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Abstract

Machine learning has become a field of growing interest in asphalt pavement engineering,
spanning mix design, material characterization, performance prediction, distress detection,
sustainability, quality control, and maintenance planning. However, a lack of transparency
can undermine engineering trust, defensibility, and field implementation. This systematic
scoping review aims to synthesize explainable artificial intelligence (XAI) and interpretable
machine-learning applications for asphalt pavement materials and systems, following
the PRISMA-ScR guidelines. Major scientific databases were used to identify relevant
peer-reviewed studies, which were screened against a set of inclusion and exclusion cri-
teria and categorized into seven research dimensions. A final library of 163 publications
was compiled, comprising 73 core evidence studies and 90 supporting references. The
review covers techniques such as SHAP, LIME, partial-dependence analysis, attention
mechanisms, surrogate models, sensitivity analysis, symbolic modeling, and physically
informed interpretation. The use of XAI in performance prediction, material-property
interpretation, and modeling for mix design is well developed, while distress/damage anal-
ysis, life cycle sustainability, field validation, uncertainty-aware explanation, maintenance
decision support, and human-centered evaluation are still relatively underdeveloped. The
main contribution is a five-layer framework linking data provenance, model performance,
explanation quality, physical plausibility, and decision utility. The review proposes moving
from post hoc feature ranking to validated, physically centered, uncertainty-aware, and
engineer-in-the-loop decision support for asphalt XAI.

Keywords: asphalt pavement engineering; pavement-performance prediction; decision
support; explainable artificial intelligence; interpretable machine learning

1. Introduction
Asphalt pavements are vital transportation infrastructure for highways, urban roads,

freight corridors, ports, and airport facilities. The long-term serviceability is influenced
by mixture design, binder rheology, aggregate gradation and mineralogy, volumetric
structure, traffic loading, temperature, moisture exposure, construction quality, aging, and
maintenance history [1–3]. Traditional engineering design and performance-prediction
methods, such as Marshall, Superpave, and mechanistic–empirical methods, are useful and
important engineering tools, but they are not always sufficient to address problems where
nonlinear interactions between materials, environment, traffic, aging, and construction
variability are the primary drivers of pavement response.
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Artificial intelligence (AI), machine learning (ML), and soft-computing techniques
have thus started to play a more critical role in the prediction of asphalt mix and pavement
responses such as rutting, cracking, moisture susceptibility, roughness, stiffness, volumetric
properties, Marshall parameters, construction quality, and maintenance-related condition
indicators [4–13]. In recent years, ensemble learning, deep learning, transfer learning, data
augmentation, response surface methodology, genetic programming, and hybrid optimiza-
tion have been applied widely to decrease the experimental workload, enhance the pre-
diction accuracy, and assist the design and management of asphalt pavement [8–11,14–21].
These developments are part of a larger trend toward data-driven pavement engineering in
which pavement models are expected to not only forecast pavement performance, but also
to inform material selection, mixture optimization, quality control, sustainability analysis,
maintenance planning, and infrastructure decision-making.

This increasing literature has been summarized from a variety of viewpoints in several
recent review papers. Leukel et al. [6] conducted a systematic review of ML models used for
prediction in the construction of asphalt roads regarding physical properties, and discussed
methodological challenges regarding diversity of input variables, use of sensors, model
evaluation, and quality of reporting. In a review concerning the application of ANNs in
the pavement life cycle, Yang et al. [7] pointed out the need for data collection, parameter
optimization, model transferability, and the annotation effort, which are the challenges for
the application of ANNs during the pavement life cycle. Yaro et al. [13] conducted a review
of the application of response surface methodology and ML in the optimization, modeling,
prediction, and sustainability of asphalt pavement. These reviews, collectively, offer a solid
foundation for comprehending the evolution of data-based research for asphalt pavement.

In existing reviews, however, focus is primarily on model families, prediction tasks,
data sources, optimization strategies, and performance measures [6,7,13]. They are less
concerned about whether explanations reflect the trained model, are robust to data pertur-
bations, are physically valid, are uncertainty-aware, can be transferred across pavement
contexts, and are helpful for engineering decisions. This distinction is significant since high
predictive accuracy does not necessarily mean a model is trustworthy for use in pavement
engineering. For applications in asphalt pavement, model outputs can impact mixture
design, balanced performance evaluation, quality control, sustainable material usage, tim-
ing of treatments, agency budgets, and critical decisions for safety-related infrastructure.
Hence, predictions should be interpretable, auditable, and in line with the science of asphalt
material and pavement mechanics [22–27].

Two of the most popular methods that explain trained ML models in pavement
applications are SHapley Additive exPlanations (SHAP) and Local Interpretable Model-
Agnostic Explanations (LIME). SHAP provides estimates of the contribution of each input
variable to the model prediction, which can be interpreted globally across a dataset, as
well as locally for each prediction [23]. LIME approximates the behavior of a complex
model at a certain data point with a simpler interpretable model, such as a local linear
approximation [22] for individual predictions. In the area of asphalt pavement use, these
methods are frequently applied to determine the significant factors, including binder
characteristics, grading of the aggregates, air void content, traffic loading, temperature,
moisture state, pavement age, and maintenance history. Their outputs, however, must be
read with care since feature rankings may change due to correlated features, the nature
of the datasets, the preprocessing decisions, the type of model used, and the distinction
between global and local explanations.

However, the use of XAI in the field of asphalt mix design and pavement perfor-
mance prediction is somewhat scattered. Numerous studies present SHAP plots, LIME
explanations, partial-dependence plots, attention maps, or feature-importance rankings
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without checking the fidelity, stability, uncertainty, sensitivity to correlated variables, or
consistency with physical mechanisms of the explanations. Others have focused on tech-
niques like interpretable ML, sensitivity analysis, or feature selection, but the explanation
is not necessarily tied to an engineering decision. This leaves a gap in methodology and
translation: while there are numerous potent models in the literature, there are not enough
studies that illustrate how or if explanations translate to being reliable enough to guide
mixture design, sustainability assessment, quality control, field-performance interpretation,
or maintenance planning.

The need for such reliable, interpretable, and auditable AI tools in asphalt pavement
engineering is thus the motivation for this review. With XAI, the engineer can use the
models to diagnose behavior, find influential mixture and pavement variables, seek thresh-
old effects, compare design alternatives, find possible model failures, and communicate
model-based decisions to stakeholders. But these benefits are credible only if explanations
are faithful to the trained model, physically meaningful, uncertainty-aware, and useful
for engineering action. Explanations that are inconsistent with binder rheology, aggregate
interlock, air void behavior, moisture-damage mechanisms, aging behavior, or pavement
deterioration theory should not be used to support engineering decisions.

In this regard, this paper presents an overview of the current state of XAI applications
in the fields of asphalt mix design, material characterization, pavement-performance predic-
tion, distress analysis, sustainability assessment, and pavement decision support. The goals
are to (i) outline the research landscape and key application dimensions; (ii) classify the
XAI and interpretable ML methods applied to the analysis of asphalt pavements; (iii) assess
the relation between model explanations and engineering interpretation; (iv) identify gaps
in methodology, reporting, validation, and implementation that hinder scientific rigor and
practical adoption; and (v) propose a domain-specific framework and research agenda for
trustworthy XAI in asphalt pavement systems.

1.1. Contributions and Review Positioning

This review is designed as a systematic scoping review of an emerging and hetero-
geneous research area and not as a quantitative meta-analysis. It is an extension of ML
reviews of previous asphalt pavements with changes in its scope and emphasis. Past re-
views have highlighted the advancement of ML, ANNs, response surface methodology, and
soft computing in asphalt road construction and pavement engineering for the prediction
of physical properties, construction quality control, pavement monitoring and maintenance
planning, optimization, and pavement modeling for sustainability purposes [6,7,13]. The
studies are useful because they provide a good summary of areas of application, algorithms,
datasets, and methodological issues found in the entire pavement ML literature.

The present review asks a different but complementary question as to whether AI
and ML models applied to asphalt pavement engineering are explainable and trustworthy
enough to be used in engineering interpretation and decision-making. Hence, it identi-
fies accuracy-driven ML research from research that furnishes interpretable/explainable
evidence and information relevant to asphalt material or pavement system decisions. It
also examines the physical viability and stability of explanations, external validation, un-
certainty handling, and usefulness for practical applications, including material selection,
balanced mix design, quality control, distress interpretation, sustainability assessment,
maintenance planning, and pavement asset management.

This review has three major contributions. First, it identifies XAI and interpretable ML
use cases throughout the entire asphalt pavement life cycle, from material characterization,
mix design, field performance, and distress detection, to sustainable asphalt systems and
maintenance decision-making. Second, it unifies explanation techniques like SHAP, LIME,
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partial-dependence analysis, sensitivity analysis, attention mechanisms, surrogate models,
symbolic models, and physically informed explanations. Third, it highlights aspects not suf-
ficiently covered by current reviews on asphalt ML [6,7,13], such as explanation validation,
human-centered interpretation, integration of life cycle sustainability, uncertainty-aware
explanation, physical plausibility, longitudinal field transferability, and decision utility.

The review also suggests a feasible five-layer structure for trustworthy XAI in asphalt
pavement engineering. The framework does not consider XAI to be a toolbox of visualiza-
tion tools, but rather an assessment of the explanations based on representative data, robust
model performance, validated explanation quality, consistency with pavement mechanics,
and clear decision utility. The main rationale is that trustworthy XAI should move beyond
feature ranking explanations to decision-oriented explanations that benefit a balanced mix
design, sustainable material selection, quality control, condition assessment, maintenance
prioritization, and pavement asset management.

While previous reviews of asphalt and pavement models and reviews of ML focus
primarily on cataloging model families, prediction targets, optimization workflows, and
reported accuracy [6,7,13], the current review attempts to focus on a narrower gap in the
science: answering the question of whether model explanations can be sufficiently faith-
ful, stable, physically plausible, uncertainty-aware, transferable, and useful for asphalt
pavement-engineering decisions. Hence, the novelty of this review is not only the compi-
lation of the XAI techniques, but also the assessment of the quality of explanations with
respect to the behavior of the asphalt material, the mechanics of the pavement, and the
use of explanations for mix design, quality control, sustainability assessment, pavement-
performance interpretation, and pavement maintenance planning.

1.2. Research Questions

This review follows four research questions:
RQ1: What are the current XAI or interpretable ML applications in the field of asphalt

pavement, and what are the remaining areas requiring development?
RQ2: What are the most prevalent explanation methods, and how are they related to

engineering interpretation?
RQ3: What is the current state of XAI and interpretable ML research for the pur-

poses of facilitating trustworthy decision-making in asphalt mix design, quality control,
sustainability assessment, pavement-performance prediction, and maintenance planning?

RQ4: What gaps exist in the methodology that need to be filled for better explana-
tion fidelity, stability, physical plausibility, uncertainty-awareness, field transferability,
human-centered evaluation, and practical decision utility for the field of asphalt pave-
ment engineering?

2. Methodology
2.1. Review Protocol

The review was carried out and reported following the Preferred Reporting Items
for Systematic Reviews and Meta-Analyses extension for Scoping Reviews (PRISMA-ScR)
guidelines. There was no registered or deposited review protocol before the review was
carried out. The review’s search strategy, information sources, eligibility criteria, evidence-
classification approach, extracted data items, and qualitative synthesis procedure are
reported to assist with the reproducibility and transparency of the review.

PRISMA is a reporting framework designed to improve transparency in systematic
reviews and meta-analyses, whereas PRISMA-ScR is intended for scoping reviews that map
broad, heterogeneous, or emerging research areas [28,29]. Meta-analysis is a quantitative
synthesis in which numerical results from sufficiently comparable studies are statistically
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pooled to estimate an overall effect or relationship [28]. In contrast, a scoping review
is appropriate when the objective is to map the range of available evidence, categorize
research themes, and identify knowledge gaps as a basis for future research [29].

A PRISMA-ScR-guided scoping review design was appropriate for the current paper,
as the reviewed literature presents a variety of pavement applications, datasets, model
families, explanation processes, validation methods, and performance measures. The
included studies cover a variety of outcomes, including rutting, cracking, roughness,
CTIndex, Marshall properties, moisture susceptibility, distress classification, sustainability
indicators, quality-control issues, and maintenance decisions. Therefore, the synthesis
focuses on systematic mapping, thematic interpretation, and critical evaluation of the
results rather than quantitative aggregation, which is not appropriate for these differences.
In this regard, the current review presents the evolution of XAI and interpretable ML in
asphalt pavement engineering, outlines the main application areas, rates the maturity of
the methods, and highlights research gaps.

The literature search was carried out in Scopus, Web of Science, IEEE Xplore, ACM
Digital Library, ScienceDirect, SpringerLink, and Google Scholar databases. The last update
of the literature search was in May 2026. There was no predefined minimum year limit for
publications. Records were deemed eligible if they met the topical, methodological, peer-
reviewed, English language requirements and were available by the final search update.
Depending on the database interface, search syntax was adapted: For Scopus, TITLE-
ABS-KEY fields were used, for Web of Science TS fields, and for other databases, the title,
abstract, keyword, and full-text search options were used. The search used both XAI/IML
terms and asphalt/pavement terms, and was supplemented with broader ML terms and
both backward and forward citation searching to identify relevant studies on transparent,
interpretable, or physically meaningful modeling. Only peer-reviewed publications with
final publication metadata available by the final search update were retained.

2.2. Research Dimensions

The studies reviewed were grouped into seven research dimensions that encompass
the primary areas where XAI and interpretable machine learning can aid asphalt pavement-
engineering decision-making. These seven dimensions were coded as follows: (D1) Asphalt
Pavement-Performance Prediction, which included rutting, cracking, roughness, stiffness,
moisture susceptibility, and service-life estimation; (D2) Asphalt Mix Design and Opti-
mization, including volumetric-property prediction, asphalt-content estimation, Marshall
parameters, balanced mix design, recycled-material proportioning, and multi-objective
optimization; (D3) Broader Applications of Machine Learning in Pavement Engineering,
which included condition assessment, surrogate modeling, structural-response prediction,
sensor-based monitoring, computer vision, and automated model selection; (D4) Asphalt
Material Properties and Behavior, focusing on binder rheology, aging, adhesion, moisture
damage, microstructure–property relationships, and fracture behavior; (D5) Pavement
Distress and Damage Analysis, which included fatigue cracking, rutting, thermal crack-
ing, top-down cracking, reflective cracking, raveling, and image-based distress detection;
(D6) Sustainable Asphalt Pavement Systems, such as recycled asphalt pavement, waste-
modified mixtures, cold recycling, rejuvenators, industrial byproducts, plastic or rubber
modifiers, and sustainability–performance trade-offs; and (D7) pavement maintenance
and decision-making, including pavement-management systems, degradation forecasting,
treatment timing, maintenance prioritization, quality-control interpretation, reinforcement
learning, asset-management analytics, and decision-support workflows. These dimensions
were utilized as analytic categories and not mutually exclusive groups. Several studies were
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used for more than one dimension, and these were included based on the main contribution
and then referenced in the appropriate cross-cutting discussion.

The seven dimensions of research were initially identified within the context of the
asphalt pavement life cycle and the major application areas reported in previous pavement
ML reviews [6,7,13] and subsequently further developed during screening and coding to
match the topics covered in the included studies. This approach allowed the separation of
wider pavement ML applications and more focused applications, including the prediction
of performance, mix design and optimization, behavior of asphalt materials, analysis of
distresses and damages, sustainable asphalt, and decision support for maintenance.

2.3. Inclusion and Exclusion Criteria

Studies were only included in the core synthesis if they (1) addressed topics related to
the engineering of asphalt pavement, asphalt mixtures, asphalt binders, pavement perfor-
mance, pavement distress, pavement maintenance, quality control, or other bituminous con-
struction materials; (2) used a model that was interpretable via XAI, interpretable machine
learning, sensitivity analysis, feature-importance analysis, symbolic modeling, surrogate
modeling, partial-dependence analysis, attention-based interpretation, uncertainty-aware
explanation, or another transparent modeling approach; (3) reported on evidence from
empirical, laboratory, field, image-based, sensor-based, numerical, or simulation-based
studies; (4) provided adequate methodological detail to determine the model, variables,
method of interpretation, validation process, and engineering relevance; and (5) were
published in English in either a peer-reviewed journal or a conference proceeding.

Since the terminology of ML studies in asphalt pavements is not standardized, the core
synthesis separated the XAI/interpretable ML methods from complementary engineering-
interpretation tools. Methods like SHAP, LIME, partial dependence, surrogate modeling,
symbolic regression, attention-based interpretation, feature-attribution analysis, sensitivity
analysis, and uncertainty-aware explanation were considered as XAI or interpretable
modeling methods. Other physical characterization or validation tests, such as Marshall
testing, FAA, wheel tracking, IDEAL-CT, TSR, dynamic modulus testing, and similar
laboratory or field procedures were also regarded as physical characterization or validation
tools that aid engineering interpretation rather than XAI methods themselves.

Studies were screened out of the core synthesis if they were either not related to asphalt
pavement or bituminous material applications or did not report accuracy of prediction
with an interpretable or explainable component, if they lacked sufficient methodologi-
cal detail, if they were duplicates, or if they were not available as a complete text, or
were non-peer-reviewed reports, theses, editorials, or commentaries. Studies were not
excluded, however, if they did not explicitly mention the term “XAI” but applied one of
the following approaches: transparent modeling, sensitivity analysis, symbolic regression,
feature-importance analysis, uncertainty-aware interpretation, or physically meaningful
explanation related to pavement engineering.

2.4. Study Selection and Evidence Classification

The study selection process involves identification, screening, eligibility assessment,
evidence classification, and thematic synthesis. The screening, eligibility assessment,
evidence classification, and data charting were undertaken by the author based on the
inclusion and exclusion criteria outlined in Section 2.3, and using a structured extraction
form for the extraction of bibliographic information, application area, material or pave-
ment system, data source, model type, output variable, explanation method, validation
approach, uncertainty treatment, engineering interpretation, decision-support relevance,
and limitations reported in each study.
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Records identified after database searching, keyword combinations, and checking for
references in relevant review papers were screened for inclusion by the title, abstract, and
full text using the inclusion and exclusion criteria outlined in Section 2.3. Studies that met
these criteria were deemed to be core evidence studies. The studies were then coded based
on the seven research dimensions outlined in Section 2.2, based on the main application
area and contribution of the studies. The coded studies were then qualitatively synthesized
to look for common findings, explanations, methodological limitations, applicability for
decision-making, and implications regarding the provision of trustworthy XAI to the
discipline of asphalt pavement engineering.

The difference between core evidence studies, supporting references, and excluded
records was based on the evidence each source contributed to the synthesis. The final
curated reference library comprised 163 unique publications. Of these, 73 studies were
considered core evidence studies, as they specifically dealt with AI, machine learning, XAI,
interpretable modeling, transparent prediction, sensitivity analysis, surrogate modeling,
symbolic modeling, uncertainty-aware explanation, or data-driven decision support in
asphalt pavement or bituminous material-related applications. The remaining 90 publica-
tions were kept as background material to support the background on asphalt materials,
mechanisms for pavement performance, PRISMA-ScR reporting, general theory of XAI,
general positioning of pavement ML, and methodological context, and were not counted
as core evidence studies. Records were excluded when they were out of the scope of the as-
phalt/bituminous, non-peer reviewed, not available as full text, duplicates, and insufficient
methodological detail.

A structured coding approach was used for data extraction and data classification.
The data extracted for each publication consisted of bibliographic information, the area
of pavement application for the model, the material or pavement system, the source of
data, the variables of the model, the variables in the output, how the information was
interpreted or explained, the validation method, treatment of uncertainty if mentioned,
engineering interpretation, relevance for decision-making support, and limitations to the
model. The core studies were allocated to a primary research dimension based on the major
contribution they provided, with studies on more than one topic also being considered for
related cross-cutting discussions.

To enhance transparency, the process that led to the selection of studies and classi-
fication of evidence is summarized in the PRISMA-ScR flow diagram in Figure 1, which
outlines the process of searching the literature through screening, assessment for eligibility,
evidence classification, research dimension coding, and qualitative evidence synthesis. The
73 core evidence studies have been categorized by primary research dimension in Table 1.
The intent of this classification was not to imply strict separation between topics, but rather
to provide a way to organize the thematic synthesis and distinguish the core evidence
related to XAI and/or interpretable ML in the pavement engineering and methodological
domains. The PRISMA-ScR checklist and representative electronic search strategy are
provided in Supplementary Tables S1 and S2, respectively.
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Figure 1. PRISMA-ScR flow diagram of the study selection, evidence classification, and synthe-
sis process.
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Table 1. Classification of the core evidence studies based on the seven research dimensions.

Dimension Main Focus
Core Evidence

Studies Assigned to
the Dimension

Number of
Studies Main Relevance to the Review

D1
Asphalt

pavement-performance
prediction

[3,8,9,16,20,30–47] 23

Predictive modeling of rutting, roughness, stiffness,
permanent deformation, pavement deterioration,

structural response, and climate-sensitive
performance, with emphasis on explainable or

interpretable model behavior.

D2 Asphalt mix design and
optimization

[5,10,11,14,15,17,19,
21,48–53] 14

Data-supported mix design, volumetric-property
prediction, asphalt-content estimation,

Marshall-property prediction, symbolic modeling,
transfer learning, sensitivity-based interpretation,

and optimization of asphalt mixtures.

D3 Broader ML applications
in pavement engineering [12,54–61] 9

Computer vision, pavement-condition
classification, distress segmentation,

structural-response prediction, sensor-based
monitoring, automated model selection, and

broader pavement ML applications.

D4 Asphalt material
properties and behavior [18,62–75] 15

Interpretation of binder rheology, dynamic
modulus, stiffness, moisture susceptibility,

adhesion, aging, CTIndex, cracking resistance,
rutting susceptibility, and

material-property prediction.

D5 Pavement distress and
damage analysis [76–80] 5

Cracking-resistance prediction,
IDEAL-CT/CTIndex modeling, fatigue-cracking

assessment, overlay cracking, HMA cracking
interpretation, rutting, moisture damage, and

pavement distress mechanisms.

D6 Sustainable asphalt
pavement systems [81–84] 4

XAI and ML applications for sustainable asphalt
materials, including fiber-reinforced mixtures,

industrial byproducts, cigarette-butt-fiber-modified
SMA, waste-glass–asphalt mixtures, and

sustainability performance trade-offs.

D7 Pavement maintenance
and decision-making [85–87] 3

Pavement-condition prediction,
maintenance-aware deterioration modeling,
treatment prioritization, asset-management

analytics, reinforcement learning-based
maintenance, and decision-support workflows.

3. Results
The 73 core evidence studies were not evenly distributed across the seven dimensions

of research. Twenty-three studies (31.5%) focused on D1 performance prediction, 15 studies
(20.5%) on D4 material properties and behavior, 14 studies (19.2%) on D2 mix design and
optimization, 9 studies (12.3%) on D3 broader pavement machine learning applications,
5 studies (6.8%) on D5 distress and damage analysis, 4 studies (5.5%) on D6 sustainable
asphalt systems, and 3 studies (4.1%) on D7 maintenance and decision-making. This distri-
bution shows that the XAI and interpretable ML applications are most prevalent in areas
such as performance prediction, material-property interpretation, and mix design-related
modeling; while distress/damage analysis, sustainability assessment, and maintenance-
oriented decision support are relatively underrepresented in the core evidence base of
asphalt-XAI.
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3.1. Research Landscape and Thematic Evolution

The literature reviewed suggests that the research on ML and XAI related to asphalt
has progressed from prediction to more interpretive and decision-focused modeling in
order to increase the level of accuracy. However, previous work on pavement has made
many of these studies less explicit on the use of a label XAI and rather included sensitiv-
ity analysis, transparent regression, symbolic models, or physically indicative variables.
Explainable model behavior and engineering interpretation have become an increasingly
popular approach in more recent studies that typically rely on SHAP, LIME, attention mech-
anisms, tree-based ensemble models, data augmentation, interpretable optimization, and
climate-aware pavement-performance modeling [8–13,22,23,30–33,54,62,81]. This change
acknowledges the current trend of using model predictions in addition to asphalt mix de-
sign and performance assessment for purposes of quality control, sustainability assessment,
and maintenance planning.

The most advanced application area is that of performance prediction. Rutting, fatigue
cracking, roughness, moisture damage, dynamic modulus, pavement-condition indices,
and structural responses are common targets since they directly impact pavement design,
acceptance, and maintenance decision-making [8,9,16,34–45,55,63–65,88–97]. In contrast,
applications of XAI to balanced mix design, sustainability optimization, decision support
for the life cycle of mix, or maintenance-policy explanation are less evolved. This bias may
indicate that a significant portion of progress has been made in accounting for models, yet
there is still a way to go in transforming explanations into design standards, quality-control
practice, and agency workflow.

Overall, the literature shows a shift from a prediction-centered to a domain-informed
and decision-oriented explanation of modeling. One of the challenges is to shift the empha-
sis of describing variables used in a model towards articulating why they are important for
material design decisions, durability, safety, cost, sustainability, or maintenance plans, and
if they form appropriate explanations to support defensible engineering decisions.

3.2. Predictive Modeling of Asphalt Pavement Performance

The largest and most mature area covered in the reviewed evidence base is perfor-
mance prediction. Research within this cluster has demonstrated that interpretability
methods can help to better understand the complex pavement behavior while maintaining
the predictive accuracy. The best results have been those that have taken data-driven
models and sought physically meaningful predictors to test if the model behavior was
consistent with the mechanism of the pavement and not simply stated as a list of input
variables that were ranked.

Hybrid models combine physical pavement principles and data-driven approaches to
enhance the accuracy of predictions and engineering interpretation. Physically meaningful
variables can be provided by mechanistic response models, finite-element simulations,
and continuum-damage concepts, which can also be used to demonstrate the influence
of the variables on the output under varying traffic, temperature, structural, and material
conditions [88,89]. The most convincing studies apply explanations to the question of
consistency with the existing pavement mechanics, and do not rely solely on ranking
of features.

The most popular technique for XAI is feature-importance analysis. SHAP and LIME
have the added advantage of being applicable to a vast number of model classes and
allowing for both global and local interpretation [22,23]. In all the studies reviewed, factors
such as binder grade or stiffness, air void content, structure of the aggregate, traffic loading,
age of pavement, temperature, moisture-related factors, maintenance history, and climate
factors are common influential factors [8,9,16,34–40,63,64,90–94]. The feature-importance

https://doi.org/10.3390/asi9070133

https://doi.org/10.3390/asi9070133


Appl. Syst. Innov. 2026, 9, 133 11 of 41

ranking, however, should not be taken too literally, as it may change depending on the com-
position of the dataset, the correlations between the features, the nature of the model, and
the preprocessing options. A representative example of variable importance interpretation
for the prediction of rutting-related performance is shown in Figure 2. In this ANN-based
research, the gradation passing a 4.75 mm sieve and theoretical maximum specific gravity
were determined to be the most significant inputs in predicting the axial permanent strain,
showing how interpretable ML can be associated with the characteristics of the mixture
and the susceptibility of permanent deformation [20]. Contribution plots alone will not
give causality or describe full interactions, so they should be used alongside sensitivity
analysis, SHAP dependence analysis, partial-dependence plots, and engineering judgment.

Figure 2. Variable-importance interpretation of input contributions in axial permanent strain predic-
tion of asphalt concrete using ANNs [20].

Surrogate modeling offers interpretable approximations to computationally intensive
models of pavement. Ref. [41] created artificial neural network surrogate models for
asphalt pavement roughness prediction and found that the models achieved high levels
of prediction accuracy with less computational effort when compared to mechanistic-
empirical models. Using partial-dependence analysis, ref. [42] employed Bayesian neural
networks for surrogate construction of 3-D finite-element pavement response models to
interpret nonlinear relationships between layer thicknesses and the pavement critical strain
responses. These surrogate methods are very convenient for cases where the results of a
structural, stiffness-related, or mechanistic simulation are too costly to calculate repeatedly.

There are some ongoing areas of concern. Firstly, the explanation methods should be
able to handle temporal degradation processes such as in [43], where attention mechanisms
are added to a highway-performance model based on LSTMs to factor in cumulative loading
and time-dependent changes. Secondly, the relationship between material properties and
environmental exposure conditions is often climate or region-specific, as shown in warm-
climate pavement-performance modeling [44]. Thirdly, while a complex ensemble and
deep-learning model can improve the predictive accuracy, it adds to the computational
burden and interpretable burden as well, for example, the CNN-BiLSTM-Attention-based
model [45].

Recent work mitigates these restrictions by using more advanced XAI implemen-
tations. Multiple types of distress have been segmented by transformer networks and
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integrated gradients [55]; data-augmented XAI has been applied to the prediction of pave-
ment roughness, which aims to solve issues with imbalanced historical condition data [9].
SHAP transfer learning and hybrid AI models for asphalt-content prediction have also been
presented, showing how to leverage knowledge from previous mixture designs to mitigate
the need for data collection for target-specific applications [11]. Recent studies related to
LTPP and pavement management also show that explainable ensemble learning can assist
IRI and PCI prediction under maintenance/no maintenance conditions, multi-climate stres-
sors, extreme climate indices, and region-specific asphalt pavement conditions [16,30–33].
These studies show that explainability is not just being applied post-training of models,
but is now considered during model development.

Further research works enhance methodological variants of explainable performance
prediction. The rutting-susceptibility test methods were compared, and the importance of
interpreting the binder parameter relative to field performance was noted by [95]. Strain
responses measured on asphalt pavement were analyzed and related to distress-prediction
models by [96]. The study of [97] discussed the fatigue and rutting life estimation and
highlighted the need to make a correlation between the predicted failure probability in
service and maintenance history.

To summarize the above evidence, Table 2 summarizes the key pavement-performance
indicators, recurring influential variables, interpretive uses, and representative sources
for using XAI and interpretable ML to connect predicted pavement responses of mate-
rials, structural conditions, environmental exposure, traffic loading, and maintenance-
related decisions.

Table 2. Frequent variables and interpretative applications in XAI-based pavement-performance
prediction.

Performance
Indicator Commonly Influential Variables Interpretive Use in Reviewed Studies Representative

Sources

Rutting/permanent
deformation

Binder PG grade or stiffness; air voids;
traffic loading; temperature; aggregate

structure; volumetric properties

Explains deformation susceptibility and
checks whether model behavior is
consistent with mechanistic rutting

knowledge and laboratory/field
rutting trends.

[34–37,95]

Fatigue cracking

Binder stiffness; recycled-material
content; temperature range; loading

rate; fracture-energy indicators;
strain response

Links predicted cracking to mixture
fracture behavior, viscoelastic damage,

traffic loading, and field
fatigue mechanisms.

[90–93,98–100]

IRI/roughness
progression

Pavement age; initial smoothness;
maintenance history; traffic; climate

exposure; pavement type

Supports long-term serviceability
prediction and clarifies how construction

quality, environment, traffic, and
maintenance affect roughness progression.

[30,32,33,38–
40,85,86]

Moisture damage

Aggregate absorption;
binder–aggregate adhesion;

freeze–thaw exposure; binder
modification; RAP content; air voids

Identifies susceptibility mechanisms and
helps separate adhesion-related effects
from climate, material variability, and

freeze–thaw exposure.

[63,64,66,67,94,
101,102]

Stiffness/dynamic
modulus

Binder grade; temperature; loading
frequency; mixture composition; aging

condition; volumetric properties

Connects predicted stiffness or modulus to
viscoelastic material behavior and supports
interpretation of structural response under

varying loading and
temperature conditions.

[41,42,65,68–70]

Pavement-condition
indices/network

performance

Pavement age; distress history; traffic
loading; climate variables; maintenance

records; surface condition indicators

Supports pavement-management decisions
by explaining condition deterioration,

treatment timing, and
maintenance/no-maintenance

performance scenarios.

[16,30–
33,54,85,86]
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Generally, the development of XAI is moving beyond the simple ranking of the
features to include models that integrate data-based predictions with pavement-engineering
knowledge. The consistency of key predictive variables that are summarized in Table 2 is
consistent with the principles of pavement design, but also shows some interactions that
should be further explored. There are still no standardized measures of explanation fidelity,
stability, uncertainty, and engineering usefulness, and more widespread use of hybrid
models where physical constraints are embedded in interpretable architectures of ML.

3.3. Data-Supported Asphalt Mix Design Optimization and Mixture Structure Interpretation

XAI-supported asphalt mix design is a smaller, yet important evidence cluster when
compared to performance prediction. Research in this area is centered on the use of data to
optimize the mix design, while the experimental and computational efforts help to explain
the mixture structure, material compatibility, and constructability of the product. These
studies demonstrate how data-driven approaches can be used and can benefit traditional
mix design, whether it is for optimizing multiple objectives, screening through the lab-
oratory, predicting performance, or interpreting material properties. The most apparent
themes are the prediction of volumetric properties, prediction of asphalt content, predic-
tion of Marshal stability and flow, integration of sustainable materials, design of recycled
and cold mixtures, aggregate-structure modeling, binder–aggregate adhesion, moisture
susceptibility, and performance analysis of compaction [8,10,11,14,15,17,19–21,48,49].

A major use is volumetric-property optimization, since air voids, VMA, VFA, binder
content, theoretical maximum specific gravity, Marshall stability/flow, retained stability,
and aggregate gradation have a strong influence on the performance of the mixture. The
interpretable ML approach has been applied to predict volumetric properties based on
SHAP-based explanation [14], and symbolic modeling has been used to directly model
interpretability for theoretical maximum specific gravity [15]. It has also recently been used
to interpret Marshall stability and flow, asphalt-content transfer learning, and prediction of
the Retained Stability Index (RSI), which indicates that XAI can be used to support labora-
tory screening of performance testing before full-scale testing [8,10,11,19,21]. For instance,
Dai et al. [14] integrated outlier detection, feature engineering, XGBoost prediction, and
SHAP interpretation into a single workflow for volumetric-property prediction. Similarly,
ANN-based prediction was extended to dense-graded glasphalt mixtures and utilized
mix design, volumetric, binder, aggregate, and waste-glass variables to predict Marshall
stability and flow, with parametric analysis used to explain the influence of variables on
the predicted mixture performance [49]. As illustrated by the examples, an interpretable
ML approach can mitigate the workload in experiments without compromising the in-
terpretability of the engineering problem and can be used to make practical engineering
mix-design decisions.

Optimization of sustainable materials and recycled mixtures is another important
research area, especially for rubberized asphalt, waste-modified mixtures, cold recycling,
and bituminous-stabilized materials. Deep-learning methods have been applied to rub-
berized asphalts to find optimum formulations and rubber contents that can be used to
trade off stiffness and cracking resistance [50]. In cold recycling and bituminous mix-
tures stabilized with emulsion or foamed bitumen, mix-design frameworks must take into
consideration how the presence of emulsion or foamed bitumen influences the way the
mixtures behave, the type of gradation, moisture condition, curing procedure, laboratory
compaction method, and the triaxle shear properties that affect the structural pavement
design [103–107]. As illustrated in these examples, the usefulness of XAI-supported mix de-
sign is most pronounced when explanations are tied to a practical constraint, like the need
to satisfy specification, constructability, durability, and workload for laboratory testing.
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Both the aggregate-characteristic and computational structure studies are important
for the support of an interpretable mix design. Based on experimental investigations,
the angularity, surface texture, particle shape, and packing property of fine aggregate
are correlated with stability, resistance to rutting, and surface performance [108,109]. On
the other hand, computational investigations such as image analysis, X-ray CT, finite-
element modeling, DEM, and contact-structure analysis relate gradation, particle shape,
internal packing, void distribution, and microstructure to the response on the scale of the
mixture [110–114]. For instance, [110] described the proposal of an image-based multiscale
finite-element approach for the prediction of the mechanical response from gradation
and volumetric properties, ref. [112] described a discrete-element simulation approach for
evaluating the aggregate packing of porous asphalt, and [114] described the development of
a method that correlates aggregate contact structure to rutting performance. These methods
offer microstructural information that would be hard to obtain with routine laboratory
testing alone.

Interpretable modeling and performance-based evaluation also play a role in binder–
aggregate adhesion, susceptibility to moisture, and specialized mixture design and con-
structability. A predictive adhesion model for asphalt–aggregate and moisture-damage sus-
ceptibility was developed as a function of aggregate oxide composition by [66] using pull-off
de-bonding test results. Studies on mixture additives, functional layers, dynamic-modulus-
based performance criteria, smart compaction, vibratory compaction, and laboratory–field
compaction differences have been performed to date [115–119]. These studies demonstrate
that, in a wider sense, the interpretability of mixture design can be equally valuable as XAI
without models when broadening the understanding of why a mixture is likely to yield
better performance or be easier to construct in response to a question of the user.

To summarize the main mix-design and mixture-structure themes discussed above,
Table 3 lists the main methods discussed above utilized in the studies reviewed, in re-
lation to their use in the volumetric design, Marshall-property prediction, sustainable-
material incorporation, recycled and cold-mixture design, aggregate-structure interpreta-
tion, binder-aggregate compatibility, moisture-resistance assessment, and constructability-
related decisions.

There are still significant barriers to implementation. Many mix-design studies are
based on a small number of data sets, which might not represent the variation in binder
source, aggregate mineralogy, plant production conditions, aging state, climate, and re-
gional construction practices. After fitting the model, explanation methods are also com-
monly employed without regard to the stability of the explanation under resampling,
robustness to correlated variables, or physical meaningfulness of the explanation to the mix
designer. Hence, future developments of XAI for mix design should be able to incorporate
balanced mix design concepts, mechanistic constraints, external validation, calibrated input
ranges, and uncertainty-aware explanations, instead of solely high prediction accuracy.

Based on the evidence reviewed, ML can help to shift the paradigm for asphalt mix
design toward a more transparent, data-driven process with the inclusion of XAI. These
methods can lead to a higher efficiency in optimizations and can be used to further under-
stand the mechanics of asphalt mixtures by modeling the relationship between mixture
composition, volumetric properties, material compatibility, constructability, and perfor-
mance indicators. But the recommendations given by XAI should be used as an output
of decision support, rather than a replacement for laboratory verification or engineering
judgment. The models need to be accurate, physically meaningful, interpretable, and
engineering-practice-friendly; this demands close collaboration between pavement engi-
neers and data scientists for successful implementation.
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Table 3. Representative techniques for optimizing asphalt mix designs and for interpreting the
structure of asphalt mixtures.

Mix Design Focus Modeling/Interpretation
Approach

Key Contribution to Mix Design
Interpretation

Representative
Sources

Volumetric and
Marshall properties

Interpretable ML, symbolic
modeling, neural prediction, SHAP,

and sensitivity analysis

Predicts air voids, VMA, Marshall
stability/flow, asphalt-content

parameters, theoretical maximum specific
gravity, and retained stability to support
transparent mixture proportioning and

laboratory screening.

[5,14,15,19,21,
49,51]

Multi-objective mix
design

ANNs, genetic algorithms,
optimization models, and

Pareto-based interpretation

Searches feasible mixture designs while
balancing volumetric requirements,

specification limits, cost, and
performance targets.

[48]

Sustainable-material
mix design

Deep learning, response-surface
methods, and

performance-oriented optimization

Supports rubberized asphalt and
waste-modified mixtures by clarifying
performance trade-offs and identifying

feasible modifier or additive ranges.

[50,120]

Recycled and cold
mixtures

Cold-recycling and
bitumen-stabilized-material design

frameworks, response-surface
methods, and sensitivity analysis

Interprets effects of emulsion or foamed
bitumen content, gradation, moisture,
curing, compaction method, and shear
properties on recycled and stabilized

mixture performance.

[103–107]

Aggregate angularity
and morphology

FAA testing, Marshall testing,
wheel tracking, skid-resistance
evaluation, and image-based

morphology analysis

Links fine-aggregate angularity, surface
texture, particle shape, and aggregate
packing to mixture stability, rutting
resistance, and surface performance.

[108,109]

Computational
aggregate-structure

modeling

X-ray CT, finite-element modeling,
DEM, contact-structure analysis,

and multiscale
image-based modeling

Connects gradation, particle shape,
internal packing, contact structure, void

distribution, and microstructure to
mixture-scale mechanical response.

[110–114]

Binder–aggregate
adhesion and

moisture-related
mix design

Chemistry-based adhesion
prediction, pull-off testing, and

moisture-susceptibility modeling

Explains asphalt–aggregate compatibility,
stripping susceptibility, and

moisture-damage risk to support
aggregate and binder selection.

[66,115,116]

Specialized mixtures
and constructability

Dynamic-modulus-based
evaluation, compaction analysis,

smart compaction, and
laboratory–field

compaction comparison

Connects additives, functional mixture
design, compaction method, particle
movement, internal temperature, and

compactability with construction
quality control.

[117–119]

3.4. Broader Machine Learning Applications in Pavement Engineering

In pavement engineering, ML has found its relevance in performance prediction,
material characterization, condition assessment and structural health monitoring, opti-
mization, and maintenance planning. This subsection combines various general ML uses
where the technology is not specifically associated with a single property of the asphalt
material or distress mechanism. With a focus on interpretable ML, emphasis is placed
on how data from different sources, such as lab measurements, pavement images, sen-
sor readings, field-performance records, LTPP/PMS databases, and asset-management
data, are combined together. The key methodological developments are the prediction
of temporal distress, condition assessment based on images, network-level performance
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forecasting, design space exploration, sensor-based monitoring, and maintenance-oriented
analytics [8,9,12,13,16,43,55–58,85,86].

One of the most prominent larger-scope ML applications is temporal distress and the
prediction of performance. For time-dependent pavement deterioration, LSTM and recur-
rent neural network models are beneficial, as they can model the sequential dependencies
on cumulative traffic loading, climate exposures, and maintenance historical data [43,86].
Even hybrid CNN-BiLSTM attention models have been proposed to integrate feature
extraction, temporal modeling, and interpretability with an attention mechanism [45].
These methods overcome the disadvantages of static regression models, as they enable
deterioration trajectories to be interpreted over time.

The use of images for distress detection and classification has also progressed quickly.
CNNs, transformer models, and hybrid deep-learning architectures can be used to automate
the classification, localization, segmentation, and condition assessment of distress from
pavement images or inspection data [45,55,57]. For these applications, attention maps,
integrated gradients, relevance analysis, and feature visualization are helpful; they enable
engineers to check if the model attends to meaningful distress areas or irrelevant image
artifacts. The importance of visual explanations is even greater for agency-level quality
control and automated pavement inspection.

Tree-based ensemble approaches are often used for non-image field data applica-
tions due to their ability to accommodate noisy datasets such as pavement-management
and LTPP-type data with interpretability via feature importance and SHAP. In IRI, PCI,
and pavement-condition prediction, XGBoost and random forests have been used, and
explanations have been used to determine the impact of pavement-condition indica-
tors, surface conditions, pavement type, maintenance history, climate, and traffic load-
ing [30,32,33,38,39]. These studies highlight how XAI can provide insights regarding non-
linear interactions between construction quality, environmental exposure, traffic demand,
and maintenance actions.

For these general pavement-engineering applications, Table 4 provides a summary of
the key application domains, data sources, methodological innovations, explanation roles,
and representative studies that illustrate using interpretable models for temporal prediction,
distress assessment from images, network-level forecasting, optimization, estimation of
material properties, structural health monitoring, and maintenance analytics.

Table 4. More general machine learning applications and interpretation with pavement engineering.

Application
Domain

ML Technique/Data
Source Key Innovation Explainability/Interpretation

Role
Representative

Sources

Temporal distress
and performance

prediction

LSTM, recurrent
networks, time-series

pavement-
performance data

Captures sequential
deterioration patterns and
cumulative effects of traffic,

climate, and
maintenance history.

Attention mechanisms,
SHAP-style contribution
analysis, and sequence

interpretation clarify time-
dependent degradation drivers.

[40,43,46,86]

Image-based
distress detection
and classification

CNN, CNN–BiLSTM,
transformer models,

pavement images, and
inspection data

Automates distress
classification,

segmentation, and
condition assessment using
visual or multi-modal data.

Attention maps, integrated
gradients, relevance analysis,
and feature visualization help

verify whether models focus on
meaningful distress regions.

[45,55,57]

Network-level
condition and

roughness
prediction

XGBoost, random forests,
ensemble learning,

LTPP/PMS datasets

Models noisy field data for
IRI, PCI, and

pavement-condition
forecasting across regions

and management
scenarios.

SHAP, feature importance, and
PDPs identify effects of age,

traffic, climate, maintenance, and
pavement type.

[30,32,33,38,
39]
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Table 4. Cont.

Application
Domain

ML Technique/Data
Source Key Innovation Explainability/Interpretation

Role
Representative

Sources

Optimization and
design-space
exploration

Genetic algorithms,
surrogate models,
response-surface

methods, and laboratory
mix-design data

Reduces laboratory
iteration and supports

search for feasible mixture
or rehabilitation

alternatives.

Pareto interpretation, sensitivity
analysis, and design-window

screening translate optimization
results into practical guidance.

[48,52]

Material-property
prediction and

symbolic
modeling

Random forests, neural
networks, symbolic

regression,
volumetric/material-

property datasets

Predicts dynamic modulus,
stiffness, Gmm, and related

material properties from
mixture and testing

variables.

Feature importance, PDPs, and
interpretable symbolic

expressions connect model
outputs to material behavior.

[15,68–70]

Sensor-based
structural health

monitoring

Vibration data, deflection
data, nondestructive
testing, Bayesian or

sensor-based classifiers

Uses field or sensor
measurements to support

structural condition
assessment and damage

identification.

LIME, uncertainty-aware
interpretation, PDPs, and

feature-contribution analysis
connect measured signals with
structural condition indicators.

[42,58,59,121]

Maintenance and
asset-

management
analytics

Reinforcement learning,
asset-management

databases, condition
histories, and

decision-policy models

Supports adaptive
treatment scheduling,

intervention prioritization,
and network-level
resource allocation.

Q-value decomposition, scenario
interpretation, and

feature-contribution analysis
explain intervention

recommendations under budget
and service constraints.

[85–87]

Another important and more general direction of ML is optimization and design-space
exploration. To minimize laboratory iteration and search for feasible mixture alternatives or
rehabilitations, genetic algorithms, surrogate models, and response-surface methods have
been employed [48,52]. Together with Pareto interpretation, sensitivity analysis, or design-
window screening, these models can provide engineering guidance based on their high-
dimensional optimization output instead of only finding a statistically optimum solution.

Material-property prediction and symbolic modeling also aid in various pavement ML
applications. Dynamic modulus, stiffness, theoretical maximum specific gravity, and other
material properties have been predicted based on mixture, volumetric, and testing vari-
ables using random forest, neural network, and symbolic-regression approaches [15,68–70].
Interpretability of symbolic expressions, feature importance, and analysis based on partial-
dependency can be useful to connect the outputs of the model with the behavior of the
materials and to increase the transparency of the material-property estimation.

One such application field is sensor-based structural health monitoring, which is still
an emerging field, in which a vibration, deflection, ultrasonic, nondestructive, or field
measurement is utilized to evaluate the condition of a pavement or detect potential dam-
age [42,58,59,121]. LIME, PDPs, uncertainty-aware interpretation, and feature-contribution
analysis can be used to establish relationships between measured signals and structural
condition indicators in such cases. Transferability should not, however, be assumed; pro-
tocol trained on one type of sensor, pavement structure, climate region, or measurement
protocol must be externally validated before being generalized.

Maintenance and asset-management analytics take ML beyond prediction to decision
support. Treatment scheduling, prioritizing interventions, and allocating resources in a
network can be done with the aid of reinforcement learning, asset-management databases,
condition histories, and decision-policy models [85–87]. An explanation is required to make
sense of a recommendation (such as a Q-value decomposition, scenario interpretation, or
feature contribution analysis), describing how budget or service constraints affect the
recommendation and how uncertainty affects the timing of treatment.
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Implementation problems are due to data quality, labeling consistency, class imbalance,
feature correlation, computational costs, and lack of documentation of data provenance.
However, recent work on individual pavements with the use of data augmentation, hybrid
explainable classifiers, interpretation of climate model inputs via SHAP, deployable graphi-
cal interfaces, and symbolic modeling also demonstrates that transparency should be com-
bined with careful data curation, validation, and reporting of model limitations [9,15,33,54].
These are not just technical problems for deployment: these problems are the problems that
decide whether the explanations are still valid when the models are transferred from agency
to agency, from sensor to sensor, from climate to climate, from pavement-management
databases to other databases, and from material source to material source.

In general, wider use of ML in pavement engineering has progressed from demonstra-
tions to practical, infrastructure analytics applications. The increased focus on XAI is in
response to the need for models that can be validated by engineers with domain knowl-
edge, rather than models that optimize statistical accuracy. Future research needs to focus
on scalability, reproducibility, data governance, documenting data provenance, external
validation, and standardized procedures around assessing the quality of explanations for
infrastructure-management scenarios.

3.5. Explainable AI for Asphalt Material Properties and Behavior

By providing a link between composition, microstructure, testing conditions, and per-
formance, XAI has aided in the interpretation of asphalt material properties. The emphasis
in this subsection is on the materials-scale features, such as rheological properties, aging
characteristics, microstructure property relationships, fracture and cracking resistance, and
moisture damage and adhesion. These categories all show how interpretable ML can be
used to connect the empirical testing and mechanistic understanding by determining which
material properties best predict the behavior and whether those predictions follow from
knowledge of the material science of asphalt.

Table 5 summarizes the key domains of asphalt material properties, the key features
for predicting or explaining the connection between the domains and the asphalt material
performance, the XAI/interpretable techniques used, the engineering interpretation, and
representative sources of information to consolidate the evidence at the material scale.

The most widely investigated material characteristics application is the prediction
of rheological properties. The complex modulus and phase angle, stiffness, rutting and
fatigue indicators, and dynamic modulus have been predicted using explainable ML mod-
els as a function of the binder grade, polymer modification, binder chemistry, mixture
composition, temperature, loading frequency, and aging variables [70,71,122–125]. Most re-
cent studies on dynamic-modulus interpretation and asphalt-binder rheological prediction
further support the use of SHAP, LIME, PDPs, or sensitivity analysis in conjunction with
materials knowledge instead of viewing chemical, volumetric, and test-condition variables
as statistical inputs [18,70].

Interpretable modeling has also had a positive impact on aging behavior. Ref. [72]
correlated asphaltene content with the asphalt-mixture aging properties, while Ref. [126]
investigated the microscopic changes in asphalt binder aging by atomic-force microscopy.
Aging effects on conventional binders were evaluated by [127] based on reliability criteria.
In total, these studies demonstrate the power of using interpretable modeling to separate
the influences of the binder chemistry, oxidation, ultraviolet exposure, aging time, modifier
type, and climate exposure on stiffness evolution and durability.
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Table 5. Applications of XAI and engineering interpretation in asphalt material characterization.

Material
Property Domain

Key Predictive/Explanatory
Features

XAI/Interpretable
Technique Engineering Interpretation Representative

Sources

Rheological
properties

Binder grade, polymer
modification, aging duration,

loading frequency,
temperature, binder
chemistry, mixture

composition

SHAP, PDP, LIME,
gradient-boosting

interpretation, sensitivity
analysis

Clarifies how binder composition,
aging state, temperature, and

loading conditions affect complex
modulus, phase angle, stiffness,

rutting indicators, and
fatigue-related properties.

[70,71,122–125]

Aging
characteristics

Asphaltene content,
oxidation, UV exposure,

aging duration, antioxidant
or modifier type, climate

exposure

ANN interpretation,
random-forest importance,

reliability analysis, and
microstructural observation

Supports separation of chemical
aging, environmental exposure,

binder modification, and mixture
response effects on stiffness

evolution and durability.

[72,126–130]

Microstructure
property

relationships

Contact points, aggregate
orientation, void structure,

permeability,
mastic-aggregate bonding,

particle packing

Image analysis, DEM,
finite-element modeling,

X-ray CT, 3-D reconstruction,
digital image correlation

Connects particle-scale and
void-scale descriptors with
mixture-scale mechanical,
acoustic, hydraulic, and
deformation behavior.

[114,131–135]

Fracture and
cracking

resistance

Crack propagation, fracture
energy, CTIndex,

low-temperature response,
gradation, asphalt content,
RAP content, binder grade

XGBoost/SHAP, sensitivity
analysis, predictive

modeling,
fracture-mechanics

interpretation

Identifies variables governing
cracking and tensile resistance

and supports balanced mix design,
cracking-test selection, and

fracture-performance
interpretation.

[62,73,76,77,
136–140]

Moisture damage
and adhesion

Asphalt-aggregate adhesion,
stripping potential,

aggregate chemistry,
freeze-thaw exposure, air

voids, aggregate absorption,
asphalt content

Chemistry-based adhesion
prediction, decision trees,

logistic models,
support-vector models,
model-tree approaches,

sensitivity analysis

Explains moisture-susceptibility
mechanisms and helps screen
mixtures for binder-aggregate

compatibility, stripping risk, and
durability under freeze-thaw or

wet conditions.

[63,64,66,67,94,
101,102]

Microstructure–property relationships are a frontier field of XAI for asphalt mate-
rials. Ref. [114] correlated contact-structure characteristics to rutting performance using
image analysis, while Ref. [131] used digital image correlation to investigate deformation
properties. Ref. [132] modeled asphalt concrete with imperfect aggregate–mastic bonding,
and Ref. [134] correlated the acoustic performance with the porous-asphalt microstructure.
These studies demonstrate that contact points, orientation, void structure, permeability,
mastic–aggregate bonding, and particle packing can be related to the mechanical, acoustic,
hydraulic, and deformation behavior of the mixture through interpretable modeling.

Fracture and cracking-resistance modeling shows the usefulness of XAI for nonlinear
damage processes. Ref. [136] conducted a data analysis of semicircular bending test results
to identify the mixture variables that influence fracture behavior, ref. [137] developed
fracture-energy-based criteria for reflective-cracking performance, and ref. [138] related
the low-temperature cracking behavior to the binder and mixture properties. Further-
more, recent interpretable ML studies on the splitting strength of asphalt-concrete mixtures
demonstrate the ability of the SHAP analysis to quantify the dominant mixture and grada-
tion parameters, provide the favorable parameter ranges, and facilitate data-driven mixture
design in an accessible prediction and explanation workflow [62]. As shown in Figure 3,
this framework combines the development of the datasets, the comparison of models,
the local and global interpretation using SHAP, the ranking of the features used by the
model, the analysis of the dependence of the predictions, and the application with a GUI.
These studies suggest that interpretable models have the potential to transcend empirical
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correlations to elucidate which variables are important for cracking and tensile resistance
under various conditions.

Figure 3. SHAP-based interpretation and GUI-supported application of an interpretable ML frame-
work for the prediction of splitting strength in asphalt concrete [62].

Moisture damage and adhesion are other examples of where interpretable ML can be
helpful for interpreting material behavior. For instance, ref. [66] developed a predictive
model of the quality of asphalt–aggregate adhesion and moisture-damage susceptibility
according to the chemical characteristics of the aggregate, and Ref. [102] investigated the
reversible moisture-damage characteristics of asphalt mixtures. Interpretable models can
be used to uncover the associations between adhesion, aggregate chemistry, stripping
potential, freeze–thaw exposure, asphalt modification, air voids, aggregate absorption,
asphalt content, and predicted moisture susceptibility and damage recovery. As seen in
Figure 4, the model-based sensitivity trends suggest that the predicted Retained Stability
Index (RSI) decreases as filler content, aggregate absorption, and air voids increase, but
increases with the increase asphalt content [21]. These trends are model-based associations
and should be interpreted along with laboratory evidence, field observations, and known
moisture-damage mechanisms prior to consideration for mixture-design decisions.

Additional material characterization studies extend the evidence base to include data
on cracking, rutting, stiffness, aging, freeze–thaw deterioration, binder fatigue, binder
characterization, raveling performance, RAP interaction, and hydrated-lime effects. For
instance, ref. [73] used the Cracking Tolerance Index (CTIndex) to model reclaimed asphalt
pavement (RAP) mixes, ref. [74] statistically analyzed factors affecting the laboratory
rutting susceptibility of mixes, ref. [75] modeled stiffness and Marshall parameters by
adopting a neural network approach, and ref. [141] studied the aging effect of asphalt mixes
with electric-arc-furnace steel slag. The other studies looked at freeze–thaw deterioration
in cold regions [142], binder fatigue mechanisms in the dynamic shear rheometer [143],
binder characterization and viscoelastic properties [144,145], selection of cracking-resistance
tests [140], raveling performance and field validation [146], micromechanical models of
RAP binder interaction [147], and the effects of hydrated lime on pavement responses [148].
More recent studies that are based on balanced-mix design also apply machine-learning
applications to estimate CTIndex and interpret cracking resistance to correlate volumetric
and material variables with performance-related specifications [76,77].
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Figure 4. Sensitivity interpretation of predicted RSI for mixture variables: (a) filler content; (b) aggre-
gate absorption; (c) asphalt content; and (d) air voids [21].

Overall, these studies demonstrate the potential of XAI to enhance the understanding
of the behavior of asphalt materials at multiple scales. Interpretable models can be used to
quantify influential variables and interaction patterns and can be used to guide the selec-
tion of materials, binder modification, selection of cracking tests, moisture-susceptibility
screening, and prediction of performance. However, more work is still needed to develop
standardized interpretation approaches and to validate patterns discovered by XAI with
fundamental materials science mechanisms, particularly for aging, moisture damage, frac-
ture behavior, and other damage processes for which laboratory trends are not necessarily
applicable to field conditions.

3.6. Explainable AI Applications for Pavement Distress and Damage

As the application of XAI and interpretable ML continues to grow rapidly, pave-
ment distress and damage analysis is becoming increasingly critical. This research
direction is different from general performance prediction, as it is about explaining
the mechanisms of failure, identifying the drivers of damage, and assisting with de-
cisions on mixture selection, structural design, rehabilitation, and automated condi-
tion assessment. The primary methods are mechanistic-XAI hybrid models, laboratory
and field distress-prediction models, CTIndex and IDEAL-CT predictions, computer-
vision-based distress detection, feature-importance analysis, and time-dependent damage
modeling [12,55,57,61,67,73,76–80,98–102,129,130,136–139,149–154].

A significant component of this evidence base is cracking-related studies. Laboratory
fracture tests, fatigue-life models, mechanistic–empirical frameworks, statistical models,
and interpretable ML approaches have been used to model fatigue cracking, thermal
cracking, reflective cracking, top-down cracking, and fracture-related damage. Mousavi
Rad et al. [76], for instance, built predictive models for CTIndex based on volumetric
variables and mixture-design variables and have shown that interpretable ML can be used
for supporting performance-based evaluation of asphalt under long-term aging conditions.
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Their feature-importance analysis, using XGBoost methods, showed that asphalt PG was
one of the most important features in their model predicting CTIndex, demonstrating the
importance of binder grade in the predicted cracking resistance. The study shows how a
prediction tool that is explainable can be used to correlate mixture composition and binder
properties to cracking susceptibility.

Mechanistic-XAI hybrid models are a combination of pavement mechanics and data-
driven interpretation. Fracture and strength tests have been adopted to assist in cracking
prediction [149], and mechanistic–empirical models have been proposed for top-down
cracking initiation [150]. In such scenarios, XAI can help explain the importance of the
various factors and variables, such as traffic loading, layer structure, temperature, material
properties, and pavement response variables, to enhance the engineering credibility of
model predictions. These methods are especially important if explanations are to be used to
understand if a predicted failure mode is physically reasonable, not just statistically correct.

Automated distress detection and classification have been improved by computer-
vision techniques. Transformer networks have been applied to multi-type pavement dis-
tress segmentation and pavement-condition-index prediction [55], and “Vision Transformer
Kolmogorov Arnold” network models have been developed for pavement surface-crack
classification [57]. In more recent work, a combination of TabNet and CatBoost was devel-
oped with distress and roughness input, and SHAP interpretation was applied to classify
the pavement surface condition, and alligator cracking was found to be an important
factor [54]. Engineers can use attention maps, integrated gradients, relevance analysis, and
other visual explanation techniques to compare the focus areas generated by the model
with visible distress features, thereby building trust in the automated pavement inspection.

Table 6 summarizes the key pavement distress and damage types, approaches to
prediction or assessment, methods for explaining or interpreting results, relevance for
decision-making, and representative sources focusing on the use of XAI and the use of
interpretable modeling in relation to mapping failure mechanisms to mixture selection,
pavement structural design, rehabilitation planning and automated condition assessment.

The analysis of features importance is still one of the focus points of distress and
damage interpretation. SHAP, LIME, analysis based on partial dependence, sensitivity anal-
ysis, damage-curve interpretation, fracture-mechanics reasoning, and visual explanation
methods have been applied to interpret fatigue cracking, thermal cracking, moisture dam-
age, reflective cracking, rutting, top-down cracking, multi-type distress, and aging-related
damage, as summarized in Table 6. These techniques can assist in fatigue-life estimation,
cracking-risk evaluation, moisture-susceptibility screening, automated distress verification,
selecting of overlays, and interpreting the results of rutting tests.

There are other studies, besides those listed in Table 6, which provide further
methodological depth. Survival analysis has been utilized to evaluate the risk of fatigue
cracking [78], and ordinal logistic regression has been taken advantage of for asphalt
overlay cracking [79]. The performance of ML algorithms has also been compared for
pavement-distress prediction from road-surface inspection data [61], and ANN modeling
has been used to predict HMA cracking from the input variables of temperature, RAP, and
fiber content [80]. Further, PVA-fiber-reinforced HMA mixtures have been investigated,
with a particular focus on the tensile properties and cracking resistance [115]. In concert,
these works demonstrate the link between material design, laboratory testing, field distress
assessment, and rehabilitation decision-making, and illustrate how XAI and interpretable
modeling can be used to make this link.

Challenges include time-dependent damage accumulation, generalizability of models,
and correlating with plausible damage mechanisms. Measured strain responses are useful
for enhancing pavement-prediction models [96], and freeze–thaw deterioration is a major
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issue in cold regions [142]. In these examples, it is clear that traditional post hoc explana-
tions may fail to capture key interactions without being tailored to the type of degradation
occurring on the pavement, cumulative loading, exposure to climate, and material aging.

Table 6. Applications of XAI and decision relevance in pavement distress and damage analysis.

Distress/Damage
Type

Prediction or Assessment
Approach

Explanation/Interpretation
Method Decision Relevance Representative

Sources

Fatigue cracking

VECD-based modeling,
accumulated strain,

fatigue-life prediction,
laboratory fatigue testing,

and hybrid ML models

Damage-curve
interpretation, SHAP,

sensitivity analysis, and
feature-importance

ranking

Supports fatigue-life estimation,
mixture comparison,

rehabilitation selection, and
identification of variables

controlling repeated-load damage.

[90,98–100,154]

Thermal/low
temperature cracking

Binder- and
mixture-property

correlation,
low-temperature fracture
testing, and cracking-risk

prediction

Partial-dependence
analysis, sensitivity
interpretation, and

fracture-mechanics-based
reasoning

Clarifies threshold behavior under
cooling, binder stiffness effects,

and mixture susceptibility to
low-temperature cracking.

[138,139]

Moisture damage
and stripping

Asphalt–aggregate
adhesion models,

aggregate-chemistry
analysis, TSR/stripping
prediction, freeze–thaw

evaluation, and
polymer/lime

modification studies

Chemistry-based adhesion
interpretation,

decision-tree analysis,
feature-importance

analysis, and
sensitivity-based modeling

Supports screening for moisture
susceptibility, binder–aggregate
compatibility, stripping risk, and

durability under wet or
freeze–thaw conditions.

[64,66,67,94,101,
102,151]

Reflective and
fracture related

cracking

Fracture-energy criteria,
semicircular bending

testing, reflective-cracking
models, and interpretable

fracture-performance
prediction

Sensitivity analysis,
fracture-energy

interpretation, and
interpretable predictive

modeling

Connects laboratory fracture
indicators with overlay selection,

cracking-risk evaluation, and
balanced mix design decisions.

[136,137,140]

Rutting/permanent
deformation

Field–laboratory
correlation,

rutting-susceptibility
testing,

permanent-deformation
models, and mechanistic

response analysis

LIME, SHAP, feature
contribution, and

mechanistic sensitivity
analysis

Identifies deformation drivers and
helps evaluate rutting-resistance

tests, mixture variables, and
field-performance relevance.

[34–
37,47,89,95,152]

Top-down cracking

Mechanistic–empirical
models, statistical
cracking-initiation
frameworks, and

pavement-response
analysis

Feature-importance
ranking, sensitivity

analysis, and physical
interpretation of traffic,

layer, and material
variables

Supports interpretation of
cracking initiation mechanisms

and prioritization of structural or
material factors.

[92,150,153]

Multi-type distress
detection

Computer vision,
transformer-based

segmentation, crack
classification, and

automated
pavement-condition

assessment

Attention maps, integrated
gradients, relevance
analysis, and visual

explanation methods

Improves the transparency of
automated distress classification
and helps verify whether models

focus on meaningful
pavement-damage regions.

[55,57,61]

Aging-related
damage

Kinetics-based aging
models, performance

degradation modeling,
and time-dependent
material/property

prediction

Temporal feature
interpretation, sensitivity

analysis, and
aging-mechanism

interpretation

Relates aging state to
deterioration, stiffness evolution,

cracking susceptibility, and
long-term field performance.

[129,130]
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Recent studies indicate a shift towards more integrated XAI applications. Fatigue-life
prediction for mixtures with recycled concrete aggregate has been performed in conjunction
with monotonic fracture testing [154], and “SHAP-TPE-CatBoost” modeling has been ap-
plied to predict the fatigue life for bituminous concrete modified with oil palm clinker [82].
Other CTIndex-based ML research contributes towards balanced mix design, including
correlating cracking performance with mixture properties and developing practical predic-
tion tools for agencies to use [73,76,77]. As these examples show, explainability can give
insight into the compromises between mechanical performance, recycled-material content,
sustainability goals, and distress resistance.

The reviewed studies show the potential for XAI to enhance the analysis of pave-
ment distress and damage by connecting material properties, environmental exposure,
loading history, pavement response, and observed distress. However, there are no stan-
dard criteria for explanation quality, generalizability, and engineering usefulness for the
field. Continued research is recommended in the areas of (1) time-dependent explanation
methods for cumulative damage; (2) multiscale models that relate material structure with
pavement-scale response; (3) benchmark datasets and evaluation protocols for real-world
pavement-management systems; and (4) an explanation method that distinguishes statis-
tical association with plausible failure mechanisms. The above priorities are essential to
enable XAI to be used in support of reliable design, performance prediction, rehabilitation
planning, and service-life extension.

3.7. Sustainable Asphalt Pavement: Eco-Friendly Mix Design via ML Approaches

ML and XAI can be used to help optimize sustainable asphalt pavement design by
quantifying the impact of recycled materials, industrial byproducts, waste-derived addi-
tives, fiber reinforcement, and reducing carbon footprint. This subsection summarizes
research on fiber- and waste-modified mixtures, RAP optimization, aged-binder rejuve-
nation, the use of industrial byproducts, plastic-waste modification, cold recycling, and
life cycle decision support. Based on the evidence reviewed, it can be concluded that data-
driven methods can be used to trade off environmental benefits versus rutting resistance,
cracking tolerance, moisture resistance, constructability, durability, cost, and emissions;
moreover, these methods can also reveal potential trade-offs that may not be apparent in
traditional single-objective mix design approaches [13,17,81–84,155–159].

One of the main research areas toward sustainability is the use of fiber- and waste-
based mixtures. Ref. [83] applied ML in stone mastic asphalt (SMA) incorporating shredded
cigarette-butt fibers, and interpreted the factors that control the rutting resistance of the mix-
ture, and Ref. [84] investigated waste glass as a fine-aggregate replacement and employed
interpretable models to explain the influence of particle angularity and moisture suscepti-
bility. The parametric interpretation of the ANN-based modeling of dense glasphalt proved
to be helpful in selecting the appropriate ranges of waste-glass content, aggregate size,
asphalt content, air voids, and VMA for better Marshall stability and flow [49]. This type of
research is beneficial because the variability associated with unconventional materials is
not completely captured by the conventional mix-design procedures.

To bring together the sustainability-related evidence, Table 7 provides an overview of
the key sustainability focus areas, material or system contexts, ML/XAI techniques, design
implications, and representative sources related to using interpretable modeling to assess
performance sustainability trade-offs in recycled, waste-modified, low-energy, and life
cycle-oriented asphalt pavement systems.
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Table 7. Sustainable asphalt pavement applications and design implications using ML/XAI.

Sustainability
Focus

Material/System
Context ML/XAI Technique Design Implication Representative

Sources

Fiber- and
waste-modified

mixtures

Fiber-reinforced
mixtures, cigarette-butt
fibers, waste glass, and

PET-modified SMA

Gradient boosting, random
forests, PDPs,

semi-mechanistic modeling,
and XAI-LCA workflows

Explains material variability and
helps identify feasible design

windows for unconventional or
waste-derived inputs while

considering performance risks.

[81,83,84,155]

RAP and
aged-binder
rejuvenation

Rejuvenators and
recycled asphalt

mixtures

Molecular dynamics coupled
with ML interpretation

Clarifies rejuvenator-aged binder
interactions and supports higher
recycled content decisions while
considering fatigue, rutting, and

moisture resistance trade-offs.

[156]

Industrial
byproducts

Bauxite residue and oil
palm clinker-modified

asphalt mixtures

SVM, sensitivity analysis,
SHAP-TPE-CatBoost

Connects byproduct chemistry,
mixture composition, and
mechanical response with
sustainability performance

trade-offs.

[82,157]

Plastic-waste
modification

Recycled PET- and
LDPE-modified

mixtures or binders

ME-PDG simulation,
interpretable decision

models, and
performance-based

prediction

Identifies modifier ranges where
rutting, cracking, or durability

benefits may offset compatibility
and constructability risks.

[155,158]

Cold recycling
and low-energy

rehabilitation

Emulsified asphalt,
cold recycled mixtures,

and gradation
optimization

Response-surface
methodology, sensitivity

analysis, and
performance-oriented

modeling

Defines practical curing, moisture,
binder-content, and gradation

windows for lower-energy
pavement rehabilitation.

[103–105,159]

Life cycle
decision
support

Low-carbon mix
design, circular
materials, cost,
emissions, and

maintenance timing

Multi-objective optimization,
SHAP/LiNGAM

interpretation, LCA, and
uncertainty analysis

Connects laboratory performance,
cost, emissions, constructability,

durability, and maintenance
timing within

sustainability-oriented
decision support.

[17,81,160,
161]

ML methods have also been advantageous to RAP optimization and aged-binder
rejuvenation. Molecular simulations and interpretable modeling can be used to inves-
tigate interactions between rejuvenators and aged asphalt binder; mix-level testing can
be used to investigate the relationship between the use of RAP, the amount of rejuvena-
tor used, the rejuvenated binder grade, and performance, such as fatigue, rutting, and
moisture resistance [156]. The most helpful XAI contributions to this area are those that
do not hide sustainability performance trade-offs within a single input variable, namely,
recycled content.

The sustainability design space is further extended with the utilization of industrial
byproducts and plastic-waste modification. Ref. [157] studied bauxite-residue-modified
asphalt concrete, and Ref. [158] studied recycled-plastic-waste-modified asphalt binder.
SHAP-TPE-CatBoost modeling has also been used to evaluate fatigue life in oil palm clinker-
modified bituminous concrete [82]. These investigations have demonstrated that modifier
ranges that could yield environmental gains without significant compromise in rutting
resistance, cracking performance, moisture durability, compatibility, or constructability can
be identified using ML and interpretable analysis.

Another sustainable strategy that can be optimized by ML is cold recycling. Studies
of cold recycling and asphalt emulsion suggest that the gradation, moisture condition,
content of binder, curing time, and compaction procedure have a significant influence
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over long-term performance [103–105,159]. Interpretable models can be used to establish
practical curing, moisture, binder content, and gradation control parameters for pavement
rehabilitation using a lower-energy method than the traditional hot-mix production process.

Reducing the carbon footprint and life cycle decision support continue to be important
and less developed topics related to XAI research for asphalt. Automated, cost-effective,
and eco-friendly mix design systems illustrate the ability to simultaneously account for
volumetric targets, cost, and CO2 emissions with the help of ML and multi-objective
optimization [17]. Finally, recent research on combining explainable ML with LCA for
fiber-reinforced asphalt concrete use a combination of SHAP interpretation, causal feature
analysis, and LCA outputs to enhance the balance of mechanical performance with environ-
mental and economic considerations [81]. This framework combines data preprocessing,
multi-model prediction, SHAP/LiNGAM-based interpretation, life cycle assessment, and
design recommendations into a single sustainability-driven decision-support workflow, as
illustrated in Figure 5.

Figure 5. XAI-LCA framework for sustainable asphalt-mixture design [81]. LiNGAM-based
causal links are model-dependent and should be verified against method assumptions and asphalt-
domain knowledge.

In this context, the causal-inference component should be interpreted as a model-
dependent structural interpretation that must be consistent with method assumptions,
asphalt-domain knowledge, feasible asphalt-mixture-design behavior, and supporting
experimental or field evidence before being used for engineering decision support.

Although these developments have been made, the incorporation of life cycle as-
sessment, uncertainty, constructability, durability, timing of maintenance, and end-of-life
circularity into a unified explainable optimization framework has not yet been made in
most sustainable-asphalt studies [75,141–147,155,157]. This is still a significant lack, as
sustainable mix design should include the simultaneous assessment of both environmental
and mechanical targets instead of an isolated optimization of the percentage of recycled
content or a single mechanical laboratory performance index.

One of the key issues is the balance between sustainability and performance. The
effectiveness of the rejuvenator may vary depending on the source of the binder and aging
condition [156], the performance of waste-glass may vary with particle size distribution
and mixture workability [84], and plastic waste modification may introduce compatibility
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and constructability concerns [155,158]. Thus, in future sustainable mix design, using XAI
should be done in parallel to take into account mechanical performance, constructability,
durability, cost, emissions, variability of available local materials, timing of maintenance,
and end-of-life circularity.

In general, ML and XAI can support sustainable pavement research to shift from
exploratory material testing to more transparent, evidence-based design. These methods
quantify the relationships between unconventional materials, mixture parameters, perfor-
mance results, and sustainability indicators, and can aid in decision-making to achieve a
balance between environmental and mechanical goals. However, long-term field validation,
standardized sustainability metrics, and XAI protocols are yet to be achieved to compare
the environmental benefit with durability, compatibility, constructability, and long-term
performance risk.

3.8. Pavement Maintenance and Decision-Making: Explainable AI for Infrastructure Management

The demand for transparency and actionable insights in infrastructure management
is satisfied by XAI in pavement maintenance and decision-making. In this subsection,
interpretable models for performance degradation forecasting, maintenance optimization,
asset-management prediction, structural health monitoring, and resource allocation are
discussed. Explanations need to be communicated in a way that pavement engineers, asset
managers, and decision-makers can understand, since the outputs of these applications
could have an impact on treatment timing, budget allocation, network prioritization, and
long-term serviceability.

Performance degradation forecasting can be used for proactive maintenance to predict
the trajectory of pavement degradation. Temporal patterns in the progression of distress
and maintenance-history effects can be identified with explainable LSTM and recurrent
neural network models [43,86]. Recent roughness- and condition-prediction studies also
confirm that XAI can aid pavement-management decisions with explanations associated
with climate diversity, pavement-type heterogeneity, data imbalance, extreme climate
indicators, and maintenance-versus-no-maintenance scenarios [8,9,16,30–33]. The results
of these studies show that time-dependent explanations are necessary to provide insight
into not only the factors that affect deterioration, but also the time at which these factors
are significant in the pavement life cycle.

Another application area being developed is maintenance optimization. Reinforce-
ment learning can be used to learn intervention policies under performance and budget
constraints for adaptive treatment scheduling. A model for engineering-adaptive pave-
ment maintenance was proposed by [87] and uses the feedback from the experts and the
prediction of pavement performance to optimize the interventions. The cost reductions
reported show the potential of learning-based maintenance policies, and explanations at
the policy level can be used to link model suggestions to service-level goals, engineering
limitations, and agency priorities.

To help bring together the maintenance- and decision-oriented evidence, Table 8
summarizes the main focuses for the maintenance decision, the AI techniques and data
sources used, the explanation or interpretation methods used, the manager’s role, and
specific sources representing the evidence of the use of XAI for degradation forecasting,
treatment optimization, asset-management prediction, structural health monitoring, and
resource-allocation decisions.

The goal of asset-management prediction is to assess and prioritize network-level
condition for treatment. PCI or condition forecasting can be assisted by data analytics,
pavement-management databases, condition-index models, and condition histories at the
network level, where maintenance data, traffic data, climate data, and surface condition
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indicators are available [31,54,85]. In this application, feature-contribution analysis, sen-
sitivity analysis, and scenario interpretation can be used to give agencies insight into the
reasons for sections that are predicted to deteriorate sooner or need earlier attention.

Table 8. XAI for pavement maintenance and decision-making.

Maintenance/
Decision Focus AI Technique/Data Source Explanation/Interpretation

Method
Decision or Management

Role
Representative

Sources

Performance
degradation
forecasting

LSTM, recurrent neural
networks, pavement-

performance histories, and
PMS/LTPP data

Attention mechanisms,
SHAP-style feature

contribution, and temporal
sequence interpretation

Interprets deterioration
trajectories,

maintenance-history effects,
and time-dependent drivers

of condition loss.

[30–33,43,86]

Maintenance
optimization

Reinforcement learning,
expert feedback,

pavement-performance
prediction, and

intervention-policy models

Q-value decomposition,
expert-feedback

interpretation, and
policy-level explanation

Explains intervention
recommendations under
service-level, budget, and
performance constraints.

[87]

Asset-management
prediction

Data analytics,
condition-index models,
pavement-management
databases, and network-
level condition histories

Feature contribution,
sensitivity analysis, and
scenario interpretation

Supports PCI/condition
forecasting, treatment

prioritization, and
network-level planning.

[31,54,85]

Structural health
monitoring

Sensor-based ML
classifiers, vibration data,

deflection data, and
nondestructive
measurements

LIME, feature-contribution
analysis, PDPs, and
uncertainty-aware

interpretation

Connects measured signals
with damage indicators and

supports structural
condition assessment.

[58,121]

Resource allocation
and treatment

timing

Bayesian models,
multi-objective

optimization, budget
scenarios, and

decision-policy models

Partial-dependence
analysis, scenario

interpretation,
counterfactual explanation,

and uncertainty
communication

Clarifies how budget, risk,
sustainability, and

performance constraints
affect treatment selection

and timing.

[85,87]

Another avenue for maintenance-oriented XAI is through structural health monitor-
ing. The potential damage or structural weakness can be identified using sensor-based
ML classifiers, vibrations, deflection data, and nondestructive testing [58,121]. LIME,
feature-contribution analysis, PDPs, and uncertainty-aware interpretation can serve to help
associate measured signals with damage indicators and to guide sensor-based assessments
toward being more understandable and defensible for field implementation.

Variable ranking must not be used as an explanation for resource allocation and tim-
ing of treatment. Explanations for deployment should focus on not just the influential
predictors, but also the consequences of the decisions: why a certain treatment is recom-
mended, why another treatment is not, why it is recommended at such a time, and how the
recommendation differs based on budget, risk, sustainability, or performance constraints.
Scenario-based and counterfactual explanations would be especially beneficial to agencies
for communicating these trade-offs.

Some of the challenges associated with XAI in maintenance are integration with the
current pavement-management practices, accounting for cumulative damage, and cost,
performance, sustainability, climate, and risk. Promising directions include the temporal
explanations in [43] and the reinforcement-learning framework in [87], which, however, will
need to be transparent about assumptions and interpretable decision rules, communicate
uncertainty, and be validated with agency-scale data before deployment in practice.
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In summary, XAI can lead towards the evolution of reactive, experience-driven
decision-making for pavement maintenance towards proactive and auditable infrastructure
management. Explanations can facilitate communication between data scientists, pavement
engineers, asset managers, and decision-makers. The next step is to verify that explanations
are effective at improving treatment selection, reducing unnecessary treatments, supporting
budget justification, and building trust in pavement-management systems.

3.9. Cross-Cutting Gaps and Proposed XAI Research Agenda

The primary drawback in the literature examined is not a lack of ML models, but
limitations on the validation of explanations of models for engineering decision-making.
Many studies show high model predictive performance, and then rely on SHAP, LIME,
partial-dependence plots, attention maps, or sensitivity analysis to explain model behavior.
Few studies, however, assess the faithfulness of the trained model, the model stability with
respect to resampling, the robustness with respect to correlated inputs, the physical plausi-
bility, the transferability across regions and material sources, the uncertainty-awareness,
and the usefulness of the model to practicing pavement engineers. This is particularly
relevant in the context of using measures of feature importance to justify variable selection,
to identify design thresholds, and to provide mixture design recommendations or guide
maintenance decisions [162].

Table 9 groups together the key gaps identified in this study, their engineering signifi-
cance, and suggested research directions to help advance future work on XAI for asphalt
from explanation plots to uncertainty-aware, physically grounded, human-centered, and
validated decision support that can be transferable to other applications.

Table 9. Gaps and needed future research for XAI in asphalt pavement engineering.

Cross-Cutting Gap Why It Matters Recommended Research Direction

Explanation validation
is rarely reported

Feature rankings may be unstable or misleading
when inputs are correlated, datasets are small, or

preprocessing choices change.

Report explanation fidelity, stability under
resampling, sensitivity to preprocessing, and

consistency between global and local explanations.

External and
longitudinal validation

remain limited

Laboratory or region-specific models may not
generalize to different climates, traffic spectra,
binder sources, aggregate types, construction

practices, or service-life stages.

Validate models across agencies, climates, material
sources, pavement ages, and field conditions; clearly

report train/test provenance.

Uncertainty-aware
explanation is

underdeveloped

Engineers need to know not only which
variables influence predictions, but also how

confident the model is under variable material,
traffic, and environmental conditions.

Combine XAI with uncertainty quantification,
confidence intervals, Bayesian modeling, conformal

prediction, or reliability-based interpretation.

XAI is concentrated in
prediction rather

than design

Engineers need interpretable support for
choosing mixture proportions and design

alternatives, not only predicting laboratory or
field responses.

Develop XAI-guided balanced mix design
frameworks linking volumetric, binder grade,

aggregate structure, rutting, cracking, moisture
damage, aging, and constructability.

Sustainability is
weakly integrated with

performance
explanations

Recycled and waste-derived materials may
reduce environmental impacts but can introduce

durability, compatibility, and
constructability risks.

Combine XAI with multi-objective optimization, life-
cycle assessment, cost analysis, emissions, durability,

and field-performance prediction.

Human-centered
evaluation is

largely absent

An explanation is useful only if engineers can
understand it, trust it appropriately, and act on

it correctly.

Conduct engineer-in-the-loop studies measuring
trust calibration, decision quality, time savings,

usability, communication value, and error reduction.

Physics and causality
are underused

Post hoc correlations may be mistaken for
mechanisms, especially when explanations

contradict asphalt material behavior or
pavement mechanics.

Develop physics-informed, causal, and
constraint-aware XAI models that encode binder
rheology, aggregate structure, volumetric, aging,

moisture damage, cracking, rutting, and
pavement mechanics.
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As a whole, these gaps indicate that future research in asphalt XAI should go beyond
simply reporting explanation plots and assess the validity of explanations, including
their reliability, physical significance, uncertainty-awareness, and usefulness in real-world
engineering applications. These problems need to be tackled using a structured evaluation
approach that takes into account the data, the model, the explanation method, the physical
interpretation, and the decision outcome in practice. Based on this, the next section suggests
a five-layer model for trustworthy XAI in asphalt pavement engineering.

3.10. Towards a Framework for Trustworthy XAI in Asphalt Pavement Engineering

Based on the evidence reviewed, there is a need to assess trustworthy XAI in the
context of asphalt pavement engineering, which cannot be done using only prediction accu-
racy or stand-alone interpretation plots. Rather, XAI should be evaluated as a multi-layer
engineering decision support system where data quality and model reliability, explana-
tion validity, physical consistency, and usefulness are all taken together. For pavement
engineering, explanations are only useful if they are faithful to the trained model, they are
physically meaningful, and they can be used to help make actionable decisions for mix
design, quality control, pavement performance, sustainability, or pavement maintenance.

This review thus suggests a five-layer framework for trustworthy XAI in the field
of asphalt pavement engineering: (1) data and scope, (2) model and performance, (3) ex-
planation quality, (4) physical plausibility and (5) decision utility. Each of these layers
is not independent of the other ones. A model that provides a high level of predictive
accuracy can be inappropriate for engineering use if trained on a limited data set, gives
poor performance for critical or underrepresented conditions, yields unstable explanations,
conflicts with known behavior of asphalt material, or results in an impractical decision.
The proposed layers offer a structured foundation for future XAI research and reporting
standards, methodological evaluation, and deployment in pavement engineering. They
may also serve as a useful checklist for the development, review, and adoption of XAI
models for application in asphalt pavement. The overall logic of the proposed five-layer
framework is shown in Figure 6.

The progression from data and scope to model and performance, explanation qual-
ity, physical plausibility, and decision utility is summarized in Figure 6. The framework
highlights the importance of evaluating these interdependent layers collectively to achieve
trustworthy XAI, which goes beyond just prediction accuracy. In this structure, the data
and scope addresses issues of provenance, coverage, and representativeness of datasets;
the model and performance addresses validation, robustness, uncertainty, and predictive
reliability of models; the explanation quality addresses fidelity and stability of explanations
and uncertainty-aware explanations; the physical plausibility addresses consistency with
asphalt material behavior and pavement mechanics; and the decision utility addresses
whether explanations are providing actionable support for design, quality control, sustain-
ability and maintenance decisions.

The proposed framework is operationalized in terms of the required evidence, guiding
engineering questions, and expected research contribution in each layer, as summarized
in Table 10. The table illustrates the systematic assessment of the trustworthiness of XAI,
ranging from the representativeness of the dataset to the reliability of the model and the
quality of the explanation, physical plausibility, and decision utility.

The proposed framework can be implemented with a four-level maturity scale for each
layer: 0 = not reported, 1 = reported descriptively, 2 = supported by internal checks valida-
tion, resampling, sensitivity analysis, or correlated-features diagnostics; and 3 = externally,
temporally, physically or field-validated for a specific engineering decision. For physical
plausibility, assessment should include a check that explanations are within physically
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reasonable material-design ranges, consistent with known binder rheology, aggregate-
structure behavior, mixture mechanics, and/or pavement-deterioration knowledge, and
include identification of cases where explanations are contrary to engineering expectations.
The assessment should include, for decision utility, whether explanations enable the specific
action, including the definition of a mixture-design range, flagging a quality-control risk,
prioritizing maintenance actions, communicating uncertainty, and reducing unnecessary
testing without compromising specification compliance.

Figure 6. Five-layer framework for trustworthy XAI in asphalt pavement engineering.

The maturity scale can be demonstrated using representative core studies with differ-
ent levels of explanation development and decision orientation. The XGBoost-SHAP
volumetric-property workflow [14] and the SHAP-based splitting-strength prediction
framework with graphical interface support [62] are examples of internally checked expla-
nation workflows because they combine predictive modeling, model validation, feature-
attribution analysis, and engineering interpretation. The XAI-LCA approach for sustainable
asphalt-mixture design [81] represents a more decision-oriented application because it inte-
grates prediction, interpretation, life cycle assessment, and design recommendation. In the
proposed scale, such examples distinguish studies that describe explanation outputs from
studies that connect explanations to validation, physical interpretation, and engineering
decision support.

The framework also delineates the primary contribution of this review compared to
previous asphalt ML review studies [6,7,13]. While the existing reviews mostly summarize
the algorithms, datasets, application areas, and predictive performance, the present review
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has a focus on assessing the reliability, interpretability, physical grounding, and decision-
relevance of the explanations for engineering applications. From a practical perspective, a
model that statistically fits the data well to predict rut depth, CTIndex, moisture susceptibil-
ity, Marshall stability, or pavement condition does not necessarily imply reliability unless
the explanations are stable, physically plausible, externally validated, uncertainty-aware,
and useful for actual decisions.

Table 10. Prospective framework for trustworthy XAI in asphalt pavement engineering.

Framework
Layer Required Evidence Engineering Question Expected Research

Contribution

Data and scope

Dataset provenance; material, traffic, and
climate coverage; input/output definitions;

missing-data handling; train–test
separation; external validation data

Is the dataset representative of
the pavement materials, traffic

conditions, climates, and
engineering problems being

modeled?

Improves transparency,
reproducibility, and
transferability across

laboratories, regions, materials,
and pavement conditions.

Model and
performance

Baseline comparison; validation strategy;
hyperparameter reporting; uncertainty

estimates; error analysis; performance by
critical response range

Does the model perform
reliably for typical, critical,

and underrepresented
pavement conditions?

Moves evaluation beyond
headline accuracy toward
robust, transparent, and

defensible prediction.

Explanation
quality

Explanation fidelity; stability under
resampling; sensitivity to correlated

variables and preprocessing; consistency
between global and local explanations;

uncertainty-aware interpretation

Is the explanation a faithful
and stable representation of
the trained model, or only a

fragile visualization?

Strengthens explanation
credibility, robustness, and

scientific defensibility.

Physical
plausibility

Consistency with binder rheology,
aggregate structure, volumetric, aging,

moisture damage, cracking, rutting, and
pavement mechanics

Does the explanation agree
with established asphalt
material behavior and
pavement-engineering

knowledge?

Connects ML interpretation to
asphalt material science and

reduces the risk of misleading
correlations.

Decision utility

Actionable thresholds; mix design, quality
control, sustainability, or maintenance

scenarios; engineer-in-the-loop evaluation;
cost/sustainability trade-offs; uncertainty

communication; deployment feasibility

Does the explanation improve
a real mix-design,

quality-control,
performance-evaluation,

sustainability, or maintenance
decision?

Transforms XAI from
descriptive interpretation into

practical pavement-engineering
decision support.

Thus, the proposed framework is oriented towards moving beyond descriptive feature-
importance ranking towards an engineering-oriented interpretation. In the context of
asphalt pavement systems, this involves the identification of meaningful design thresholds,
clarifying sustainability–performance trade-offs, supporting balanced mix design, improv-
ing quality control, helping to prioritize maintenance activities, and enhancing the trans-
parency of pavement-management workflows. Future reliable XAI systems should also
include uncertainty quantification and confidence-aware explanation to address pavement
material and traffic-loading variations, environmental exposure, construction practices,
and limited field data. Finally, reliable XAI should not only be a tool for analysis, but also
be an open and accountable approach to the decision-making process around pavement
materials and infrastructure.

4. Discussion
Based on the synthesis, XAI is emerging as a vital connection between data-driven

pavement models and engineering judgement. The best studies not only report the rankings
of the features, they relate the explanation outputs to pavement mechanics, behavior of
asphalt materials, mixture design, distress mechanisms, sustainability trade-offs or asset-
management decisions. This distinction is significant, as explanations can only be useful if
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they are faithful to the model and make sense in the physical and operational context of
pavement engineering.

The literature reviewed also reveals that there is a methodological imbalance. Despite
ongoing development, current research and applications of XAI are focused on perfor-
mance prediction, material-property interpretation, pavement distress analysis, roughness
forecasting, and condition assessment, while less work has been performed in the areas of
balanced mix design, sustainability-oriented optimization, uncertainty-aware explanation,
field-scale validation, and maintenance decision support. Past reviews of asphalt models
typically highlight model families, accuracy of predictions, sources of data, and applica-
tion areas [6,7,13], while this review provides emphasis on explanations that are reliable,
physically plausible, and decision-oriented for pavement practice.

Trustworthy XAI can be beneficial for practitioners in the selection of materials, mix
design, quality control, prioritization of maintenance, and the use of sustainable materials.
However, its applicability depends on the representativeness of datasets, the quality of
explanations, the physical plausibility, the transferability to the field, the communication of
the uncertainty, and the evidence that the explanations benefit the engineering decisions.
Thus, in future studies, explanations in the context of asphalt should be considered as
engineering evidence and not as post-processing visualization.

The main methodological concern that arises from this review is that post hoc explana-
tion tools cannot be regarded as direct evidence of mechanisms. Many of the variables in
asphalt datasets are mechanically and statistically interdependent, such as air voids, VMA,
VFA, asphalt content, gradation, density, stiffness, traffic, aging, and climate. Thus, the use
of SHAP values can vary based on how feature dependence is treated, the generation of
partial-dependence plots (PDPs) may incorporate unrealistic combinations of mixture vari-
ables outside of the feasible design region, and LIME can be unstable when fitting local lin-
ear approximations around highly nonlinear behavior of asphalt materials [22,23,162,163].
It is also important to carefully interpret attention mechanisms, as CNN–sequence attention,
transformer-based attention, and vision-transformer attention do not yield the same level
of faithfulness to the fitted model or explanation [45,55,57]. Specific model interpretability,
like symbolic-regression equations or constrained model coefficients, might be more similar
to the fitted model than post hoc explanations. However, it still needs to be validated for
pavement mechanics, laboratory or field data, and independent data [15,163].

4.1. Limitations

There are several limitations in this review in relation to the review process and
the evidence base. First, there is a lack of consistent terminology in the literature: some
previous works on pavement used sensitivity analysis, transparent statistical models,
symbolic modeling, or physically interpretable variables without mentioning the term XAI
explicitly; this might have influenced the number of retrieved studies and the classification.
Second, there are significant variations among the studies reviewed about datasets, climatic
conditions, laboratory protocols, levels of field validation, model families, methods of
explanation, and reporting quality. This heterogeneity makes it difficult to compare the
results of studies directly and does not allow for meaningful pooled effect-size analyses.

Third, the popularity of SHAP, LIME, and other post hoc tools might stem partly from
publication trends and not be well-suited for every pavement engineering application.
Fourth, some of the studies included in this research were used for more than one research
dimension, and the choice of the main dimension of each core study was made through
a structured interpretation based on the primary application area and contribution of the
study. Finally, as the literature reviewed was limited to the peer-reviewed English language
literature, some technical reports, agency documents, theses, non-English studies, or very
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recent preprints may not have been completely covered. These limitations were mitigated
by separating core asphalt/pavement evidence from supporting sources, defining inclusion
and classification criteria, employing the seven research dimensions as analytical categories
rather than as discrete boundaries, synthesizing the findings thematically, and avoiding
unsupported quantitative overstatement.

4.2. Future Research and Practice Implications

Future efforts need to be made to advance the reliability, transferability, and usabil-
ity of XAI for use in the field of asphalt pavement engineering. The main priorities for
development are longitudinal field validation, uncertainty quantification, climate-resilience-
focused explanation, sustainability-focused XAI that integrates mechanical performance
with life cycle assessment, cost, constructability, and material availability, and cumulative
damage/aging explanation methods, which are time-dependent. Explanations of mod-
els should also be assessed with pavement engineers and asset managers to see if they
make better sense in terms of trust calibration, design, QC interpretation, maintenance
prioritization, and technical communication.

The complexity of the model should be chosen based on the engineering use case.
While some complex multimodal datasets, such as image segmentation and time-series
forecasting, might be suited to deep-learning models, other applications, such as many
kinds of performance-prediction or mix-design tasks for tabular data, may be best solved
using simpler interpretable models, which are easier to validate and implement into
practice [163]. Thus, when choosing a model, factors such as model prediction accuracy,
model explanation fidelity, model computational cost, data availability, physical plausibility,
model uncertainty communication, and model compatibility with pavement-engineering
workflows should be taken into account.

In conclusion, XAI should be designed as a decision support tool for engineering, and
not as a post-processing visualization tool. Future studies should include not only the
prediction of the model and the key variables, but also whether the explanation is reliable,
transferable, aware of uncertainty, and actionable, in the context of the specific decision
being made with respect to the pavement.

5. Conclusions
This systematic scoping review examined the use of explainable artificial intelligence

(XAI) and interpretable machine learning in asphalt pavement engineering, covering as-
phalt mix design, material characterization, pavement-performance prediction, distress
and damage analysis, sustainability assessment, and maintenance planning. The synthesis
reveals the most common XAI use cases, such as in performance prediction, material-
property interpretation, and modeling of mix design, whereas explanation outputs are
more frequently associated with mixture composition, binder properties, volumetric char-
acteristics, structural conditions, environmental exposure, traffic loading, and maintenance
history. Conversely, there are areas of XAI that are relatively underdeveloped, such as
those associated with XAI-guided balanced mix design, optimization for sustainability,
field-scale transferability, uncertainty-aware explanation, maintenance decision support,
and human-centered evaluation.

The primary value of the present review is that a domain-specific agenda and a five-
layer maturity framework for trustworthy XAI in asphalt pavement engineering have been
introduced. The framework highlights the importance of using data provenance, validation
strategy, explanation fidelity and stability, handling of correlated pavement variables,
physical plausibility within realistic material and pavement-design ranges, uncertainty
communication, and explicit decision utility as metrics for evaluating the performance
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of the asphalt-XAI studies. The framework can be used practically as a structured basis
for assessing whether explanations can be used to support mixture design, identification
of QC/QA risks, assessment of sustainability trade-offs, interpretation of performance,
prioritization of maintenance activities, and engineer-in-the-loop decision support.

Future research efforts should focus on physically constrained and causally informed
explanations, unified reporting of explanation quality, longitudinal datasets of field per-
formance of explanations, life cycle- and climate-resilience aware XAI for sustainable
pavement design, and engineer-in-the-loop evaluation. These priorities can work toward
the transition of XAI from description to defensible, transparent, and actionable mate-
rial selection, balanced mix design, quality control/monitoring, condition monitoring,
sustainability assessment, maintenance planning, and pavement asset management.

On the whole, this review adds value beyond the cataloging of XAI applications. It
clarifies the meaning of a trustworthy explanation in the context of asphalt pavement
engineering, identifies the current evidence base in the strongest and weakest aspects, and
provides a practical framework for how to take interpretable ML from prediction-focused
research to reliable pavement-engineering implementation.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/asi9070133/s1. Table S1: PRISMA-ScR checklist for the systematic
scoping review; Table S2: Representative electronic search strategy used for the literature search.
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