pavement sections driven by traffic flow, structural continuity,
and hydrological environment.

Table 6: Ablation results of network structure modules.

Model MAE RMSE Recall Macro-F1
Complete DLPC-GNN 27755 4.6229 0.8877 0.8794
Without macroscopic topology layer 3.2631 5.5527 0.8246  0.8143
Mean pooling instead of attention pooling 3.0472 52468 0.8509  0.8392
Random adjacency instead of physics-informed edge initialization ~ 3.1186  5.3194 0.8421  0.8328
Without progressive training 3.0094 5.1286 0.8584 0.8475

When mean pooling is used instead of attention pooling, MAE and RMSE increase by 9.79% and 13.50%,
respectively. This indicates that different distress nodes do not contribute equally when microscopic distress
features are aggregated into macroscopic pavement-section supernodes. Attention pooling can adaptively
highlight critical deterioration nodes, such as crack propagation and moisture-induced voiding, and is
therefore more suitable than simple mean pooling for modeling complex pavement distress evolution.

When a random adjacency matrix is used instead of physics-informed edge initialization, MAE and
RMSE increase by 12.36% and 15.07%, respectively, while Recall decreases by 5.14%. This demonstrates that
the physical edge weights constructed based on the Richards equation, Paris law, and hydro-mechanical cou-
pling mechanism are not merely prior decorations. Rather, they provide reasonable information propagation
paths for the graph neural network at the early stage of training, enabling the model to converge more rapidly
toward parameter regions consistent with engineering mechanisms.

After removing progressive training, the model performance also deteriorates, with MAE increasing by
8.43% and RMSE increasing by 10.94%. This indicates that when physical constraints and data-driven loss
coexist, direct end-to-end training is more susceptible to the influence of a non-convex loss landscape. By
contrast, the proposed training strategy of “data warm-up-physical-rule introduction—full-parameter fine-
tuning” improves optimization stability and prevents the model from prematurely falling into local optima.

The ablation results of different physical constraint terms are presented in Table 7. Further analysis of
the contributions of different physical constraint terms shows that after removing all physical constraints, the
RMSE of the model increases from 4.6229 to 6.0918, corresponding to an increase of 31.77%; Recall decreases
from 0.8877 to 0.8189, corresponding to a relative decrease of 7.75%. This indicates that multi-source physical
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constraints not only improve the prediction accuracy of continuous deflection responses but also enhance
the model’s ability to identify critical maintenance categories.

Table 7: Ablation results of physical constraint terms.

Physical Boundary Violation
Model Variant MAE RMSE Recall Macro-FI Y Rate of Material
Residual
Parameters/%
Complete
DLPC ONN 27755  4.6229 08877  0.8794 0.036 08
Without mechanical 5 0.0 55964 0.8645 0.8539 0.091 27
response constraint
Without material g ) 5175 08721 08625 0.064 9.6
boundary constraint
Withoutevolution 5\ ) 50043 08438 0.8317 0.118 3.4
logic constraint
ithout all physical
Withoutall physical 5 o150 0018 08189 0.8064 0.156 12.8
constraints

After removing the mechanical response constraint, RMSE increases by 21.06%, and the long-term
deflection prediction curve shows a clear upward divergence trend at later prediction stages. This indicates
that the mechanical response constraint can effectively suppress non-physical divergence in long-term
prediction. After removing the material boundary constraint, the material parameter boundary violation
rate increases from 0.8% to 9.6%, demonstrating that this constraint mainly acts on the latent variable space
of the model, ensuring that the learned equivalent physical features, such as modulus and Poisson’s ratio,
remain within engineering-reasonable ranges. After removing the evolution logic constraint, Recall and
Macro-F1 decrease most significantly, by 4.95% and 5.42%, respectively. This suggests that the evolution logic
constraint plays an important role in maintaining the continuity of distress propagation paths and the stable
discrimination of maintenance decision categories.

Overall, the macroscopic topology layer mainly improves the model’s ability to capture regional distress
propagation. Physics-informed edge initialization enhances the engineering rationality of microscopic dis-
tress relationship modeling. Attention pooling improves multi-scale feature aggregation, while the physical
constraint terms improve the stability and interpretability of the model from the perspectives of mechanical
boundaries, material parameters, and evolution paths. Therefore, the performance advantage of DLPC-GNN
does not arise from a single module, but from the synergistic effect of the Dual-Layer graph structure,
physical priors, and progressive optimization.

5.4 Robustness under Non-Ideal Data Conditions

In practical pavement inspection, multi-source detection data are often subject to non-ideal conditions,
such as insufficient samples, input noise, and partial feature missing, due to inspection cost, equipment
errors, traffic control constraints, and meteorological disturbances. To further verify the stability and gener-
alization capability of DLPC-GNN in engineering applications, this study conducts comparative experiments
from three perspectives: small-sample generalization, noise resistance, and robustness to feature missing.
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The comparison models include the purely data-driven GNN, long short-term memory network (LSTM),
and random forest regression model, namely RFR. All models adopt the same training-set partition strategy
and evaluation metric system, with a focus on comparing the degradation trends of RMSE, MAE, and Recall
under non-ideal data conditions.

5.4.1 Small-Sample Generalization Capability

To simulate the shortage of labeled samples in practical engineering, 100%, 80%, 50%, and 20% of
the training data are selected for model training, and all models are evaluated on the same testing set.
The experimental results show that as the training data ratio decreases, the prediction errors of all models
increase. However, the performance degradation of DLPC-GNN is significantly smaller than that of the other
models. The RMSE, MAE, and Recall results under different training data ratios are summarized in Table 8.

Table 8: RMSE under different training data ratios.

Training Ratio (%) DLPC-GNN RMSE GNN RMSE LSTM RMSE RFR RMSE
100 4.6229 5.882 8.5625 8.0284
80 5.01 6.52 9.73 9.43
50 5.39 7.58 11.84 12
20 5.82 8.74 14.6 15.25
Training ratio (%) DLPC-GNN MAE GNN MAE LSTM MAE RFR MAE
100 2.7755 3.2678 4.5807 4.3135
80 2.912 3.58 5.09 4.93
50 3.116 4.12 6.2 6.35
20 3.376 4.81 7.55 7.96
Training ratio (%) DLPC-GNN Recall GNN Recall LSTM Recall RFR Recall
100 0.8877 0.7909 0.6944 0.6459
80 0.875 0.761 0.641 0.592
50 0.852 0.706 0.572 0.503
20 0.823 0.642 0.489 0.421

When the training data ratio decreases from 100% to 20%, the RMSE of DLPC-GNN increases from
4.6229 to 5.8200, corresponding to an increase of 25.9%. In contrast, the RMSE values of GNN, LSTM, and
RFR increase by 48.6%, 70.5%, and 90.0%, respectively. Meanwhile, the Recall of DLPC-GNN decreases
from 0.8877 to 0.8230, corresponding to a relative decrease of 7.3%, which is much lower than the decreases
of GNN and RFR, namely 18.8% and 34.8%, respectively. These results indicate that when the number of
samples is insufficient, DLPC-GNN does not rely entirely on statistical correlations in the data. Instead, it
can maintain reasonable information propagation paths through physics-informed edge initialization and
multi-source physical constraints, thereby alleviating overfitting under small-sample conditions.

From the perspective of deep neural network training mechanisms, purely data-driven models are
prone to insufficient feature representation and unstable parameter estimation when the number of samples
decreases. By contrast, the Richards equation, Paris law, and bounded deflection evolution model embedded
in DLPC-GNN provide additional structural priors for the network, enabling the model to maintain a
relatively stable prediction trend even in low-sample regimes.
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5.4.2 Noise Resistance Analysis

To evaluate the sensitivity of different models to inspection errors, Gaussian noise with a mean value of
0 is added to the input features. The noise levels are set to 0%, 5%, 10%, 20%, and 30%. The noise is applied
to key input features, including IRI, permeability coefficient, deflection value, texture depth, and crack area.

The model performance under different input noise levels is reported in Table 9.

Table 9: RMSE under different noise levels.

Noise level (%) DLPC-GNN RMSE GNN RMSE LSTM RMSE RFR RMSE
0 4.6229 5.882 8.5625 8.0284
5 4.95 6.31 9.44 8.83
10 5.23 6.96 10.86 10.16
20 5.68 7.92 12.77 12.25
30 6.14 9.05 15.01 14.72
Noise level (%) DLPC-GNN Recall GNN Recall LSTM Recall RFR Recall
0 0.8877 0.7909 0.6944 0.6459
5 0.879 0.768 0.66 0.61
10 0.864 0.734 0.603 0.548
20 0.839 0.689 0.539 0.474
30 0.812 0.631 0.462 0.395

The results show that as the noise level increases, the RMSE values of all models increase. However,
DLPC-GNN exhibits the mildest error growth. When the noise level reaches 30%, the RMSE of DLPC-GNN
increases from 4.6229 to 6.1400, corresponding to a relative increase of 32.8%. By contrast, the RMSE values
of GNN, LSTM, and RFR increase by 53.9%, 75.3%, and 83.3%, respectively. For the classification task, the
Recall of DLPC-GNN decreases from 0.8877 to 0.8120, representing a decrease of only 8.5%, whereas GNN
and RFR decrease by 20.2% and 38.8%, respectively.

These results indicate that physical constraints play a regularization-like role during model training. On
the one hand, the mechanical response constraint prevents the predicted deflection values from deviating
from the mechanically reasonable range of the pavement structure. On the other hand, the evolution logic
constraint suppresses abnormal edge-weight perturbations caused by noise, maintaining the continuity of
distress propagation paths. Therefore, even when the input features are contaminated by noise, DLPC-GNN
can still maintain strong prediction stability.

5.4.3 Robustness under Multi-Source Feature Missing Conditions

Considering that partial sensor failure, local GPR data loss, or incomplete meteorological boundary
records may occur during practical inspection, this study further sets random input feature missing ratios
of 0%, 10%, 20%, 30%, and 40%. A masking mechanism is used to process missing features. This experiment
is designed to evaluate the performance retention capability of the model under incomplete multi-source
information conditions. The robustness results under different feature-missing ratios are summarized
in Table 10.
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Table 10: RMSE under different feature missing ratios.

Missing Ratio (%) DLPC-GNN RMSE GNN RMSE LSTM RMSE RFR RMSE

0 4.6229 5.882 8.5625 8.0284

10 5.05 6.47 9.7 9.2

20 5.37 7.34 11.4 11.2

30 5.86 8.55 13.6 13.8

40 6.48 10.13 16.1 16.7
Missing ratio (%) DLPC-GNN Recall GNN Recall LSTM Recall RFR Recall

0 0.8877 0.7909 0.6944 0.6459

10 0.873 0.75 0.638 0.584

20 0.852 0.69 0.562 0.501

30 0.824 0.628 0.485 0.427

40 0.791 0.552 0.403 0.346

The results show that when the feature missing ratio reaches 40%, the RMSE of DLPC-GNN increases
from 4.6229 to 6.4800, corresponding to an increase of 40.2%. In contrast, the RMSE values of GNN, LSTM,
and RFR increase by 72.2%, 88.0%, and 108.0%, respectively. This indicates that DLPC-GNN has stronger
tolerance to multi-source feature missing.

This robustness can be attributed to three factors. First, the Dual-Layer graph structure compensates
for local feature missing through information propagation among adjacent nodes. Second, the macroscopic
road-network topology layer uses spatial correlations among adjacent pavement sections to correct section-
level states. Third, the physical constraint terms further reduce the possibility of non-physical predictions
under incomplete input conditions.

In summary, DLPC-GNN exhibits smaller performance degradation under three types of non-ideal data
conditions: small samples, strong noise, and feature missing. Its robustness advantage mainly originates from
three aspects. First, physics-informed edge initialization provides graph neural networks with information
propagation channels consistent with distress evolution mechanisms. Second, the macroscopic road-network
topology layer enhances the model’s ability to compensate for missing information by exploiting spatial
correlations. Third, the multi-source physics-constrained loss function effectively suppresses noise-induced
interference. Therefore, DLPC-GNN is more suitable for practical pavement maintenance scenarios involv-
ing incomplete inspection data, significant environmental disturbances, and insufficient sample annotations.

6 Discussion

This study addresses the challenges of multi-source inspection data fusion, insufficient representation
of distress propagation mechanisms, and limited interpretability in asphalt pavement distress prediction
and maintenance strategy classification. The proposed Dual-Layer Progressive Physics-Constrained Graph
Neural Network (DLPC-GNN) employs graph structures as the representation framework for pavement
distress states. At the microscopic level, a physical association graph among cracks, structural moisture-
induced damage, and surface deterioration is constructed to describe local hydro-mechanical coupling
mechanisms. At the macroscopic level, a road-network topology graph integrating spatial distance, traffic-
flow correlation, and structural continuity is established to represent regional distress propagation among
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pavement sections. In this way, the proposed model enables multi-scale modeling of pavement distress
evolution from local physical coupling to regional spatial propagation.

The introduction of physical priors further improves the interpretability of the proposed graph-learning
framework. Specifically, the Richards equation for unsaturated seepage, the Paris law for fatigue crack prop-
agation, the hydrodynamic pressure model, and the bounded deflection evolution model are incorporated
into physics-informed edge initialization and auxiliary physical constraints. In addition, a multi-source
physics-constrained loss function is constructed by incorporating mechanical response constraints, material
boundary constraints, and evolution logic constraints. These designs help constrain the model outputs within
physically reasonable ranges and reduce the risk of purely data-driven fitting that may contradict engineering
deterioration mechanisms.

The experimental results show that DLPC-GNN effectively improves asphalt pavement distress-state
prediction and maintenance strategy classification. Compared with conventional machine learning models,
deep learning models, and purely data-driven graph neural networks, DLPC-GNN achieves the best perfor-
mance in terms of mean absolute error (MAE), root mean squared error (RMSE), and Recall. Specifically,
the MAE, RMSE, and Recall values reach 2.7755, 4.6229, and 0.8877, respectively. These results indicate
that the dual-layer graph structure and physical constraint mechanism can reduce prediction errors for
continuous physical states and improve the identification capability for critical maintenance categories. The
monthly prediction results further show that DLPC-GNN exhibits a slower error growth rate in long-horizon
prediction tasks, suggesting favorable temporal stability and stronger capability in capturing long-term
deterioration trends.

The physical plausibility analysis indicates that physics-informed edge initialization and multi-source
physical constraints enable the model to learn distress propagation paths that are directionally consistent
with pavement deterioration mechanisms. The learned attention edge weights exhibit clear response patterns
with respect to rainfall intensity and hydrodynamic pressure. The edge weight representing crack-induced
structural moisture damage is mainly governed by rainfall intensity, reflecting crack infiltration and moisture
migration processes. In contrast, the edge weight representing surface deterioration induced by structural
moisture damage is more sensitive to hydrodynamic pressure, reflecting hydrodynamic scouring, pumping,
and weakening of structural bearing capacity under traffic loading. These results suggest that DLPC-GNN
is not limited to statistical data fitting, but can also distinguish the dominant factors at different stages of
distress evolution. Nevertheless, because rainfall-related variables are involved in the physics-informed edge
initialization, this analysis should be interpreted as a physical plausibility check rather than independent
mechanistic validation.

The ablation experiments further demonstrate that the performance advantage of DLPC-GNN origi-
nates from the synergistic effect of the dual-layer graph structure, physical priors, and progressive training
strategy. Removing the macroscopic road-network topology layer, replacing attention pooling with mean
pooling, replacing physics-informed edge initialization with random adjacency, or removing progressive
training all leads to different degrees of performance degradation. This indicates that the macroscopic
topology layer helps capture regional distress propagation, attention pooling highlights critical deteriora-
tion nodes, physics-informed edge initialization provides reasonable information propagation paths, and
progressive training alleviates the non-convex optimization problem caused by the introduction of physical
constraints. Further ablation of physical constraint terms shows that the mechanical response constraint
can suppress non-physical divergence in long-term deflection prediction, the material boundary constraint
can prevent latent physical parameters from exceeding engineering-reasonable ranges, and the evolution
logic constraint helps maintain the continuity of distress propagation paths and the stability of maintenance
classification results.
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The robustness analysis shows that DLPC-GNN maintains stronger stability under non-ideal data
conditions, including small samples, noise interference, and feature missing. When the training sample ratio
decreases, input noise increases, or multi-source features are partially missing, the degradation of RMSE
and Recall in DLPC-GNN is smaller than that of comparison models such as GNN, LSTM, and RFR. This
indicates that the physical constraint terms play a regularization-like role during training and can suppress
abnormal predictions caused by noise and incomplete data. In addition, the dual-layer graph structure
can compensate for locally missing features through information propagation among adjacent distress
nodes and neighboring pavement sections. Therefore, the proposed model is more suitable for practical
pavement inspection scenarios characterized by insufficient sample annotation, incomplete inspection data,
and environmental disturbances.

Opverall, the proposed DLPC-GNN provides a graph-learning framework for asphalt pavement distress
prediction and maintenance strategy classification that integrates prediction accuracy, physical interpretabil-
ity, and engineering robustness. Compared with conventional data-driven models that mainly rely on
statistical correlations, DLPC-GNN organically integrates distress evolution mechanisms, road-network spa-
tial topology, and deep graph learning. It can provide technical support for intelligent pavement maintenance,
proactive distress identification, and maintenance-oriented decision support.

7 Conclusions

This study proposed a Dual-Layer Progressive Physics-Constrained Graph Neural Network for asphalt
pavement distress prediction and maintenance strategy classification. By integrating microscopic distress
association modeling, macroscopic road-network topology representation, physics-informed edge initializa-
tion, and multi-source physical constraints, the proposed framework improves prediction accuracy, physical
interpretability, and robustness under non-ideal inspection-data conditions. The experimental results from
the Huizhou section of the Huizhou-Shenzhen Expressway demonstrate that DLPC-GNN outperforms
conventional machine learning models, deep learning models, and purely data-driven graph neural networks
in both distress-state prediction and maintenance strategy classification.

Several limitations should also be acknowledged. First, the present study was validated using data from
one expressway section, and further validation using field data from different climatic regions, pavement
structures, and traffic loading conditions is still needed. Second, the current DLPC-GNN provides determin-
istic point estimates for distress-state prediction and deterministic maintenance strategy classification results,
but does not explicitly quantify predictive uncertainty. In addition, although the attention pooling module
improves the aggregation of microscopic distress nodes into macroscopic pavement-section supernodes, the
physical rationality of the learned pooling weights has not been independently verified under typical rainy
or heavy-traffic scenarios. Future work will analyze the scenario-dependent variation of attention weights
to further strengthen the interpretability of the microscopic-to-macroscopic aggregation process. Future
research will extend DLPC-GNN toward probabilistic and uncertainty-aware graph learning by incorporat-
ing techniques such as Bayesian graph neural networks, Monte Carlo dropout, deep ensembles, conformal
prediction, or probabilistic output layers. In addition, maintenance cost, traffic impact, and life-cycle benefit
analysis will be incorporated to improve its applicability in practical pavement management systems.
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