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ABSTRACT 

Accurate prediction of flexible and rigid pavement deterioration is vital for 

optimizing Pavement Management Systems (PMS) and ensuring sustainable 

smart highway infrastructure. While traditional Mechanistic-Empirical (M-E) 

pavement design frameworks suffer from restrictive physical simplifications 

and calibration overhead, purely data-driven Machine Learning (ML) 

techniques—such as Deep Neural Networks (DNNs), Random Forests (RF), 

and Extreme Gradient Boosting (XGBoost)—frequently produce physically 

inconsistent forecasts, extrapolate poorly beyond training domains, and 

require massive sensor datasets. Physics-Informed Machine Learning (PIML), 

particularly Physics-Informed Neural Networks (PINNs), has emerged as a 

transformative paradigm that seamlessly embeds domain-specific physical 

principles—including viscoelastic constitutive laws, damage accumulation 

theories (e.g., Miner's cumulative damage hypothesis), dynamic fatigue 

equations, and climate-induced thermal transport partial differential 

equations (PDEs)—directly into loss functions during neural network training. 

This paper presents a comprehensive, journal-level critical review of PIML 

architectures applied to pavement deterioration modeling within smart 

highway networks integrated with Internet of Things (IoT) and Weigh-In-

Motion (WIM) sensors. We systematically examine governing mechanics-

based formulations, data-driven surrogate models, hybrid integration 

topologies (e.g., residual learning, physics-guided architecture design, exact 

hard-constraint enforcing), and multi-objective loss optimization algorithms. 

Comparative benchmarks reveal that PIML models achieve up to 42% 

reduction in Root Mean Square Error (RMSE) under sparse data regimes 
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 (<15% sensor coverage) and maintain strict physical plausibility during 20-

year service life extrapolation. Finally, key technological challenges—

including non-convex multi-objective loss landscapes, sensor noise, real-time 

edge computing constraints, and model interpretability—are critically 

evaluated, followed by strategic directions for future smart transportation 

infrastructure research. 

 

KEYWORDS: Physics-Informed Machine Learning (PIML); Pavement 

Deterioration; Physics-Informed Neural Networks (PINNs); Smart Highway 

Networks; Pavement Management Systems (PMS); Constitutive Degradation 

Laws; Structural Health Monitoring (SHM). 

 

INTRODUCTION 

Transportation infrastructure represents the backbone of economic vitality and societal 

connectivity worldwide. Within modern smart highway networks, asphalt and concrete 

pavements are subjected to increasingly complex, coupled stress states resulting from hyper-

heavy axle loads, elevated traffic frequencies, and climate-induced environmental stressors 

such as thermal cycling, freeze-thaw degradation, and intense moisture infiltration [1, 2]. 

Pavement deterioration—manifesting as fatigue cracking, rutting, thermal cracking, moisture 

damage, and international roughness index (IRI) degradation—is an intrinsically non-linear, 

multi-physics process governed by time-dependent material degradation, viscoelastic-

viscoplastic behavior, and thermo-mechanical interaction [3]. Historically, public 

transportation agencies rely on Pavement Management Systems (PMS) to forecast structural 

and functional decay, allowing timely scheduling of Maintenance, Repair, and Rehabilitation 

(MR&R) activities. However, standard forecasting paradigms encounter severe operational 

limitations when deployed across modern, sensor-rich smart highways. 

 

Conventional pavement deterioration modeling relies primarily on two classical approaches: 

Empirical/Mechanistic-Empirical (M-E) methods and purely Data-Driven Machine Learning 

(ML) techniques [4]. Mechanistic-Empirical design frameworks, such as the AASHTO 

Mechanistic-Empirical Pavement Design Guide (MEPDG), utilize solid mechanics and 

dynamic modulus transfer functions to predict structural distress. While physically grounded, 

M-E models rely on simplified assumptions regarding boundary conditions, linear elasticity, 
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 and isotropic material response, requiring extensive regional calibration factors that fail to 

generalize under anomalous weather conditions or extreme heavy axle loading [5, 6]. 

Conversely, the rapid proliferation of smart highway technologies—such as embedded 

optical fiber sensors, Weigh-In-Motion (WIM) systems, piezoelectric strain gauges, 

unmanned aerial vehicles (UAVs), and connected vehicle telemetry—has catalyzed the 

application of pure ML models, including Deep Neural Networks (DNNs), Random Forests 

(RF), and Long Short-Term Memory (LSTM) networks [7, 8]. Although data-driven models 

excel at capturing complex non-linear correlations in high-dimensional data, they operate as 

black-box approximators. Consequently, purely data-driven models frequently output 

physically impossible forecasts (e.g., negative rutting accumulation or spontaneous structural 

recovery), exhibit catastrophic failure when extrapolating outside the empirical training 

distribution, and require dense, long-term monitoring data that is often unavailable in sparse 

sensor networks [9, 10]. 

 

To overcome the fundamental trade-off between physical fidelity and data-driven flexibility, 

Physics-Informed Machine Learning (PIML)—and specifically Physics-Informed Neural 

Networks (PINNs)—has emerged as a landmark paradigm in computational engineering [11, 

12]. PIML explicitly embeds known physical laws, partial differential equations (PDEs), 

constitutive damage relations, and conservation constraints directly into the learning 

framework. By penalizing violations of physical governing equations during gradient descent 

optimization via automatic differentiation (AD), PIML restricts the neural network search 

space to physically admissible solution manifolds [13]. In smart highway networks, PIML 

enables reliable, robust, and interpretable deterioration forecasting even in scenarios 

characterized by noisy sensor feeds, missing telemetry, or unseen extreme loading conditions. 

This paper provides a comprehensive review of PIML architectures, theoretical loss 

formulations, hybrid integration paradigms, and empirical validation benchmarks specifically 

tailored for smart pavement infrastructure maintenance. 

 

LITERATURE REVIEW 

The evolution of pavement performance forecasting can be categorized into three distinct 

eras: traditional empirical/probabilistic formulations, data-driven artificial intelligence, and 

emerging physics-informed hybrid paradigms [14]. Early empirical frameworks utilized 

deterministic regression equations (e.g., AASHTO 1993) or stochastic Markov chain 
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 transition matrices to model aggregate degradation trajectories such as the Pavement 

Condition Index (PCI) [15]. While computationally lightweight, stochastic transition matrices 

assume memoryless state transitions (Markovian property), failing to capture history-

dependent cumulative damage phenomena like micro-crack propagation or plastic 

deformation buildup under dynamic axle load spectrums [16]. 

 

During the past decade, advanced artificial intelligence algorithms gained prominent adoption 

in infrastructure engineering. Machine learning models, such as Support Vector Regression 

(SVR), XGBoost, and Recurrent Neural Networks (RNNs), demonstrated superior accuracy 

in fitting multi-variate road roughness and fatigue distress profiles using inputs such as 

Annual Average Daily Truck Traffic (AADTT), temperature, rainfall, and asphalt binder 

viscosity [17, 18]. For instance, Gong et al. [19] demonstrated deep convolutional neural 

networks (CNNs) for automatic surface cracking extraction from 3D laser pavement 

profiling. However, multiple studies [20, 21] highlighted critical vulnerabilities of pure data-

driven models: when evaluated on multi-year extrapolation tasks beyond the training 

temporal horizon, standard deep neural networks exhibited severe physical drift, producing 

unscientific degradation rates that violate non-decreasing permanent strain accumulation 

rules. 

 

The pioneering work of Raissi et al. [11] formally established Physics-Informed Neural 

Networks (PINNs) by integrating spatial-temporal PDEs into deep network loss functions 

through Automatic Differentiation (AD). In civil and pavement engineering, researchers have 

adapted PINNs to model viscoelastic-viscoplastic asphalt response under moving tire loads, 

dynamic heat conduction through layered pavement structures, and moisture transport 

differential equations [22, 23]. Zhang et al. [24] implemented a physics-informed model 

incorporating Paris' Law for micro-crack propagation, demonstrating that constraint 

regularization reduces training data requirements by over 60% while maintaining high 

structural evaluation fidelity. Table 1 summarizes the core operational differences, 

advantages, and fundamental limits among Mechanistic-Empirical, Pure Data-Driven, and 

Physics-Informed Machine Learning models. 
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 Table 1: Comparative Analysis of Pavement Deterioration Modeling Paradigms in Smart 

Highway Networks 

Evaluation Metric / 

Property 

Mechanistic-

Empirical (M-E) 

Pure Data-Driven 

ML 

Physics-Informed 

ML (PIML) 

Physical Consistency 

Strictly compliant 

with physical 

assumptions 

Unconstrained; prone 

to unphysical outputs 

Strictly enforced via 

physical PDE loss 

terms 

Data Requirement 

Low (requires 

regional calibration 

constants) 

Very High (requires 

continuous dense 

sensor datasets) 

Low to Moderate 

(effective under 

sparse data) 

Extrapolation Ability 

Moderate 

(constrained by 

simplified 

mechanics) 

Poor (fails outside 

empirical feature 

domain) 

High (guided by 

underlying 

fundamental physics) 

Computational 

Complexity 

Low-Moderate 

(analytical / 

numerical solvers) 

High training cost, 

extremely fast 

inference 

High training cost, 

real-time edge 

inference 

 

RESEARCH GAP 

Despite significant advances in PIML for fluid dynamics and structural solid mechanics, 

several critical research gaps persist regarding its dedicated application to smart highway 

pavement deterioration modeling: 

 Multi-Physics Coupling Complexity: Existing PIML applications often consider isolated 

physical phenomena—such as purely mechanical fatigue or pure thermal transport—

neglecting the complex thermo-hydro-mechanical-chemical (THMC) coupling inherent to 

real-world highway asphalt and concrete layers [25]. 

 Non-Convex Multi-Objective Optimization: Standard PINN loss functions combine data 

empirical loss and physical residual loss using fixed scalar weights. This often causes 

stiffness issues and gradient pathologies during gradient descent, where data loss 

dominates physical loss, leading to sub-optimal convergences [26]. 

 Sensor Noise & Edge Implementation: Smart highway networks generate heterogeneous, 

asynchronous, and noisy telemetry streams from WIM and IoT sensors. There is a lack of 
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 rigorous benchmarks evaluating PIML robustness under non-Gaussian sensor noise, 

missing spatial readings, and low-latency edge deployment constraints [27]. 

 

OBJECTIVES 

To address these critical gaps, this state-of-the-art review and comparative analytical study 

aims to achieve the following specific objectives: 

 Formulate a unified Physics-Informed Neural Network (PINN) framework that 

seamlessly integrates constitutive pavement mechanics, fatigue damage rules, and climate 

differential equations with IoT sensor streams. 

 Quantify performance metrics (RMSE, MAE, R², physical residual error) comparing 

PIML models against standard data-driven algorithms (RF, XGBoost, DNN) and 

traditional Mechanistic-Empirical models across varying levels of sensor data availability. 

 Evaluate the long-term (20-year horizon) extrapolation capability and physical 

plausibility of PIML models under climate change scenarios and hyper-heavy axle load 

distributions 

 Define actionable technical solutions for multi-objective adaptive loss weighting, noise 

filtering, and edge computing deployment within smart highway PMS. 

 

METHODOLOGY 

The core methodology of Physics-Informed Machine Learning for pavement deterioration 

modeling revolves around embedding physical governing equations directly into the objective 

loss function of a surrogate deep neural network [11, 28]. Consider a spatial-temporal 

pavement state vector u(x, t), where x represents spatial coordinates across pavement depth 

and longitudinal direction, t represents time (in load cycles N or years), and u denotes 

deterioration outputs including rutting depth (RD), fatigue crack area (FC), and International 

Roughness Index (IRI). 

 

The general non-linear spatial-temporal dynamic partial differential equation governing 

pavement degradation can be expressed as: 

∂u / ∂t + N[u; λ] = 0,    x ∈ Ω,  t ∈ [0, T] 

 

where N[·] is a non-linear differential operator parameterized by physical material properties 

λ (such as asphalt dynamic modulus E*, binder viscosity η, and Poisson's ratio ν), and Ω 

denotes the physical pavement domain [29]. 
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 In the proposed PINN framework, a multi-layer perceptron (MLP) u_θ(x, t) parameterized by 

weight and bias vector θ acts as a surrogate approximator. The total loss function L_total(θ) 

is defined as a composite multi-objective objective: 

L_total(θ) = w_data · L_data(θ) + w_phy · L_physics(θ) + w_bc · L_boundary(θ) 

 

Where: 

 L_data(θ) = (1 / N_d) ∑_{i=1}^{N_d} || u_θ(x_i, t_i) - u_observed_i ||² represents the 

mean squared error (MSE) against IoT and WIM sensor observations. 

 L_physics(θ) = (1 / N_p) ∑_{j=1}^{N_p} || ∂u_θ / ∂t + N[u_θ; λ] ||² evaluates the 

physical residual error at N_p collocation points distributed across the domain. 

 L_boundary(θ) enforces initial condition (PCI(t=0) = 100, Rutting(t=0) = 0) and non-

negativity boundary constraints (∂RD / ∂t ≥ 0). 

 

Physical Constraints Integrated: 

 Miner's Cumulative Damage Rule: Cumulative fatigue damage D(N) is constrained by 

D(N) = ∑ (n_i / N_f,i) ≤ 1.0, where n_i is the applied heavy axle load cycles and N_f,i is 

the allowable cycles to failure given by the transfer function N_f = k_1 · (1/ε_t)^k2 · 

(1/E*)^k3 [30]. 

 Viscoelastic Permanent Strain Rule: Asphalt permanent deformation (rutting) rate is 

constrained by the Tseng-Lytton model ∂ε_p / ∂N = ε_0 · exp(-(ρ/N)^β) · (γ/N). 

 Heat Transport PDE: Temperature distribution across asphalt layer depth z is governed by 

∂T / ∂t = α · (∂²T / ∂z²), where α is thermal diffusivity [31]. 

 

 

Figure 1: Schematic Architecture of Physics-Informed Neural Network (PINN) for 

Pavement Degradation Forecasting in Smart Highways 
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 RESULTS AND FINDINGS 

To evaluate the technical accuracy and generalization performance of PIML models, 

comparative experiments were conducted using long-term Pavement Performance (LTPP) 

highway datasets combined with high-frequency telemetry from smart highway IoT testbeds. 

The baseline models included Random Forest (RF), Extreme Gradient Boosting (XGBoost), 

Standard Deep Neural Networks (DNN), and the traditional AASHTO Mechanistic-Empirical 

(MEPDG) model. 

 

Performance under Data Scarcity: 

In smart highway corridors where sensor density is sparse or telemetry transmission fails, 

traditional purely data-driven models suffer from dramatic performance degradation. As 

shown in Figure 2, when training sample size drops below 250 sensor observations, Standard 

ANN and XGBoost error rates surge to RMSE values of 16.8 and 13.1 PCI points, 

respectively. In contrast, the proposed PINN maintains a low RMSE of 5.1 PCI points even 

with 100 observations, representing a 69.6% reduction in prediction error under severe data 

scarcity. This advantage stems directly from the physics loss term L_physics, which acts as a 

continuous, physics-based regularizer that guides network weights along physically valid 

trajectories regardless of sample size. 

 

 

Figure 2: Model Prediction Error (RMSE in PCI Units) vs. Sensor Training Sample Size 

under Data-Sparse Scenarios 

 

Multi-Distress Metric Accuracy: 

Table 2 provides a quantitative breakdown of model performance across four key structural 

and functional pavement distress metrics: Rutting Depth (mm), Fatigue Cracking (% area), 
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 Thermal Cracking (m/km), and International Roughness Index (IRI, m/km). The PINN model 

achieves superior performance across all distress categories, obtaining an overall R² of 0.96 

and maintaining a remarkably low Physical Residual Error (<0.012). 

 

Table 2: Performance Metrics Breakdown across Pavement Distress Modes under Smart 

Highway Field Evaluation 

Pavement 

Distress 

Metric 

Model 

Architecture 
RMSE MAE R² 

Physics 

Residual Error 

Rutting 

Depth (mm) 

Random 

Forest 

XGBoost 

Proposed 

PINN 

2.84 

2.15 

0.92 

2.10 

1.62 

0.68 

0.82 

0.89 

0.97 

N/A 

(Unconstrained) 

N/A 

(Unconstrained) 

0.008 

(Satisfied) 

Fatigue 

Cracking (%) 

Random 

Forest 

XGBoost 

Proposed 

PINN 

5.42 

4.18 

1.85 

4.12 

3.05 

1.32 

0.79 

0.85 

0.95 

N/A 

(Unconstrained) 

N/A 

(Unconstrained) 

0.011 

(Satisfied) 

Thermal 

Cracking 

(m/km) 

Random 

Forest 

XGBoost 

Proposed 

PINN 

14.2 

11.5 

4.6 

10.8 

8.4 

3.2 

0.76 

0.82 

0.94 

N/A 

(Unconstrained) 

N/A 

(Unconstrained) 

0.009 

(Satisfied) 

IRI 

Roughness 

(m/km) 

Random 

Forest 

XGBoost 

Proposed 

PINN 

0.38 

0.29 

0.11 

0.28 

0.21 

0.08 

0.81 

0.88 

0.96 

N/A 

(Unconstrained) 

N/A 

(Unconstrained) 

0.006 

(Satisfied) 
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 Long-Term Extrapolation Capability (20-Year Horizon): 

Figure 3 illustrates the 20-year forecasted degradation trajectory for Pavement Condition 

Index (PCI). In years 10 to 20 (the extrapolation zone, where no sensor data exists), standard 

data-driven ML models exhibit severe unphysical linear extrapolation, underestimating late-

stage exponential fatigue failure. Conversely, the PINN forecast seamlessly mirrors the true 

observed non-linear structural degradation trajectory by enforcing Miner's cumulative fatigue 

damage laws and permanent deformation rate differential equations. 

 

 

Figure 3: 20-Year Pavement Degradation Trajectory Prediction and Extrapolation 

Comparison across Models 

 

Table 3 details the specific hyperparameter configurations and physical laws embedded 

within the optimized PINN architecture. 

 

Table 3: Hyperparameter Architecture and Physical Governing Constraints of the 

Optimized PINN Model 

Parameter / Constraint 

Component 

Technical Configuration / 

Expression 

Engineering Function / 

Description 

Network Backbone 
Fully Connected MLP (5 

Layers, 128 Neurons/Layer) 

High-capacity non-linear 

function approximator 

Activation Function 
Modified Swish / Adaptive 

Sine (Sinusoidal) 

Ensures smooth continuous 

second derivatives for AD 

Optimizer & Learning Rate 
Adam + L-BFGS-B (Initial 

LR: 1e-3, Decay: 0.95) 

Combines fast global search 

with precise second-order 

local convergence 



  
 

 

116 Page 106-121 © MANTECH PUBLICATIONS 2026. All Rights Reserved 

 

Journal of Transportation Engineering and Its Applications 

Volume 11, Issue 2, May-August 2026 

ISSN: 3107-4499 (Online) 

 

 

Fatigue Constraint Law 
Miner's Cumulative Rule: D 

= ∑ (n_i / N_f,i) 

Enforces physical fatigue 

failure threshold 

Rutting Constraint Law 
Tseng-Lytton Permanent 

Strain Rate PDE 

Enforces non-decreasing 

rutting deformation rate over 

time 

 

DISCUSSION 

The experimental results conclusively validate the transformative potential of Physics-

Informed Machine Learning for pavement asset management in smart highway networks. By 

integrating physical laws directly into the neural network loss function, PIML successfully 

reconciles the trade-off between empirical interpretability and data-driven predictive power 

[32]. Traditional Mechanistic-Empirical design guides rely heavily on simplified assumptions 

(e.g., linear elastic layered systems) that underpredict distress under extreme climate 

conditions. Pure data-driven ML models, while flexible, lack physical guardrails, leading to 

unscientific predictions when deployed in real-time edge environments [33]. 

 

From an engineering management perspective, PIML models dramatically improve decision-

making in Pavement Management Systems (PMS). By providing physically consistent 20-

year deterioration trajectories, highway agencies can optimize lifecycle cost analysis 

(LCCA), transitioning from reactive repair schedules to proactive, preventative maintenance 

strategies. Furthermore, the ability of PIML to maintain high prediction accuracy under 

sparse data regimes (<15% sensor coverage) significantly lowers the capital expenditure 

required for continuous sensor deployment across vast highway networks [34]. 

 

LIMITATIONS 

Despite its compelling advantages, several technical limitations currently hinder the 

widespread industrial deployment of PIML models: 

 Computational Training Overhead: Evaluating automatic differentiation (AD) derivatives 

for high-order PDEs during every backpropagation epoch increases computational 

training time by 3× to 5× compared to standard neural networks [35]. 

 Sensitivity to Hyperparameter Loss Weights: The performance of PINNs highly depends 

on balancing w_data, w_phy, and w_bc. Imbalanced weights frequently lead to vanishing 

gradients or optimization stagnation in sub-optimal local minima [36]. 
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 Spatial Heterogeneity & Unknown Initial Conditions: In legacy highway networks, 

accurate historical records of layer thickness, subgrade dynamic modulus, and initial 

construction defects are often incomplete, introducing parametric uncertainty into the 

governing PDEs [37]. 

 

FUTURE SCOPE 

To accelerate the adoption of PIML in smart transportation infrastructure, future research 

should focus on the following directions: 

 Neural Operators (FNO & DeepONet): Transitioning from classic PINNs to Fourier 

Neural Operators (FNOs) and Deep Operator Networks (DeepONets) to enable infinite-

dimensional mapping and real-time operator learning across variable pavement structures 

and climate zones [38]. 

 Dynamic Adaptive Loss Weighting: Implementing self-adaptive learning rate algorithms 

(e.g., Neural Tangent Kernel analysis and Gradient Pathologies remedies) to dynamically 

update loss weights w_phy during training [39]. 

 Edge Computing & Digital Twins: Embedding lightweight PIML surrogates directly onto 

IoT edge gateways and micro-controllers to enable real-time pavement structural health 

monitoring and continuous Digital Twin updates [40]. 

 

CONCLUSION 

This paper presented a rigorous, state-of-the-art review and critical evaluation of Physics-

Informed Machine Learning (PIML) models for predicting pavement deterioration in smart 

highway networks. By seamlessly coupling fundamental mechanics-based degradation laws 

(Miner's fatigue accumulation, viscoelastic permanent strain rate equations, and thermal heat 

transport PDEs) with deep multi-layer neural networks via automatic differentiation, PIML 

resolves the core vulnerabilities of traditional empirical models and unconstrained black-box 

ML algorithms. The findings confirm that PIML achieves up to 69.6% error reduction in 

sparse data environments, maintains strict physical plausibility during multi-year 

extrapolation, and delivers superior accuracy across rutting, fatigue cracking, thermal 

cracking, and roughness metrics. As smart highway technologies continue to evolve, 

integrating PIML with real-time IoT edge telemetry and Digital Twin frameworks will define 

the next generation of resilient, sustainable transportation infrastructure. 
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