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Abstract: Traditional bridge inspection practices rely heavily on visual assessment by trained inspectors, which can be time-
consuming, subjective, and constrained by accessibility, safety concerns, and increasing infrastructure aging. In recent years,
artificial intelligence (Al), particularly computer vision—-based approaches combined with unmanned aerial vehicles (UAVS), has
emerged as a promising tool to support and enhance bridge inspection activities. This paper presents a comprehensive review of
recent advances in Al-enabled bridge inspection, focusing on image-based defect detection, classification, and condition
assessment using deep learning techniques.

A structured review of peer-reviewed literature published between 2015 and 2024 was conducted across major scientific
databases, identifying representative studies that apply convolutional neural networks, segmentation models, and hybrid vision
architectures to detect common bridge defects such as cracks, spalling, corrosion, and surface deterioration. The reviewed
studies demonstrate that Al-assisted methods can achieve reliable defect recognition, particularly under controlled and semi-
controlled inspection conditions, and offer significant potential to improve inspection efficiency, documentation quality, and
inspector safety when integrated with UAV-based data collection.

Beyond algorithmic performance, this review critically examines practical implementation challenges, including data quality and
labelling requirements, model generalization across different bridge types and environmental conditions, explainability of Al
predictions, and integration with existing inspection workflows and regulatory frameworks. To address these challenges, a
practice-oriented hybrid inspection framework is proposed, emphasizing human-in-the-loop decision-making where Al systems
support, rather than replace, professional judgment.

The findings of this review highlight both the opportunities and limitations of Al-enabled bridge inspection technologies and
provide guidance for engineers, infrastructure owners, and agencies seeking to adopt these tools in real-world inspection and
maintenance programs. The paper concludes by outlining future research directions aimed at improving robustness, field
validation, and practical deployment of Al-assisted inspection systems within modern bridge management and infrastructure
maintenance programs.

Keywords: Bridge inspection; artificial intelligence; computer vision; unmanned aerial vehicles (UAVs); infrastructure
maintenance; human-in-the-loop inspection

I. INTRODUCTION

Bridge inspection plays a vital role in ensuring the safety and resilience of transportation networks. Structural failures and
deterioration in infrastructure systems highlight the importance of effective inspection and monitoring strategies to ensure long-term
structural safety[1]. Traditional visual methods, while established, are often subjective and inefficient [2], [3], relying heavily on
inspector experience and manual documentation. In recent years, the integration of Al, computer vision (CV), and unmanned aerial
vehicles (UAVsS) has significantly advanced the way structural defects are detected and classified. Earlier studies have also
highlighted the broader potential of artificial intelligence across civil engineering and construction applications [4]. Recent reviews
further demonstrate the expanding role of computer vision and UAV-based sensing in bridge inspection and monitoring [5], [6], [7]-
These technologies have the potential to automate repetitive tasks, enhance detection precision, and reduce exposure risks to
inspectors working at height or over water.
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Despite these advances, large-scale deployment of Al-assisted bridge inspection remains limited due to challenges related to data
availability, model reliability under diverse field conditions, regulatory acceptance, and integration with existing inspection
workflows.

In the United States, bridge inspections are conducted in accordance with the National Bridge Inspection Standards (NBIS), which
emphasize inspector judgment, documentation consistency, and safety. Al-assisted inspection tools must therefore align with NBIS-
compliant workflows to ensure regulatory acceptance and professional accountability.

In the United States, the Federal Highway Administration (FHWA) and various state Departments of Transportation (DOTSs) have
launched pilot programs utilizing Al-based defect detection combined with UAV imagery. Despite significant progress, challenges
remain in developing standardized workflows and validation protocols. This paper reviews technological developments, summarizes
pilot applications, discusses implementation challenges, and proposes a practical hybrid framework for adoption within standard
bridge management systems.

Il. METHODOLOGY OF REVIEW
A systematic literature review was conducted using databases including Scopus, Web of Science, IEEE Xplore, and ScienceDirect
for the period 2015-2024. The search keywords included ““bridge inspection,” “artificial intelligence,” ““computer vision,”” “UAV,”
“deep learning,” “YOLO,” and ““defect detection.”
Only peer-reviewed journal papers, conference proceedings, and official reports with quantitative results were included. In total, 65
studies were analyzed, focusing on both laboratory validations and field pilot deployments. The synthesized findings form the basis
for the proposed implementation framework.

1. TECHNOLOGICAL ADVANCES IN Al AND COMPUTER VISION
A. Deep Learning for Defect Detection
Convolutional neural networks (CNNs) have become a central tool for automated bridge defect detection because they can learn
hierarchical visual features directly from inspection images [8], [9], [10]. Early machine-learning and CNN-based studies
demonstrated strong performance for crack identification in concrete and bridge imagery, while later region-based and bridge-
specific networks improved automation, localization, and classification of multiple defect types [11], [12]. More recent lightweight
vision models have further emphasized the practicality of real-time bridge crack detection under limited computational resources.

B. Segmentation and Localization Models

While object detection locates defects, image segmentation provides pixel-level damage boundaries, offering more precise
quantification of crack geometry and defect severity [13]. Recent studies have combined deep learning with segmentation or weakly
supervised localization techniques to improve the identification of cracks, spalling, and related bridge defects in inspection imagery
[14], [15]. Segmentation-based methods are therefore increasingly important for condition assessment and post-processing
measurement tasks.

C. Data Augmentation, Transfer Learning, and Generalization

Al model robustness depends on large, diverse datasets. However, annotated bridge defect datasets remain scarce. As a result,
researchers have increasingly explored data augmentation, transfer learning, and cross-dataset evaluation strategies to improve
generalization under varying field conditions, bridge materials, and lighting environments [9], [14], [16], [17]. Transfer learning
using pre-trained weights can also reduce training time and improve performance when only limited labelled imagery is available.

D. Edge Computing and Embedded Systems

For UAV-based inspection, efficient inference and practical deployment are critical. Recent studies have emphasized the need for
lightweight vision models, efficient processing workflows, and standardized UAV image acquisition protocols so that automated
crack detection can be integrated into real-time or near-real-time inspection practice [7], [18].

E. Augmented and Mixed Reality Integration
In addition to detection, digital visualization and image-based measurement workflows can improve inspection interpretation and
support more systematic documentation of bridge condition.
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UAV-enabled photogrammetry, quantitative image analysis, and structured inspection protocols have demonstrated the potential to
enhance damage quantification, visual review, and three-dimensional representation of bridge assets[6], [18], [19], [20].

V. CURRENT RESEARCH AND PILOT IMPLEMENTATIONS
Numerous pilot programs worldwide have validated Al-assisted bridge inspection workflows.
Table 1 summarizes representative studies.
Table 1. Representative Al-Based Bridge Inspection Pilots
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Transfer learning .
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Collectively, these studies demonstrate that Al-assisted inspection can improve defect detection consistency, enhance data collection
efficiency, and expand access to difficult-to-reach bridge components, although field deployment remains constrained by data
quality, environmental variability, and processing requirements [5], [7], [19].

V. CHALLENGES AND BARRIERS
A. Data and Model Limitations
High-quality annotated datasets remain scarce. Models trained on limited datasets often perform poorly under variable lighting,
weather, and surface conditions[9], [14], [16], [17]. Developing larger open datasets with standardized defect taxonomies remains a
major need for reliable real-world deployment.
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B. Model Robustness and Interpretability

Al models may exhibit false positives or false negatives when confronted with unfamiliar textures, environmental noise, or unseen
bridge conditions. Improving the interpretability and reliability of deep learning systems remains an active area of research,
particularly for infrastructure authorities who require transparent and defensible inspection decisions [14], [16], [17].

C. Regulatory and Liability Concerns

There are currently no standardized guidelines for approving Al-based inspection systems. Questions remain about liability if Al-
assisted analysis fails to identify critical defects. Collaboration with FHWA, AASHTO, and state DOTSs is crucial to develop
certification protocols.At present, Al-assisted inspection systems are not formally codified within NBIS procedures, highlighting the
need for pilot-based validation and standardized evaluation protocols.

D. Workflow Integration and Human Factors

Integrating Al outputs into legacy asset-management systems such as AASHTOWare Bridge Management (BrM) requires
interoperability standards. Additionally, inspectors must be trained to interpret Al results and override incorrect detections,
maintaining the human-in-the-loop principle.

VI. PROPOSED HYBRID IMPLEMENTATION FRAMEWORK

This review proposes a hybrid Al-human inspection framework comprising five sequential components:

e Data Acquisition: UAVs and imaging devices capture high-resolution, georeferenced imagery under controlled flight and
inspection parameters.

o Real-Time Al Analysis: Onboard or near-real-time processing detects potential defects using CNN, segmentation, or lightweight
object-detection models tuned for the bridge type.

o Inspector Validation: Experts verify detections using digital visualizations and contextual engineering judgment.

o Data Feedback and Model Refinement: Verified field data are used to retrain models, improving robustness through continuous
learning.

e Regulatory Collaboration: Agencies validate accuracy and develop performance benchmarks for certification.
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Figure 1. Hybrid Al-human bridge inspection framework

This framework ensures efficiency while retaining professional accountability, supporting incremental adoption rather than full
automation.
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Figure 1 illustrates the proposed hybrid inspection workflow integrating Al-based detection and human validation. This framework
emphasizes incremental adoption and regulatory alignment within existing bridge management systems.

VII. FUTURE DIRECTIONS
Future research should focus on:
e Multi-sensor fusion: Combining visual data with LiDAR, thermal, and acoustic sensors for holistic damage assessment [7],
[20].
e Edge-cloud synergy: Linking UAV-based edge computing with centralized cloud platforms for large-scale analysis [18].
e Standardized datasets: Establishing open repositories and shared benchmarks to improve reproducibility and generalization
across bridge types and environments [16], [17].
e Al ethics and policy: Defining legal boundaries for Al responsibility in structural inspections.
e Lifecycle analytics: Integrating inspection data into predictive maintenance models for long-term asset management.
Financial and implementation considerations:
While Al-assisted inspection technologies offer operational efficiencies, their economic feasibility depends on initial investment in
UAV platforms, high-resolution imaging sensors, processing hardware, and data infrastructure. Training personnel and developing
compliant data-management workflows also require recurring expenditures. Existing bridge inspection guidance and UAV-based
workflow studies suggest that these systems can reduce access-related effort, improve inspection coverage, and support more
systematic documentation when appropriately implemented [2], [7], [18]. Future research should integrate cost-benefit and lifecycle
analyses to guide transportation agencies and consulting firms in selecting economically sustainable implementation strategies.
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Figure 1. Conceptual ecosystem of Al-enabled bridge inspection

VIIl.  CONCLUSION
Artificial intelligence has emerged as a promising technology for transforming traditional bridge inspection practices. The
integration of computer vision techniques, deep learning algorithms, and UAV-based data acquisition has significantly enhanced the
ability to detect structural defects such as cracks, corrosion, and concrete spalling. These technologies offer the potential to reduce
inspection time, improve detection accuracy, and enhance the safety of inspection personnel by minimizing the need for manual
access to hazardous bridge components.
The literature reviewed in this study demonstrates that deep learning models, particularly convolutional neural networks, have
achieved high accuracy in automated defect detection from bridge images. When combined with UAV platforms, these systems
enable efficient large-scale infrastructure monitoring and provide high-resolution data for structural condition assessment. Such
advancements can support more proactive maintenance strategies and contribute to improved asset management for transportation
agencies.
However, despite the progress made in recent years, several challenges remain before Al-based bridge inspection systems can be
fully adopted in practical applications. Key limitations include the lack of standardized datasets, difficulties in detecting small or
complex defects under varying environmental conditions, and challenges related to model generalization across different bridge
types and materials. Additionally, integrating Al technologies into existing inspection standards and regulatory frameworks remains
an important consideration for infrastructure authorities.
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Future research should focus on developing more robust deep learning models, expanding large-scale labeled datasets for structural
defects, and integrating multiple sensing technologies such as LIiDAR and digital twin systems. The development of real-time
monitoring platforms and autonomous inspection systems also represents a promising direction for advancing infrastructure health
monitoring.

Overall, Al-enabled bridge inspection systems have the potential to revolutionize infrastructure monitoring by providing faster,
safer, and more accurate methods for structural assessment. Continued research and collaboration between civil engineers, computer
scientists, and infrastructure agencies will be essential to fully realize the benefits of these emerging technologies in maintaining the
safety and reliability of bridge networks worldwide
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