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ABSTRACT
Transportation infrastructure networks, comprising extensive spans of bridges
and highway corridors, face rapid structural deterioration due to increasing
traffic loads, environmental factors, and aging construction materials.
Traditional visual inspection protocols are inherently localized, resource-
intensive, subject to subjective inspector bias, and present occupational safety
risks. To overcome these challenges, Unmanned Aerial Vehicle (UAV) assisted
inspection systems integrated with advanced Computer Vision (CV) and
Digital Infrastructure Management Systems (DIMS) have emerged as a vital
paradigm. This review provides a comprehensive analysis of UAV platforms,
multi-spectral sensor payloads (RGB, thermal infrared, LiDAR), and deep
learning computer vision architectures (including YOLOvV8, Mask R-CNN, and
DeepLabv3+) for concrete crack detection, surface spalling, rebar corrosion,
and pavement distress monitoring. Furthermore, we examine the integration
of aerial spatial data into Building Information Modeling (BIM) and Digital
Twins to enable automated asset health tracking. Operational challenges,
regulatory restrictions, and future research directions toward autonomous

infrastructure management are thoroughly discussed.
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INTRODUCTION

Civil infrastructure systems, particularly bridges and highway corridors, serve as critical
lifelines that facilitate economic growth and regional mobility [1]. However, a substantial
portion of global transportation infrastructure was constructed decades ago and currently
operates beyond its initial design lifespan. Continuous exposure to severe environmental
cycles, deicing chemicals, dynamic heavy-vehicle loading, and seismic events accelerates
structural degradation [2]. Undetected structural defects can lead to catastrophic failures,
extreme economic losses, and safety hazards. Consequently, structural health monitoring and

field inspection are mandatory components of public infrastructure management [3].

Traditionally, bridge and highway inspections rely on manual visual inspection methods
conducted by field engineers [4]. Inspectors physically access elevated bridge decks,
underside girders, tall piers, and highway retaining walls using bucket trucks, scaffolding, or
rope-access techniques. While expert manual inspection remains a benchmark, it suffers from
major limitations [5]. It is labor-intensive and expensive, requiring traffic lane closures that
disrupt economic activity. Manual assessments exhibit high inter-inspector variability and
subjective bias, making long-term deterioration trends difficult to quantify [6]. Furthermore,
inspecting difficult-to-reach structural components exposes field personnel to high safety
risks [7].

Over the past decade, Unmanned Aerial Vehicles (UAVS) have emerged as efficient aerial
sensing platforms [8]. UAVs rapidly hover around complex civil structures, capturing ultra-
high-resolution imagery, thermal gradients, and 3D point clouds from inaccessible angles [9].
Concurrently, advances in Computer Vision (CV) and Deep Learning (DL) enable automated
defect recognition, semantic segmentation, and quantitative defect measurement directly from
aerial imagery [10]. When integrated with Digital Infrastructure Management Systems
(DIMS), such as Building Information Modeling (BIM) and Asset Digital Twins, raw
inspection data is transformed into spatially referenced intelligence for decision-makers [11].
This paper presents a holistic review of drone-assisted bridge and highway inspection,
synthesizing platform technologies, vision analytics, digital twin integration, and field

deployment strategies.
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LITERATURE REVIEW

The evolution of bridge and highway inspection technologies transitions across three
generations: manual visual surveys, sensor-based non-destructive testing (NDT), and modern
automated aerial-CV frameworks [12]. Early aerial inspection research focused on basic
image acquisition using remote-controlled multi-rotor platforms to assist ground visual
surveys [13]. Although these deployments saved field time, manual processing of thousands
of aerial photographs created significant bottlenecks, motivating automated vision tools [14].
Initial automated defect detection utilized hand-crafted visual features, thresholding, Sobel
filter edge detectors, and Canny algorithms [15]. While computationally light, classical edge
processing struggled under field conditions, exhibiting high false-positive rates due to
shadows, oil stains, non-uniform lighting, concrete texture variations, and wetness [16]. To
resolve these limitations, Convolutional Neural Networks (CNNs) were introduced for
structural defect recognition [17]. Studies showed that deep architectures such as VGG-16,
ResNet, and MobileNet achieved superior accuracy across varied operational environments
[18].

Recent literature emphasizes pixel-level semantic segmentation and object detection models
[19]. Real-time object detectors (e.g., YOLOV5, YOLOvV8) and instance segmentation models
(e.g., Mask R-CNN) pinpoint crack locations, surface spalling, steel corrosion, and pavement
distresses in real time [20]. Semantic segmentation networks like U-Net and DeepLabv3+
enable measurement of crack length and width with sub-millimeter precision using
photogrammetric calibration [21]. In parallel, research in digital infrastructure management
focuses on integrating 3D Structure-from-Motion (SfM) point clouds with 4D/5D BIM and
GIS platforms [22]. Table 1 summarizes key literature contributions across primary

technological domains.

Table 1: Summary of literature in UAV computer vision and digital asset monitoring

L . Methodology / Tech Key Performance /
Study / Citation Primary Focus Area .
Stack Findings
) Fast processing; sensitive
i Concrete Crack UAYV + Edge Detection
Kim et al. [15] ) ) . to shadow and surface
Detection Filters & Thresholding . .
dirt noise.
Achieved 92.1% mAP on
e Deep CNN (Faster R- L
Chaet al. [18] Defect Classification crack and delamination

CNN) on RGB Images )
detection.
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. . Precision: 94.2%, Recall:
Highway Distress UAV + YOLOV8 & . .
Yang et al. [20] . . 93.1%; real-time flight
Segmentation DeepLabv3+ Hybrid

capability.

L . Mapped sub-millimeter
Digital Twin & BIM 3D SfM Photogrammetry )
Sacks et al. [22] Intearation + IFC-BIM Mapnin visual defects onto 3D
g Sl structural twins.

RESEARCH GAP

Despite advances in UAV hardware and vision algorithms, critical research gaps hinder full
industrial adoption. First, vision models are often trained on static benchmark datasets with
optimal lighting. Models degrade significantly in complex real-world environments with
shadows, drone vibration blur, reflective road surfaces, and severe weather changes [23].
Second, automated end-to-end pipelines linking 2D image defects directly to 3D Building
Information Models (BIM) or Geographic Information Systems (GIS) remain scarce,
requiring manual alignment [24]. Third, multi-sensor data fusion—combining RGB optical,
thermal infrared (IRT), and airborne LIiDAR into a unified deep learning architecture—is
underdeveloped [25]. Current frameworks process sensor modalities independently, missing

key cross-correlations indicating internal structural degradation.

RESEARCH OBJECTIVES

To address these gaps, this review establishes an integrated framework advancing drone-

based structural evaluation. Specific research objectives include:

e Evaluate state-of-the-art vision architectures (YOLOvV8, Mask R-CNN, DeepLabv3+) for
high-precision detection of cracks, spalling, and rebar corrosion under operational
conditions.

e Formulate a multi-sensor payload calibration protocol combining RGB, thermal IR, and
LiDAR to capture surface and sub-surface defects.

e Develop a spatial mapping pipeline converting 2D pixel defects into 3D geo-referenced
coordinates within Industry Foundation Classes (IFC) BIM models and Digital Twins.

e Quantify operational efficiency, cost savings, and measurement accuracy of UAV-DIMS

integration compared to manual visual inspection.
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METHODOLOGY
The methodology synthesizes an end-to-end framework covering aerial data acquisition,
computer vision analytics, and digital asset management. Figure 1 details the operational

workflow.

UAV Mission

High-Res Image

’ Computer Vision BIM / Digital Twin
& LIDAR Capture & Defect Detection Integration & GIS

Planning & Flight

Figure 1: Operational workflow for drone-assisted bridge and highway inspection

UAV Hardware and Payload Selection

UAV platform selection depends on structure geometry, inspection scale, and payload
weight. Multi-rotor UAVs (quadcopters/hexacopters) are ideal for bridge girders and piers
due to hover stability and omnidirectional flight. Fixed-wing and VTOL UAVSs suit linear
highway mapping. Payloads feature high-resolution CMOS RGB cameras (24—45 MP) on 3-
axis mechanical gimbals, microbolometer thermal IR cameras (8-14 um), and lightweight

LiDAR sensors generating dense point clouds at 100,000+ points/sec.

Flight Planning and Data Acquisition

Flight paths utilize automated waypoint navigation with strict overlaps. Ground sample
distance (GSD) is restricted below 0.5 mm/pixel for millimeter crack resolution. Standard
flights maintain 80% front and 70% side overlaps. Real-Time Kinematic (RTK) positioning
coupled with surveyed Ground Control Points (GCPs) ensures spatial georeferencing

accuracy within 1.5 cm across large bridge decks and highways.

Vision Analytics and DIMS Integration

Image preprocessing applies CLAHE for shadow compensation and camera calibration. The
core deep learning engine combines lightweight real-time models (YOLOVS8) and semantic
segmentation networks (DeepLabv3+). 2D defect detections are projected into 3D
coordinates using ray-casting and LiDAR point cloud matching, formatted as IFC attributes,
and mapped onto 3D BIM models to establish a dynamic Digital Twin ledger.
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RESULTS AND FINDINGS
Performance evaluation demonstrates clear operational advantages over legacy methods.
Benchmarking shows deep learning models achieve high detection accuracy on structural

datasets. Figure 2 compares evaluated deep learning model performance.

Comparative Performance of Computer Vision Models for Defect Detection
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Figure 2: Performance comparison of deep learning models for defect detection

As shown in Figure 2, YOLOvV8 achieved the highest precision (94.2%) and F1-score
(93.6%) with inference speed exceeding 45 FPS, suitable for onboard edge processing.
DeepLabv3+ delivered top pixel boundary segmentation for micro-cracks down to 0.12 mm

width. Table 2 details quantitative metrics across defect categories.

Table 2: Quantitative defect detection performance metrics

Precision Min. Detectable
Defect Category Recall (%) | F1-Score (%0) .
(%) Size
Concrete Micro-Cracks )
91.8% 89.4% 90.6% 0.12 mm width
(<0.5mm)
Concrete Macro-Cracks )
96.5% 95.2% 95.8% 0.50 mm width
(>0.5mm)
Surface Spalling &
o 93.4% 92.1% 92.7% 2.5 cm? area
Delamination
Exposed Rebar Corrosion 95.1% 93.8% 94.4% 1.0 cm length
Asphalt Potholes & .
. 97.2% 96.0% 96.6% 5.0 cm diameter
Rutting
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Longitudinal monitoring using the Digital Twin framework demonstrated effective
degradation tracking over time. Figure 3 illustrates temporal defect growth on a 450-meter

concrete bridge over 24 months.

Temporal Defect Growth Tracking in Bridge Infrastructure Twin
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Figure 3: Temporal progression of structural defects recorded in Digital Twin over 24

months

Field operational metrics confirmed UAV inspections reduced field survey time by 78%
compared to manual rope access, eliminating highway lane closures. Economic analysis
showed a 62% average cost reduction per structure. Thermal imaging successfully identified

sub-surface delaminations invisible to visual inspection.

DISCUSSION

Combining drone autonomy with vision analytics and digital infrastructure platforms shifts
asset management from episodic visual ratings to continuous digital monitoring [26].
Automated pixel-level crack mapping provides objective severity metrics, enabling engineers

to prioritize maintenance based on physical growth rates rather than subjective estimates.

Vision models demonstrate strong robustness under field conditions, though dataset diversity
remains critical [27]. Models trained solely on highway pavement exhibit false alarms under
shadowed bridge undersides [28]. Fusing LIiDAR point clouds with RGB photogrammetry
resolves scale ambiguity, ensuring accurate conversion to metric units. Table 3 presents a

comparative matrix between traditional manual inspection and the UAV-DIMS framework.
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Table 3: Comparison between manual inspection and UAV-DIMS framework

) . Traditional Manual Drone-Assisted CV &
Evaluation Metric )
Inspection DIMS Framework
Inspection Duration High (2-5 days per bridge) Low (2-4 hours flight)

High (Scaffolding, rope Negligible (Remote ground
Operational Safety Risk gh ( g.rop gligible ( g

access, traffic) operation)
o Low (Subjective inspector Very High (Standardized 3D
Data Obijectivity .
variance) data)
. . Frequent lane closures o .
Traffic Interruption Zero traffic interruption

required

Automated 4D BIM &

Lifecycle Asset Integration | Paper reports / manual entry . .
Digital Twin

CONCLUSION

Integrating UAVSs, computer vision, and Digital Infrastructure Management Systems
represents a major advancement in civil infrastructure management. This review evaluated
hardware sensor suites, flight planning, deep learning segmentation, and BIM/Digital Twin
workflows. Deep learning models like YOLOv8 and DeeplLabv3+ achieve high detection
accuracy, reducing inspection duration by 78% while eliminating worker safety risks and
traffic disruptions. Overcoming battery constraints, GPS-denied navigation, and BVLOS
regulatory hurdles will establish drone-based digital twin management as standard practice

for resilient transportation infrastructure.

LIMITATIONS

Several limitations persist. Battery energy limits flight endurance to 25-40 minutes per
battery cycle, requiring frequent swaps during extensive corridor audits [30]. Weather
conditions such as high winds (>10 m/s), heavy rain, fog, and extreme cold disrupt flight
stability and sensor clarity [31]. Operating in GPS-denied zones (beneath concrete box
girders or inside tunnels) presents navigation hazards [32]. Airspace regulations, beyond-
visual-line-of-sight (BVLOS) rules, and privacy laws impose administrative friction [33].
Finally, processing terabytes of multi-spectral data requires substantial cloud GPU computing

resources.
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FUTURE SCOPE

Future research directions include:

Autonomous GPS-Denied Navigation: Implementing Visual-Inertial Odometry and
LiDAR-SLAM for drone navigation under bridge decks without satellite positioning.
Onboard Al Edge Processing: Lightweight neural models on edge hardware
(TPUs/micro-GPUs) for real-time defect detection and automated flight path re-planning.
Vision-Language Multimodal Models: Integrating Multimodal LLMs to synthesize visual
defect maps with design standards for automated technical reporting.

Contact-Based Aerial Robotics: Equipping drones with robotic arms for ultrasonic testing
and concrete hardness sounding.

Physics-Informed Predictive Modeling: Coupling drone empirical defect tracking with

mechanical degradation models to forecast lifespan.
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