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Road construction is increasingly becoming a data-intensive engineering activity 

because modern projects generate information from laboratory tests, construction 

equipment, global positioning systems, cameras, ground penetrating radar, thermal 

sensors, unmanned aerial vehicles, traffic systems and pavement-management 

databases. Artificial Intelligence (AI) and Machine Learning (ML) provide methods 

for converting these heterogeneous data into predictions, classifications and decision-

support outputs. This paper presents a structured review of AI/ML applications across 

the road-construction and pavement-management lifecycle, including asphalt mix 

design, soil and subgrade assessment, intelligent paving and compaction, construction 

monitoring, pavement inspection, distress detection, condition prediction, 

deterioration forecasting and maintenance prioritization. The review synthesizes 

recent peer-reviewed studies, with emphasis on the engineering problem addressed, 

data source, model family, reported benefit and deployment limitation. The evidence 

shows that computer vision and deep learning are prominent in automated distress 

assessment, while tree-based ensembles, support vector methods and neural networks 

are widely used for tabular prediction. Intelligent compaction combines sensing, 

positioning and machine learning to improve spatial monitoring of construction 

quality. Recent research is also moving toward explainable AI, physics-informed 

neural networks and road digital twins. However, the literature remains constrained 

by project-specific datasets, inconsistent reporting, domain shift, limited field 

validation, uncertainty and weak integration with established engineering workflows. 

The paper argues that AI should be deployed as an engineering decision-support layer, 

with independent validation, uncertainty assessment and professional judgment 

retained for safety-critical decisions. 

Keywords: Artificial intelligence, machine learning, road construction, pavement 

engineering, intelligent compaction, computer vision, pavement management, 

explainable AI, digital twin. 

 

1. INTRODUCTION 

Road infrastructure is a long-life public asset whose performance depends on the interaction of materials, pavement 

structure, traffic, climate, drainage, construction quality and maintenance. The construction stage is particularly 

important because deficiencies in material selection, placement, temperature control or compaction can influence later 

pavement performance. Federal Highway Administration (FHWA) guidance identifies compaction as a critical 

pavement-construction process and notes that conventional methods can suffer from non-uniform material properties, 

moisture variation, temperature variation and limited feedback to roller operators [1]. 

Digital technologies are changing the way road assets are measured  and managed. Intelligent compaction systems, 

for example, combine positioning, accelerometers, temperature sensing and onboard computation to provide spatial 
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information about roller passes and material response [1], [2]. At the same time, pavement inspection is moving from 

manual visual surveys toward automated data acquisition using vehicle-mounted cameras, laser systems, ground 

penetrating radar (GPR), LiDAR and other sensors [3], [4]. These developments create large datasets for machine-

learning models. 

AI/ML is attractive because road-engineering relationships are often nonlinear and involve many interacting variables. 

In asphalt construction, ML has been used to predict physical properties and support decisions related to construction 

scheduling and compaction. A 2024 systematic review identified 30 eligible peer-reviewed studies published between 

2011 and 2023 and found wide variation in input variables, sensors and model choices. The review also found strong 

emphasis on artificial neural networks but insufficient evidence to conclude that ANN is consistently superior to 

alternatives, together with inadequate reporting of training and test data that limits generalizability assessment [5]. 

The objective of this review is therefore not to claim that AI replaces established pavement engineering. Instead, it is 

to map the engineering problems, data sources and AI/ML methods used across the road lifecycle; identify what has 

been demonstrated in research and what remains difficult in field deployment; and propose a lifecycle framework for 

trustworthy AI-assisted road construction. 

Research Questions 

• RQ1:What are the major applications of AI/MLacrosstheroad-constructionandpavement-managementlifecycle? 

• RQ2:Which data sources and model familiesareusedfordifferentroad-engineeringproblems? 

• RQ3:What engineering benefits are reported,andwhatevidencesupportsthosebenefits? 

• RQ4:What limitations prevent  transferfromlaboratoryorproject-specificstudiestooperationalroadnetworks? 

• RQ5:Which emerging directions canimprovethetrustworthinessandpracticalintegrationofAIinroadengineering? 

2. REVIEW METHODOLOGY 

This study is structured as a systematic evidence review. PRISMA 2020 is used as the reporting framework because 

it provides a checklist and flow-diagram structure for transparent reporting of systematic reviews [6]. The search 

strategy was designed around the intersection of artificial intelligence, machine learning, road construction, asphalt 

pavement, pavement monitoring and pavement management. 

A. Search Strategy 

Searches were performed using web-accessible records from major scholarly and institutional sources, including 

ScienceDirect, Springer, IEEE resources, ASCE-related publications, Taylor & Francis, MDPI, PubMed and official 

transportation-agency sources. Search combinations included: (artificial intelligence AND road construction), 

(machine learning AND asphalt pavement), (intelligent compaction AND machine learning), (machine learning AND 

pavement condition), (computer vision AND pavement distress), (GPR AND machine learning AND pavement), 

(physics-informed neural network AND pavement), and (explainable AI AND asphalt pavement). 

B. Inclusion and Exclusion 

• Included:peer-reviewedstudiesandauthoritativetechnicaldocumentsdirectlyaddressingroadconstruction,pavement 

engineering, pavement monitoring, pavement management or closely related highway applications of AI/ML. 

• Included:reviewpaperswhentheyprovidedfield-levelsynthesis,andoriginalstudieswhentheyreporteddata, 

algorithms, evaluation or field evidence. 

• Included:recentworkthrough2026whereitmateriallyadvancesthestateoftheart. 

• Excluded:studiesunrelatedtoroad/pavementengineering,purelygenericAIpaperswithoutanengineeringapplication, 

duplicate records, and claims that could not be traced to an identifiable source. 

C. Evidence Extraction 

For each selected study, the review records the road problem, data type, dataset scale where reported, preprocessing, 

model family, output, evaluation metrics, principal result, validation setting and stated limitation. Numerical 

performance is not treated as directly comparable across unrelated datasets. This is important because accuracy, RZ, 

RMSE, F1, IoU and other metrics depend on the dataset, label quality, test strategy and engineering context. 
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3. AI/ML FUNDAMENTALS FOR ROAD ENGINEERING 

Supervised learning is common when road-engineering studies have labeled inputs and measurable outputs, such as 

pavement condition, material properties or defect classes. Regression predicts continuous quantities such as density, 

PCI or IRI, whereas classification assigns categories such as good, fair or poor pavement condition. Tree-based 

ensembles such as Random Forest and gradient boosting are useful for structured engineering data because they can 

represent nonlinear interactions without requiring the data to be transformed into images. 

Deep learning becomes especially useful when the raw data are high-dimensional. Convolutional Neural Networks 

(CNNs) can learn visual features from pavement images. Object-detection models can locate defects, while semantic-

segmentation models can identify defect pixels. Recurrent architectures such as LSTM can represent temporal 

dependencies in deterioration or sensor histories. The literature on pavement condition assessment reports substantial 

use of image classification, object detection and segmentation [3], [7]. 

Explainable AI (XAI) is increasingly relevant because engineering users need more than a prediction. A 2026 

systematic scoping review of trustworthy XAI in asphalt pavement engineering identified 163 publications, including 

73 core evidence studies, and found that XAI applications are relatively mature for performance prediction, material-

property interpretation andmix-designanalysis,whilefieldvalidation,uncertainty-

awareexplanationandmaintenancedecisionsupportremainless developed [8]. 

Physics-informed ML attempts to combine data-driven learning with engineering relationships or governing 

constraints. A 2025 pavement study used a physics-informed neural network with a fuzzy partial differential equation 

based on fatigue-cracking theory and compared it with back-propagation neural networks and XGBoost using ten 

years of deterioration data 

fromahighway[9].Themotivationisimportantforcivilengineering:amodelshouldnotonlyfithistoricalobservationsbut 

should also remain consistent with known engineering behavior. 

4. APPLICATIONS OF AI AND ML IN ROAD CONSTRUCTION 

A. Asphalt Mix Designand Material Prediction 

Asphalt mix design involves selecting proportions and gradations of binder and aggregate so that the resulting mixture 

satisfies specified volumetric and performance requirements. Conventional procedures require laboratory iterations. 

ML can act as a surrogate model between mixture inputs and measured properties. A 2024 study developed an 

interpretable ML framework using a database of 1,525 experimental mixture records, outlier detection and models 

including support vector regression, Random Forest and XGBoost. XGBoost performed best for the studied volumetric 

properties,whileSHAPwas  sed to interpret feature influence; the authors report eda potential70%reduction  in the 

design procedure for theircasestudy[10]. 

The engineering value is therefore not that laboratory testing becomes unnecessary. Rather, ML can reduce the number 

of candidate mixtures that require physical testing and help engineers understand which mixture variables influence 

predicted properties. Any model should remain within the range of materials represented by its training data and be 

experimentally validated before acceptance. 

B. SoilandSubgradeAssessment 

Subgrade and unbound-layer behavior strongly influence pavement performance. ML can model relationships between 

soil classification, moisture, index properties and measured strength or stiffness. Potential outputs include CBR, UCS, 

resilient modulusorcompaction-relatedproperties.Themainadvantageisrapidestimationwhererepeatedtestingorspatial 

Characterization is expensive.The major limitationisspatialheterogeneity:amodeltrainedononesoilpopulationmaylearn 

local relationships that do not transfer to another geological or climatic setting. 

C. IntelligentPavingandCompaction 

Compaction is one of the clearest examples of intelligent road construction. FHWA describes intelligent compaction 

as an equipment-based quality-control technology using high-precision GPS, infrared temperature sensors, 

accelerometer-based measurements and onboard displays [2]. These systems can improve coverage and identify weak 

or poorly compacted areas rather than relying only on isolated conventional tests. 



 International Journal of Web of Multidisciplinary Studies 

E-ISSN: 3049-2424  

 

IJWOS | Volume 03, Issue 10, October 2026 | https://ijwos.com 121 

 
 

Recent research adds ML to the sensing layer. Wang et al. reviewed smart sensors including SmartRock, fiber Bragg 

grating and piezoelectric acceleration sensors and described ML applications involving regression, classification, 

clustering and neural networks for mechanical-property estimation and compaction assessment [11]. The review 

emphasizes that sensor robustness and extensive field validation remain unresolved issues. 

A 2024 systematic review of ML in asphalt road construction similarly found a broad range of sensors and input 

variables but noted that reporting of training/test data is often insufficient to evaluate generalization [5]. Therefore, 

intelligent compaction should be understood as a combined sensing, positioning, modeling and decision-support 

system rather than simply an ML algorithm. 

D. ComputerVisionforPavementInspection 

Manual pavement inspection is labor-intensive and difficult to scale over large road networks. ML-based computer 

vision 

canclassifyorlocalizesurfacedefectsfromimagesandvideo.CNNsaresuitedtoimageclassification;objectdetectorssuch as 

YOLO-family models can localize individual defects; segmentation networks can estimate defect geometry at pixel 

level. Reviews of pavement condition evaluation show that image classification, object detection and segmentation 

have become major ML approaches for automated distress assessment [3], [7]. 

Theengineering problem isbroader than detecting whether acrack exists. A useful inspection system should estimate 

defect type, location, severity and extent and connect those measurements to a pavement-condition metric or 

maintenance rule. Lighting, shadows, water, dust, camera geometry, road texture and regional differences can create 

domain shift, so performance on a controlled dataset cannot be assumed to represent field performance. 

E. GPRandNon-DestructivePavementAssessment 

Ground penetrating radar provides non-destructive information about pavement layers and subsurface conditions. A 

systematic review of more than 100 GPR-related road-pavement studies examined layer thickness, subsurface damage, 

moisture,cracking,delamination,subsidenceandotherfeaturesandhighlightedML/deep-learningapproachesfor 

intelligent interpretation [4]. ML is useful because GPR produces complex signals that are difficult to interpret with 

simple thresholdrules. 

The practical value of GPR+ML is its potential to complement surface imaging. Cameras primarily observe the 

surface, while GPR can provide information about internal structure. Multimodal systems combining these sources 

could therefore support more comprehensive pavement diagnosis, although sensor synchronization, calibration and 

ground-truth requirements remain significant. 

F. PavementConditionAssessment 

Pavement condition assessment provides the bridge between inspection data and asset-management decisions. ML 

can predict condition indices, classify pavement sections and estimate distress severity. Recent research in India used 

a dataset containing 237 roads and 9,576 sample units and compared Random Forest Regressor, M5P, Decision Tree, 

multiple linear 

regression,GradientBoosting,KNNandSVMregressionforPCIprediction.ThereportedRZvaluesforRandomForestand 

M5P were 0.96 and 0.95, respectively [12]. These values are evidence for that dataset, not a universal ranking of 

algorithms. 

Another recent study developed an explainable PCI framework using LTPP data from 105 sections and 1,493 

observations. XGBoostachievedareportedtest-

setRZof0.923,whileRandomForestachieved0.912;SHAPidentifiedIRIandpavement age among the strongest 

predictors [13]. The importance of this study is not only predictive performance but the attempt to provide an 

interpretable link between model outputs and engineering variables. 

G. PavementDeteriorationandPerformancePrediction 

Pavement management requires predictions of future condition rather than only descriptions of present damage. 

Relevant outputs include IRI, rutting, cracking, PCI and other distress indicators. Traditional empirical or mechanistic-

empirical approaches remain important, but ML can model nonlinear interactions among traffic, climate, pavement 

structure, material properties and maintenance history. 
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Recent deep-learning research has explored hybrid MLP-LSTM architectures for quantitative distress measures and 

severity classification,reflectingtheneedtorepresentbothnonlinearrelationshipsandtemporaldependencies[14].Physics-

informed approaches provide another direction. Li et al. reported a PINN framework with a physics-based fuzzy 

constraint and ten years of pavement data, with improved physical consistency compared with BPNN and XGBoost 

in their study [9]. 

H. MaintenanceandRehabilitationDecisionSupport 

Once condition and deterioration are predicted, AI can support maintenance prioritization. A 2024 review of ML 

inpavement management grouped the field into condition assessment, performance prediction and 

maintenance/rehabilitation decision-making and emphasized that data quality and interpretability remain key barriers 

[15]. A useful decision-support system should therefore combine predicted condition with traffic importance, risk, 

intervention cost, expected benefit and available budget rather than ranking roads by an ML score alone. 

I. RoadDigitalTwins 

Digital twins provide a framework for continuously linking physical infrastructure with a digital representation. Chen 

et al. reviewed ML methods for road digital twins and argued that condition assessment, distress detection and future-

condition prediction can support proactive asset management [16]. For road construction, the digital-twin concept can 

connect constructionrecordstothesubsequentoperational 

lifeofthepavement,reducingtheseparationbetweenconstructionquality control and maintenance management. 

J. Construction Cost,Schedule and Productivity 

AI/ML can also be applied to construction-management variables such as cost, schedule, equipment utilization and 

productivity.Thesemodelscanusehistoricalprojectrecords,quantities,labor,equipment,weatherandsitecharacteristicsto 

identify nonlinear relationships. However, cost and schedule prediction is highly organization-specific, so model 

transfer between contractors, regions and procurement systems requires careful validation. 

5. COMPARATIVE ANALYSIS OFAI/ML METHODS 

Method Typicaldata Roadapplication Mainstrength Mainlimitation 

Linear/MultipleRegres

sion 

Structurednumerical Baselineprediction Simpleandinterpretable Limitednonlinearcapac

ity 

SVM/SVR Structurednumerical Property/conditionpred

iction 

Effectiveforlimiteddata

sets 

Kernelandparameterse

nsitivity 

RandomForest Tabular PCI,material,soilpredic

tion 

Robustnonlinearmodel Lesstransparentthanasi

ngletree 

XGBoost Tabular Performance/condition

prediction 

Strongtabularperforma

nce 

Requirestuning;interpr

etabilityneedsXAI 

ANN/MLP Tabular/timeseries Materialandpavementp

rediction 

Flexiblenonlinearappro

ximation 

Dataandtuningrequire

ments 

CNN Images Crack/distressclassifica

tion 

Learnsvisualfeatures Sensitivetodomainandl

abelquality 

YOLO/ObjectDetectio

n 

Images/video Pothole/distresslocaliza

tion 

Fastdetectionpotential Small/raredefectsandd

omainshift 

U-Net/Segmentation Images Crack/defectarea Pixel-

levelmeasurement 

Annotationintensive 
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LSTM/GRU Timeseries Deteriorationforecastin

g 

Temporaldependency

modeling 

Long-

termgeneralization 

Transformer Largesequence/multim

odal 

Advancedmonitoring Long-

rangerelationships 

Data/computationalde

mand 

PINN Data+physics Deterioration/performa

nce 

Physicalconsistency Requiressuitablegover

ningconstraints 

SHAP/LIME Modelexplanations Decisionsupport Makesmodelinfluence

visible 

Explanationsarenotcau

salproof 

6. ENGINEERING PROBLEMS ADDRESSED BY AI/ML 

Conventionalproblem AI/ML-enabledapproach Potentialengineeringbenefit 

Manual,periodicinspection Computervision+mobile/UAVimagery Fasterandmorescalableconditionsurve

ys 

Trial-and-errormaterialdesign MLsurrogate+optimization Fewercandidatemixturesandfasterscree

ning 

Non-uniformcompaction GPS+accelerometer+temperature+ML Spatialcompactionmonitoringandweak

-spotidentification 

Surface-onlyinspection Camera+GPR/LiDARmultimodalsensi

ng 

Surfaceandsubsurfaceinformation 

Reactivemaintenance Deteriorationprediction Earlierinterventionplanning 

Budgetallocation Conditionprediction+optimization Priorityrankingunderconstraints 

Unexplainedpredictions XAI/SHAP Greatertransparencyforengineeringuse

rs 

Data-

drivenmodelviolatingphysicalbehavior 

PINN/hybridmodeling Improvedphysicalconsistency 

7. BENEFITS AND ENGINEERING VALUE 

The literature supports several recurring benefits, but they should be described as potential or demonstrated benefits 

within specific study settings rather than universal guarantees. First, AI can reduce manual information-processing 

effort by automating image classification, defect detection and data extraction. Second, ML can provide rapid 

surrogate predictionsfor material and pavement properties, reducing the need for repeated computational or 

experimental iterations. Third, intelligent compaction provides continuous spatial information that conventional spot 

testing cannot provide [1], [2]. Fourth, predictive models can support proactive pavement management by estimating 

future condition and helping authorities prioritize interventions [15], [16]. 

AI also creates opportunities for sustainability. Better mix screening, more targeted maintenance and improved 

construction control can reduce material waste, unnecessary interventions and equipment operation. These benefits, 

however, require lifecycle evidence. A model that improves prediction accuracy but requires costly sensors, extensive 

manual labeling or frequent retraining may not provide a net economic or environmental benefit. 
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8. CHALLENGES AND LIMITATIONS 

A. DataQualityandQuantity 

Road datasets contain missing measurements, sensor noise, inconsistent labels, different sampling intervals and 

heterogeneous construction practices. ML performance is therefore strongly dependent on the quality and 

representativeness of training data. 

B. GeneralizationandDomainShift 

A model trained using one pavement type, camera system, climate, traffic pattern or geographic region may degrade 

when deployed elsewhere. The 2024 asphalt-construction systematic review specifically highlighted incomplete 

reporting of training/test data as a barrier to evaluating generalizability [5]. 

C. DataLeakageandValidation 

Randomly splitting correlated observations from the same road section can produce overly optimistic performance. 

Road-specific or time-based separation should be considered when observations are spatially or temporally dependent. 

D. InterpretabilityandUncertainty 

Highpredictiveaccuracydoesnotestablishcausalityorengineeringvalidity.XAIcanexposeinfluentialfeatures,butfeature 

importance should not be interpreted as proof that changing one feature will cause a corresponding engineering 

outcome. Uncertainty estimates and out-of-distribution detection are needed for safety-critical deployment [8]. 

E. FieldValidation 

Research prototypes often use laboratory or project-specific data. Intelligent-compaction reviews emphasize the need 

for extensive field validation, and pavement-monitoring reviews note that ML-based evaluation has not yet achieved 

universal operational adoption by pavement-management agencies [3], [11]. 

F. IntegrationWithCivilEngineeringPractice 

AI outputs must fit pavement specifications, quality-assurance procedures, maintenance-management systems and 

professional responsibilities. The correct role is decision support unless the system has been independently validated 

and formally accepted for automated control. 

G. CostandMaintainability 

Cameras, GPR, LiDAR, edge computers and sensorized equipment createcapital and maintenance costs. Model drift, 

sensor replacement and software updates add lifecycle costs that should be included in deployment studies. 

9. RESEARCH GAPS 

Theliteratureindicatesthattheprincipalresearchopportunityisnolongersimplytodemonstrateanotherhigh-accuracy 

model on a new dataset. Instead, research needs to improve transferability, engineering trust and lifecycle integration. 

• Standardizedandopenlydocumentedbenchmarkdatasetsspanningdifferentclimates,pavementtypes,trafficlevelsand 

inspection systems. 

• Cross-locationandcross-seasonvalidation,particularly for Indianconditionswheremonsoon,heat,heterogeneous 

traffic and variable subgrade conditions can change the data distribution. 

• Long-termfieldstudiesthatquantifymodeldrift,sensor changes,maintenanceeffectsandrealoperationalcosts. 

• Uncertainty-awarepredictionandout-of-distribution detection for safety-criticaldecisions. 

• Explainablemodelsthatconnectpredictionstophysicallymeaningfulroad-engineeringvariables. 

• Multimodallearningthatcombinesimages,GPR,GPS,traffic,weather,materialandconstruction-processdata. 

• IntegrationofAIoutputswithpavement-

managementsystemsanddigitaltwinsratherthanisolatedpredictiondemonstrations. 

• Human-centeredevaluationinvolvingcivilengineers,contractorsandroadagenciesratherthanalgorithm-

onlybenchmarks. 
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10. PROPOSED AI-ENABLED ROAD-CONSTRUCTION FRAMEWORK 

Based on the reviewed literature, an AI-enabled road-construction framework should be organized as a closed 

engineering decision loop rather than a one-way prediction pipeline. The proposed framework has nine stages: 

1. Dataacquisition:laboratoryrecords,constructionequipment,GPS,temperature,accelerometers,cameras,UAV, 

LiDAR, GPR, traffic, weather and maintenance history. 

2. Dataqualitycontrol:missing-valuehandling,sensorcalibration,labelauditing,outlierdetectionandspatial/temporal 

consistency checks. 

3. Featurerepresentation:engineeredengineeringvariablesandlearnedimage/signalrepresentations. 

4. Modeling:selectanappropriatemodelfamilybasedondatatype,samplesize,taskanddeploymentconstraints. 

5. Validation:useproject-,road-,location-ortime-separatedtestingwhenrequiredtopreventleakage. 

6. Trustlayer:quantifyuncertainty,detectout-of-distributioninputsanduseXAIwheredecisionsrequireexplanation. 

7. Engineeringinterpretation:comparepredictionsagainstspecifications,physicalbehaviorandindependentmeasuremen

ts. 

8. Decisionsupport:recommendconstructionadjustment,inspectionpriority,maintenanceactionorfurthertesting. 

9. Humanvalidationandfeedback:civilengineersandresponsibleauthoritiesapproveactions;newfielddataareusedto 

update the model. 

Theresultingarchitecturecanberepresentedas:Road/ConstructionData→DataQualityControl→AI/MLModel→ 

Prediction/Detection→UncertaintyandExplainability→EngineeringValidation→DecisionSupport→ 

Construction/Maintenance Action → New Data. This structure keeps AI inside the engineering control loop and avoids 

treating model output as an autonomous engineering decision by default. 

11. FUTURE  DIRECTIONS 

Future intelligent road systems are likely to combine sensing, AI and asset-management technologies. Multimodal 

models can integrate surface images with GPR, LiDAR, traffic, weather and construction histories. Digital twins can 

provide a persistent digital representation of road assets, while AI continuously updates predictions as new 

observations arrive [16]. Physics-informed learning can constrain predictions using engineering relationships, while 

XAI can improve the transparency of model outputs [8], [9]. 

Edge AI is also promising for vehicle-mounted inspection because inference can occur close to the sensor, reducing 

dependenceoncontinuouscloudconnectivity.Autonomousorsemi-

autonomousconstructionequipmentmayeventuallyuse AI for path planning, process monitoring and control. These 

technologies should be treated as emerging research directions rather than mature replacements for established 

construction practice. 

For India, a high-value research direction is the development of representative road datasets covering urban and rural 

roads, different climates,monsoonconditions,pavement 

types,trafficcompositionsandconstructionpractices.RecentIndianwork on PCI prediction demonstrates that substantial 

road datasets can support ML-based infrastructure management [12]. The next step is not merely larger datasets, but 

datasets with transparent provenance, standardized labels, geographic diversity and longitudinal observations. 

12. CONCLUSION 

This review shows that AI and ML are being applied across a broad portion of the road-construction and pavement-

management lifecycle. Applications include asphalt mix-property prediction, subgrade assessment, intelligent 

compaction, automated pavement inspection, GPR-based assessment, condition prediction, deterioration forecasting 

and maintenance prioritization. The literaturedemonstrates that different model families serve different data and 

engineering tasks: tree-based models are strong candidates for structured tabular data, deep learning is prominent for 

image-based inspection, sequence models support temporal prediction, and physics-informed approaches are emerging 

for engineering-consistent forecasting. 
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At the same time, the evidence does not justify a simple conclusion that AI is universally more accurate or more 

economical than conventional engineering. Model performance is dataset-dependent, and recent reviews repeatedly 

identify generalization, data quality, interpretability, field validation and integration as major barriers [3], [5], [8], 

[15]. The most credible future direction is therefore an AI-assisted road-engineering ecosystem in which sensing and 

ML improve information availability and prediction, while civil-engineering principles, standards, independent testing 

and professional judgment remain part of the decision process. 

The principal research opportunity is to move from isolated demonstrations toward validated, multimodal and 

lifecycle-oriented systems. Such systems should be evaluated not only by predictive metrics but also by field 

robustness, uncertainty, cost, maintainability, engineering interpretability and actual decision outcomes. This shift can 

make AI/ML a practical component of intelligent road construction rather than merely a collection of laboratory 

prediction models. 
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